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Abstract

Floods constitute a major threat to populations and infrastructure. Flood frequency and sever-

ity are projected to increase due to factors such as climate change and urbanisation. Flood

early warning systems (FEWS), which rely on models that predict streamflow, provide rele-

vant groups (e.g., transportation authorities, police, schools, etc.) with advance notice of flood

risk, allowing them to respond early and minimise flood damage. However, Canada has inad-

equate flood forecasting infrastructure and lacks a national system. To address the projected

flood risk, there is a crucial need to improve modelling capabilities in Canadian watersheds.

The following manuscript-based dissertation presents a series of case studies that propose

methodological improvements to hydrological modelling frameworks, focusing on the selec-

tion of training data for flood forecasting studies. The studies also demonstrate applications

of machine learning (ML) to improve model accuracy and reliability. These studies span a

wide range of spatiotemporal conditions, ranging from forecasting flash-flooding at sub-hourly

frequencies in small urban watersheds, to nationwide, multi-day forecasts. Each of the four

studies exploits the benefits of hydrologically diverse training data for improving model per-

formance as FEWS.

The first manuscript introduces a novel ensemble model framework for traditional, physics-

based urban stormwater models. The method leverages the concept of equifinality to generate

ensembles with diverse parameter value estimates, which are shown to outperform tradition-

ally calibrated models. The second and third manuscripts evaluate pure ML-based ensembles.

The second manuscript simplifies flood forecasting by framing it as a binary problem. The

Synthetic Minority Oversampling TEchnique (SMOTE) algorithm is applied to increase the

proportion of flood samples in the dataset, which is shown to improve flood forecast accuracy

at the expense of an increased number of false positives. Next, three ensemble algorithms and

five classifiers are systematically compared; extreme learning machines (ELMs) and support

vector machines (SVMs) are found to be the strongest classifiers. The third manuscript pro-

poses an improvement to popular ensemble algorithms, which consists of embedding synthetic

oversampling within the ensemble loop, to increase the covariance of ensemble member pre-

dictions. The fourth manuscript evaluates a novel cluster-based training data selection frame-

work for regionally trained deep learning models. The method is used to show how data from

ii



hydrologically dissimilar basins is more useful to improving performance in a target basin,

compared to data from the target basin itself, or proximal basins.

Collectively, the results of these studies advance techniques for achieving improvements in

model performance, especially during high streamflow conditions, which are most important

to flood warning systems.
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1 Introduction

This section introduces the research motivation towards this manuscript-based dissertation,

followed by some general technical background, research objectives, significance, and an out-

line of the document. The technical background is aimed at a general audience, while each

manuscript chapter contains introductions in greater detail.

1.1 Research motivation

Flooding is the most severe natural disaster in Canada, causing billions in damage every year

[Burn and Whitfield, 2016]. Flooding in Canada is expected to worsen under climate change,

which is projected to increase the frequency of extreme hydrological events [Grum et al., 2006].

Beyond preventative measures such as hydraulic infrastructure, flood early warning systems

(FEWS) are considered to be the most effective ways to mitigate flood damage [Creutin and

Borga, 2003]. FEWS are used to operate flood infrastructure and provide advanced notice of

flood risk, which is critical to evacuation efforts [Munawar et al., 2021].

The following manuscript-based dissertation contains a series of case studies that propose

methodological improvements to hydrological modelling frameworks. These studies comprise

a wide variety of hydrological modelling frameworks and techniques.

Since being proposed roughly 30 years ago [Hsu et al., 1995], ML has been increasingly ap-

plied for hydrological modelling. While the topic received consistent attention in research, un-

til recently [Nevo et al., 2022], there were relatively few operational applications of ML for

FEWS. Much of the resistance to adopt ML models in operational settings can be attributed

to the ‘black-box’ characterisation of ML models, as well as their (supposed) poor ability to

extrapolate [Nearing et al., 2021].

The following body of work is motivated by improving the efficacy of ML-based streamflow

forecasting models. Improvements are focused on training data selection, with respect to model

performance on flood level flows.

1.2 Background

The following sections are intended to provide a brief primer to hydrological modelling, with a

focus on aspects that are relevant to the research objectives in Sec. 1.4. In brief, these include
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modelling paradigms, and model training.

1.2.1 Hydrological modelling approaches

Hydrological models, specifically rainfall-runoff models, typically aim to simulate the rainfall-

runoff transformation. Such models come in a variety of forms, but all tend to use hydrome-

teorological input data to predict runoff (as either streamflow or river stage). The accuracy

of these models is evaluated using performance metrics, which are a function of observed and

predicted runoff values. There are many different performance metrics, ranging from simple

mean squared error (MSE), to specialised peak flow metrics; a review of performance evalua-

tion is provided in [Bennett et al., 2013].

Approaches to hydrological models are often grouped into two paradigms, ’process-based’ and

’data-driven’ [Sabzipour et al., 2023]. Comparatively, process-based models have a long his-

tory and are much more widely used in practice compared to pure data-driven models. While

data-driven models are steadily increasingly in popularity and have recently been shown to

convincingly outperform process-based models [Kratzert et al., 2019b, Sabzipour et al., 2023,

Mosaffa et al., 2022]. The following three sections provide a brief overview of process-based,

data-driven, and hybrid modelling approaches, followed by generalised descriptions of data

partitioning, model calibration, and evaluation techniques.

Process-based models

Process-based models, also referred to as process-based or traditional models, are meant to be

representative of hydrological processes and simulate the movement of water through some hy-

drological system. A comprehensive review of the evolution of process-based numerical models

in catchment hydrology is reviewed by Paniconi and Putti [2015]. Process-based models exist

on a broad range of complexity, both in terms of process representation and spatiotemporal

resolution [Horton et al., 2022]. For example, a simple ‘lumped’ model may contain only a

few parameters for an entire catchment. In contrast, a detailed ‘distributed’ model may have

thousands of parameters. Similarly, models may only simulate a single process, or dozens of

interconnected processes. The Stormwater Management Model, which is the modelling plat-

form featured in chapter 2, is a semi-distributed model in which catchments are divided into

subcatchments, which have homogenous properties. Each subcatchment is treated as a con-

2



trol volume with inputs (e.g., precipitation, overland flow, etc.), outputs (infiltration, evapo-

transpiration, outflow, etc.), and storage (e.g., reservoirs, cisterns, etc.). At each simulation

timestep, water is routed between each of these elements. It is widely agreed that there is

no universally ‘best’ hydrological model [Horton et al., 2022]. Nevertheless, the literature is

rich with comparisons between process-based models with varying degrees of complexity [Mai

et al., 2022, Ruelland et al., 2008, Khakbaz et al., 2012, de Lavenne et al., 2016]. In recent

years, the rising popularity of purely data-driven hydrological models, discussed in the follow-

ing section, has also resulted in numerous comparisons between process-based and data-driven

approaches [Mai et al., 2022, Kratzert et al., 2019b, Lees et al., 2021].

Data-driven models

In contrast, data-driven models are purely statistical. While data-driven is a term that encom-

passes a broad spectrum of statistic models, the work herein is focused uniquely on machine

learning models. Rather than attempting to model the underlying hydrological system that

relate hydrological variables, machine-learning models are only interested in the mathemat-

ical transformation between inputs and outputs. Such an approach has obvious advantages

and limitations. Some advantages include better performance compared to process-based mod-

els [Mai et al., 2022], flexible input requirements [Jin et al., 2024], improved regionalisation

[Sabzipour et al., 2023]. However, data-driven models come with disadvantages, such as their

limited hydrological interpretability [Lees et al., 2022] and their ability to extrapolate [Nguyen

et al., 2023].

Hybrid approaches There is a vast modelling landscape that lies between process-based and

data-driven models, aimed at leveraging advantages from each approach. For example, Höge

et al. [2022] use machine-learning models to estimate internal states in conceptual hydrological

models, which leverages the strong accuracy of ML without sacrificing model interpretability.

Comparison of model types

Figure 1.1(A) illustrates a generic basin with 3 sub-basins, and examples of (B) a process-

based model (semi-distributed), (C) a data-driven model (ANN), and (D) a hybrid approach

(where an internal process of a process-based model is replaced with an ANN). In the process-

based model, basins and hydrological routing are represented in the model structure. Input

features, denoted by purple and blue nodes, drive mass-balance equations. Sub-basin attributes
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such as soil types and topography inform how the model is stored within, or exits, each sub-

basin. In contrast, the data driven model has a model structure that is not informed by hy-

drology. While the input data is the same, the data-driven model is not parameterised with

hydrological processes. Instead, the model is simply trained to learn the input-output trans-

formation. That said, there does exist an indirect relationship between model topology and

hydrological processes. For example, predicting more complex hydrological processes may re-

quire a data-driven model with a greater number of parameters. Finally, the hybrid model

features a similar structure to the process-based model in (B), however, the routing between

upstream and downstream catchments is replaced by an ANN module.

(A) (B) (C) (D)

Catchment node

Temperature data Streamflow data

Precipitation data Hidden neuron

Figure 1.1: Conceptual schematics of (A) a generic basin with 3 sub-basins, (B) the corre-
sponding process-based model diagram (B) artificial neural network neural diagram (C), and
hybrid model (C).

1.2.2 Hydrological model development

A comprehensive background of hydrological modelling is beyond the scope of this work; the

literature is rich with reviews and comparisons of approaches to process-based hydrological

modelling [Horton et al., 2022, Devia et al., 2015, Pechlivanidis et al., 2011, Mai et al., 2022],

and data-driven modelling [Zounemat-Kermani et al., 2021, Maier and Dandy, 2000]. Instead,

the following sections provide a background on topics that are fundamental to the main chap-

ters of this work. These topics include diversity, dataset partitioning for training and testing

hydrological models, and as well as overfitting, model generalisation, and diversity-in-learning.

Hydrological diversity Hydrological diversity is a term that appears regularly in literature

[Delaigue et al., 2022, Merino-Mart́ın et al., 2012, Gauch et al., 2021], but lacks a concrete

definition. The expression is broadly used to describe hydrologically diverse conditions (e.g.,

high flow versus low flow periods), or processes (e.g., snowmelt dominated basin versus arid

basin).
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In ensemble literature, diversity is used with respect to the error distributions of ensemble

members [Brown et al., 2005a], which is a key attribute of ensemble modelling, which is out-

lined in Sec. 1.2.3. Training models to diverse datasets is among the best ways to generate en-

semble diversity. Thus, there is a link between the two uses of the term: hydrologically diverse

training datasets can be used to generate ensembles with diverse error distributions.

In this work, diversity is broadly used to describe hydrological diversity, both in time and

space. In each chapter, diversity is characterised using some form of classification, which is

one of many tools for identifying diverse conditions. Given a set of hydrological data, diverse

subsets of data are formed by maximising the representation of each cluster. In contrast, a

subset that belongs to a single cluster is not considered diverse.

Dataset partitioning Models must be validated to ensure that they meet performance ex-

pectations. Hydrological models are typically validated temporally or spatially. Temporal

validation is done using historic hydrometric data collected in the basin being modelled. In

contrast, spatial validation is performed on models developed for ungauged basins. The stud-

ies featured in Chapters 4–5 exclusively focus on prediction in gauged basins, therefore unless

otherwise stated, validation refers to temporal validation.

Validation requires that data be partitioned into training and testing datasets. The train-

ing dataset is used to tune model parameters and the test dataset is considered to be unseen

by the model and is used to verify the performance of the model if deployed [Bowden et al.,

2002]. Training and testing are terms used for data-driven models, whereas for process-based

models, training and testing datasets are typically referred to as calibration and validation

datasets, respectively [Höge et al., 2018]. The following paragraphs use the terminology asso-

ciated with data-driven models.

Process-based models are typically parameterised based on existing hydrological datasets.

Due to various sources of uncertainty, process-based models rarely perform accurately with-

out tuning model parameters, within some estimated uncertainty range, such that the model

output more closely matches observations [Beven and Binley, 1992, Beven, 2012, Knighton

et al., 2014].

The parameters of data-driven parameters are randomly initialised, and the models are trained

to match observations. As a result, training is a necessary step for data-driven models. In
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contrast, process-based models, while benefiting from calibration, may exhibit reasonable per-

formance without any tuning.

There is a huge number of training algorithms available for process-based [Arsenault et al.,

2014, Shahed Behrouz et al., 2020] and data-driven models [Anh et al., 2023] alike. While

there are some overlaps between the algorithms used for data-driven and process-based mod-

els, not all algorithms are available to both types. For example, gradient-descent-based al-

gorithms that are popular in machine learning rely on a differentiable cost function, which

process-based models often lack. In contrast, gradient-free, evolutionary optimisation algo-

rithms are often used for process-based models, but despite their capacity for competitive per-

formance, are rarely used for tuning machine learning models compared to gradient-based al-

ternatives [Morse and Stanley, 2016, Whitelam et al., 2021].

Generalisation and overfitting

Generalisability refers to a model’s ability to perform on unseen data. Since this cannot be

calculated directly, the generalisation error is calculated on the test dataset [Advani et al.,

2020, Hastie et al., 2009]. Overfitting occurs when the model is trained to the extent that it

fits noise or idiosyncrasies contained in the training dataset [Dietterich, 1995]. Since these are

typically not present in the test dataset, they can result in high test error (or poor general-

isation), despite low training error. Models with high degrees of freedom are most prone to

overfitting. Comparatively, data-driven models typically have greater degrees of freedom than

process-based models, thus are more at risk to overfitting [Höge et al., 2018].

Peak flows are challenging to predict accurately. Several studies have documented models,

that despite perform well on average, underestimating peak flows [Schoppa et al., 2020, Sud-

heer et al., 2003, Abrahart et al., 2007]. The problem of poor peak flow performance cannot

be solved using a conventional training approach; tuning a model to the point that it achieves

good peak flow performance typically results in severe overfitting. This prediction efficiency is

in part attributable to the use of standard cost functions such as SSE, which have been shown

to produce models that underpredict peak streamflows [Gupta et al., 2009, Mizukami et al.,

2019]. Such models tend to perform well on typical flows, with a small number of streamflow

samples contributing to a large proportion of the error [Clark et al., 2021].

Thus, training models for FEWS requires techniques that emphasise accuracy on flood obser-
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vations, while avoiding overfitting. There are many approaches available to mitigate the risk

of overfitting, which can be grouped into modifications to the training procedure, and modifi-

cations to the training dataset [Anctil and Lauzon, 2004a]. The chapters herein focus on the

latter. Increasing the diversity of hydrological conditions to which a model is exposed during

training is likely to improve its performance on future conditions [Zheng et al., 2022]. There

are many methods for increasing the diversity in the training dataset.

Often, due to limits of available historic data, increasing the timespan of the training dataset

is not always possible [Freni et al., 2009, Adamowski et al., 2012]. In other cases, such as for

heuristic optimisation of complex process-based models, training on multiple years of data is

too computationally expensive.

1.2.3 Ensemble learning

Ensemble learning is a machine learning technique in which multiple models (called base learn-

ers) are trained, then combined to generate predictions. Such approaches have been exten-

sively applied to hydrological problems [Zounemat-Kermani et al., 2021]. The success of en-

semble learning is attributable to the error covariance between predictors, which is cancelled

out during combination [Brown et al., 2005a]. There are many strategies for achieving diverse

ensemble, a taxonomy and summary are provided in [Brown et al., 2005a]. Some approaches

for creating diversity-in-learning include modifying the training data [Abrahart, 2003, Li et al.,

2016, Alobaidi et al., 2015, Anctil and Lauzon, 2004b], changing the architecture [Masisi et al.,

2008, Belayneh et al., 2016], and, changing the starting point in the hyperparameter space

[Opitz and MacLin, 1997, Opitz and Maclin, 1999, Maqsood et al., 2004], and changing the

hyperspace traversal [Fiszelew et al., 2007].

Among these, modifying the training dataset of each ensemble member is among the most

widely used approach and is used in some of the most popular ensemble algorithms such as

Boosting and Bagging [Zounemat-Kermani et al., 2021, Brown et al., 2005a]. In contrast to

subsampling permutations of a single dataset, deep-learning methods are increasingly used to

incorporate training data from beyond the region of interest [Kratzert et al., 2019a, Anderson

and Radić, 2022].
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1.2.4 Deep learning and the shift towards regional learning

Within hydrology, there is a growing trend towards deep-learning approaches. In this con-

text, deep-learning is used to include ANNs with more than a single hidden layer, and struc-

tures that are more complex than simple feed-forward networks. Examples of deep learning

architectures include recurrent neural networks (RNNs), long-short term memory networks

(LSTMs), graph neural networks (GNNs), and convolutional neural networks (CNNs).

Typically, traditional applications of machine learning in hydrology train models or ensem-

bles to single basins. In contrast, deep learning approaches train models to data from mul-

tiple basins, which is referred to as regional learning [Kratzert et al., 2019a]. In the context

of diversity, diversity is achieved by increasing the training dataset to span a wide variety of

hydrological conditions, which reduces the need for large ensembles. Of course that is not to

say that deep learning models do not benefit from ensemble frameworks, in fact, adapting en-

semble algorithms to deep learning is an area of active research interest [Ganaie et al., 2022].

However, their benefit comparatively less than simpler ML models such as shallow ANNs,

SVMs and DTs, which are sometimes referred to as ‘week learners’, which tend to have more

bias and variance than deep learning models, thus their predictions benefit more from ensem-

ble combination [Brown et al., 2005a]. Additionally, deep learning models are much more com-

putationally expensive than alternative formats [Ganaie et al., 2022].

1.3 Gaps in research

While flood forecasting is frequently a common application for hydrological models, there are

often few considerations made during model development to ensure models will perform accu-

rately on flood-level flows. Standard modelling approaches often result in poor model perfor-

mance on high flows, which is due to the inherent infrequency of flood events. In most cases,

there are very few flood level flows within hydrometric datasets. Decades worth of data may

only contain a few flood observations. Thus the challenge of calibrating hydrological mod-

els becomes achieving a high degree of accuracy on a small number of extreme values, while

maintaining adequate performance in terms of generalisation on unseen data, extrapolation,

and typical flow performance.

The flood forecasting challenge is exacerbated by the fact that popular training cost func-

tions such as the root mean-squared error (RMSE) and Nash-Sutcliffe Efficiency (NSE) often
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result in inadequate performance on high streamflows [Ehret and Zehe, 2011, Gupta et al.,

2009]. The Kling-Gupta Efficiency (KGE) is widely seen as an improvement over such met-

rics [Gupta et al., 2009], however, its use can still produce poor performance on flood events

[Knoben et al., 2019]. While uncommonly used compared to residual-based metrics, classi-

fication metrics provide an alternative tool for evaluating FEWS performance. The rates of

false positive and false negative flood warnings provide a much better sense for FEWS perfor-

mance compared to a score like NSE. Ultimately, special consideration must be given to flood

level flows during both model training and evaluation. Streamflow forecasting models also of-

ten exhibit heteroscedastic residuals, with residuals increasing as streamflow or stage increases

[Fleming et al., 2015]. There is a need for improved tools for reducing or eliminating this ef-

fect, which could in turn improve model capabilities with respect to FEWS.

There is a need to advance methods for training hydrological models to improve their accu-

racy on flood level flows. However, under traditional training methods, low training accuracy

on high flows typically causes inaccurate performance on low flows, or poor model generalisa-

tion. Modifying the training dataset, to include greater hydrological diversity - especially of

high flows, presents a potential solution to this problem.

1.4 Research objectives

The overarching objective of this body of work is to advance training procedures and data

selection hydrological models as to improve their performance on flood level flows. This work

leverages hydrological diversity to improve the accuracy and generalisability of ensembles and

regionally trained models. In the following dissertation, novel methods are developed for three

different modelling frameworks: physically-based hydrological models, ensembles of shallow

ML models, and for deep learning models.

The objectives of the first manuscript are (i) to apply unsupervised clustering to characterise

discretised, time-continuous hydrological events, (ii) to develop SWMM ensembles in which

each ensemble member is calibrated to a different hydrological event, (iii) conduct a cross-

comparison of models calibrated to each event cluster, and (iv) compare ensemble perfor-

mance with traditional multi-event calibrated models.

The objectives of the second manuscript are (i) to determine whether training binary classi-
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fiers, which predict whether or not to issue a flood warning, using preprocessed flood labels

can yield better results than traditional, regression-based models; (ii) to provide a systematic

comparison between three ensemble algorithms and five classifiers, as to provide recommenda-

tions on model selection; and (iii) to evaluate the trade-off between false and true positives, as

to better understand the positive prediction rates of each classifier-ensemble combination. It

is absolutely essential that emergency managers and flood authorities understand the trade-off

between reducing missed flood alarms, while increasing the rates of false alarms.

The objectives of the third manuscript are (i) to develop a systematised framework for em-

bedding resampling methods within ensemble algorithms, as to increase the error covariance

between members and improve generalisation; and (ii) to evaluate the proposed scheme with

respect to its ability to improve high streamflow performance, using explicit high streamflow

metrics.

Lastly, the objectives of the fourth manuscript are (i) to apply temporal and spatial cluster-

ing to regional training datasets as a way to characterise hydrological diversity, (ii) apply

cluster-informed resampling to determine whether predictions in a region of interest benefit

from training to ‘hydrologically similar’ data, or whether similar data is simply redundant.

(iii) the effects of adding ‘hydrologically dissimilar’ data (with respect to the region of inter-

est) are also evaluated, to determine whether it has a positive impact on the performance of

the trained model.

1.5 Data sources

This section provides a brief overview of the datasets used throughout the thesis. The follow-

ing subsections, which are organised by the respective data collection/management authority

and sorted by increasing spatial domain, outline the various data sources accessed throughout

the dissertation. The work in this thesis overwhelmingly consists of hydrometeorological forc-

ing data, which serves as the input data for rainfall-runoff models, and is necessary to train all

the flood forecasting models featured in this work. Some spatial data was required to create

SWMM models in Chapter 2, and spatial basin characteristics were required to for the region-

ally trained ANNs in Chapter 5.

One note on the data used in this work: all forecasting models are trained using strictly his-
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torical hydrometeorological observations input data and no forecasted products, specifically

precipitation. While there are numerous examples in literature of models that do not use such

inputs [Tyralis et al., 2021, Shada et al., 2022, Toth, 2009, Tiwari and Chatterjee, 2011, Gir-

ihagama et al., 2022], state-of-the-art operational streamflow forecasts do utilise precipitation

forecasts [Nevo et al., 2022]. The use of such forecasts in the models featured in this work

would likely improve their accuracy, especially at long lead times.

1.5.1 Locations

The locations of forecasts in this work were selected primarily based on historic flooding. Lo-

cations are largely urban, as urban areas are more populated, thus more vulnerable to flood

damage. The characteristically high impervious landcover in urban areas also contributes to

flood events that evolve rapidly [Zanchetta et al., 2022]. Chapters 2-4 all feature watersheds in

the City of Toronto that have historically experienced large flood events, most notably in 2013

[Rincón et al., 2018]. Chapter 4 additionally includes the Bow River in downtown Calgary,

which experienced devastating flooding in 2013 [Khan and Valeo, 2016]. Chapter 5 does not

focus on specific locations, instead using randomly sampled basins from across Canada. This

was done to improve the generalisability of the findings of the study.

1.5.2 Toronto and Region Conservation Authority

Chapters 2, 3, and 4 use hydrometric data published by the Toronto and Region Conservation

Authority [Toronto and Region Conservation Authority, 2020b]. The datasets include precipi-

tation, stage, and streamflow at a 15-minute temporal resolution. Streamflow data is available

from 2007 onwards at the longest operating station, but most streamflow records begin as of

2012. Some streamflow and precipitation records are highly discontinuous, presumably due to

station damage or maintenance.

The TRCA also publishes watershed, streamflow, and flood vulnerable area maps. The flood

vulnerable area maps are used to identify target locations for point-source flow forecasts. For

each target, watershed data is used to identify relevant predictions (e.g., upstream flow). The

streamflow and watershed datasets are also used to validate the creation of SWMM models in

Chapter 2. All the spatial and dynamic datasets mentioned above are hosted on the TRCA’s

open data portal and available for download free of charge [TRCA, 2020]. They were most
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recently accessed in January 2022. An API is also provided to access measurements in real-

time.

1.5.3 Province of Ontario

Land cover data from the Southern Ontario Land Resource Information System (SOLRIS) is

used to parameterise SWMM models in Chapter 2. The SOLRIS dataset includes a variety of

land-use categories (e.g., types of vegetation, transportation, etc.), which are reclassified for

the purpose of the study to ‘permeable’ or ‘impermeable’, which is a key SWMM parameter.

The SOLRIS was accessed in September 2021 and is publicly available for download [Province

of Ontario and Ministry of Natural Resources and Forestry, 2022].

1.5.4 Government of Canada

The Government of Canada hosts a trove of data. The Water Survey of Canada hosts the HY-

DAT database that includes streamflow and stage measurements at hourly and/or daily rates

for gauges across the country. These records date as far back as 1950. Hydrometric data for

the Bow River basin is used in Chapter 4. Environment Canada hosts meteorological data

that includes temperature and precipitation timeseries’, which is also used in Chapter 4. The

Government of Canada also hosts high-resolution DTMs that are used to delineate the SWMM

models in Chapter 2. Historic HYDAT data is publicly available at a daily resolution [Govern-

ment of Canada, 2020], whereas hourly data is available for purchase. Environment Canada

meteorological data is publicly available at an hourly resolution. The DTM datasets used are

also publicly available [Government of Canada, 2014]. The data used in this work was down-

loaded in September 2019.

1.5.5 HYSETS

HYSETS is an open-source aggregation of hydrometric and climatic datasets that spans all

of North America [Arsenault et al., 2020]. The Water Survey of Canada and Environment

Canada datasets are among them. Hydrometric data is aggregated on a basin basis at a daily

temporal resolution. The dataset also contains static basin attributes, such as topographic

and Landover descriptors. HYSETS is used in Chapter 5. HYSETS is currently hosted on the

Open Science Framework [Arsenault et al., 2020]; the data used in this work was downloaded

in March 2021.
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1.6 Research significance and practical implications

Meeting the objectives outlined above has numerous practical implications. Advancing pre-

diction frameworks for process-based models has the potential to improve model accuracy

across a broader range of hydrological conditions. It also provides a new method for lever-

aging highly accurate ML models while retaining physically meaningful and interpretable

base models. The advancement of such methods is especially important given that applica-

tions of process-based models outnumber pure data-driven models in operational contexts

[Alizadeh et al., 2021, Emerton et al., 2016, Abrahart et al., 2012]; however, that is steadily

changing, especially with the release of Google’s operational, ML-driven forecasting platform

[Nevo et al., 2022, Nearing et al., 2023]. This work is a promising compromise between both

paradigms.

The next contribution is a comprehensive cross-comparison of ensemble algorithms, with re-

spect to their effectiveness on flood level flows. These are evaluated alongside SMOTE (syn-

thetic minority oversampling technique), which has been widely used in broader machine learn-

ing applications, but rarely for streamflow forecasting. SMOTE is used to generate synthetic

high flow training samples. Generating synthetic high flows provides the model with more

training data, while minimising the risk of overfitting to the small number of observed flows.

Finally, proposed clustering-based resampling methods for constructing training datasets for

regional learning have the potential to drastically reduce the computational effort needed to

train and evaluate deep-learning models. The proposed methods can also be used to guide

optimum data selection with respect to regions of interest, from increasingly large hydrological

databases.

1.7 Dissertation outline

Chapter 1.5 introduces the hydrological datasets used within each of the four manuscript chap-

ters. This chapter also covers data cleaning and preprocessing techniques. Chapters 2-5 are

comprised of standalone manuscripts with their own introductions, methods, results, discus-

sions, and conclusions. Each of these chapters includes a preface, publication details, and au-

thor contributions.

The first of four manuscript chapters, Chapter 2 aims to address training data selection for
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process-based SWMM models for two basins in Toronto, ON. This study proposes a novel

variation of multi-event model training, in which an ensemble of SWMM models are trained

to a variety of hydrological events. Artificial neural networks are used to combine ensemble

predictions.

Chapter 3 frames flood forecasting as a binary classification problem. Projecting continu-

ous streamflow data into a binary space simplifies the learning challenge and has the poten-

tial to improve the accuracy of flood warning systems. A synthetic oversampling technique is

also employed to improve flood flow classification. The proposed framework applied in three

Toronto ON basins and systematically evaluated using a cross-comparison of machine learning

model architectures and ensemble frameworks.

Chapter 4 advances the resampling technique used in Chapter 3 by embedding it within en-

semble learning algorithms. Integrating resampling procedures within ensemble algorithms

increases the diversity of training data used by ensemble members, thus improving model gen-

eralisation. This study is conducted on two basins, with predictions generated for Toronto and

Calgary.

Chapter 5 includes an application of a deep learning model. Rather than training an ensemble

of models to diverse hydrological conditions, a single deep-learning model is trained to large,

hydrologically diverse datasets. This study aims to understand the extent to which hydrologi-

cally dissimilar basins are useful to model training and generalisability.

Chapter Basin(s) Preprocessing technique Model(s)

Chapter 2 Single Timeseries clustering (SOM) Multi
Chapter 3 Single SMOTE Multi
Chapter 4 Single SMOTER (embedded) Multi
Chapter 5 Multiple Timeseries and spatial clustering (KMeans) Single

Table 1.1: Tabular comparison of methods used in each of four manuscripts. The ‘basins’ col-
umn indicates whether one or multiple basins are used to calibrate each model(s). The ‘pre-
processing technique’ describes the clustering or resampling method used to generate training
datasets. The ‘models’ column indicates whether predictions are made using one or multiple
models.

Collectively, the chapters span a wide variety of scales, regions, and model types. A common

theme throughout these chapters is the use of different data selection strategies for increas-

ing the diversity of training datasets. A simplified, visual comparison of the methods used

in each chapter is provided in Fig. 1.2 and summarised in Table 1.2. Rows (A) to (D) cor-
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Figure 1.2: Graphical comparison of methods used in each of four manuscripts. Subplots from
left to right indicate the training basin(s), the corresponding hydrograph(s), the resampled
streamflow data, and the model or ensemble configurations. (A) shows the discretisation of
hydrological events from a continuous record, which are used to train an ensemble of SWMM
models. (B) shows SMOTE resampling applied to high flows, used to train ensembles. (C)
shows SMOTE used iteratively, to create more diverse ensembles. (D) shows data from addi-
tional basins, which is undersampled and used to train a single model.
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respond to chapters 2 to 5. In the first column of Fig, 1.2, rows (A) to (C) use training data

from a single basin, while (D) features a model trained to multiple basins. The second col-

umn shows the streamflow record for each basin(s). In row (A), streamflow events are ex-

tracted from a continuous record. Similarly, in rows (B) and (C), high streamflow samples

are extracted from a continuous record; unlike with the process-based models in (A), high

streamflow samples do not need to be time-continuous for modelling purposes, therefore an

event discretisation method is not needed. Finally, row (D) shows the streamflow records

for all four training basins. The third column shows the histogram of raw streamflow (black)

and histograms of resampled streamflow (coloured). In (A), the histograms are those of each

discretised rainfall-runoff event. In (B) and (C), the histograms of the SMOTE resampled

streamflow is shown, which contains a higher proportion of high streamflows. In (C), multi-

ple coloured histograms correspond to the repeated application of SMOTE resampling within

an ensemble framework. Finally, (D) shows the histograms of streamflow resampled based on

K-means clustering, which is applied to obtain a balanced distribution of streamflow states.

Finally, the fourth column illustrates the model(s) used for prediction. (A) features multiple

process-based models, each trained to a different rainfall-runoff event. (B) features an ensem-

ble of models, each trained on the SMOTE resampled streamflow. (C) also shows an ensem-

ble, but the colours indicate higher diversity, as the SMOTE resampled streamflow is repeated

for each ensemble member. Finally, (D) shows a single deep-learning model, which is trained

to the resampled streamflow records of all the basins.

Chapter 6 summarises major findings from each chapter and provides some general conclu-

sions. Opportunities for future work are also presented.

A single reference section is provided for the entirety of the research. Appendix A includes de-

scriptions and links to the code used in each chapter. Appendix B includes a list of journal

publication and conference presentations that resulted from this research. Appendices C, D,

and E include summaries of conference presentations related to Chapters 2, 4, and 5, respec-

tively. Conference details are included in the preface of each chapter.
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2 A novel ensemble algorithm based on hydrological event di-

versity for urban rainfall-runoff model calibration and vali-

dation

2.1 Preface

Unlike other chapters in this dissertation, which focus on pure ML models, this first work is

focused on semi-distributed physics-based model Storm Water Management Model (SWMM).

SWMM is an open source engine developed by the US Environmental Protection Agency. The

work originated from a National Research Council Artificial Intelligence Industry Partner-

ship (INRAP) fund, with Civica Infrastructure Inc., a hydrological software company based

out of Vaughan, Ontario. The early objective of the INRAP project was to develop a method

to apply real-time corrections to a detailed SWMM model of Fourteen Mile Creek, situated

in Oakville, Ontario. The model was provided in an uncalibrated state, therefore, the focus

shifted from bias correction to model calibration. Due to the very high spatiotemporal resolu-

tion of the model, calibration to continuous, multi-year records was incredibly computation-

ally expensive. Consequently, the new focus of the investigation became event discretisation

and selection for automated calibration routine. Subsequently, an ANN-based bias correction

procedure was developed for the Fourteen Mile Creek model. Ultimately, the discrete bias cor-

rection framework was abandoned in favour of an ensemble approach, in which the ANN is

used to assimilate the predictions from multiple models, as well as real-time hydrometric ob-

servations. These topics are documented throughout the conference publications listed below.

More models were required in order to properly validate the proposed method. An automated

routine was developed to generate SWMM models using raw input data. Ultimately, three

models were generated for catchments within Toronto and the surrounding area. These mod-

els were comparatively less complex than the Fourteen Mile Creek model, which facilitated

computationally expensive experiments featured in the final manuscript. The manuscript was

published in Journal of Hydrology in 2023 as follows:

Snieder, E., Khan, U. T. (2023) A novel ensemble algorithm based on hydrological event di-

versity for urban rainfall–runoff model calibration and validation, Journal of Hydrology, 619,

129193, https://doi.org/10.1016/j.jhydrol.2023.129193.
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As mentioned above, early work on this topic was accepted to the 2020 EGU General Assem-

bly (virtual presentation), the 2021 Canadian Society for Civil Engineering Annual Conference

(virtual presentation and conference publication), and the 2021 EGU General Assembly (vir-

tual presentation). The respective citations are as follows:

Snieder, E., Khan, U. T. (2020). Improved real-time SWMM flow forecasts using two machine

learning approaches. Poster presentation at the EGU General Assembly. Virtual Display.

Snieder, E., Khan, U. T. (2021). Investigating event selection for GA-based SWMM rainfall-

runoff model calibration. Manuscript and virtual presentation at the CSCE Annual Confer-

ence.

Snieder, E., Khan, U. T. (2021). Spatial bootstrapping for model-free estimation of subcatch-

ment parameter uncertainty for a semi-distributed rainfall runoff model. Virtual presentation

at the EGU General Assembly.

Conference publications were peer-reviewed and are included with minor revisions for the sake

of fluidity. Results from conference posters presentations (which ranged from 2 to 15 minutes),

that are not included in any manuscripts, are transcribed and developed into technical notes.

Contributions to this chapter are as follows: E. Snieder: conceptualisation; data curation;

formal analysis; investigation; methodology; visualisation; writing - original draft. U. T. Khan:

conceptualisation; funding acquisition; supervision; writing - editing, revisions.
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2.2 Abstract

Hydrological models such as the stormwater management model (SWMM) are essential tools

for managing water resources. Model performance typically relies on calibration to historic

rainfall-runoff events. However, traditional calibration techniques suffer many issues, such as

ad-hoc event selection, ignoring model parameter uncertainty, and poor validation techniques.

We introduce a novel ensemble framework that relies on data-driven event selection of calibra-

tion and validation events to achieve robust model generalisation.

The proposed framework is applied to SWMM models for two urbanised catchments in South-

ern Ontario, Canada. The framework uses unsupervised machine learning to cluster rainfall-

runoff events. Events in different clusters have diverse characteristics; sampling events from

each cluster ensures a diverse set of events for calibration. Validation events can be sampled

in the same manner, which ensures similarity between calibration and validation data. We

study the effects that the calibration event cluster has on model sensitivity and generalisation.

Only minor differences in model parameter sensitivity were observed between different clus-

ters. However, the cluster(s) used for calibration were found to be very important for model

generalisation. Next, we generate ensemble predictions, which use multiple SWMM models,

each calibrated to different events. Ensemble performance is compared to the single-model

baseline and across increasing numbers of ensemble members. Results demonstrate improve-

ments in generalisation and decrease in prediction variance across increasing ensemble size.

Finally, we compare several different techniques for ensemble combination, which increase in

complexity from simple averaging to ANN-based stacking augmented with exogenous input

features. The ANN-based stacking performs the best according to two out of three evaluation

criteria. Simple averaging, while inferior in performance to stacking, consistently outperforms

the single model baseline. The novel framework proposed in this work provides a data-driven,

adaptable alternative to conventional calibration frameworks that have been proven to im-

prove model performance.

2.3 Introduction

Physics-based hydrological models simulate dynamic rainfall-runoff processes. These rainfall-

runoff models typically use rainfall observations to predict flow at the outlet of a catchment.

Such models have a wide range of applications, such as flood early warning systems and stormwa-
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ter infrastructure design. For any model application, it is important that predictions are accu-

rate under a wide range of hydrological conditions. Stormwater management models (SWMM),

a popular semi-distributed rainfall-runoff modelling platform, rely on robust calibration tech-

niques to fine-tune uncertain model parameters and ensure accurate performance under dif-

ferent conditions. The efficacy of calibration can be attributed to at least three factors: im-

proved model parameterisation, the method of searching for an optimum parameter set, and

the selection of calibration and validation data [Beven, 2012, James, 2005]. Recent research

has focused primarily on advancing the former two factors, while the selection of calibration

and validation datasets is often overlooked in modelling studies [Niazi et al., 2017]. Robust

validation is essential to verify the generalisation of the calibrated model. Models tend to

generalise best on statistically similar data [Zheng et al., 2018, Bowden et al., 2002, Zheng

et al., 2022]. While this can be easily achieved through resampling methods [Toth, 2009, An-

ctil and Lauzon, 2004a], many physics-based models such as SWMM require time-continuous

data [Zheng et al., 2022], making it difficult to apply such methods.

There are two common formats for time-continuous datasets: using a long period of data, or

partitioning data into time-continuous segments. These formats are commonly referred to

as continuous and event-based calibrations, respectively [Hossain et al., 2019]. A review of

SWMM calibration studies (between 1987 and 2014) found 16 instances of continuous calibra-

tion, 20 single-event, 52 multi-event, and 25 unspecified [Niazi et al., 2017]. The advantages

and disadvantages of each approach are well documented in existing studies [Shamsi and Ko-

ran, 2017, Hossain et al., 2019, Niazi et al., 2017]. For example, model initial conditions only

need to be calculated a single time for a continuous model run, whereas in an event-based

format, they need to be calculated for each individual event. Continuous modelling runs are

also simpler than event-based to configure [Shamsi and Koran, 2017]. However, implementing

event-based calibration routines is becoming increasingly easy to automate. This is thanks to

advances in modelling platforms and the development of wrappers available in multiple pro-

gramming languages, which allow for multiple events, hot-start files, and model validation to

be done programmatically [Leutnant et al., 2019, McDonnell et al., 2020].

Event-based calibration frameworks have several advantages. Firstly, research has shown that

thoughtful selection of a few informative events can outperform continuous or randomly se-

lected events [Singh and Bárdossy, 2012, Hossain et al., 2019]. That being said, it is possible
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to adapt weighting schemes to continuous data to achieve similar improvements by increas-

ing the weight allocated to informative events. Secondly, event-based calibration routines also

simplify the curation of calibration and validation datasets that are both statistically simi-

lar and hydrologically diverse, which is difficult to achieve with two continuous segments of

data. The challenge with event-based calibration becomes selecting the best events out of

those discretised from a continuous record. Recent studies have demonstrated a wide range

of approaches to event selection, which typically involve ranking events based on characteris-

tics such as the return period, mean intensity, or total rainfall. Blackler and Guo [2014] distin-

guish early spring, spring, summer, and intense summer rainfall events; their study noted that

long, low intensity events achieved stronger performance on the calibration data compared to

short, intense events. Broekhuizen et al. [2020] evaluate a multi-event calibration scheme in

which events are selected from a set of discretised events based on one of rainfall, rainfall in-

tensity, mean flow, total flow relative to total rainfall, or rainfall duration. In their calibration

scheme, events that fall above and below a runoff threshold are used in a two-stage calibration

technique, consisting of first calibrating to one type of event, then another. Their approach

was found to outperform a single stage multi-event approach. Similarly, Talei and Chua [2012]

select events based on lag time and hydrograph shape. Jean et al. [2018] select events with

the greatest total precipitation depth and mean precipitation intensity; their study found that

selecting events based solely on total precipitation resulted in an underestimation of extreme

flow frequency, and only by using a multi-criteria approach to event selection, which included

mean intensity, did the selected events produce satisfactory calibration performance. Singh

and Bárdossy [2012] demonstrate a method for identifying critical hydrological events using a

statistical depth function. Models calibrated to critical events are found to perform compara-

bly to models calibrated to the entire record, and better than models calibrated to random

events. While this method is an improvement over simple ad-hoc methods, their approach

only uses a single criterion (either antecedent precipitation or discharge). Recently, Zheng

et al. [2022] proposed a novel framework for achieving statistical similarity between the cali-

bration and validation datasets, in which a model is run on a continuous stretch of data and

the model output is deterministically sampled for calibration and validation, which circum-

vents the need for time-continuous datasets. However, sampling time-discontinuous sets of cal-

ibration and evaluation data risks artificially high model performance compared to evaluations

on time-continuous data in cases where flow is highly auto-correlated [Padiyedath Gopalan
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et al., 2019, Veloz, 2009].

A common issue with the approaches reviewed above is that they tend to neglect the hydro-

logical diversity of rainfall-runoff events [Awol et al., 2018]. Consider a rainfall event with 20

millimetres of total rainfall; this event may be short and intense, long and mild, occur in the

spring or the fall, occur with dry or wet antecedent conditions. Current practices overwhelm-

ingly rely on a single criterion, resulting in calibrated models that are not guaranteed to per-

form well on unseen events (which may have very different characteristics). Thus, there is an

opportunity for improving calibration frameworks by explicitly identifying hydrologically di-

verse events, which will have a favourable impact on model generalisation.

We propose that calibration and validation events be identified using unsupervised clustering,

which is a simple yet proven method for data partitioning. Clustering techniques have been

widely used in research to classify individual observations, for the dual purpose of ensuring

that all flow regimes are equally represented (i.e., an equal number of low and high flows), and

ensuring similar statistical properties between the calibration and validation data sets [Bow-

den et al., 2002, Anctil and Lauzon, 2004a]. Toth [2009] used a self-organising map (SOM) to

classify streamflow and rainfall data (with several lagged copies of each), evaluating the effect

of varying the number of clusters has on overall model performance. The study also links the

SOM-based classifications to physical hydrological phenomena (e.g., a given class may corre-

spond to the rising limb of the hydrograph). Bowden et al. [2002] compared genetic algorithm

(GA)-based and SOM-based data splitting methods, finding that they both outperformed tra-

ditional approach, in which data is split arbitrarily without any consideration for the statisti-

cal properties of each split. Similarly, Anctil and Lauzon [2004a] use an SOM to create sub-

sets of data with statistically similar properties, and draw an even number of samples from

each cluster to form their training dataset. All the examples above were conducted using ma-

chine learning (ML) models. However, as far as our knowledge extends, no works have eval-

uated such methods on physics-based models such as SWMM. In order to use these methods

for physics-based models, they must be modified to accommodate time-continuous segments of

data, which is a typical requirement for physics-based models [Guo et al., 2020]. We propose a

novel adaptation of clustering methods for time-continuous data, which will allow us to iden-

tify diverse rainfall events for calibration as well as statistically similar events for validation.
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Even with an improved method for identifying calibration events, event selection is inherently

uncertain, which manifests as uncertain calibration results. Typically, studies that calibrate

models to multiple events fail to account for this uncertainty by aggregating multiple events

into a single timeseries [Krebs et al., 2013, Awol et al., 2018], or optimising the mean perfor-

mance on multiple events [Broekhuizen et al., 2020, Arriero Shinma and Ribeiro Reis, 2014].

We propose creating SWMM ensembles as a way to handle calibration parameter uncertainty.

An ensemble approach preserves the equally valid model parameter sets generated by calibra-

tion to different events, because predictions are aggregated as opposed to parameter estimates.

A multi-model approach is motivated by ensemble theory, which has proven both theoretically

and empirically that predictions produced by ensembles consistently outperform single models

[Brown et al., 2005a]. The success of an ensemble is attributable to the degree of disagreement

between the ensemble members, which is referred to as diversity. Diversity can be quantified

as the covariance between the error distributions of ensemble members [Brown et al., 2005a].

The benefits of diversity can be explained with the bias-variance-covariance decomposition

of mean squared error (MSE); since the covariance can be negative, greater covariance be-

tween models can reduce overall MSE. One way to create diversity among ensemble members

is by varying the data used to calibrate each member [Brown et al., 2005a]. For event-based

SWMM calibration, we suggest a novel ensemble approach in which each model in an ensem-

ble of SWMM models is calibrated to a unique event, creating diversity between members,

hence reducing overall error and improving model performance. The predictions of the en-

semble member are combined to form discrete predictions, which has been shown to improve

model generalisation for physics-based models [Shamseldin et al., 1997, Beven, 2012].

To support our proposed use of SWMM ensembles, the following paragraphs provide a brief

review of comparable ensemble approaches in the literature and present ensemble taxonomy

that is used throughout the manuscript. Ensembles can consist of model of different types or

models of the same type, referred to as heterogeneous and homogeneous, respectively [Zah-

matkesh et al., 2015]. Heterogenous ensembles have been widely studied and are often found

to outperform any single standalone model [Kumar et al., 2015, Kauffeldt et al., 2016]. Their

success can be attributed to the diversity created by varying assumptions and structures of

different modelling platforms. In contrast, homogeneous ensembles differ in that they all hav-

ing the same model structure, but different parameter values. Homogeneous ensembles have
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received comparatively less attention in research. Physics-based hydrological model parame-

ters are highly uncertain, which translates to uncertain predictions. Within a homogeneous

ensemble framework, multiple different and equally valid model parameter sets are capable

of high degrees of diversity and diverse parameter sets contribute to high ensemble accuracy

[Brown et al., 2005a]. Examples of homogeneous ensembles of physics-based hydrological mod-

els are relatively uncommon in literature compared to examples of standalone models or het-

erogeneous ensembles. Nevertheless, research on homogenous ensembles has shown promising

improvements to performance. Seibert and Beven [2009] create physics-based ensembles in

which each member is trained to randomly sampled data; the ensemble approach is found to

outperform the single model. Similarly, Liu et al. [2014] use rainfall-runoff models as mem-

bers for the AdaBoost ensemble algorithm [Freund and Schapire, 1995], noting considerable

improvements in performance.

Regardless of what type of models are used as ensemble members, literature has shown that

ensemble generalisation is dependent on the specific combination technique used. Most studies

that compare combination techniques do so using ML models as the ensemble base learners

[Anctil and Lauzon, 2004a, Abrahart, 2003, Tyralis et al., 2021, Alobaidi et al., 2019]. There

is a need to understand whether the improvements in performance achieved by combination

techniques can be extended to homogeneous ensembles of physics-based models. Combining

predictions obtained from different parameter sets may be seen as counter-intuitive, especially

when parameters are assumed to be time invariant, which are expected to have a single cor-

rect value. However, significant work in hydrology has demonstrated that there is no single

optimum parameter sets; instead, there may be numerous, realistic parameter sets that are

equally suitable for a given model [Awol et al., 2018, Mediero et al., 2011, Beven, 2012, Xu

et al., 2019]. Combination strategies range from simple averaging to more complex methods

such as stacking, in which a statistical model used as the combiner [Breiman, 1996b]. Sev-

eral studies that compare combination strategies have found that simple averaging is ”hard to

beat in practice”, but can be improved upon using methods such as stacking (using a model

to combine predictions) if configured correctly [Tyralis et al., 2021, Kumar et al., 2015].

The review above highlights the need for a data-driven framework for model calibration that

ensures calibration and validation datasets are time-continuous, statistically similar, and each

contain diverse hydrological conditions. Our proposed framework features an innovative event
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clustering technique that we use to identify a set of calibration events. We use a novel ensem-

ble algorithm, in which ensemble members are independently calibrated to different events, to

exploit the effects that ensemble diversity have on generalisation. The final step of our frame-

work is to combine predictions, which done using four approaches, two of which have not yet

been evaluated for such ensembles.

To develop and evaluate our proposed framework, we set the following objectives:

i To develop a multi-criteria clustering approach to select hydrologically diverse, time-continuous

events for calibrating urban rainfall-runoff model. This component builds on clustering

methods used in ML research and investigates their efficacy on traditional physics-based

models (i.e., SWMM), and explicitly measures the effect of event selection on model per-

formance.

ii To fully realise the benefit of a diverse set of calibration events, we propose an alterna-

tive approach to traditional multi-event calibration. Predictions are made using homoge-

neous ensembles of multiple SWMM models, each calibrated to a different event, in order

to create diversity between members, and hence improving model generalisation and per-

formance.

iii Study the effects that each cluster have on model behaviour using a traditional sensitivity

analysis and by evaluating the performance of non-diverse ensemble, that is, ensembles

that only models calibrated events belonging to one cluster.

iv To investigate effects that ensemble size and combination techniques have on generalisa-

tion. While these approaches have been used in ML applications, they have received very

little attention for homogeneous, physics-based models. Our study of ensemble combina-

tion must feature techniques that are ranging in complexity.

The proposed framework is applied to two case-studies in Southern Ontario, Canada, and is

compared to baseline results from a single-event SWMM model using multiple performance

criteria.
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2.4 Methods

The methods are organised into three sections that describe the SWMM models, the data-

driven framework, and validation techniques. The SWMM model description includes the

standard methods used for event discretisation, calibration, and sensitivity analysis. The en-

semble section outlines our novel framework for event selection and ensemble prediction. Lastly,

we describe a robust validation framework to verify the proposed methods.

2.4.1 SWMM model setup

2.4.1.1 Study area and model creation

Two catchments, located within the Etobicoke Creek and Don River watersheds in the Greater

Toronto Area, in Southern Ontario, Canada were selected for this study. These catchments

were selected based primarily on their flood vulnerability and the heavily urbanised and rapidly

changing landcover, as identified by the Toronto and Region Conservation Authority (TRCA).

An advantage of these specific catchments is the availability of high resolution forcing (15-

minute) and spatial data (2m), openly provided by the TRCA. The catchments under study

have outlets at Spring Creek South (SCS) and Taylor Creek South (TCS), which are in the

Etobicoke Creek and Don River watersheds, respectively. Table 2.1 provides catchment prop-

erties; both catchments can be characterised as urbanised based on impervious landcover, they

are close to one another geographically, have a similar size, and their models contain a similar

number of subcatchments. Because of their similarity, they can be used to verify the proposed

framework on one another.

Table 2.1: Summary of catchment properties and select SWMM model parameters for SCS
and TCS. Gauge IDs are obtained from the TRCA [TRCA, 2020].

parameters units SCS TCS

outlet [#] HY059 HY062
num subcatchments [-] 10 9

total area [ha] 3.85e+03 3.32e+03
mean area [ha] 385 369

mean imperv [%] 73.9 56.4
conduit length [km] 45.3 28.5

The SWMM models used in this study were created from scratch using openly available spa-

tial and temporal datasets. Fig. 2.1 shows the conduits, subcatchments, raingauges, and out-

falls of each model. Models were constructed beginning with a user-specified streamflow gauge,

which was used the outfall in SWMM. A 2-metre resolution digital terrain model (DTM) [Gov-
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Figure 2.1: Location of catchments within Southern Ontario (left), Spring Creek South (top-
right), and Taylor Creek South (bottom-right) SWMM models, including subcatchment
boundaries (grey), watercourses (blue), flow gauges (red triangles), and raingauges (purple
squares).

ernment of Canada, 2014] was used to calculate flow accumulation pathways and catchment

boundaries, using a traditional delineation approach procedure in ArcGIS Pro [O’Callaghan

and Mark, 1984, Morris and Heerdegen, 1988]. Stream burning was performed based on mapped

hydrological features maintained by the TRCA [2020], which is an enforcement technique that

improves the accuracy of the spatial analysis by subtracting known flowpaths from the DTM

surface prior to calculating DTM derived flowpaths and catchments to encourage agreement

between derived and observed flowpaths [Lindsay, 2016]. Flow accumulation pathways were

further pruned to better match the existing watercourses. The catchments delineated for the

SCS and TCS gauges were each discretised into subcatchments based on the nodes of the den-

dritic network of flowpaths. Streams were assumed to have a simple rectangular geometry;

stream widths were estimated using methods described in Mulvihill et al. [2009], in which em-

pirical regression equations are used to relate drainage area to stream geometry. These equa-

tions were found to be relatively accurate and were developed using streamflow data from the

southeast coast of Lake Ontario, geographically near the catchments herein. Most channel and

subcatchment parameters were calculated using spatial datasets including soil [Agriculture
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and Agri-Food Canada, 2022], DTM [Government of Canada, 2014], and land cover [Province

of Ontario and Ministry of Natural Resources and Forestry, 2022]. raingauges, obtained from

the TRCA [2020], were assigned to subcatchments based on the minimum Euclidean distance

between the gauge locations and subcatchment centroids, which resulted in two unique gauges

for each catchment, listed in Table 2.1. The process above was used to generate shapefiles rep-

resenting outfalls, conduits, junctions, subcatchments, and raingauges, which were exported

to MATLAB to create SWMM models. Rainfall data and observed flow data was processed

in MATLAB and converted to binary model files using SWMM. Events containing flags for

snow and ice conditions in the records obtained from Environment Canada [2022] were re-

moved from the selection. These events were not included because cold weather processes

(e.g., snow accumulation) were not parameterised in the models. Snow events were omitted

for several reasons: snow ploughing and storage is complex in urban areas and the data is un-

available, sensors often become obstructed during winter months, and cold weather events do

not always produce runoff [Aquafor Beech, 2016]. Despite the omission of snow in this study,

our proposed methods could be used with models in which snow processes are represented. A

warm-up period of 24-hours was generated for each event under study to accommodate vary-

ing initial conditions for each event-based simulation. We developed a wrapper for SWMM in

MATLAB which allowed us to run simulations and edit model parameters from the MATLAB

environment. Several considerations were taken to improve the computational efficiency of the

analyses conducted. The geometry of subcatchments and conduits are simplified (vertices re-

moved) in order to minimise file write times during calibration. Binary rainfall and warmup

files were generated for each event under evaluation, to reduce simulation runtimes. A com-

plete list of routines is provided in Appendix C.1.1 and Fig. C.1 illustrates how MATLAB was

used to interact with SWMM. The complete SWMM wrapper is available on GitHub.

All computations were conducted on a workstation with the following specifications: CPU:AMD

Ryzen 3700x; RAM: 32GB DDR4; GPU: NVIDIA GeForce GTX 1660. Software versions are

Python 3.7.9 within ArcGIS Pro 2.7.0, MATLAB 2021a, and SWMM 5.1; 14 threads were

used for the simulations.

2.4.1.2 Rainfall event discretisation

Rainfall and stage data were collected at point-source gauges at a 15-minute resolution for

a period beginning in May 2002 and June 2006 for SCS and TCS, respectively, and ending
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in May 2021. The mean aerial weighted rainfall was used to perform the rainfall event dis-

cretisation and selection for each catchment. Isolating data used to calibrate and validate the

SWMM model is a two-step process: event discretisation and selection. Event discretisation is

described in the paragraph below, while selection is included in Sec. 2.4.2.1, in the context of

the ensemble framework.

Event discretisation is the process of identifying rainfall-runoff events from a continuous record.

The most common and simplest procedure for discretisation uses a minimum inter-event time

(MIT), during which there is negligible rainfall, to identify the start and end points of events

[Nojumuddin et al., 2018]. While sophisticated discretisation approaches have been devel-

oped in previous research [Thiesen et al., 2019], the MIT-based approach was chosen due to

its widespread use in research [Nojumuddin et al., 2018, Jean et al., 2018, Behera et al., 2010]

and applied settings [Aquafor Beech, 2016]. The US-EPA and Ontario Ministry of the En-

vironment, Conservation and Parks recommend an MIT of 12 hours [Aquafor Beech, 2016].

However, it is also important to consider catchment characteristics and runoff response while

selecting an MIT value [Joo et al., 2013]. The hydrographs of the target stream gauges in

each catchment have long receding limbs, therefore, a longer MIT of 24-hours was selected

to ensure that the entire event hydrograph is captured in the simulation. A long MIT permits

enough time for the receding limb of the event hydrograph to approach its baseflow value at

the beginning of the event, uninterrupted by new rainfall events. Consequently, rainfall events

are larger in magnitude and duration compared to events discretised using a shorter MIT.

A buffer time of 24 hours was appended to the end of each rainfall event to ensure that the

runoff response is fully captured. Lastly, events with a total rainfall of less than 5 mm were

excluded from the analysis, as events of this size may not produce any runoff in urban catch-

ments such as those used in this study [Aquafor Beech, 2016].

2.4.1.3 Sensitivity analysis

The sensitivity of rainfall-runoff model parameters is often analysed to develop a sense of

model behaviour and fine-tune calibration [Swathi et al., 2019, Perin et al., 2020]. These anal-

yses are used to distinguish sensitive and insensitive parameters, as to select only the most

sensitive parameters for calibration. Existing research has shown that there is no globally sen-

sitive set of parameters for hydrological models, and that parameter sensitivity should be cal-

culated on a case by case basis [Knighton et al., 2016]. However, with the emergence of auto-
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mated calibration techniques, the usefulness of removing insensitive parameters from calibra-

tion routines should be questioned. The sensitivity analysis presented in this study has a dual

purpose. Foremost, we wanted to assess difference in parameter sensitivity between events in

different clusters. Additionally, we wanted to test whether removing insensitive parameters of-

fers any improvements to model calibration in terms of computational time or performance.

The sensitivity analysis in this research was conducted for each individual event.

The sensitivity analysis was conducted using a one-at-a-time approach, which has been widely

used in rainfall-runoff modelling [Shin and Choi, 2018, Xu et al., 2019, Shahed Behrouz et al.,

2020, Campolongo et al., 2007]. Instead of analysing the sensitivity of individual parameter

values, parameters are individually adjusted across all subcatchments. For example, to analyse

slope, the slope of all subcatchments is adjusted by some fixed amount, as opposed to varying

each subcatchment independently. This drastically reduces computational costs at the expense

of information on the sensitivity of individual parameter values, while still being generally ef-

fective in identifying sensitive parameters [Barco et al., 2008, Shahed Behrouz et al., 2020,

Campolongo et al., 2007]. Total volumetric flow and peak flow were used as model response

variables for the sensitivity analysis, which are given by the following respective equations:

q̂v =
∑

(q̂∆t) (1)

q̂p = max(q̂) (2)

where q̂v, q̂, ∆t, q̂p, are the predicted total flow volume, predicted flow timeseries, timestep,

and predicted peak flow. The timeseries predicted by SWMM, q̂, are formulated as a function

of a parameter set X and observed rainfall p:

q̂ = f(X, p) (3)

Sensitivity is measured by adjusting each parameter relative to their initial value x0 by frac-

tion α:

Iα =
(f(x0(1 + α), p))/f(x0, p)

α
(4)

where Iα is the sensitivity of some parameter x, with an initial value x0 that is modified by a
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fractionα when subject to a precipitation event p.

The parameters selected for calibration, sections, units, relative uncertainty, and upper and

lower constrains used in this research are listed in Table 2.2. Calibration parameters were

selected based on a combination of expert knowledge and parameter estimate uncertainty.

Where a physical constraint on a parameter exists (e.g., the upper limit of percent impervious

landcover), we truncated parameter values to meet the constraint and recalculated parameter

sensitivity based on the subcatchment area weighted mean.

Ten values for α were considered, which increase linearly from the lower bound of parameter

uncertainty to the upper bound. For example, the percent imperviousness, which has a rel-

ative uncertainty of 0.2, is evaluated for α values of ± 0.04, 0.08, 0.12, 0.16, and 0.20. The

overall sensitivity I of the model to a given rainfall event p was taken as the absolute mean

across a total of 10 (denoted as M) values of α considered:

I =
1

M

M∑
j=1

|Iαj | (5)

Following the sensitivity analysis, we conduct calibrations using different configurations of pa-

rameters, to test whether removing insensitive parameters is useful. The study of calibration

configurations was conducted on one event from each cluster for each catchment. The configu-

rations used in this study are as follows:

i Baseline-Uncertainty calibration

ii Double-Uncertainty calibration

iii Sensitive-Parameter calibration

iv Insensitive-Parameter calibration

We refer to calibration using expert-knowledge informed uncertainty as Baseline-Uncertainty.

The Double-Uncertainty configuration uses the expert-based relative uncertainty multiplied by

a factor of 2, which is used to assess whether further improvements to model accuracy can be

achieved by expanding the parameter search beyond expert judgement. Lastly, the Sensitive-

Parameter and Insensitive-Parameter use the five most sensitive and insensitive parameters,
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respectively, as determined by the sensitivity analysis.

Table 2.2: Calibration parameter names and sections in SWMM, units, relative uncertainty,
and upper and lower constraints. Constraints are based on physically possible limits, which
are determined from published ranges and SWMM input value constraints. Detailed descrip-
tions of each parameter are available in the SWMM user manual [Rossman, 2015].

parameter parameter relative lower upper
description name [units] uncertainty bound constraint

characteristic width Width [m] 2.00 0 1e+06
mean subcatchment slope PercentSlope [frac] 0.30 0 5

mean impervious landcover PercentImperv [%] 0.20 0 100
impervious landcover roughness N Imperv [-] 0.10 0 0

pervious landcover roughness N Perv [-] 0.50 0 0.8
impervious depression storage S Imperv [mm] 0.20 0 2.5

pervious depression storage S Perv [mm] 0.50 0 7.6
Green & Ampt suction head Suction [mm] 0.50 0 320

saturated hydraulic conductivity Ksat [mm hr−1] 0.50 0 120
initial soil moisture deficit IMD [frac] 0.30 0 0.4

2.4.1.4 Model calibration

As mentioned above, SWMM predictions are a function of a calibration parameter set and

rainfall event. Event-based calibration is given by the following general expression:

x← argmax(g(q, f(X, p))) (6)

where g() is the objective function given in Eqn. 7 below, f() is the SWMM model with pa-

rameter set X (bound by uncertainty and physical constraints), forcing rainfall data p, and

observed flow q. The Kling-Gupta Efficiency (KGE) was used as the objective function in this

work [Gupta et al., 2009]:

KGE = 1−
√

(r − 1)2 + (α− 1)2 + (β − 1)2 (7)

where:

r =
cov(q, q̂)

σqσq̂
(8)

α =
σq
σq̂

(9)

β =
µq̂

µq
(10)

32



where σ and µ denote the standard deviation and mean statistics, respectively, for flow q and

predicted flow q̂.

A wide variety of optimisation algorithms have been applied for SWMM calibration [Niazi

et al., 2017]. We used a standard GA for because of its popularity, competitive performance

when compared against other common optimisation algorithms, and because the optimisation

algorithm itself is not a focus of our research [Jeon et al., 2014, Niazi et al., 2017].

The GA is an evolutionary algorithm that searches for a global minimum by iteratively breed-

ing new populations of parameter estimates. Each new population is created using crossover

and mutation, which are applied to the best performing populations in each generation. Im-

portant hyperparameters for the GA include population size, mutation rate, crossover frac-

tion, to which we assigned values of 40, 0.01 (default), and 0.8 (default), respectively. The GA

terminates when it meets one of several stopping criteria, which included maximum number

of generations, function tolerance, and maximum stall generations, for which we used values

of 100, 1E-4, and 5, respectively. When the GA does not improve the objective function by

the tolerance for five consecutive generations, the algorithm terminates. GA hyperparameter

sensitivity was assessed using trial and error. Increasing the population size beyond 40 had

little effect on the optimisation, and the algorithm typically terminated due to the objective

function levelling out at approximately 40 generations, well before the maximum number. The

GA was implemented using the native GA algorithm in MATLAB, which is included in the

optimisation toolbox [MATLAB, 2021].

2.4.2 SWMM ensembles

Typically, SWMM predictions are generated using a single model, which is calibrated to one

or multiple events. In this study, we propose a data-driven ensemble framework for SWMM,

that uses models that are independently calibrated to individual events as base learners. The

novel framework is depicted in Fig. 2.2, which begins with discretising events from a contin-

uous record. Next, diverse events are identified using our novel clustering method described

in Sect. 2.4.2.1. A set of events are sampled based on their cluster to individually calibrated

SWMM models, which form ensembles. Finally, ensemble predictions are combined using

one of four combination methods described in Sect. 2.4.2.2, two of which are innovative in

that they can utilise real-time hydrometric data to improve ensemble accuracy. Our proposed
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framework will provide a data-driven solution to calibration event selection, preserve multiple

model parameter sets, and the ensemble is expected to improve generalisation.

Combiner

SOM-based unsupervised 
classification

GA-based 
optimisation

Diverse set of events

Historic continuous hydrometric data

Real-time 
hydrometric 

sensors

Real-time 
hydrometric 

sensors

Figure 2.2: Complete novel ensemble framework including event discretisation, event cluster-
ing, single model optimisation, and ensemble combination.
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2.4.2.1 Identification of diverse hydrological events using unsupervised clustering

Clustering is proposed as a way to meet our first objective of identifying diverse, time-continuous

events for model calibration and validation. We apply clustering to characteristics derived

from a set of rainfall-runoff events. While event selection is typically conducted using only

rainfall-based event characteristics [Broekhuizen et al., 2020, Szelag et al., 2022, Sun et al.,

2014], we simultaneously considered both rainfall and flow characteristics [Toth, 2009], which

encourages hydrologically diverse events. Our novel approach uses clusters events based on

event characteristics including: total precipitation P , peak intensity ip, mean intensity iµ, du-

ration D, date, peak flow qp, flow volume Q, hydrograph centroid coordinates qct and qcy, and

hyetograph centroid coordinates pct and pcy. The selection of these specific features as the cri-

teria with which to distinguish diverse rainfall-runoff events is supported in existing studies

on event selection [Barco et al., 2008, Hossain et al., 2019, Blackler and Guo, 2014]. Addition-

ally, the event date (day of year) was also used, as the time of year is important to consider in

distinguishing between different hydrological events [Hossain et al., 2019, Barco et al., 2008,

Blackler and Guo, 2014]. Including the date among the event statistics enables the clustering

algorithm to distinguish between annual seasons, as events of similar magnitudes occurring

at different times of the year may have different dominant hydrological processes. The day of

year of each event is converted to radians, then the Sine and Cosine are taken for the features,

which is a way to pre-process dates that preserves the cyclical nature of the days of the year

[Abrahart et al., 2001].

We used an SOM to cluster rainfall-runoff events, which is an unsupervised neural network-

based classification technique. Several studies have demonstrated the use of SOMs for hydro-

logical timeseries clustering as a pre-processing technique for ML models [Toth, 2009, Anctil

and Lauzon, 2004a]. Typically, examples of clustering-based training data selection will select

an even number of samples from each cluster, discouraging model bias towards particular flow

conditions. In our framework, this is achieved by selecting the same number of events from

each cluster. Maximising the number of clusters is preferable, as it would increase the diver-

sity of represented flow conditions and in turn, the diversity of the calibrated ensemble mem-

bers. However, a disadvantage of more clusters is that it may result in clusters that only con-

tain one or two events. Thereby, if we want to draw a balanced number of events from each
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cluster, we are constrained by the number of events in the smallest cluster. Consequently, we

use only two clusters in our study. Using two clusters results in an ample number of events

in cluster, enabling us to study the effects of model performance across an increasing ensem-

ble size and complete our third objective, something that would not be possible with a greater

number of clusters. Our proposed event selection scheme is as follows:

i Cluster events into K clusters, in which K is constrained by the number of events in the

smallest cluster (N)

ii Select N events from each cluster, prioritising events nearest the cluster centroids

iii Calibrate individual SWMM models to each event (K x N events if using an even number

from each cluster)

iv Generate discrete predictions by combining predictions from all SWMM models

Our second objective is to exploit the diversity created by clustering events by creating a ho-

mogenous ensemble of SWMM models. To assess differences in performance between ensem-

bles that use events from different clusters, we evaluated events in both clusters using: (1)

only models calibrated to Cluster 1 events; (2) only models calibrated to Cluster 2 events;

and (3) using models calibrated to an equal number of events in each cluster. Ensemble pre-

dictions that use events from a single cluster are denoted as ECx where x is the numeric clus-

ter label, and ensembles that use a balanced number of events from each cluster are denoted

ECB. This will allow us to confirm whether models calibrated to a given type of event will

perform best on the same type of event, while also quantify the effects of including a balanced

amount of information on each event cluster. These configurations were also studied across

an increasing ensemble size, in order to better understand how many individual models are

required for satisfactory performance.

2.4.2.2 Combination methods

To create an ensemble, a set of M models are combined to form a single prediction, according

to Eqn. 11 below:

q̂ = h(q̂1, q̂2, ..., q̂M ) (11)
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where h() is the combiner function that combines predictions q̂ for models calibrated to events

1 to M .

Our third objective is to investigate the performance of different ensemble combination tech-

niques. We evaluate four common combination techniques; two weighted approaches: uniform

and non-uniform weighting, and two stacking approaches: multiple linear regression (MLR),

and artificial neural network (ANN)-based stacking [Shamseldin et al., 1997, Tyralis et al.,

2021]. The stacking combiners have the option to leverage real-time hydrometric data, to fur-

ther improve prediction accuracy.

Weighted combination is among the most popular techniques for aggregating or combining en-

semble predictions [Sharkey, 1996]. Uniform weighting is the most common weighting scheme

and has been described as ”hard to beat in practice” [Tyralis et al., 2021]. There are meth-

ods for tuning the ensemble combination weights, which are capable of outperforming uni-

form weighting schemes [Tyralis et al., 2021]. In this research, we evaluate both uniform and

non-uniform weighting schemes. For the weighted scheme, the weight allocated to each en-

semble member is calculated as the mean cross-validation performance on the events used to

calibrate the other ensemble members. In a weight vector of length M , the weight of an indi-

vidual model is given by Eqn. 12:

wm =
1

M − 1

M∑
i=1
i ̸=m

g(q, q̂i) (12)

The weight vector is then normalised such that its sum is equal to one:

wnorm =
w

|w| (13)

The remaining two combination methods use stacking, which is a combination technique in

which a model is trained to combine other models (commonly referred to as a meta-learner).

Originally, stacking was proposed using multiple linear regression (MLR) [Breiman, 1996b],

however, a wide variety of different models can be used as the meta-learner. More complex

models, such as ANNs, can map non-linear relationships between input data (SWMM predic-

tions) and target data (observed flows), providing greater compensation for potential deficien-
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cies of the SWMM models [Sharkey, 1996]. However, a more complex meta-learner introduces

the risk of overfitting, hence poor generalisation. To determine whether increased complexity

of the meta-learner is warranted, this work evaluates both a linear model and ANN.

The input datasets used to train the stacking meta-learners are constructed by first concate-

nating the predictions obtained for each event from each SWMM model. One advantage of the

stacking approach is the ability to supplement the meta-learner with historic and exogenous

data [Bento et al., 2021]. The predictions of each SWMM model in the ensemble are used as

the input feature set. Next, we augment the input feature set using flow (lagged by a forecast

lead-time of 12-hours) and aerial mean precipitation data. Five lagged recurrences of each flow

and precipitation are used in the feature set; lag times are determined based on maximising

the cross-correlation function between each of the exogenous input features and the observed

flow [Tiwari and Chatterjee, 2010a].

The configuration of the linear model is trivial, but some consideration is required for the

configuring the ANN. Best-practices are employed to encourage strong ensemble generalisa-

tion. Specifically, we use stop-training and Bagging, which have both been shown to improve

ANN generalisation [Anctil and Lauzon, 2004a]. Due to being highly flexible models, ANNs

are prone to overfitting. Stop-training involves withholding a subset of ANN training data

from the calibration procedure to use as a calibration termination criterion. During train-

ing, if the performance of the withheld data does not improve across multiple ANN param-

eter adjustments, training is terminated. The number of consecutive parameter adjustments

with no improvements until training termination is referred to as the patience. For our ANNs,

we withheld 50% of the training data for stop-training and used a patience value of 6. The

stop-training data is allocated using block-splitting; the training data is divided into 10 time-

continuous blocks and alternatingly assigned for training and stop-training. Block splitting,

in contrast to random sampling, preserves the time dependency structure contained within

the flow data [Li et al., 2010]. Bagging is a widespread ensemble technique in which the train-

ing data for each ensemble member is resampled from the original training set, with replace-

ment and the average model predictions are used. Bagging is successful due to the diversity

obtained from the varying training data for each ensemble member, which is the same mecha-

nism that motivated our proposed ensemble framework. Grid-search optimisation was used to

evaluate ensemble sizes of 2n for n values of 1 to 7. Ensembles were evaluated based on 50%
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randomly selected validation data. Consistent with previous studies [Shu and Ouarda, 2007,

Zaier et al., 2010], increases in ensemble size were found to improve generalisation. Perfor-

mance typically stabilised at an ensemble size of 32, the largest size of 128 was used, as it en-

sures sufficient resampling and only has a marginal impact on computation time. Grid-search

optimisation was also used to determine the ANN model architecture, which consists of a sin-

gle layer of 8 hidden neurons. The Levenberg-Marquardt backpropagation algorithm is used to

train the individual ANNs. A robust validation procedure, described in the upcoming section,

further helps to ensure that the stacking models are parameterised properly.

2.4.3 Validation techniques

While comparing different calibration procedures, the objective function (KGE, described in

Eqn. 7) is used, which ranges from an optimum value of 1 to -∞. While there is no inherent

reference point for KGE values, predictions that are more accurate than the historic observed

mean produce a KGE greater than -0.41 and are considered acceptable, whereas KGE values

less than -0.41 are considered unacceptable [Knoben et al., 2019]. For the comparison of en-

semble combination techniques, additional performance metrics are used, including the peak

flow error (PFE), which is the difference in the maximum observed and maximum simulated

flows, and the mean volume error (MVE), which is the difference in observed and simulated

total flow volume during the event. The latter two are defined as follows:

PFE =
max(q)−max(q̂)

max(q)
(14)

MVE =

∑
(q− q̂)∑

(q)
(15)

where q and q̂ are the same as described earlier. In physics-based hydrological model cali-

bration literature, validation is often performed on a single event, or altogether absent [Niazi

et al., 2017, Cristina et al., 2017]. This is problematic, especially for applications such as flood

forecasting, since a physics-based model calibrated to a particular event(s) is not guaranteed

to maintain its accuracy on other events, especially events with flow conditions that are dis-

similar to those contained in the calibration data [Beven, 2012].
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Since multiple SWMM models are being calibrated in this study, each model is evaluated on

each event, excluding the event used for calibration. For example, if there are 10 discretised

events, each event will be evaluated using the 9 remaining models, and thus have 9 perfor-

mance scores. For ensemble predictions, which use predictions from multiple SWMM models,

it is necessary to consider different combinations of models that can be used to generate pre-

dictions for each validation event, as different combinations of predictors will produce different

ensemble predictions. For example, consider a set of 10 events, which we want to evaluate us-

ing ensemble predictions that contain 4 members. For each event, there are 9 models available

with which to produce ensemble predictions, resulting in 126 unique combinations of models

that can generate predictions (given by 9C4). Ideally, we would evaluate every single unique

combination of predictors, however, this becomes very computationally expensive for meth-

ods such as stacking, where a unique meta-learner is trained to each unique combination. An-

other problem that arises is that trying every possible combination does not scale well with

increasing numbers of available models. In cases with more than 100 unique combinations, we

randomly sample 100 combinations with which to make predictions. Since different subsets of

models do not perform the same, using resampled subsets quantifies the associated variability

in performance.

2.5 Results

This section presents the results of the event selection, sensitivity analysis, calibration, and

ensemble predictions.

2.5.1 Event discretisation and selection

The outcome of the SOM-based unsupervised clustering approach is illustrated in Fig. 2.3 for

SCS and 2.4 for TCS, in which clusters are distinguished by colour. Sample hydrographs and

cluster summaries are also provided in Sec. C.1.2. Differentiating characteristics can be iden-

tified from the bottom-most rows and from the histograms along the diagonals in the scatter-

plot matrices. For both catchments, events are segregated based primarily on total flow and

precipitation; Cluster 1 events (green) tend to be small and frequent (n=259, 250 for SCS and

TCS), while events in Cluster 2 (purple) tend to be large, and infrequent (n=45, 34 for SCS

and TCS). Additionally, events in Cluster 1 tend to have a shorter duration and lower mean

intensity compared to those in Cluster 2. The day of year can be read from the Sine and Co-
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sine components, which form a ring as shown in Figs. 2.3 and 2.4 when plotted against one

another. The midpoint along the Sine axes and upper limit of the Cosine axes correspond to

January 1 and the day of year increases in the clockwise direction, with one rotation corre-

sponding to a year. There is no clear discrimination based on event date, though Cluster 2

events tend to occur mostly during summer to late fall. The event date is expected to have

a larger influence on the clustering outcome as the amount of available data and the number

of clusters increases. Since the numeric cluster ID is arbitrarily assigned by the unsupervised

learning algorithm, events are reclassified based on the ascending rank of the total flow of each

cluster centroid, to achieve a consistent numeric notation between catchments.

Cluster properties are summarised in Table C.1 and two representative events from each clus-

ter are illustrated in Fig. C.2. A set of events for the analyses presented in the following sec-

tions is generated by sampling 10 events from each cluster. Events are selected based on min-

imising their Euclidian distance between each event and the corresponding cluster centroid.

Ensuring events are representative of their cluster encourages dissimilarity between events in

different clusters; otherwise, there is a risk selecting events that are near the cluster bound-

ary and thus, not diverse. The analyses presented in the following sections are conducted us-

ing strictly the subsets of 20 events (10 from each cluster) for each catchment. The properties

of these sampled events are provided in Tables C.2 and C.3 for the SCS and TCS subcatch-

ments, respectively.

2.5.2 Sensitivity analysis

The following one-at-a-time sensitivity analysis was conducted to determine whether there

are significant differences in parameter sensitivity between Cluster 1 and 2 events. Parameter

sensitivities for events in Clusters 1 and 2 are plotted against one another in Fig. 2.5. Each

parameter has a unique colour-symbol combination, and the uncertainty lines indicate the full

range of total flow (left) and peak flow (right) sensitivities across the 10 events in each cluster.

The sensitivity analysis results are in complete agreement for both catchments. The subcatch-

ment imperviousness and width are two most sensitive parameters for peak flow and volume.

Peak flow is also sensitive to changes in the overland flow Manning’s N for impervious sur-

faces and subcatchment slope. This result indicates that runoff from impervious surfaces is

the dominant process contributing to the runoff response of both catchments. The model sen-
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Figure 2.3: SCS event features plotted against one another in scatter-plots. Histograms for
each event feature are along the diagonal. Colours indicate the cluster ID; Cluster 1 events are
green and Cluster 2 events are purple.

sitivity to subcatchment slope, width, and Manning’s N are likely disproportionately high, due

to the lack of a modelled minor stormwater system, the parameters of which would likely also

impact peak flow. Notably, the antecedent moisture content (IMD parameter), which is widely

considered to be a very important parameter for rainfall-runoff model performance [Tramblay

et al., 2010], is insensitive to both event clusters and catchments.

The position of parameter sensitivity values relative to the 1:1 line illustrates whether it is

more sensitive to Clusters 1 or 2: parameters below the 1:1 line are more sensitive to Cluster
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Figure 2.4: TCS event features plotted against one another in scatter-plots. Histograms for
each event feature are along the diagonal. Colours indicate the cluster ID; Cluster 1 events are
green and Cluster 2 events are purple.

1 events and parameters above the line are more sensitive to Cluster 2 events. There are no

drastic differences in parameter sensitivity between the two clusters. Parameter sensitivities

are centred about the 1:1 line, indicating sensitivity to types of events, though parameters are

all marginally more sensitive to Cluster 1 events. Sensitivities are also more variable to dif-

ferent Cluster 1 events, illustrated by the uncertainty lines typically being broader than they

are tall. The high sensitivity of the percent impervious parameter is consistent with recent

research by Awol et al. [2018] for a SWMM model in a nearby catchment with similar land
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Figure 2.5: Scatterplots showing median sensitivity of total flow (left) and peak flow (right)
of the uncalibrated model to Cluster 1 (x-axis) and 2 (y-axis) events for SCS (a) and TCS
(b) catchments. Whiskers indicate range of sensitivities for all events in each cluster. Only
parameters with sensitivity values greater than 0.1 are labelled.

cover and geography.

Sensitivity analyses often serve to identify insensitive parameters, in order to remove them

from GA-based model calibration. However, our results illustrate that this does not yield any

improvements in terms of calibration time or performance. Fig. 2.6 illustrates the maximi-

sation of KGE plotted against time (recorded at each new GA generation) for the Baseline-

Uncertainty calibration (expert knowledge-based) and for the three other configurations: Double-
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Figure 2.6: Four GA-based calibration routines for the SCS (a) and TCS (b) catchments
including: Baseline-Uncertainty, Double-Uncertainty, Sensitive-Parameter, and Insensitive-
Parameter calibration. Calibrations to events in Cluster 1 and 2 are identified by the green
and purple annotations.

Uncertainty, Sensitive-Parameter, and Insensitive-Parameter calibration. The scores of each

calibration routine are shown as a function of time for calibrations to each type of event. These

are included in a single plot, with the event cluster identified by a right-aligned label. For

both catchments, the models obtain better performance on Cluster 2 events (larger, infre-

quent) compared to Cluster 1 events, meaning that the model is better suited to large rainfall-

runoff events. In all cases, the calibrated models obtain a positive KGE value.
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Figure 2.7: KGE values for the SCS (a) and TCS (b) catchments, colourised from good
(blue) to poor (red) performance, obtained for each single-event calibration routine (along the
diagonal), cross-validated against each other calibration event (upper and lower triangles).
Events are sorted by cluster.

The baseline and Sensitive calibrations perform very similarly for three out of four events,

suggesting that insensitive parameters can in some cases be omitted from calibration, as is
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done in [Hossain et al., 2019, Awol et al., 2018, Shahed Behrouz et al., 2020, Niazi et al., 2017].

The outlier, in which the Sensitive parameter configuration achieves a poor calibration score,

suggests a limitation of the one-at-a-time sensitivity analysis. Comparisons between the Double-

Uncertainty and Baseline configurations confirm that the expert knowledge-based uncertainty

bounds are well-defined, and the GA cannot achieve a much better solution compared to the

Baseline configuration; in fact in one case, the Double-Uncertainty case is worse than the

Baseline, which is attributable to the much larger search space. The Insensitive-Parameter

calibration validates the outcome of the sensitivity analysis, as the GA was unable to produce

any noteworthy improvements.

2.5.3 Single event calibration outcome

The outcome of all the single-event calibrations and cross-validation is shown in Fig. 2.7. The

heatmaps show the performance of all 20 models, each calibrated to a single event, on every

event within the set. The colours show the KGE of each combination; blue to red indicate

good to poor performance. The diagonal of the matrix indicates the KGE achieved during

calibration, in other words, the event used for calibration and validation is the same. Strong

cross-validation of a model calibrated to a given event is indicated by a row dominated by

blue colours, indicating a high KGE when cross-validated on other events.

From the lower-right and upper-left quadrants of these figures, models calibrated to Cluster 2

events tend to perform better on events in their own cluster compared to the performance of

events calibrated on Cluster 1 events. The models calibrated to Cluster 2 events also exhibit

better validation across clusters, illustrated by the KGE values in the upper-right quadrant,

which are similar to those obtained on their respective cluster. However, the opposite it not

true. As shown in the lower-left quadrants, models calibrated to Cluster 1 events do not per-

form as well as they do on events in their respective cluster.

As expected, the highest KGE on any given event is achieved during calibration (along the

diagonal), though there are some exceptions. The calibration KGE for events 6 (SCS) and 4

(TCS) are surpassed by models calibrated to different events, indicating that a more optimum

parameter set may exist than that returned from the GA optimisation. However, the differ-

ence in performance is marginal, and given that none of the other calibrated models achieve

satisfactory performance on those events. This suggests that unsatisfactory performance may

47



not be due to the optimisation algorithm itself, but rather that a better solution does not ex-

ist within the optimisation search space.

Colour trends in the vertical direction indicate how well different models perform on a given

event. For example, squares in the vertical direction show that none of the calibrated models

achieved acceptable performance on the event, as is the case for event 6 (SCS), and 20 (TCS).

Likewise, dominant red colouring along the horizontal direction, such as for events 3 (SCS)

and 9 (TCS) indicate that models calibrated to those events do not perform well on any other

events. There are some cases, such as events 3 (SCS) and 3 (TCS), where the model achieves

a good KGE value during calibration but fails to generalise to most other events within the

set. Meanwhile, many other models achieved satisfactory performance across the set of events,

indicating that the model parameterisation and uncertainty are not at fault. Instead, poor

cross-validation may be due to the GA overfitting the SWMM model. These results demon-

strate the poor cross-validation performance of single-event SWMM models as well as the high

variability in performance across events, especially across different clusters. The poor cross-

validation performance highlights the opportunity for ensemble techniques to improve gener-

alisation. Ensembles are formed by combining the predictions obtained from models that are

each calibrated to different events, which is discussed in the following section.

2.5.4 Comparison of ensemble member configurations

Here we present a comparison in performance between the single model and uniformly com-

bined ensemble predictions. The purpose of this analysis is to evaluate whether we can im-

prove SWMM generalisation using simple ensembles and to determine what role that the type

of events, as determined using clustering, have on generalisation. Specifically, we consider uni-

formly weighted ensembles using only models calibrated to events belonging to a single clus-

ter, using models calibrated on events from both clusters, and varying numbers of ensemble

members. As a reminder, the notations ECx and ECB are used for ensemble predictions based

on models calibrated to a specific cluster and an equal number of events from each cluster,

respectively.

Fig. 2.8 illustrates the changes in performance of the EC1, EC2, and ECB relative to the

mean single model performance. The mean single model performance is calculated as the

mean cross-validation performance of each model on the event being evaluated, which is in-
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Figure 2.8: Difference in KGE between the ensemble and mean single model predictions across
ensemble size for the SCS (a) and TCS (b) catchments. EC1, EC2, and ECB are shown in
green, purple, and red, respectively. Note that the ECB contains twice as many predictors as
the EC1, EC2 configurations.

dicated by the ID in the bottom right of each subplot, which is also colourised according to

the event cluster. The calculation of mean single event performance of course does not include

the model calibrated on the event being evaluated. Single cluster ensembles EC1 and EC2

tend perform best when evaluated on events in their respective cluster, with only a few ex-

ceptions, such as events 3, 18, 17 (SCS), and 5 (TCS). Ensembles consistently outperform the

mean single model predictions, except for single-cluster events on their validation events in the

49



opposite cluster (e.g., EC1 evaluated on cluster 2 events), which usually results in a decrease

in performance. The performance of the ECB ensembles is consistently between the EC1 and

EC2 configurations. There are several cases where the ECB ensembles match the performance

of the better single-cluster ensembles, such as for events 11, 12 (SCS), and 1, 5, 15 (TCD). Fi-

nally, there is a lone instance where the ECB ensembles outperforms the others, on event 10

(TCS). The mean KGE of all ensembles tends to remain constant or increase as with an in-

creasing number of predictors. The KGE of some configurations increases by as much as 0.1

to 0.2 between ensembles with the fewest and most predictors, such as for event 1, 4 (SCS),

and 7, 10, 17 (TCS).

The shaded area in Fig. 2.8 shows the spread in performance of different combinations of cal-

ibration events. To better visualise the effects that event combination has on model perfor-

mance, the variance of performance is calculated for each ensemble size and illustrated in Fig.

2.9. While the variance in performance ranges by an order of magnitude between events, the

variance of all 3 configurations consistently decreases as the number of models increases. The

variance of the ensemble models approaches zero as the number of predictors approaches the

number of models available in the set of sampled events. Comparably, if a model were trained

on every event on record, there would be no need for event selection. These plots demonstrate

how the variance in performance exponentially decays as information from more events lin-

early increases. For calibration, this result highlights the high degree of uncertainty when

making predictions based on a single event, with exponential improvements in prediction con-

sistency as the calibration event set grows.

The EC1 predictions typically have the highest variance for the SCS catchment, whereas the

EC2 predictions have the highest variance for TCS. This result suggests that the variability in

model performance owed to event selection is unique to individual catchments, despite both

catchments in this study being similar in size, location, and land use. Most importantly, Fig.

2.9 illustrates that including information from several events for predictions is essential for

achieving stable performance. For example, selecting a subset of two events for calibration

produces highly variable performance, when the events are sampled from a set of events that

have similar characteristics, as determined by the SOM. According to this figure, stable per-

formance is only achieved with ensembles of models calibrated to 6 different events, or 12 (6

from each cluster) for the ECB configuration.
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Figure 2.9: Variance of KGE across increasing ensemble size for uniform weighted combined
predictions for the ECB (red), EC1 (green), and EC2 (purple) for the SCS (a) and TCS (b)
catchments. Events are ordered by cluster and colour coded event IDs are shown in the top-
right corners.

2.5.5 Evaluation of combination techniques

Next, we present a comparison of different methods of combining the predictions of ensem-

ble members. The following analyses include only ECB configurations, in order to not bias

performance towards any given event class. Results are illustrated in Fig. 2.10, which com-

pares the performance for each combination technique based on three criteria: KGE, MVE,

and PFE. For reference, the calibration and single model performances are also shown. The
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mean performance rank and variance are also summarised in Tables 2.3 and 2.4. Given the

variability of performance between different events, configurations are ranked for each event

and the mean rank is reported. The ranks of PFE and MVE are calculated based on the abso-

lute value of error. The variance is also reported; while the uniformly weighted ensemble has

almost no variance, the other combination methods can introduce variability. The best combi-

nation technique have the lowest rank and lowest variance. The calibration performance, while

included in the rank analysis, is only provided for reference and cannot be used in practice.

Out of the four combination techniques and three performance criteria, ANN-based stacking

produces the best overall results, achieving the strongest rank in 3 out of 6 cases (3 metrics

for 2 catchments). In fact, ANN-based stacking exhibits comparable or better performance

than the calibration model on events 17, 6, 7, 16, 18 (SCS), 11, 19 (TCS), demonstrating very

strong generalisation. The non-uniformly weighted combination also does notably well, achiev-

ing the strongest PFE rank for both catchments.

Table 2.3: Mean performance rank and variance of calibration models, single model predic-
tions, and all combination techniques for the SCS catchment. Bold font indicates the best
column-wise scores, ignoring the CAL case.

kge rank kge var pfe rank pfe var mve rank mve var

CAL 1.95 0 2.65 0 2.4 0
SINGLE 5.55 1.75E-1 4.35 2.23E-1 4.95 7.62E-2
UNIFORM 4.3 3.80E-4 3.7 4.20E-4 4.75 1.54E-4
WEIGHTED 3.5 4.76E-4 2.9 4.61E-4 3.75 1.98E-4
STACK MLR 2.7 8.31E-4 3.95 1.27E-3 2.65 1.23E-3
STACK ANN 3 6.24E-3 3.45 1.07E-2 2.5 5.31E-3

Table 2.4: Mean performance rank and variance of calibration models, single model predic-
tions, and all combination techniques for the TCS catchment. Bold font indicates the best
column-wise scores, ignoring the CAL case.

kge rank kge var pfe rank pfe var mve rank mve var

CAL 1.25 0 2.65 0 1.35 0
SINGLE 5.55 1.45E-1 4.1 3.31E-1 4.35 9.73E-2
UNIFORM 3.75 2.42E-4 3.8 6.64E-4 3.7 1.47E-4
WEIGHTED 4.35 1.33E-3 3.6 1.92E-3 4.9 8.41E-4
STACK MLR 3.25 9.71E-3 3.75 1.11E-2 3.25 5.74E-3
STACK ANN 2.85 1.90E-2 3.1 2.31E-2 3.45 1.13E-2

2.6 Discussion

The clustering approach presented in this research provides a means of achieving diverse,

time-continuous, and statistically similar calibration and validation datasets. We consider this

to be a substantial improvement over traditional approaches to event selection, which over-
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Figure 2.10: Validation performance of the SCS (a) and TCS (b) catchments for single model
(red), uniform weighting (blue), variable weighting (green), MLR-based stacking (yellow), and
ANN-based stacking (purple). Calibration performance is indicated by a grey bar.

whelmingly rely on subjective methods and/or single criterion. Our clustering method can

be easily adapted to use different clustering algorithms or event characteristics. For exam-

ple, expanding the clustering criteria to include features such as temperature may be useful in

cold climates, which would encourage the distinction between cold-weather and warm-weather

events, which typically involve different hydrological processes. To demonstrate the motiva-

tion for our proposed framework, we first illustrated the poor cross-validation performance of

models calibrated to single events. While models tend to validate well on events with similar

characteristics (in the same cluster), they perform poorly on events in the other cluster. This
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also showed how calibration to different events produces different optimised parameter sets.

We introduced homogeneous ensembles as a technique to utilise the parameter sets obtained

from calibrating a SWMM model to different events. Ensembles consisting of models cali-

brated to events in a given cluster perform well when validated on events in the same clus-

ter, and poorly across clusters. Ensembles calibrated to a balanced number of events in each

cluster perform somewhere in between, but typically much better than the mean single model.

The single-cluster ensembles demonstrate the benefits and disadvantages of non-diverse cal-

ibration events. This finding can be applied to achieve balanced performance on different

events or performance improvements on specific flow conditions. Alternatively, this ensem-

ble framework can be expanded to a modular format, in which ensemble members are selected

as predictors based on anticipated flow conditions. For example, if a large event is anticipated,

predictions could be made using only the models calibrated to similar events. We also show

how increasing the ensemble size generates minor improvements in performance as well as a

reduction in performance variance. The performance of ensembles with three or fewer mod-

els tends to have high variance, which decreases as more and more events are included. We

recommend maximising the number of events for calibration (reserving statistically similar

events for validation) and caution against using less than 4 events, as model performance may

be very sensitive to the events used. The improvements produced by our proposed method are

consistent with previous studies that implicitly identify diverse events [Jean et al., 2018, Singh

and Bárdossy, 2012]. However, the methods proposed in previous studies do not guarantee

that selected events are hydrologically diverse and therefore are not guaranteed to improve

model generalisation. In contrast, using clustering ensures a diverse set of calibration events.

Lastly, we evaluate four ensemble combination techniques in order to determine whether they

can be used to generate further improvements in model performance, using both the single-

model and calibration performance as baselines. The performance of combiners is consistent

between both the SCS and TCS catchments. The ANN-based stacking method, which allows

for the addition of exogenous data at the combination stage, is the best combiner on average

across all catchments and performance criteria. The effects of exogenous input variables in

model combiners are consistent with a recent power load forecast study by Bento et al. [2021],

which found that models with exogenous inputs outperform those without, and ensembles

with exogenous inputs outperform standalone counterparts.
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The weighted combination achieves the highest mean PFE rank, while the stacked models

tend to over-predict peak flows. The stacked ensembles also tend to exhibit lower, or posi-

tive volume error compared to the other combination techniques. We attribute this to the fact

that they are not constrained to mass conservation laws, unlike the convex combined mod-

els. The strong performance of the non-uniformly weighted ensembles is consistent with pre-

vious works. Tyralis et al. [2021] found that a convex weighted combination of machine learn-

ing models outperformed single model and uniformly weighted model performance. Similarly,

Kumar et al. [2015] found that a similar method, constrained multiple linear regression, per-

formed the best out of six different combination strategies.

Based on these results, unconstrained combination techniques such as stacking are well-suited

to overcome certain physics-based model behaviour such as total volume underestimation,

however, our results showed that this resulted in slight overestimation of peak flow magni-

tudes. Of course, part of the success of the stacking-based methods is due to its use of exoge-

nous sensor data for prediction, which is not always available in real-time. The stacked com-

biner can be configured with or without exogenous data, however, we expect to see a slight

decrease in performance without this data. The uniformly weighted and non-uniformly weighted

combinations exhibit almost no variance associated with event selection, whereas the stacking

methods introduce some variance in performance, it remains much lower than the variance in

performance between models calibrated to different single events. The stacking variability is

owed to the calibration of the combiner (i.e., MLR or ANN).

These results highlight how a simple, uniform combiner can produce considerable improve-

ments over the single model scenario, while eliminating the uncertainty associated with sin-

gle event selection. Stacked combinations create further improvements, which we attribute to

their ability to incorporate real-time data and overcome volume balance errors.

The main limitation of this work presented above is that the methods were only applied to

two low complexity SWMM models. More complex SWMM models may produce even greater

variability in performance between different events, due to having higher degrees of freedom.

Therefore, future studies should consider SWMM models with varying degrees of complex-

ity. Similarly, a large-scale study should include catchments that represent a broad range of

hydrological conditions, which would be used to further test the proposed methods. Another
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limitation of this work is the use of two event clusters. This study used two clusters to ensure

that enough events are available for the validation scheme. Increasing the number of clusters

will improve the diversity of the calibration event set further and is expected to produce fur-

ther improvements to model generalisation. The factor limiting the number of clusters is the

amount of available historic data; more data increases the likelihood of multiple occurrences of

infrequent events, resulting in larger cluster sizes. A final limitation of this work is that snow

months were removed from the model simulations and analysis.

2.7 Conclusion

The primary objective of this paper was to develop an improved method for calibrating ur-

ban rainfall-runoff models in such a way that preserves time-continuity, identifies statistically

similar calibration and validation datasets, and achieves strong generalisation. We accomplish

these objectives using a novel ensemble framework that relies on unsupervised clustering to

identify calibration and validation events. Within our ensemble, models are distinguished by

the events to which they are calibrated, creating diversity, and improving generalisation. The

main findings of our paper are summarised as follows:

• First, we conduct a sensitivity analysis, which indicates that there is little difference in

parameter sensitivities between event clusters. We used the 5 most sensitive parameters

to demonstrate how filtering insensitive parameters has no effect on GA-based model

calibration.

• A systematic cross-validation analysis revealed that single models generalise poorly, es-

pecially on dissimilar events, as indicated by the clustering results.

• Ensembles were created using events from a single cluster, which were found to cross-

validate well on similar events, but poorly across clusters. Meanwhile, ensembles with

an even number of events in each cluster are a compromise in performance between the

two single cluster ensembles, while still outperforming the mean performance of the non

ensemble models.

• Increasing the number of models in each ensemble was shown to improve performance

and reduce variance associated with the random selection of ensemble members.

• Several different ensemble combination techniques were compared, including uniform,
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weighted, MLR-based stacking, and ANN-based stacking. Out of four methods, ANN-

based stacking was found to produce the strongest performance across KGE, and MVE,

while weighted combination produced the best PFE.

• All SWMM ensemble techniques outperform the mean single-model performance in ev-

ery metric and catchment except one, demonstrating the value of the proposed methods.
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3 Advancing Flood Early Warning Systems: Ensemble Learn-

ing based Classifiers for Urban Flood Forecasting

3.1 Preface

The following chapter is the product of a collaboration with Dr. Alobaidi from McGill univer-

sity. Dr. Alobaidi provided foundational code featuring a cross-comparison of several ensemble

algorithms and classifier models. The code, which was originally developed for a geotechnical

application, was adapted for hydrometric data and developed as to include a suite of pre- and

post-processing procedures. The motivation for applying a classification framework to flood

forecasting lies in the simplification of the learning problem; by reducing the complexity of hy-

drological states represented in the target data, flood forecasting might become more accurate.

The content of this chapter was submitted to the Journal of Hydrology as follows:

Snieder, E., Alobaidi, M., Khan, U. T. (2024). Advancing flood early warning systems: ensem-

ble learning based classifiers for urban flood forecasting. Submitted to the Journal of Hydroin-

formatics.

Contributions to this chapter are as follows: E. Snieder: data curation; formal analysis; in-

vestigation; visualisation; code - pre- and post-processing, analysis; writing - original draft.

M. Alobaidi: coding - ensemble models; writing - editing, revisions U. T. Khan: conceptu-

alisation; funding acquisition; supervision; writing - editing, revisions.
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3.2 Abstract

Flood early warning systems (FEWS), which rely primarily on flood forecasting models, are

becoming increasingly important for mitigating damage to natural and built infrastructure.

Machine learning (ML) provides flexible modelling solutions to modelling challenges such as

FEWS. In this work, a flood forecasting approach is developed as a pure classification problem

to directly predict flood events. The advantages of the proposed approach are demonstrated

by appropriately discretising the streamflow or stage into binary states, instead of treating

them as continuous variables. This distinction is highlighted through a juxtaposition of re-

gression and classification approaches, each used to generate flood alerts. The research also

features a systematic cross-comparison of five ML models and three ensemble learning frame-

works to provide additional insights on modelling applicability. Another contribution of this

research is the exploration of the balance between true and false positives, examined in light

of diverse resampling strategies and classification thresholds. Classification performance is

shown to be primarily dependent on the base learner; Extreme Learning Machines and Sup-

port Vector Machines show the best performance, whereas Logistic Regression and Decision

Trees perform relatively poorly, irrespective of their ensemble model pairing. Between the en-

semble methods, boosted models consistently outperform their counterparts.

3.3 Introduction

A flood early warning system (FEWS) provides communities with advanced notification of a

suspected flood hazard and is considered to be among the best ways to mitigate flood dam-

age [Yilmaz et al., 2010, Muñoz et al., 2021]. Such systems are especially important in ur-

ban areas, where hydrological processes are concentrated in both space and time, and built

infrastructure interferes with natural processes [Niemczynowicz, 1999]. A FEWS typically re-

lies on streamflow models to determine whether to issue a flood warning. FEWS can be po-

tentially developed using data from instruments such as rain gauges, water level sensors, and

flow rate sensors among other weather sensors. Real-time monitoring is required in FEWS,

which relies on continuously receiving required data, where it is processed and used in flood

forecasting[Pengel et al., 2013, Nguyen et al., 2021, López et al., 2020]. The literature is rich

with research developing process-based modelling for predicting streamflow, which attempts to

simulate the general evolution of streamflow and its properties in time, with respect to well-

established input features [Tokar and Markus, 2000, Perrin et al., 2003, Gallice et al., 2015].
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This modelling approach can be used to capture river flood conditions and dynamics with

satisfactory results. It is also important to make a distinction between the intended FEWS

framework and that involved in the flood inundation system (FIS). In this work, the intended

problem of interest, FEWS, is related to providing advanced notice of potential flooding [Alobaidi

et al., 2020]. It aims to predict floods and provide alerts before floodwaters arrive. On the

other hand, the main goal of FIS is to map the extent and depth of flooding [Chang et al.,

2018]. FEWS and FIS can sometimes be identified as the same due to their interconnected

roles in flood management [Agbehadji et al., 2023]. Both systems involve flood monitoring and

data analysis, although at varying level and using different intelligence, leading to an over-

lap in their specific functions and purposes as described in [Mentzafou et al., 2023]. Conse-

quently, the specific term FEWS is used in this work to identify prediction in time, which may

be expanded to a spatiotemporal setting. A problem which essentially stems from prediction

in space, even if it is expanded to a spatiotemnporal setting, is referred to as FIS.

The formulation of the streamflow forecasting problem can be carried out using physics-informed

approaches [Biswas et al., 2020]. Although such deterministic models can adequately capture

the nuanced dynamics of river flooding under different hydro-meteorological conditions, they

are inherently constrained by the need for precise estimates of the features governing stream-

flow [Ahmed et al., 2021]. In contrast, data-driven models (DDMs) can assimilate diverse

cases of feature space, which provides a more flexible solution to streamflow forecasting. Us-

ing DDM frameworks, accurate short- and long-term streamflow prediction techniques have

been demonstrated in the early literature [Hsu et al., 1995, Tiwari and Chatterjee, 2010b].

Over the past few decades, this flexibility has led to a growing adoption of DDMs, specifically

machine learning (ML) models, for important applications in hydrology. ML models empha-

sise prediction accuracy, although often at the cost of comprehensive interpretability of the

model, which has become a more favoured trade-off in hazard problems such as flood predic-

tion [Tyralis et al., 2021]. Recently, large-scale studies have showcased the applicability of ML

models for streamflow prediction, achieving improved performance over classical physics-based

and mainstream statistical techniques [Mosavi et al., 2018, Kratzert et al., 2019b, Xiang and

Demir, 2020, Nearing et al., 2021]. However, despite their suitability for streamflow predic-

tion, utilised ML models are not always designed to maximise their efficacy in FEWS. The

majority of existing research in the development of FEWS predominantly adheres to a con-
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ventional paradigm where predicting streamflow is the main objective and peak streamflows

are an incidental product [Alobaidi et al., 2020, Snieder et al., 2021]. In most cases, a regres-

sion model is used to predict streamflow as a continuous variable. One problem with this ap-

proach is that models are rigorously optimised to minimise objective functions, such as the

Mean Squared Error (MSE), which intrinsically lack a flood-centric focus [Maier et al., 2010,

Snieder et al., 2021]. Model validation and selection are also aligned with these metrics, in

that they do not focus on flood events. Therefore, the resulting models are not always well-

suited for accurate FEWS.

The popularity of cost functions such as MSE for optimisation is partly owed to the fact that

they are often the default setting in implementations of regression models. While some imple-

mentations allow the use of custom cost functions, constraints such as backpropagation requir-

ing a differentiable cost function limit the degree of customisation. An obvious solution to this

problem is to use a weighted cost function to allocate greater importance to flood events dur-

ing training; however, a weighted cost function can result in sporadic model behaviour on low

streamflows, which reduces the reliability of the predicted streamflow and subsequent flood

warnings [Snieder, 2019]. Another issue with the standard approach is that the rates of false

and missed alarms are not given appropriate attention, which may be highly variable between

different modelling approaches. In other words, they are not usually used to provide a direct

measure of FEWS efficacy. A potential solution to these problems is to reframe streamflow

forecasting as a pure classification problem. That is, using hydrometeorological data to fore-

cast a categorical flood label directly.

Formulating streamflow forecasting as a classification problem presents several advantages

over conventional regression methods. First, classification models explicitly optimize the accu-

racy of flood warnings, enabling a more direct trade-off between false positives and false neg-

atives than conventional modelling approaches. In contrast, traditional regression models aim

to capture the continuum of the streamflow, or river states, which shifts their training objec-

tive away from critical flood events. Second, the classification paradigm streamlines the learn-

ing problem by categorizing river states into meaningful discrete classes, such as flood and

non-flood. This representation potentially reduces the model’s dependency on extraneous fea-

tures that are not germane to flood prediction. Lastly, there are scenarios where classification

models are intrinsically necessary. For instance, when flood data is ordinal in nature—such as
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information crowdsourced through social media [Jongman et al., 2015]—or when flood condi-

tions are ascertained through image-processing techniques [Munawar et al., 2021]. Traditional

regression models cannot be used in this case.

Despite the advantages outlined above, relatively few studies have examined classification

models for timeseries based (or FEWS) prediction in hydrology, unlike their prevalence in

FIS frameworks. Miao et al. [2016] employs a binary classifier to the long-term output of a

physics-based rainfall-runoff model. The classifier acts as a surrogate model that is used to

issue flood warnings in ungauged basins, since the physics-based model is too computation-

ally expensive to run in real-time. A recent study by Muñoz et al. [2021] presents a pure data-

driven approach, in which stage data is labelled as “no alert”, “pre-alert”, or “alert”, in order

to train classifiers for FEWS using temperature, streamflow, and precipitation timeseries’ as

input features. The study compares the performance of models across several lead times for

a watershed in Ecuador, finding classification approaches can outperform other models de-

signed to extract flood event warnings. Similarly, the work in Rasheed et al. [2022] utilises

long short-term memory (LSTM)-based classifiers to issue early flood warnings in ungauged

basins. While these studies establish the feasibility of using classification models in FEWS,

they also highlight a multitude of unanswered questions concerning the development and per-

formance evaluation of such models. At this point, it is important to reiterate the distention

between FEWS and FIS, which further established the contribution of the present work. In

studies involving the development of FEWS, river flood events (as appropriately defined in the

present work) are quite rare with respect to the available streamflow record [Alobaidi et al.,

2020]. Absence of abundant flood events introduces what is called “class-imbalance” on a se-

vere level, which hinders establishing a diverse dataset that can be used to develop a classifier

with reasonable generalization ability [Hakim et al., 2023, Hadi et al., 2024]. This has implic-

itly contributed to conventionally formulating streamflow-based flood prediction problems

as regression based in FEWS. Moreover, unlike FIS, the feature space available for FEWS

is considerably more limited. This limitation constrains the complexity of machine learning

model architectures that can be effectively employed. In such scenarios, the application of

deep learning approaches would be ill-advised. This is where ensemble learning approaches,

a topic actively explored in the general applied machine learning literature, become partic-

ularly relevant. Ensemble learning, which is an ML paradigm that employs multiple models
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(commonly known as base learners), has gained considerable attention in hydrology due to its

demonstrated capability to outperform standalone models [Alobaidi et al., 2020, Zounemat-

Kermani et al., 2021]. For instance, ensemble approaches have been successfully applied to

rainfall-runoff modelling and water quality prediction, showcasing their robustness and predic-

tive accuracy. More on ensemble learning is presented further in this work. Despite this suc-

cess, there remains a notable gap in the literature: ensemble methods have yet to be system-

atically evaluated in the context of streamflow classification tasks. To this extent, the main

contributions and objectives of this work are (i) to develop the required formulation stages

and important definitions which should be addressed in order to successfully frame flood pre-

diction as a classification problem in the context of FEWS, (ii) to conduct a systematic cross-

comparison of ML model types and ensemble algorithms, and (iii) to use a classification met-

rics and tools to evaluate models based on the trade-off between missed and false alarms.

The first objective determines whether classifiers are viable candidates for improved flood pre-

diction performance compared to the typical regression approach. This is carried out by di-

rectly comparing the performance of regression and a proposed classification framework in-

volving bagged artificial neural networks (ANNs) following a similar feasibility analysis ap-

proach in the broad literature [Zounemat-Kermani et al., 2021, Maier et al., 2010]. The sec-

ond objective is accomplished by evaluating three ensemble learning frameworks and five base

learners. As there are hundreds of variations of ensemble learning models and base learners

available, the scope of this work utilizes a curation of architectures that span a broad range

of complexities and training procedures for effective evaluation. A cross-comparison of each

method produced a total of fifteen model configurations. The final objective is attained by

evaluating models based on specialised classification metrics for imbalanced datasets, as well

as visual measures. Specialised metrics were used to develop a preprocessing scheme and eval-

uate ensemble combinations. The preprocessing scheme undersampled non-flood, and synthet-

ically oversampled flood streamflow samples. The proposed approach is then demonstrated

over three urban watersheds in Toronto, Canada: Etobicoke Creek, Humber River, and Don

River.
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3.4 Methodology

The following subsections outline the three watersheds under study, ensemble methods, and

experimental configurations. Some background is provided on preprocessing methods, five

types of ML models, and three ensemble methods used in this study. The aim of this section

is not to provide a comprehensive review of each ML method, which are all well-documented

in the referenced works.

3.4.1 Study region and data

This study was conducted using hydrometeorological data collected from three watersheds

overlapping the city of Toronto, Canada: Etobicoke Creek, Humber River, and Don River.

These watersheds were selected because they are important socioeconomic centres, densely

populated, and have all experienced flooding in recent years.
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target gauges

Figure 3.1: Don, Etobicoke, and Humber watersheds (cyan with transparent white fill), wa-
tercourses (blue), precipitation gauges (yellow squares), stream gauges (yellow triangles), tar-
get gauge (green triangle), and flood vulnerable areas (red). Hydrometric features outside the
study watersheds are displayed in muted colours for spatial context. Earthstar Geographics
satellite imagery used as basemap.

The watershed boundaries, watercourses, and gauge locations are illustrated in Fig. 3.1. There

are many similarities between the three watersheds, whose properties are summarised in Table

3.1, including their geographical location and downstream urbanised land use. Urbanised wa-

tersheds were used due to their characteristically high flood vulnerability. Having used three

similar watersheds allowed for the cross-validation of results obtained for each individual wa-
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tershed. Out of the three watersheds, the Humber River watershed is distinct in that it has

large rural headwaters, resulting in a much larger time-to-concentration compared to the other

two watersheds. Hydrometeorological input timeseries’ for streamflow, stage, and precipita-

tion within each watershed were obtained from the local watershed authority, the Toronto

and Region Conservation Authority (TRCA) [TRCA, 2020]. The stage at a single gauge in

each watershed was selected as the target for prediction. The three target gauges were se-

lected based on their proximity to flood vulnerable areas (FVAs), which were identified by the

TRCA [TRCA, 2020], and illustrated in Fig. 3.1. In some cases, the target gauges were near,

but not completely within the FVAs. The remaining hydrometeorological gauges within each

watershed form the respective candidate input sets.

Table 3.1: Summary of watershed attributes.

name area mean slope imperviousness
[km2] [deg] [frac]

Don 358.0 1.92 0.76
Etobicoke 212.0 1.00 0.60
Humber 911.0 2.09 0.28

3.4.2 Data preprocessing

3.4.2.1 Candidate input feature set

Timeseries data were obtained for each gauge for the period of 2013 to 2020 at a 15-minute

resolution. Data from November to April and November to December were removed from

the Bow and Don River datasets, prior to any analysis; these periods are associated with ice

conditions. The years 2013 and 2014 were unavailable for Etobicoke creek, but otherwise the

timeseries contained relatively few missing samples. A previous study of the Don River found

that accurate predictions were challenging for previously developed ML approaches beyond a

6-hour lead time, because the lead time exceeded the lag time between upstream and down-

stream stations [Snieder et al., 2020]. Therefore, a lead time of 3-hours was selected for all

three watersheds in this work. The input and target data was downscaled from a 15-minute

resolution to match the lead time of the forecast. Continuous variables were downscaled by

calculating the mean stage, streamflow, and total precipitation. Flood labels were downscaled

such that any 3-hour window containing any positive labels were labelled as floods. It was

important to label flood data prior to downscaling, as calculating the 3-hour mean value can

smooth out peak flows, resulting in the loss of flood events with very short durations.
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The candidate input set was augmented such that each of the hydrometeorological timeseries

was lagged by 1 timestep to imitate the forecast, and recurrent lagged copies were included up

to a maximum lag of 36 hours. Including lagged copies of candidate input features is com-

mon practice and provides the model with recent hydrological states while also capturing

the lag time that exists between the target gauge and other gauges within each watershed

[Nanda et al., 2016]. A maximum lag amount of 36-hours is excessive and results in a high-

dimensional input set; therefore, feature selection was used to extract the most useful features.

3.4.2.2 Labelling

Assigning categorical labels to stage observations is a critical part of training a forecasting

model for FEWS. The first step is to identify a stage threshold associated with flooding. Flood

stage thresholds can be obtained from a terrain-derived inundation extent or using statistics,

such as a specific percentile [Fleming et al., 2015, Nanda et al., 2016]. A number of gauges

within the watersheds under study area exhibited high-stage warning thresholds, which were

determined by the local conservation authority [TRCA, 2020]. An analysis of the available

stage data found that the published high-stage thresholds corresponded approximately to the

99.9th percentile. In the present work, a slightly more conservative percentile of 99.7th was se-

lected for classifying high stage samples at all stream gauges, which ensured a sufficient quan-

tity and temporal distribution of flood labels. Stage hydrographs are illustrated in Fig. 3.2 for

each of the three watersheds, with values above the 99.7th percentile highlighted in red. Typ-

ical of urban and semi-urban watersheds, all three hydrographs exhibited ‘flashy’ behaviour,

characterised by sharp rising and receding limbs. Such volatile changes over short periods

makes flood forecasting particularly challenging [Snieder et al., 2020]. The ‘flashiness’ can be

detected based on the difference between the 15-minute and daily stage-discharge curves in

Fig. 3.3, which suggests flood events in these watersheds typically last less than a day [Searcy,

1959].

Flood samples were identified by using the high stage threshold value to discriminate between

floods and non-floods [Razali et al., 2020, Snieder et al., 2021, Nevo et al., 2022]. This exercise

was improved using a few simple preprocessing steps, illustrated in Fig. 3.4, which increased

the similarity between categorical flood labels and actual flood events. First, a binary time-

series was created by comparing stage values against the high-stage threshold. We then de-

fined a minimum flood duration (MFD), which was used to fill gaps in flood events and elim-
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Figure 3.2: Hydrographs with stage data for 2017 at the target gauges for Don (top), Etobi-
coke (middle), and Humber (bottom). Typical stage values are blue and flood events are high-
lighted in red.

78

79

80

do
n

15-min daily high stage

172.5
173

173.5
174

174.5

st
ag

e 
[m

]
et

ob
ic

ok
e

10-5 10-4 10-3 10-2 10-1 100

153
153.5

154

exceedence probability

hu
m

be
r

Figure 3.3: Stage duration curves for target gauges for Don (top), Etobicoke (middle), and
Humber (bottom). The dashed red line corresponds to the 99.7th percentile stage.

inate brief spikes in stage. The MFD was used to smooth flood events. That is, all points be-

tween two flood samples that were separated by no more than the MFD were also labelled as

floods. This is important as there may be gaps (samples where the stage is below the thresh-

old) during a flood event that should be labelled as floods. Next, flooding typically occurs

after persistent high stage, lasting several hours. Flood events shorter than the MFD, iden-

tified by [0,1] sequences in the binary timeseries, were labelled as non-floods, ensuring that

brief spikes in river stage were not confused with flood events. This was particularly impor-

tant when using stage data with a relatively high temporal resolution, such as the 15-minute

data used in this study. A disadvantage of this labelling approach was that it can reduce the

total number of flood labels available for training. To illustrate this effect, the number of flood

67



samples are plotted against increasing MFD values in Fig. 3.5. The Etobicoke and Humber

curves indicates that there were many short events based on the convex shape of the curves

[Hsieh, 2021], whereas the concave shape of the Don curve indicate longer flood events. An

MFD of 4 was selected for this research, equivalent to one hour, in part to ensure sufficient

availability of flood samples with which to train and validate the models.
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Figure 3.4: Example of flood labelling for a persistence window 3. Raw timeseries (a), flood
labels based on a static threshold (b), smoothed and trimmed flood labels (c) with 2-timestep
gap filled, and 1-timestep flood removed. The static flood threshold and flood samples are in-
dicated by the dashed red line and red points, respectively.
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Figure 3.5: Number of flood samples with an increasing MFD for Etobicoke (left), Humber
(middle), and Don (right).

3.4.2.3 Data partitioning

The input and target datasets were divided into continuous training and testing data par-

titions with an equal number of flood instances. The partitions are time-continuous blocks

to ensure preservation of temporal structures within the data, such as autocorrelation. The

length of the blocks was determined such that each set contains 50% of the flood labels. The

training dataset was used for resampling and feature selection, which are described in previous

and following subsections. Following best practice, every feature set was normalised between 0
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and 1, with normalisation parameters having been obtained from the training samples.

3.4.2.4 Feature selection

Feature selection (also called input variable selection) is a crucial preprocessing step for ML-

based models [May et al., 2011]. Reducing the size of the feature set has several benefits, in-

cluding improvements in model calibration through simplification of the learning task, re-

ducing computational demand, and reducing data requirements [May et al., 2011]. Since this

study compares several model types, a model-free feature selection method was used [Snieder

et al., 2020], as an embedded feature selection method risks creating bias towards the model

type used to calculate feature importance. Minimum-Redundancy Maximum-Redundancy

(mRMR) is an efficient model-free feature selection algorithm that selects inputs based on mu-

tual information with the target variable [Hanchuan Peng et al., 2005], and has been routinely

used for applications in hydrology [Zahmatkesh et al., 2015, Karamouz et al., 2021, Ren et al.,

2020].

The inner mechanism of mRMR hinges on two stages. In the first stage, mRMR ranks can-

didate features by their individual relevance to the target variable, quantified by mutual in-

formation index. Features with higher mutual information are given priority. In the second

stage, mRMR introduces redundancy considerations by iteratively adding features that con-

tribute the most unique information while maintaining a minimal overlap with previously se-

lected features. This ensures that the selected feature set is not only relevant but also diverse,

preventing the inclusion of redundant features. One of the distinct advantages of the mRMR

method is its ability to handle high-dimensional datasets effectively. By selecting a subset of

the most informative features, it reduces the dimensionality of the data, which can lead to

improved model performance and reduced computational complexity. Furthermore, mRMR’s

model-free nature allows it to be applied across various machine learning algorithms and do-

mains, making it a versatile tool for feature selection. Consequently, for each unique candidate

input set in this study, inputs with the highest 20 relevancy scores were selected. The feature

selections of the mRMR algorithm were found to be consistent with the findings of a previous

study that compared four different feature selection algorithms in the Don watershed [Snieder

et al., 2020].

3.4.2.5 Resampling
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Flood data are usually highly imbalanced (called skewness when referring to continuous stage

data), which introduces added difficulty of achieving accurate flood forecasts. Failure to prop-

erly account for data imbalance can result in biasing the model performance towards the ma-

jority class (i.e., non-flood samples). Labelling high-stage based on the 99.7th percentile pro-

duced a ratio of non-flood to flood samples of 332:1. Additional labelling criteria, such as

the high-stage persistence method described above, increases this imbalance even further.

There are several approaches described in the literature for handling heavily imbalanced data,

broadly consisting of resampling the training data or modifying the training algorithm [Galar

et al., 2012]. Undersampling non-flood samples and oversampling flood samples can both be

used to reduce the imbalance of the training dataset [Snieder et al., 2021]. Modifying the

learning algorithm includes methods such as weighted objective functions, which increases the

relative weight of flood samples in the cost function used to train the models [Muñoz et al.,

2021]. This work used resampling, which has the benefits of reducing computational demand

through undersampling, and increasing the diversity of the training dataset using synthetic

oversampling [Snieder et al., 2021].

The Synthetic Minority Oversampling TEchnique (SMOTE) is the first of two resampling

techniques used to counter the effects of class imbalance [Chawla et al., 2002]. SMOTE in-

creases the size of the minority class by generating synthetic samples, which are created by

linearly interpolated between a point and a neighbouring point, as determined using K-Nearest

Neighbours (KNN). The point and interpolation distance are both determined randomly. SMOTE

has been widely used for imbalanced learning problems within ML literature [Cateni et al.,

2014, Haixiang et al., 2017], and its use is rapidly growing in hydrology [Snieder et al., 2021,

Sufi Karimi et al., 2019, Razali et al., 2020, Atieh et al., 2017, Wu et al., 2020, Tang et al.,

2022] for regression and classification problems. In order to avoid low diversity among the

synthetically oversampled minority class (i.g., flood samples), and to further tune the model

bias towards the minority class, SMOTE was combined with random undersampling (RUS)

of the majority class, as proposed by Chawla et al. [2002]. RUS serves to further bias model

performance away from the majority class, and when combined with SMOTE it represents an

improvement over either standalone resampling technique [Chawla et al., 2002].

The evaluation of SMOTE-RUS showed that a ratio of flood to non-flood samples of 1:1 does

not produce the best performance. Our initial analysis found that there was an upper limit to
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the amount of generalisable information that can be obtained through synthetic oversampling,

and too much oversampling will result in overfitting. Similarly, too much undersampling elim-

inates diversity in the majority class, resulting in an incomplete representation of non-flood

samples. Therefore, we conducted an exhaustive two-dimensional grid-search to determine

optimum SMOTE and RUS resampling rates and better understand the trade-off between

flood and non-flood prediction accuracy. The notation for resampling rate used in this study

is relative to the size of each class in the unaltered dataset. For example: using SMOTE and

RUS resampling rates of 12 and 20, respectively, applied to a dataset containing 100 flood and

10,000 no-flood observations will produce a resampled dataset with 1,200 flood 500 non-flood

samples.

The grid-search of resampling parameters included SMOTE rates of 0 to 10 in increments of

1, and RUS rates of 10a for values of 0 to 2 in increments of 0.5. In total, the SMOTE-RUS

parameter search contained 55 unique training datasets, which were evaluated on each wa-

tershed. Since conducting this search on every ensemble configuration featured in this study

would be computationally expensive, a single ensemble configuration was used to evaluate

the resampling training data. ANNs with bagging ensembles were chosen for the resampling

experiment, as they are the among the most common model type and ensemble for water re-

sources applications [Zounemat-Kermani et al., 2021, Mosavi et al., 2018]. Their popularity

has been attributed to strong and reliable performance, which fosters confidence in the results

of the grid-search. A description of both methods, along with other model and ensemble types

featured in this research, are included in the following paragraphs.

3.4.2.6 Classification and regression compari son

To assess the viability of a classification approach to flood forecasting, compared binary classi-

fication models with traditional regression models. The model parameters were mirrored when

possible (e.g., ANN architecture, ensemble size, input data), except for non-transferrable pa-

rameters listed in Table 3.2. In both cases, the ANN contained a single layer of five hidden

neurons and a hyperbolic tangent sigmoid activation function. The training data for both

model types was resampled using the optimum SMOTE-RUS rates determined using the grid-

search described above. The continuous output of the regressor was converted to binary values

based on the high stage threshold used to label the binary model targets, allowing for both

models to be evaluated using classification metrics.
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Table 3.2: Comparison between classification and regression ANNs.

Model Classifier Regressor

Target data Binary flood label Continuous stage data
Output activation function Logistic Linear
Optimisation function Cross-entropy Levenburg-Marquardt

3.4.3 Ensemble learning model comparison

In order to aid in model selection and better understand the capabilities of classification mod-

els for flood forecasting, a comparison was conducted for five different ML models and three

ensemble algorithms, which are outlined in the following two subsections.

3.4.3.1 ML models

This section provides a brief description of the five base learners included in this study: Lo-

gistic regression (LR), Support Vector Machine (SVMs), Decision Trees (DTs), ANNs, and

Extreme Learning Machines (ELMs). was the simplest model considered, consisting of a linear

regression model passed through a logistic function. Recent examples of logistic regression in

water resources are found in [Szelag et al., 2020, De Coste et al., 2021]. Support Vector Ma-

chines (SVMs) learn a hyperplane to separate classes. A kernel is used to transform input fea-

tures to a higher dimensional space, enabling nonlinear classification. SVMs have been used

extensively in hydrology and are thoroughly reviewed in [Raghavendra. N and Deka, 2014].

Recently, several studies have combined SVMs with decomposition techniques for improv-

ing flood forecasting [Kambalimath S and Deka, 2021, Chen et al., 2021, Shada et al., 2022].

ELMs are a variant of single-layer feed-forward ANNs, distinguished by their training pro-

cedure [Huang et al., 2006]. ELM parameters are trained in a single computation using the

Moore–Penrose generalised inverse operation, in contrast to backpropagation which is typical

for ANNs. ELMs exhibit competitive performance when compared against other ML mod-

els, but can be trained in a fraction of the time. Several recent streamflow forecasting studies

have noted strong performance of ELMs when compared against other state-of-the-art ML

models [Ren et al., 2020, Zhou et al., 2018]. DTs are models with a nodal tree-like structure.

Because of their simple structure, DTs are typically used within ensemble frameworks, which

significantly improves their performance. The Random Forest (RF) ensemble algorithm has

been widely applied to water resources problems Tyralis et al. [2019b], while other ensem-

ble algorithms have received comparatively little attention. ANNs have been extensively ap-
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plied to streamflow forecasting, and review papers can be found in [Yaseen et al., 2015, Maier

et al., 2010]. ANNs are overwhelmingly the most popular ML model architecture for mod-

elling river systems [Maier et al., 2010]. While recent research has largely focused on advanc-

ing specialised ANN variations such as graph neural networks[Liu et al., 2022] and long short-

term memory storage ANNs [Kratzert et al., 2019a, Ouma et al., 2022], our study used the

basic multilayer perceptron (MLP) feed-forward network. Similarly to a recent large-sample

study [Tyralis et al., 2021], the hyperparameters for each model were set to the recommended

values within MATLAB 2021a.

3.4.3.2 Ensemble learning methods

The generalisability of the models described above can be improved using an ensemble learn-

ing framework. Ensemble learning refers to the use of multiple models for prediction, and can

typically be distinguished by how they train each ensemble member and how member predic-

tions are combined. Ensemble learning has consistently been found to improve performance

when compared to that of individual models [Zounemat-Kermani et al., 2021]. A key factor in

the success of ensemble learning is error diversity; that is, the degree of disagreement between

ensemble members [Brown et al., 2005a]. Ensemble learning frameworks use diversity gener-

ating techniques to improve model generalisability. Detailed reference to diversity-in-learning

for ensemble learning methods can be found in [Brown et al., 2005a, Dı́ez-Pastor et al., 2015b,

Gong et al., 2019]. The present research uses three ensemble algorithms: bagging, stacking,

and boosting. Brief descriptions of each algorithm are provided below; a more detailed review

of each modelling approach can be found in Zounemat-Kermani et al. [2021].

Bagging, short for bootstrap aggregating, involves training a series of predictors on diverse

training sets, which are generated by resampling the original training data with replacement

[Breiman, 1996a]. Aggregated predictions are obtained through the use of the mean or ma-

jority vote of the predictors. Stacking, short for stacked generalisation, is an ensemble learn-

ing approach in which an ensemble integration model is trained to combine ensemble mem-

bers [Wolpert, 1992]. Any suitable model may be used as the combiner. Recently, stacking

has been shown to be capable of outperforming simple model averaging for combining data-

driven streamflow forecasting models [Tyralis et al., 2021]. Boosting is an ensemble algorithm

in which an initial model is trained, followed by a sequence of models; each additional model

in the sequence is trained based on the error of the previously trained models [Freund and
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Table 3.3: Confusion matrix illustrating how true and false positives and negatives form the
basis for the TPR, FPR, PPV, TNR, and accuracy.

predicted flood predicted no flood

observed flood TP FN TPR = TP
TP+FN = 1− FNR

observed no flood FP TN FPR = TN
TN+FP = 1− TNR

PPV = 1− FDR = TP
TP+FP TNR = TN

TN+FP Acc. = TP+TN
TP+FP+TN+FN

Schapire, 1996]. Adaptive boosting (AdaBoost), which is the variant used in this research,

trains each new model with resampled training data. The training data for each model after

the first in the ensemble are resampled based on a weight vector that is calculated using the

residuals of the ensemble prediction using models trained up to that point.

3.4.4 Performance metrics

In regression, evaluation of flood streamflows typically uses purposeful performance metrics,

such as the Nash-Sutcliffe Efficiency Index on High Streamflows [Crochemore et al., 2015,

Mizukami et al., 2019] or, complex visual measures [Ehret and Zehe, 2011, Ewen, 2011]. In

binary classification, model performance is based on the numbers of correct and incorrect clas-

sifications.

The most basic way to quantify classifier performance is with the accuracy, which is simply

the sum of correct classifications (flood and no flood) over the total number of samples. How-

ever, accuracy alone is insufficient for evaluating classifiers, especially in the case of highly

imbalanced flood data, for which a model could miss every flood while still maintaining a

high accuracy. Consequently, performance metrics are based on the number of correct floods,

missed floods, correct non-floods, and incorrect non-floods predictions, which are denoted as

true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN), re-

spectively. These are visualised in Table 3.3, along with their respective rates (TPR, TNR,

FPR, and FNR, respectively), accuracy, positive predictive value (PPV), and false discovery

rate (FDR). There are many alternate names for these criteria; in this work, we refer to TPR

and PPV as recall and precision, respectively.

Using measures simultaneously is redundant [Branco et al., 2016]. Instead, these rates form

the basis for several criteria, some of which being better suited for heavily imbalanced clas-

sification problems [Branco et al., 2016, Muñoz et al., 2021]. Of the criteria suited for imbal-

anced problems, this study used the F-measure and G-Mean in Eqns. 16 and 17, respectively.
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These measures can also manage the trade-off in performance between simple measures. For

example, the F-measure is a function of both recall and precision, accounting for the trade-off

between them and eliminating the need to simultaneously consider both criteria:

Fβ =
(1 + β)2 · TPR · PPV

β2 · PPV + TPR
(16)

Fβ is the F-measure and β can be tuned to reflect the relative importance of recall and pre-

cision, such that recall is β times more important than precision. Since the selection trade-off

between recall and precision is subjective, this work considered values of 1 and 2. F1 weights

recall and precision equally, whereas in F2, recall is twice as important as precision.

Model accuracy is not a reliable metric for flood forecasting. An improved metric is the G-

Mean, which balances the accuracies on the true and negative classes regardless of class size

[Kubat, Miroslav; Matwin, 1997]:

G-Mean =
√

TPR + TNR (17)

Visual tools including the receiver operating characteristic (ROC) and precision recall (PRC)

curves were also used to assess model performance. Binary classifiers typically output decimal

values between 0 and 1, which are often interpreted as the probability of a true prediction.

By default, classifiers use a discrimination threshold of 0.5 to distinguish between positive

and negative predictions. Lowering the discrimination threshold increases the FPR and TPR,

while increasing the threshold decreases these rates. ROC curves illustrate the trade-off be-

tween FPs and TPs across increasing threshold values. ROC curves have an ideal point in the

top left of the plot, and can be condensed to a single value, the area under the curve (AUC).

A trimmed AUC [Aggarwal and Sathe, 2017] was used, which only used FP values between 0

and 400 for the AUC calculation; models behaving beyond this range are considered imprac-

tical and irrelevant to FEWS. Similarly to ROC, PRC curves visualise the trade-off between

precision and recall, making them better suited than ROC curves for imbalanced data such as

river floods [Saito and Rehmsmeier, 2015]. In contrast to the ROC curve, PRC curves have an

ideal point at the top right of the plot.
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3.5 Results and discussion

3.5.1 Resampling hyperparameter grid-search

The outcome of the SMOTE and RUS hyperparameter grid-search is shown in Fig. 3.6 in the

form of performance on the resampled training data (a) and unmodified test data (b). The re-

sults for all three watersheds agreed with one another, so we can discuss findings in a general

manner. According to Fig. 3.6(a), model performance improved according to all metrics with

increasing SMOTE and RUS rates. This was to be expected, as both rates increased the rel-

ative number of flood samples in the training dataset, and the performance metrics selected

focus on flood forecasting capability.

However, the improvements observed on the training dataset did not all transfer to the test

dataset, as shown in Fig. 3.6(b). This disparity in performance was not due to overfitting,

but rather due to the different train and test distributions; the training dataset contained pro-

portionally more flood observations, which may not provide a reliable sense of model perfor-

mance. For example, the models may have performed well on synthetic flood samples, but

that did not guarantee strong performance on observed data. Nevertheless, overall prepro-

cessing tended to have a favourable effect on the test performance. Increasing SMOTE and

RUS rates improved the TPRs. However, the F-scores show that while SMOTE is associated

with a slight improvement in F-scores, increasing RUS rates was very detrimental to F-scores.

These poor F-scores were due to increases in FPs, at more than twice a rate of the increases

in TPs. In some cases, undersampling with no SMOTE produced slight improvements in both

F-scores, however, comparatively larger performance gains were obtained using SMOTE and

no RUS.

Respective SMOTE and RUS rates of 4 and 100.5 were selected to preprocess the training

data in subsequent experiments, which were found to produce the most favourable trade-

off between all metrics while also reducing the computational expense of the experiments.

The SMOTE rate was sufficiently large to generate improvements in F-score and G-Mean,

while the RUS rate was small enough that it did not negatively impact the F-scores, which

remained similar to the scores obtained with no RUS resampling.
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Figure 3.6: Train (a) and test (b) performance of bagged ANN classifiers for varying SMOTE
(indicated by colours) and RUS (x-axis) resampling rates. The red square indicates the origi-
nal, non-resampled training data.
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Figure 3.7: Classification (blue) and regression (red) model for Don, Etobicoke, and Humber
River watersheds according to the FN, F1, F2, and G-Mean metrics. Uncertainty bands are
generated by through bootstrap resampling of the training data.

3.5.2 Comparison between classification and regression models

As mentioned in Sec. 3.3, there are several potential advantages to a classification approach

to FEWS, one of which is simplifying the learning task. In this section, we compared the per-

formance of a binary classifier to a typical regression approach, in which flood events were ob-

tained from the simulated stage predictions. Fig. 3.7 illustrates differences in performance of

each configuration. The uncertainty range of the boxplots was generated by 100 training in-

stances, each with randomised initial model parameters and trained to bootstrapped training

data. The classifier consistently outperformed the regression model according to the TPR and

G-Mean metrics, whereas the regression model tended to have slightly better F-scores. The F-

score disparity was attributed to the tendency of classifiers to produce slightly more FPs com-

pared to regression models, as the latter have a strong tendency to underpredict flood flows

without the use of specialised cost functions [Zhao et al., 2011, Toth, 2016]. This experiment

demonstrated that a classification-based approach to flood forecasting is capable of improved

performance, depending on the selected metrics, when compared to a typical regression model,

warranting further experiments to guide model selection.
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3.5.3 Ensemble model intercomparison

In order to aid in model selection and to gain an improved understanding of the performance

of classifiers for FEWS, we conducted an intercomparison of base learners and ensemble al-

gorithms. A systematic approach, evaluating each combination of learner and algorithm, was

used to understand how learners perform across ensemble algorithms, and vice versa.

First, a grid-search of the number of base learners was conducted, which is a critical hyper-

parameter in ensemble learning. Figs. 3.9 - 3.10 illustrate test performance across ensemble

sizes ranging from 1 to 128, increasing in squared increments. Increasing the ensemble size

promotes ensemble diversity, thereby was expected to improve generalisation. However, in

practice, increasing the ensemble size was at times detrimental to model performance (e.g.,

boosting with SVMs in Fig. 3.9 and 3.8).
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Figure 3.8: Flood forecast performance for the Don River LR, SVM, DT, ELM, and ANN
models (subplot columns) as used in bagging (blue), stacking (green), and boosting (yellow),
according to FNR, F1, F2, and G-Mean (subplot rows). Transparent uncertainty envelopes are
obtained through bootstrapping the training set.

The performance of the ensembles of DTs and ANNs consistently improved with ensemble size

across all metrics, which was most pronounced by the F-scores. In contrast, the performance

of the SVM and LR boosting ensembles tended to decrease across an increasing ensemble size,

suggesting that these model types are not well-suited at fitting the training data generated by
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Figure 3.9: Flood forecast performance for Etobicoke Creek LR, SVM, DT, ELM, and ANN
models (subplot columns) as used in bagging (blue), stacking (green), and boosting (yellow),
according to FNR, F1, F2, and G-Mean (subplot rows). Transparent uncertainty envelopes are
obtained through bootstrapping the training set.
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Figure 3.10: Flood forecast performance for the Humber River LR, SVM, DT, ELM, and
ANN models (subplot columns) as used in bagging (blue), stacking (green), and boosting
(yellow), according to FNR, F1, F2, and G-Mean (subplot rows). Transparent uncertainty en-
velopes are obtained through bootstrapping the training set.
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the reweighting mechanism of the boosting algorithm. This is consistent with previous work,

which associated oversized boosted ensembles with overfitting [Liu et al., 2014]. The bagging

and stacking algorithms were comparatively less sensitive to ensemble size than boosting. The

performance of bagged ensembles improved slightly with size, whereas stacked ensembles were

typically indifferent to size. A notable outlier configuration was the boosted ELM. For the

Don River, it exhibited very strong F-scores with a small ensemble size — unlike the other

two watersheds, for which the ELM exhibited a decrease in F-score performance across ensem-

ble size. For all three watersheds, applying ELMs in a boosting algorithm results in drastically

better performance than within stacking or bagging algorithms.

The mean performance of each ensemble member model and ensemble algorithm is shown in

Tables 3.4 and 3.5, respectively. The scores were obtained by averaging the performance of

each bootstrapped training instance, selecting the highest-performing ensemble size for each

configuration, and then averaging the performance of each learner or ensemble configuration.

According to these tables, boosted ensembles and SVMs consistently achieved the best aver-

age performance. The performance of ELMs, while high in boosted ensembles, was lowered by

averaging across all three ensemble algorithms.

Table 3.4: Mean performance of ensemble algorithms for each watershed and metric. Best per-
formance between ensemble algorithms is indicated in bold.

metric watershed bagging stacking boosting

TPR Don 0.656 0.656 0.688
Etobicoke 0.487 0.504 0.526
Humber 0.914 0.914 0.932

F1 Don 0.179 0.153 0.202
Etobicoke 0.103 0.0909 0.122
Humber 0.368 0.366 0.445

F2 Don 0.309 0.279 0.333
Etobicoke 0.191 0.174 0.219
Humber 0.568 0.563 0.615

G−Mean Don 0.802 0.802 0.819
Etobicoke 0.688 0.699 0.715
Humber 0.951 0.951 0.960

The high performance of SVMs can be attributed to its complexity, which allows for diverse

members in an ensemble framework. In contrast, ensembles comprised of ANNs are compara-

tively more complex than SVMs, and may not achieve the same degree of ensemble diversity,

as all the ensemble members will converge to the same solution. In contrast, ensembles con-

sisting of LRs, may not be complex enough to fit the non-linear relationship between input
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Table 3.5: Mean performance of ensemble members for each watershed and metric. Best per-
formance between ensemble members is indicated in bold.

metric watershed LR SVM DT ELM ANN

TPR Don 0.625 0.760 0.667 0.698 0.583
Etobicoke 0.543 0.493 0.558 0.406 0.529
Humber 0.879 0.955 0.947 0.955 0.864

F1 Don 0.138 0.238 0.145 0.208 0.161
Etobicoke 0.0743 0.143 0.0814 0.117 0.111
Humber 0.229 0.414 0.441 0.456 0.426

F2 Don 0.255 0.398 0.261 0.349 0.271
Etobicoke 0.152 0.245 0.165 0.200 0.210
Humber 0.404 0.623 0.640 0.636 0.605

G−Mean Don 0.783 0.867 0.804 0.829 0.755
Etobicoke 0.723 0.696 0.734 0.633 0.717
Humber 0.929 0.973 0.969 0.973 0.926

and target features [Hipni et al., 2013]. The success of boosting and SVMs in this study is

particularly notable due to the relative infrequency with which these methods appear in the

literature. The strong performance of the boosted ensembles can be attributed to their mech-

anism to explicitly generate diversity, which cannot be said about bagging or stacking [Brown

et al., 2005a]. Nevertheless, a recent review of ensemble techniques in hydrology found that

boosting represents only 20% of ensemble applications. While DTs are commonly used in en-

sembles, SVMs and ELMs are used in fewer than 15% and 10% of ensemble frameworks, re-

spectively [Zounemat-Kermani et al., 2021]. The strong performance of ELMs is consistent

with several recent studies, which found that ELMs outperformed ANNs for streamflow fore-

casting [Yaseen et al., 2018, Seo et al., 2018, Atiquzzaman and Kandasamy, 2016].

3.5.3.1 ROC and PRC curves

The ROC curves for each watershed and model configurations are illustrated in Fig. 3.11 be-

low. The 128-model ensembles were used for each configuration, which were chosen because

increased ensemble size seldom damaged performance. The shape of the ROC curves and

AUC values largely followed the findings described above, with the boosted ELM and SVMs

producing the best AUC values across watersheds. One exception was the LR ensembles for

Etobicoke Creek, which produced competitive AUC values despite notably poor performance

seen in Fig. 3.9. The shape of a steep then flat shape of the ROC curve suggests that the dis-

crimination threshold of the model could be lowered without any reduction in TPs, which

would in turn improve metrics such as PPV.
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Figure 3.11: ROC curves for the Don (top row), Etobicoke (middle), and Humber (bottom)
for LR, SVM, DT, ELM, and ANN models (left to right columns), and bagging (blue), stack-
ing (green) and boosting (yellow) ensemble algorithms. The number of false positives is shown
along the x-axis, and the absolute and relative numbers of true positives are shown along the
left and right y-axes. AUC values are listed in the respective ensemble algorithm colour and
subplot.

Next, Fig. 3.12 illustrates PRC curves. Some PRC curves began at a non-zero TPR value,

which occurred when an incremental change in the threshold value influenced the predicted

class of multiple samples simultaneously. This is due to under-dispersion of the predicted val-

ues and is an undesirable trait, since it limits the ability to fine-tune model performance us-

ing the classification threshold. The boosted ensembles, LR, and ANN models were the most

well-dispersed methods. However, improved dispersion does not guarantee better FEWS per-

formance. For example, the boosted DT was well dispersed for the Don River case, and the

ROC/PRC curves were superior to the other ensemble methods for very small discrimination

thresholds. However, the other ensemble learning methods outperformed the boosted DT on

TPR values between 0.5 and 0.7, on Fig. 3.11, which is the range most likely to be selected

for FEWS.

3.5.3.2 Watershed comparison

Given their proximity and similar characteristics (e.g., land cover, climate, rainfall), all three
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Figure 3.12: PRC curves for the Don (top row), Etobicoke (middle), and Humber (bottom)
for LR, SVM, DT, ELM, and ANN models (left to right columns), and bagging (blue), stack-
ing (green) and boosting (yellow) ensemble algorithms. The TPR is shown along the x-axis,
and the PPV and FDR are shown along the left and right y-axes.
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Figure 3.13: Classifier performance, plotted as TP against FP (left) and PPV against TPR
(right), with ideal performance in the top-right and top-left corners, respectively. The fifteen
unique ensemble configurations are denoted by a unique symbol and the Etobicoke, Don, and
Humber models are coloured in green, red, and blue, respectively.

watersheds are expected to contain similar hydrological processes. Therefore, accurate flood

forecasting is expected to be comparably challenging, thus we compare the performance scores
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obtained for each watershed directly. Fig. 3.13 illustrates the performance of all fifteen en-

semble configurations for all three watersheds on individual subplots. Ensemble configurations

and watersheds are distinguished by symbol and colour, respectively. Between the three wa-

tersheds, the Etobicoke Creek models showed the poorest performance, followed by the Don,

then the Humber models. The trend in performance can be attributed to watershed size and

relative permeable land cover. Due to its size, the Humber had a greater amount of upstream

gauges and a larger travel time between upstream and the target station. The Humber river

was also the least urbanised of the three watersheds. The relatively permeable headwaters

of the Humber reduced direct runoff generation, which increased the lag time between rain-

fall and runoff peaks. Both of these factors resulted in flood events that occur more gradu-

ally compared to the other two watersheds, making it easier to achieve accurate performance.

There were also notable patterns between watersheds and ensemble configurations. The LR

and DT models had the poorest performance for each watershed, and even in ensemble frame-

works are unable to capture the flood dynamics of the system. Ensembles of LR and DT mod-

els were most likely to generate FPs, which was especially noticeable when looking at the

spread of FP values for Etobicoke Creek models and PPV of Humber River.

3.6 Conclusions

This study analysed of the effectiveness of a classification-based approach to streamflow fore-

casting for FEWS for three urbanised watersheds surrounding Toronto, Canada. RUS and

SMOTE resampling were used to reduce the imbalance of flood classes. A two-dimensional

grid-search was revealed that SMOTE is more effective than RUS in improving TPR perfor-

mance while minimising FPs. The performance of a bagged ANN as a classifier and regres-

sor was compared, in order to demonstrate the advantages of a pure classification approach.

While both models exhibited similar performance, the binary model had a better G-Mean and

FNR, at the expense of more FPs. Next, an exhaustive comparison of five ML models (LR,

DT, SVM, ELM, and ANN) and three ensemble algorithms (bagging, stacking, and boosting)

was performed, and it was found that the ELM and SVM models within a boosting ensem-

ble framework tend to have the strongest classification performance overall. The boosting en-

semble performance is particularly sensitive to the ensemble size, to a greater degree than the

other ensemble algorithms. An analysis of the ROC and PRC curves found that the boost-

ing algorithm performed well, which is consistent with the previous finding, but that the SVM
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and ELMs were not very well dispersed. The ANN was comparably more dispersed, despite

exhibiting poor performance in the Don. Comparing model performance across watersheds, it

was determined that predictions in the Humber River were the most accurate, followed by the

Don, then Etobicoke Creek, which was attributed to watershed size.

The findings of this work emphasize the advantages of a pure classification approach to flood

forecasting. In particular, this work studies the trade-off between TPs and FPs across differ-

ent resampling schemes and classification thresholds. Understanding this trade-off is essen-

tial for FEWS deployment. Next, this work highlights the importance of accounting for flood

data imbalance, which may go unaddressed when using common regression-based metrics. Us-

ing classification metrics, that are specialised for imbalanced problems, this work highlights

the need to correct class imbalance using methods such as SMOTE and RUS. Next, the ex-

haustive model comparison finds that boosting, SVMs, and ELMs offer the best FEWS perfor-

mance for the three featured watersheds. While these models are relatively less common than

methods such as ANNs in the literature, the results of this study demonstrated their aptitude

for FEWS. Finally, the comparison of three similar urban watersheds reveals idiosyncratic be-

haviour, which suggests that model selection should be conducted on a case-by-case basis to

maximise model performance.

The main limitation of this work is that it was conducted on three urban watersheds. Even

in selecting similar watersheds, idiosyncratic behaviour was observed, which was attributed to

watershed size and the availability and distance of upstream data. Therefore, these findings

may not generalise to watersheds with different hydrological characteristics. Therefore, future

work on classification-based approaches should use large-sample datasets in order to validate

model types across a wider range of watersheds.
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4 Resampling and ensemble techniques for improving ANN-

based high flow forecast accuracy

4.1 Preface

The following chapter features the continued investigation of the ensemble research in Sec.

3. In this chapter, the SMOTE resampling method, which was used to generate synthetic

flood data, was embedded within ensemble algorithms, to exploit the benefits of ‘diversity-

in-learning’ [Brown et al., 2005b]. The content of this chapter was published in Hydrology and

Earth System Sciences in 2021 as follows:

Snieder, E., Abogadil, K., and Khan, U. T. (2021). Resampling and ensemble techniques for

improving ANN-based high-flow forecast accuracy, Hydrology and Earth System Sciences, 25,

2543–2566, https://doi.org/10.5194/hess-25-2543-2021.

Preliminary work on this topic was submitted to the 2019 AGU General Assembly (poster

presentation), with the following citation:

Snieder, E., Khan, U. T. (2019). A comprehensive evaluation of boosting algorithms for arti-

ficial neural network-based flow forecasting models. Poster presentation at the AGU General

Assembly. San Francisco, USA.

Conference publications were peer-reviewed and are included with minor modifications for the

sake of fluidity. Results from poster presentations, which are not included in any other publi-

cations, are summarised as technical notes.

Contributions to this chapter are as follows: E. Snieder: conceptualisation; data curation;

formal analysis; investigation; methodology; visualisation; writing - original draft. K. Abo-

gadil: review of literature; writing - draft, editing. U. T. Khan: conceptualisation; funding

acquisition; supervision; writing - editing, revisions.
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4.2 Abstract

Data-driven flow forecasting models, such as Artificial Neural Networks (ANNs), are increas-

ingly featured in research for their potential use in operational riverine flood warning systems.

However, the distributions of observed flow data are imbalanced, resulting in poor prediction

accuracy on high flows, both in terms of amplitude and timing error. Resampling and ensem-

ble techniques have shown to improve model performance on imbalanced datasets. However,

the efficacy of these methods (individually or combined) has not been explicitly evaluated for

improving high flow forecasts. In this research, we systematically evaluate and compare three

resampling methods: random undersampling (RUS), random oversampling (ROS), and syn-

thetic minority oversampling technique for regression (SMOTER); and four ensemble tech-

niques: randomised weights and biases, Bagging, adaptive boosting (AdaBoost), least squares

boosting (LSBoost); on their ability to improve high stage prediction accuracy using ANNs.

These methods are implemented both independently and in combined, hybrid techniques,

where the resampling methods are embedded within the ensemble methods. This systematic

approach for embedding resampling methods are novel contributions. This research presents

the first analysis of the effects of combining these methods on high stage prediction accuracy.

Data from two Canadian watersheds (the Bow River in Alberta, and the Don River in On-

tario), representing distinct hydrological systems, are used as the basis for the comparison

of the methods. The models are evaluated on overall performance, and on typical and high

stage subsets. The results of this research indicate that resampling produces marginal im-

provements to high stage prediction accuracy, whereas ensemble methods produce more sub-

stantial improvements, with or without resampling. Many of the techniques used produced an

asymmetric trade-off between typical and high stage performance; reduction of high stage er-

ror resulted in disproportionately larger error on typical stage. The methods proposed in this

study highlight the diversity-in-learning concept and help support for future studies on adapt-

ing ensemble algorithms for resampling. This research contains many of the first instances of

such methods for flow forecasting and moreover, their efficacy to address the imbalance prob-

lem and heteroscedasticity, which are commonly observed in high flow and flood forecasting

models.
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4.3 Introduction

Data-driven models such as artificial neural networks (ANNs) have been widely and success-

fully used over the last three decades for hydrological forecasting applications [Govindaraju,

2000-04-31, Abrahart et al., 2012, Dawson and Wilby, 2001]. However, some studies have

noted that these models can exhibit poor performance during high flow (or stage) hydrological

events [Sudheer et al., 2003, Abrahart et al., 2007, de Vos and Rientjes, 2009], with poor per-

formance manifesting as late predictions (i.e., timing error), under-predictions, or both. For

flow forecasting applications such as riverine flood warning systems, the accuracy of high stage

predictions are more important than that of typical stage. One cause of poor model accu-

racy on high stage is the scarcity of representative sample observations available with which to

train such models [Moniz et al., 2017a]. This is because stage data typically exhibits a strong

positive skew, referred to as an imbalanced domain; thus, there may only be a small num-

ber of flood observations within decades of samples. Consequently, objective functions that

are traditionally used for training ANNs (e.g., mean squared error (MSE), sum of squared er-

ror (SSE), etc.), that equally consider all samples, are biased towards values that occur most

frequently and reflected by poor model performance on high flow or stage observations [Pisa

et al., 2019]. Sudheer et al. [2003] also point out that such objective functions are not opti-

mal for non-normally distributed data. This problem is exacerbated when such metrics are

also used to assess model performance; regrettably, such metrics are the most widely used in

water resources applications [Maier et al., 2010]. As a result, studies that assess models using

traditional performance metrics risk overlooking deficiencies in high stage performance.

Real-time data-driven flow forecasting models frequently use antecedent input variables (also

referred to as autoregressive inputs) for predictions. Several studies have attributed poor model

prediction on high stage to model over-reliance on antecedent variables [Snieder et al., 2020,

Abrahart et al., 2007, de Vos and Rientjes, 2009, Tongal and Booij, 2018]. Consequently, the

model predictions are similar to the most recent antecedent conditions, sometimes described

as a lagged prediction [Tongal and Booij, 2018]. In other words, the real-time observed stage

at the target gauge is used as the predicted value for a given lead time. This issue is closely

linked to the imbalanced domain problem as frequently occurring stage values typically ex-

hibit low temporal variability compared to infrequent, high stage values; this phenomenon is

further described in Sect. 4.4.
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Improving the accuracy of high stage or flow forecasts has been the focus of many studies.

Several studies have examined the use of preprocessing techniques to improve model perfor-

mance. Sudheer et al. [2003] propose using a Wilson-Hilferty transformation to change the

skewed distribution of stage data. The study found that transforming the target data reduces

annual peak flow error produced by ANN-based daily flow forecasting models. Wang et al.

[2006] evaluate three strategies for categorising streamflow samples, based on a fixed value

flow threshold, unsupervised clustering, and periodicity; separate ANN models are trained

to predict each flow category and combined to form a final prediction. The periodicity-based

ANN, which detects periodicity from the autocorrelation function of the target variable, is

found to perform the best out of the three schemes considered. Fleming et al. [2015] address

the issue of poor high flow performance by isolating a subset of daily high flows by thresh-

olding based on a fixed value. By doing so, traditional objective functions (e.g., MSE) be-

come less influenced by the imbalance of the training dataset. ANN-based ensembles trained

on high flows are found to perform well, though the improvements to high flow accuracy are

not directly quantified, as the high flow ensemble is not compared directly to a counterpart

trained using the full training dataset.

An alternative approach to improving high flow forecast accuracy has been to characterise

model error as having amplitude and temporal components [Seibert et al., 2016]. Abrahart

et al. [2007] use a specialised learning technique in which models are optimised based on a

combination of root mean square error (RMSE) and a timing error correction factor, which

is found to improve model timing for short lead-times, but have little impact on higher lead

times. de Vos and Rientjes [2009] use a similar approach, in which models that exhibit a tim-

ing error are penalised during calibration. The technique is found to generally reduce timing

error at the expense of amplitude error.

Finally, there is considerable evidence that ensemble-based and resampling techniques to im-

prove prediction accuracy of infrequent samples [Galar et al., 2012]. Ensemble methods, such

as bootstrap aggregating (Bagging) and boosting, are known for their ability to improve model

generalisation. Such methods are widely used in classification studies and are increasingly be-

ing adapted for regression tasks [Moniz et al., 2017b]. However, ensemble methods alone do

not directly address the imbalance problem, as they typically do not explicitly consider the

distribution of the target dataset. Thus, ensemble methods are often combined with prepro-
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cessing strategies to address the imbalance problem [Galar et al., 2012]. Resampling, which is

typically used as a preprocessing method, can be used to create more uniformly distributed

target dataset or generate synthetic data with which to train models [Moniz et al., 2017a]. Re-

sampling also promotes diversity-in-learning when embedded in ensemble algorithms (rather

than used as a preprocessing strategy). Examples of such combinations appear in machine

learning literature, but are typically developed for ad hoc applications [Galar et al., 2012].

However, the efficacy of these methods (a combination of resampling strategies with ensem-

ble methods) has not been systematically investigated for flow forecasting applications. While

previous studies have provided comparisons of ensemble methods, none have explicitly studied

their effects on high flow prediction accuracy, which has only received little attention within

the context of the imbalance problem in general. Additionally, previous research uses resam-

pling as a preprocessing technique, whereas in this research, resampling is embedded within

the ensembles to promote diversity-in-learning. Thus, the main objective of this research is

to develop a systematised framework for combining several different resampling and ensemble

techniques with the aim to improve high flow forecasts using ANNs. Three resampling tech-

niques: random undersampling (RUS), random oversampling (ROS), and synthetic minority

oversampling technique for regression (SMOTER) and four ensemble algorithms: randomised

weights and biases (RWB), Bagging, adaptive boosting for regression (AdaBoost), and least-

squares boosting (LSBoost) will be investigated to address the issues related to high flow fore-

casts, i.e., the imbalanced domain problem and heteroscedasticity. Each combination of these

methods will be explicitly evaluated on their ability to improve model performance on high

stage (infrequent) data subsets along with the typical (frequent) data subsets. Such a frame-

work and comparison, to address the imbalanced domain, has not been presented in existing

literature. Lastly, while only selected resampling and ensemble techniques are presented, many

of which are the first instances of their use for high flow forecasting, this proposed framework

may easily be expanded to resampling and ensemble strategies beyond those included in this

research.

The remainder of the manuscript is organised as follows: first, in Sect. 4.4 we present the

baseline ANN flow forecast models, which are used as the individual learners for the ensem-

bles, for two Canadian watersheds, followed by a performance analysis of these models to

highlight the imbalance domain problem and illustrates the heteroscedasticity of baseline model
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residuals. The two watersheds, with differing hydrological characteristics, but both prone to

riverine floods, are the Bow River watershed (in Alberta), and the Don River watershed (in

Ontario). Sect. 4.5 provides a review and applications of each resampling method and en-

semble technique, followed by a description of the implementation of each approach in this

research, and model evaluation methods. Lastly, Sect. 4.6 includes the results and discussion

from the two case studies.

4.4 Early investigations

The following section provides descriptions for the two watersheds under study. The parametri-

sation of the single ANN models to predict stage in each watershed (referred to as the individ-

ual learners) is described. The output of the individual learners are used to exemplify the in-

ability of these ANNs to accurately predict high stage (from both an amplitude and temporal

error perspective) and to illustrate the imbalance problem.

4.4.1 Study area

The Bow and Don Rivers are featured as case studies in this research to evaluate methods for

improving the accuracy of high stage data-driven forecasts. The Bow River, illustrated in Fig.

4.1 (a), begins in the Canadian Rockies mountain range and flows eastward through the City

of Calgary, where it is joined by the Elbow River. The Bow River’s flow regime is dominated

by glacial and snowmelt processes which produce annual seasonality. The Bow River water-

shed has an area of approximately 7, 700km2 upstream of the target stage monitoring station

in Calgary and consists of predominantly natural and agricultural land cover. The City of

Calgary has experienced several major floods (recently in 2005 and 2013) and improvements

to flow forecasting models have been identified as a key strategy for mitigating flood damage

[Khan et al., 2018, , 2014].

The Don River, illustrated in Fig. 4.1 (b), begins in the Oak Ridges Moraine and winds through

the Greater Toronto Area until it meets Lake Ontario in downtown Toronto. The 360km2 Don

River watershed is heavily urbanised which results in the high stage seen in the River to be

attributable to the direct runoff following intense rainfall events. Its urbanised landscape has

also contributed to periodic historical flooding [Toronto and Region Conservation Authority,

2020a]. Persistent severe flooding (recently in 2005 and 2013) have motivated calls for further
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Figure 4.1: Bow (a) and Don (b) River basins upstream of Calgary and Toronto, respectively.
Surface watercourses and waterbodies are shown in blue. The target stage monitoring sta-
tions are red while upstream hydrometeorological monitoring stations (stage, precipitation,
and temperature) are yellow. Aerial imagery obtained from © Esri [Esri, 2020]. Surface wa-
ter and watershed boundaries obtained from © Scholars GeoPortal [DMTI Spatial Inc., 2019,
2014c,a,b] and the © TRCA [TRCA, 2018]

mitigation strategies such as improved flow forecast models and early warning systems [Niru-

pama et al., 2014].

Data from November to April and November to December were removed from the Bow and

Don River datasets, prior to any analysis; these periods are associated with ice conditions.

The histograms in Figure 4.2 illustrate the imbalanced domains of the target stage for both

rivers. A high stage threshold (ΘHS) is defined, which is used to distinguish between typical

and high stage. Stage values greater than the threshold are referred to as high stage (qHS)

while stage below the threshold, as typical stage (qTS). Target stage statistics for the Bow

and Don Rivers are provided for the complete stage distribution, as well as the qTS and qHS

subsets, in Table 4.1.

The use of a fixed threshold for distinguishing between common (frequent) and rare (infre-
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Table 4.1: Target variable statistics for the Bow and Don River watersheds.

River Subset Mean Min. Max. Skew. Var.
[m] [m] [m] [-] [m2]

Bow q 1.28 0.92 3.07 1.18 0.067
qTS 1.18 0.92 1.47 0.21 0.022
qHS 1.69 1.47 3.07 1.85 0.039

Don q 77.62 77.51 79.21 3.78 0.018
qTS 77.58 77.51 77.67 0.59 0.0017
qHS 77.82 77.68 79.21 2.99 0.034

quent) samples is used both in flow forecasting [Crochemore et al., 2015, Razali et al., 2020,

Fleming et al., 2015] and in more general machine learning studies that are focused on the

imbalance problem [Moniz et al., 2017a]. In this research, the high stage threshold is simply

and arbitrarily taken as the 80th percentile value of the observed stage. The threshold value

is ideally derived from the physical characteristics of the river (i.e., the stage at which water

exceeds the bank or associated with a specified return period); unfortunately, this site-specific

information is not readily available for the subject watersheds. An important consideration to

make while selecting a ΘHS value is that it produces a sufficient number of high stage sam-

ples; too few samples risks overfitting and poor generalisation. The distinction between typical

and high stage is used in some of the resampling techniques in Sect. 4.5.1 and for assessing

model performance in Sect. 4.5.4.

4.4.2 Individual learner description

The individual learner (sometimes called the base model, or base learner) for both systems

use upstream hydro-meteorological inputs (stage, precipitation, and temperature) to predict

the downstream stage (the target variable). The multi-layer perception (MLP) ANN is used

as the individual learner for this study, and the selected model hyperparameters are sum-

marised in Table 4.3. The MLP-ANN was chosen as the individual learner because it is the

most commonly used machine learning architecture for predicting water resources variables in

river systems [Maier et al., 2010]. The individual learner can be used for discrete value pre-

diction or as a member of an ensemble, in which a collection of models are trained and com-

bined to generate predictions. Each ANN has a hidden layer of 10 neurons; a grid-search of

different hidden layer sizes indicated that larger numbers of hidden neurons have little impact

on the ANN performance. Thus, to prevent needlessly increasing model complexity, a small

hidden layer is favoured. The number of training epochs is determined using early-stopping
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Figure 4.2: Histograms of observed stage for the (a) Bow River 6-hour stage and (b) Don
River hourly stage. The dashed red line indicates the fixed threshold used to distinguish be-
tween typical and high stage values.

(also called stop-training), which is performed by dividing the calibration data into training

and validation subsets; training data is used to tune the ANN weights and biases, whereas

the validation performance is used to determine when to stop training [Anctil and Lauzon,

2004a]. For this study, the optimum number of epochs is assumed if the error on the valida-

tion set increases for 5 consecutive epochs. Early-stopping is a common technique for achiev-

ing generalisation and preventing overfitting [Anctil and Lauzon, 2004a]. Of the available data

for each watershed, 60% is used for training, 20% for validation, and 20% for testing (the

independent dataset). K-fold cross-validation (KFCV) is used to evaluate different continu-

ous partitions of training and testing data, and is explained in greater detail in Sect. 4.5.4.2.

The Levenberg–Marquardt algorithm was used to train the individual learners, because of

its speed of convergence and reliability [Lauzon et al., 2006, Maier and Dandy, 2000, Ton-

gal and Booij, 2018]. The full set of input and target variables used for both catchments are

summarised in Table 4.2. For both rivers, the input variables are used to forecast the target

variable 4 timesteps in advance, i.e., for the Bow River, the model forecasts 24 hours in the fu-
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Table 4.2: Input variables for the Bow and Don Rivers.

Catchment Variable Station ID Statistics Data source Lag times

Bow River
6-hour timestep
24-hour forecast

Water level 05BB001, 05BH004* Max, min, mean 6-hour Water Survey of Canada 0:11
Precipitation 031093 Cumulative 6-hour City of Calgary 0:11
Temperature 031093 Max, min, mean 6-hour City of Calgary 0:11

Don River
1-hour timestep
4-hour forecast

Water level HY017, HY019*, HY022, HY080, HY093 Hourly TRCA 0:5
Precipitation HY008, HY927 Hourly TRCA 0:11
Temperature 6158355 Hourly Environment Canada 0:5

Table 4.3: Individual learner ANN model description used for both watersheds.

Model class Artificial neural network
Architecture Multi-layer perceptron
IVS Partial correlation
Hidden neurons 10
Activation function Tanh (hidden layer), Linear (output layer)
Training algorithm Levenburg-Marquardt backpropagation
Stopping criteria Validation dataset

ture, whereas for the Don River, the model forecasts 4 hours in the future. Some of the input

variables used in the Bow River model, including the minimum, mean, and maximum statis-

tics, are calculated by coarsening hourly data to a 6-hour timestep. Several lagged copies of

each input variable are used, which is common practice for ANN-based hydrological forecast-

ing models [Snieder et al., 2020, Abbot and Marohasy, 2014, Fernando et al., 2009, Banjac

et al., 2015]. For example, to forecast xt by 4 timesteps, xt−4, xt−5, xt−6, etc. may be used as

input variables, as these variables are recorded automatically, in real-time.

The Partial Correlation (PC) input variable selection (IVS) algorithm is used to determine the

most suitable inputs for each model from the larger candidate set [He et al., 2011, Sharma,

2000]. Previous research for the Don and Bow Rivers found that PC is generally capable of re-

moving non-useful inputs in both systems, achieving reduced computational demand and im-

proved model performance [Snieder et al., 2020]. The simplicity and computational efficiency

of the PC algorithm method makes it an appealing IVS algorithm for this application. The 25

most useful inputs amongst all the candidates listed in Table 4.2, determined by the PC algo-

rithm, are used in the models for each watershed. A complete list of selected inputs is shown

in Appendix D.1.1.

The Bow and Don River individual learners produce coefficients of Nash-Sutcliffe efficiency

(CE) greater than 0.95 and 0.75, respectively. These scores are widely considered by hydrolo-

gists to indicate good performance [Crochemore et al., 2015]. However, closer investigation of

the model performance reveals that high stage samples consistently exhibit considerable error.
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Figure 4.3: Observed and individual learner stage predictions for the Bow River system for all
10 years of available stage (a) and a 3 month subset which contains particularly high stage
(b), to better distinguish between the two hydrographs. The dashed red line indicates the
fixed threshold used to distinguish between typical and high stage values.

Such is plainly visible when comparing the observed hydrographs with the individual learner

predictions, as shown in Figs. 4.3 and 4.4, for the Bow and Don Rivers, respectively. Plotting

the individual learner residuals against the observed stage, as in Fig. 4.5 (a and b) illustrates

how the variance of the residuals about the expected mean of 0 increases with the increasing

stage magnitude; Fleming et al. [2015] also describe the heteroscedastic nature of flow predic-

tion models. This region of high stage also exhibits amplitude errors in the excess of 1 meter,

casting doubt on the suitability of these models for flood forecasting applications. In Fig. 4.5

(b and c) the normalised inverse frequency of each sample point is plotted against the stage

gradient, illustrating how the most frequent stage values typically have a low gradient with

respect to the forecast lead time, given by (qt+L − qt)/L. Note that the inverse frequency is

determined using 100 histogram bins. Thus, when such a relationship exists, it is unsurpris-

ing that model output predictions are similar to the most recent autoregressive input variable.

Previous work that analysed trained ANN models for both subject watersheds demonstrates

how the most recent autoregressive input variable is the most important variable for accurate

stage predictions [Snieder et al., 2020].
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Figure 4.4: Observed and individual learner stage predictions for the Don River system for all
10 months of available stage (a) and a 14 day subset which contains particularly high stage
(b), to better distinguish the two hydrographs. The dashed red line indicates the fixed thresh-
old used to distinguish between typical and high stage values.

Without accounting for the imbalanced nature of stage data, data-driven models are prone

to inadequate performance similar to that of the individual learners described above. Con-

sequently, such models may not be suitable for flood related applications such as early flood

warning systems. The following section describes, and reviews resampling and ensemble meth-

ods, which are proposed as solutions to the imbalance problem, which manifests as poor per-

formance on high stage samples, relative to typical stage.

4.5 Review and description of methods for handling imbalanced target datasets

Many strategies have been proposed for handling imbalanced domains, which can be broadly

categorised into three approaches: specialised preprocessing, learning methods, and combined

methods [Haixiang et al., 2017, Moniz et al., 2018]. According to a comprehensive review of

imbalanced learning strategies resampling and ensemble methods are among the most popular

techniques employed [Haixiang et al., 2017]. Specifically, a review of 527 papers on imbalanced

classification found that a resampling technique was used 156 times [Haixiang et al., 2017].

From the same review, 218 of the 527 papers used an ensemble technique such as Bagging or

boosting. Many of the studies reviewed used combinations of available techniques and often
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Figure 4.5: Baseline model residuals versus observed stage for the Bow (a) and Don (b) River
systems. Inverse frequency versus gradient across 4 time steps for the Bow (c) and Don (d)
River target variables. Colouring indicates normalised scatter point density.

propose novel hybrid approaches that incorporate elements from several algorithms. Since it

is impractical to compare every unique algorithm that has been developed for handling imbal-

anced data, the scope of this research adheres to relatively basic techniques and combinations

of resampling and ensemble methods. The following sections describe the resampling and en-

semble methods used in this research. The review attempts to adhere to hydrological studies

that feature each of the methods, however, when this is not always possible, examples from

other fields are presented.

First, it is important to distinguish between the data imbalance addressed in this study and

cost-sensitive imbalance. Imbalance in datasets can be characterised as a combination of two

factors: imbalanced distributions of samples across the target domain and imbalanced user

interest across the domain. Target domain imbalance is related solely to the native distribu-
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tion of samples while cost-sensitivity occurs when costs vary across the target domain. While

both types of imbalance are relevant to the flow forecasting application of this research, cost-

sensitive methods are complex and typically involve developing a relationship between mispre-

diction and tangible costs, for example, property damage [Toth, 2016]. Cost-sensitive learning

is outside the scope of this research, which is focused on reducing high stage errors due to the

imbalanced nature of the target stage data.

4.5.1 Resampling techniques

Resampling is widely used in machine learning to create subsets of the total available data

with which to train models. Resampling is typically used as a data preprocessing technique

[Brown et al., 2005a, Moniz et al., 2017a]. However, in our research, resampling is embed-

ded in the ensemble algorithms, as to promote diversity amongst the individual learners. This

following section discusses examples of resampling, whether used for preprocessing or used

within the learning algorithm. Pseudocode for each resampling method is provided in Ap-

pendix D.2.

4.5.1.1 Random undersampling

RUS is performed by subsampling a number of frequent cases equal to the number of infre-

quent cases, such that there are an even amount in each category and achieve a more balanced

distribution compared to the original set. As a result, all of the rare cases are used for train-

ing, while only a fraction of the normal cases are used. RUS is intuitive for classification prob-

lems; for two-class classification, the majority class is undersampled such that the number of

samples drawn from each class is equal to the number of samples in the minority class [Yap

et al., 2014]. However, RUS is less straightforward for regression, as it requires continuous

data first to be categorised, as to allow for an even number of samples to be drawn from each

category. Categories must be selected appropriately such that they are continuous across the

target domain and each category contains a sufficient number of samples to allow for diversity

in the resampled dataset [Galar et al., 2013]. Undersampling is scarcely used in hydrological

forecasting applications, despite seeing widespread use in classification studies. Ruhana et al.

[2016] demonstrate an application of fuzzy-based RUS for categorical flood risk support vec-

tor machine (SVM) based classification, which is motivated by the imbalanced nature of flood

data. RUS is found to outperform both ROS and synthetic minority oversampling technique
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(SMOTE) on average across 5 locations.

In this research, N available stage samples are categorised into NTS typical stage and NHS

high stage based on the threshold ΘHS . The undersampling scheme draws NHS with replace-

ment from each of the subsets, such that there are an equal number of each category. RUS

can be performed with or without replacement; the former provides greater diversity when re-

sampling is repeated several times, and thus this approach is selected for the present research.

4.5.1.2 Random oversampling

ROS simply consists of oversampling rare samples, thus modifying the training sample dis-

tribution through duplication [Yap et al., 2014]. ROS is procedurally similar to RUS, also

aiming to achieve a common number of frequent and infrequent samples. Instead of subsam-

pling the typical stage, high stage values are resampled with replacement so that the num-

ber of samples matches that of the typical stage set. The duplication of high stage samples

in the training dataset increases their relative contribution to the model’s objective function

during calibration. Compared to undersampling, oversampling is advantaged such that more

samples in the majority class are utilised. The drawbacks of this approach are that there is

an increased computational cost. There are few examples of ROS applications in water re-

sources literature; studies tend to favour SMOTE, which is discussed in the following section.

Saffarpour et al. [2015] use oversampling to address the class imbalance of binary flood data;

surprisingly, oversampling was found to decrease classification accuracy compared to the raw

training dataset. Recently, Zhaowei et al. [2020] applied oversampling for vehicle traffic flow,

as a response to the imbalance of the training data.

For ROS, as with RUS, N available stage samples are categorised into NTS typical stage and

NHS high stage samples based on the threshold ΘHS . The oversampling scheme draws NTS

with replacement from each of the subsets, such that there are an equal number of each cat-

egory. ROS is distinguished from RUS in that it produces a larger sample set that inevitably

contains duplicated high stage values.

4.5.1.3 Synthetic minority oversampling technique for regression

SMOTER is a variation of the SMOTE classification resampling technique introduced by

[Chawla et al., 2002] that bypasses excessive duplication of samples by generating synthetic

samples, which unlike duplication, creates diversity within the ensembles. SMOTE is widely
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considered as an improvement over simple ROS as the increased diversity help prevents over-

fitting [Ruhana et al., 2016]. For a given sample, SMOTE generates synthetic samples by

randomly selecting one of k nearest points, determined using k-nearest neighbours (KNN),

and sampling a value at a linear distance between the two neighbouring points. The origi-

nal SMOTE algorithm was developed for classification tasks; Torgo et al. [2013] developed

the SMOTER variation, which is an adaptation of SMOTE for regression. SMOTER uses

a fixed threshold to distinguish between ’rare’ and ’normal’ points. In addition to oversam-

pling synthetic data, SMOTER also randomly undersamples normal values, to achieve the

desired ratio between rare and normal samples. The use of SMOTE in the development of

models that predict river stage is only being recently attempted. Atieh et al. [2017] use two

methods for generalisation: Dropout and SMOTER; these were applied to ANN models that

predicted the flow duration curves for ungauged basins. They found that SMOTER reduced

the number of outlier predictions, whereas both approaches resulted in the improved perfor-

mance of the ANN models. Wu et al. [2020] used SMOTE resampling in combination with

AdaBoosted sparse Bayesian models. The combination of these methods resulted in improved

model accuracy compared to previous studies using the same dataset. Razali et al. [2020] used

SMOTE with various Bayesian network and machine learning techniques, including decision

trees, KNN and SVM. Each technique is applied to an imbalanced classified flood dataset

(flood flow and non-flood flow categories); the SMOTE decision tree model achieved the high-

est classification accuracy. SMOTE decision trees have also been applied for estimating the

pollutant removal efficiency of bioretention cells. Wang et al. [2019a] found that decision trees

developed with SMOTE had the highest accuracy for predicting pollutant removal rates; the

authors attribute the success of SMOTE to its ability to prevent the majority class from dom-

inating the fitting process. Sufi Karimi et al. [2019] employ SMOTER resampling for stormwa-

ter flow prediction models. Their motivation for resampling is flow dataset imbalance and

data sparsity. Several configurations are considered with varying degrees of oversampled syn-

thetic and undersampled data. The findings of the study indicate that increasing the oversam-

pling rate tends to improve model performance compared to the non-resampled model, while

increasing the undersampling rate produces a marginal improvement. Collectively, these ap-

plications of SMOTE affirm its suitability for mitigating the imbalance problem in the flood

forecasting models featured in this research.
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SMOTER is adapted in this research following the method described by [Torgo et al., 2013].

One change in this adaptation is that rare cases are determined using the θHS value, instead

of a relevancy function. Similarly, only high values as considered as ’rare’, instead of consid-

ering both low and high values as rare, as in the original algorithm. Oversampling and un-

dersampling are performed at rates of 400% and 0% respectively, as to obtain an equivalent

number of normal and rare cases.

4.5.2 Ensemble-based techniques

Ensembles are collections of models (called individual learners), each with variations to the

individual learner model type or to the training procedure [Alobaidi et al., 2019]. It is well es-

tablished that ensemble-based methods improve model stability and generalisability [Alobaidi

et al., 2019, Brown et al., 2005a]. Recent advances in ensemble learning have emphasised the

importance of diversity-in-learning [Alobaidi et al., 2019]. Diversity can be generated both

implicitly and explicitly through a variety of methods, some of which include varying the ini-

tial set of model parameters, varying the model topology, varying the training algorithm, and

varying the training data [Sharkey, 1996, Brown et al., 2005a]. The largest source of diver-

sity in the ensembles under study is attributable with varying the training data, which occurs

both in the various resampling methods described above and the in some cases, the ensem-

ble algorithms. Only homogeneous ensembles are used in this work, thus no diversity is ob-

tained through varying the model topology or training algorithm [Zhang et al., 2018, Alobaidi

et al., 2019]. Ensemble predictions are combined to form a single discrete prediction. Ensem-

bles that are combined to produce discrete predictions have been proven to outperform single

models by reducing model bias and variance, thus improving overall model generalisability

[Brown et al., 2005a, Sharkey, 1996, Shu and Burn, 2004, Alobaidi et al., 2019]. This has con-

tributed to their widespread application in hydrological modelling [Abrahart et al., 2012]. In

some cases, ensembles are not combined, and the collection of predictions are used to estimate

the uncertainty associated with the diversity between ensemble members [Tiwari and Chat-

terjee, 2010a, Abrahart et al., 2012]. While this approach has obvious advantages, it is not

possible for all types of ensembles, such as the boosting methods, which are also used in this

research. Thus, this research combines ensembles to aid comparison across the different resam-

pling and ensemble methods used.
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There are many distinct methods for creating ensemble methods. The purpose of this paper

is not to review all ensemble algorithms, but rather to compare four ensemble methods that

commonly appear in literature: Bagging, adaptive boosting, and gradient boosting. A fourth

method, randomised weights and biases, which does not qualify as an ensemble technique due

to the absence of repeated resampling, is also included in the ensemble comparison because

of its widespread use. While several studies have provided comparisons of ensemble methods,

none of these studies have explicitly studied their effects on high stage prediction, nor their

combination with resampling strategies, which is common in applications outside of flow fore-

casting.

Methods that aim to improve generalisability have shown promise in achieving improved pre-

diction on high stage, which may be scarcely represented in training data. However, to the

knowledge of the authors, no research has explicitly evaluated the efficacy of ensemble-based

methods for improving high stage accuracy. Applications of ensemble methods for improv-

ing performance of imbalanced target variables have been thoroughly studied in classification

literature. Several classification studies have demonstrated how ensemble techniques can im-

prove prediction accuracy for imbalanced classes [Galar et al., 2012, López et al., 2013, Dı́ez-

Pastor et al., 2015b,a, B laszczyński and Stefanowski, 2015]. Such methods are increasingly

being adapted for regression problems, which is typically achieved by projecting continuous

data into a classification dataset [Moniz et al., 2017b,a, Solomatine and Shrestha, 2004]. Pseu-

docode for each of the ensemble algorithms used in this research is provided in Appendix D.2.

4.5.2.1 Randomised weights and biases

While not technically a form of ensemble learning, repeatedly randomising the weights and bi-

ases of ANNs is one of the simplest and most common methods for achieving diversity among

a collection of models, thus, it acts as a good comparison point for the proceeding ensemble

methods [Brown et al., 2005a]. In this method, members are only distinguished by the ran-

domisation of the initial parameter values (i.e., the initial weights and biases for ANNs in this

research) used for training. For this method, an ensemble of ANNs is trained, each member

having a different randomised set of initial weights and biases. Thus, when trained, each en-

semble member may converge to different final weight and bias values. Ensemble members

are combined through averaging. This technique is often used, largely to alleviate variability

in training outcomes and uncertainty associated with the initial weight and bias parameteri-
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sation [Shu and Burn, 2004, de Vos and Rientjes, 2005, Fleming et al., 2015, Barzegar et al.,

2019]. Despite its simplicity, this method has been demonstrated to produce considerable im-

provements in performance when compared to a single ANN model, even outperforming more

complex ensemble methods [Shu and Burn, 2004]. The weights and biases of each ANN are

initialised using the default initialisation function in MATLAB, and an ensemble size of 20 is

used.

4.5.2.2 Bagging

Bagging is a widely used ensemble method, first introduced in [Breiman, 1996a]. Bagging em-

ploys the bootstrap resampling method, which consists of sampling with replacement, to gen-

erate subsets of data on which to train ensemble members. The ensemble members are com-

bined through simple averaging to form discrete predictions. Bagging is a proven ensemble

method in flood prediction studies and has been widely applied and refined for, both spa-

tial and temporal prediction, since its introduction by Breiman [1996a]. Chapi et al. [2017]

use Bagging with Logistic Model Trees (LMT) as the individual learners to predict spatial

flood susceptibility. The Bagging ensemble is found to outperform standalone LMTs, in ad-

dition to logistic regression and Bayesian logistic regression. For a similar flood susceptibil-

ity prediction application, Chen et al. [2019] use Bagging with Reduced Error Pruning Trees

(REPTree) as the base learners. The Bagged models are compared to Random Subspace en-

sembles; both ensemble methods perform better than the standalone REPTree models, with

the Random Subspace model slightly outperforming the Bagged ensemble. Anctil and Lauzon

[2004a] compared five generalisation techniques in the development of ANNs for flow forecast-

ing. They combined Bagging, boosting and stacking with stop training and Bayesian regu-

larisation, making a total of nine model configurations. They found that stacking, Bagging,

and boosting all resulted in improved model performance, ultimately recommending the use of

the last two in conjunction with either stop training or Bayesian regularisation. Ouarda and

Shu [2009] compared stacking and Bagging ANN models against parametric regression for es-

timating low flow quantile for summer and winter seasons and found higher performance in

ANN models (single and ensemble) compared to traditional regression models [Ouarda and

Shu, 2009]. Cannon and Whitfield [2002] applied Bagging to MLP-ANN models for predict-

ing flow and found that Bagging helped create the best performing ensemble ANN. Shu and

Burn [2004] evaluated six approaches for creating ANN ensembles for regional flood frequency
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flood analysis, including Bagging combined with either simple averaging or stacking; Bagging

resulted in higher performance compared to the basic ensemble method. In a later study, Shu

and Ouarda [2007] used Bagging and simple averaging to create ANN ensembles for estimat-

ing regional flood quantiles at ungauged sites. Implementing Bagging is uncomplicated, a de-

scription of the algorithm is described in its original appearance [Breiman, 1996a]. This re-

search uses a Bagging ensemble of 20 members.

4.5.2.3 Adaptive boosting for regression

The AdaBoost algorithm was originally developed by Freund and Schapire [1996] for classifi-

cation problems. The algorithm has undergone widespread adaptation and its popularity has

led to the development of many variations, which typically introduce improvements in perfor-

mance, efficiency, and expanded for regression problems. This study uses the AdaBoost.RT

variation [Solomatine and Shrestha, 2004, Shrestha and Solomatine, 2006]. Broadly put, the

AdaBoost algorithm begins by training an initial model. The following model in the ensemble

is trained using a resampled or reweighted training set, based on the residual error of the pre-

vious model. This process is typically repeated until the desired ensemble size is achieved or a

stopping criterion is met. Predictions are obtained by weighted combination of the ensemble

members, where model weights are a function of their overall error.

Similar to Bagging, there are many examples of AdaBoost applications for hydrological pre-

diction. Solomatine and Shrestha [2004] compared various forms of AdaBoost against Bagging

in models predicting river flows and found AdaBoost.RT to outperform Bagging. In a later

study, the same authors compared the performance of AdaBoosted M5 tree models against

ANN models for various applications, including predicting river flows in a catchment; they

found higher performance in models that used the AdaBoost.RT algorithm compared to sin-

gle ANNs [Shrestha and Solomatine, 2006]. Liu et al. [2014] used AdaBoost.RT for calibrating

process-based rainfall-runoff models, and found improved performance over the single model

predictions. Wu et al. [2020] compared boosted ensembles against Bagged ensembles for pre-

dicting hourly streamflow and found the combination of AdaBoost (using resampling) and

Bayesian model averaging gave the highest performance.

The variant of AdaBoost in this research follows the algorithm AdaBoost.RT proposed by

[Solomatine and Shrestha, 2004, Shrestha and Solomatine, 2006]. This algorithm has three
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hyperparameters. The relative error threshold parameter is selected as the 80th percentile of

the residuals of the individual learner and 20 ensemble members are trained. AdaBoost can be

performed using either resampling or reweighting [Shrestha and Solomatine, 2006]; resampling

is used in this research as it has been found to typically outperform reweighting [Seiffert et al.,

2008]. Recently, several studies have independently proposed a modification to the original

AdaBoost.RT algorithm by adaptively calculating the relative error threshold value for each

new ensemble member [Wang et al., 2019b, Li et al., 2020]. This modification to the algo-

rithm was generally found to be detrimental to the performance of the models in the present

research, thus, the static error threshold described in the original algorithm description was

used [Solomatine and Shrestha, 2004].

4.5.2.4 Least squares boosting

LSBoost is a variant of gradient boosting, which is an algorithm that involves training an ini-

tial model, followed by a sequence of models that are each trained to predict the residuals

of the previous model in the sequence. This is in contrast to the AdaBoost method, which

uses the model residuals to inform a weighted sampling scheme for subsequent models. The

prediction at a given training iteration is calculated by the weighted summation of the al-

ready trained model(s) from the previous iterations. For LSBoost weighting is determined by

a least-squares loss function; other variants of gradient boosting use a different loss function

[Friedman, 2000].

Gradient boosting algorithms have previously been used to improve efficiency and accuracy

for hydrological forecasting applications. Ni et al. [2020] use the gradient boosting variant

XGBoost, which uses Desision Trees (DTs) as the individual learners, in combination with

a Gaussian Mixture Model (GMM) for streamflow forecasting. The GMM is used to cluster

streamflow data, and an XGBoost ensemble is fit to each cluster. Clustering streamflow data

into distinct subsets for training is sometimes used as an alternative to resampling; its purpose

is similar to that of resampling, which is to change the training sample distribution [Wang

et al., 2006]. The combination of XGBoost and GMM is found to outperform standalone SVM

models. Erdal and Karakurt [2013] developed gradient boosted regression trees and ANNs for

predicting daily streamflow, and found gradient boosted ANNs to have higher performance

than the regression tree counterparts. Worland et al. [2018] use gradient boosted regression

trees to predict annual minimum 7-day streamflow at 224 unregulated sites; performance is
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found to be competitive with several other types of data-driven models. Zhang et al. [2019]

use the Online XGBoost gradient boosting algorithm for regression tree models to simulate

streamflow, and found that it outperformed many other data-driven and lumped hydrological

models. Papacharalampous et al. [2019] use gradient boosting with regression trees and linear

models, which are compared against several other model types for physically-based hydrologi-

cal model quantile regression post-processing. Neither of the gradient boosting models outper-

form the other regression models, and a uniformly weighted ensemble of all other model types

typically outperforms any individual model type. These examples of gradient boosting affirm

its capability for improving performance compared to the single model comparison, as well

as other machine learning models. However, none of these studies use gradient boosting with

ANNs as the individual learner. Moreover, these studies do not examine the effects of gradient

boosting on model behaviour within the context of the imbalance problem. Therefore, we use

LSBoost to study its efficacy for improving high stage performance.

The implementation of LSBoost in this research is unchanged from the original algorithm

[Friedman, 2000]. The algorithm has two hyperparameters; the learning rate which scales the

contribution of each new model and the number of boosts. A learning rate of 1 is used and

the number an ensemble size of 20 is used.

4.5.3 Hybrid methods

The resampling and training strategies reviewed above can be combined to further improve

model performance on imbalanced data; numerous algorithms have been proposed in the lit-

erature that embed resampling schemes in ensemble learning methods. Galar et al. [2012]

describes a taxonomy and presents a comprehensive comparison of such algorithms for clas-

sification problems. Many of these algorithms effectively present minor improvements or re-

finements to popular approaches. Alternative to implementing every single unique algorithm

for training ensembles, the present research proposes employing a systematic approach to

combine preprocessing resampling and ensemble training algorithms, in a modular fashion;

such combinations are referred to as ’hybrid methods’. Hybrid methods hope to achieve the

benefits of both standalone methods: improved performance on high stage while maintaining

good generalisability. Thus, in this research, every permutation of resampling (RUS, ROS, and

SMOTER) and ensemble methods (RWB, Bagging, AdaBoost, and LSBoost) is evaluated, re-
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sulting in twelve unique hybrid methods. For resampling combinations with RWB ensembles,

the resampling is performed once, thus, diversity is only obtained from the initialisation of the

ANN. This combination is equivalent to evaluating each resampling technique individually, to

provide a basis for comparison with resampling repeated for each ensemble member, as used

in the other ensemble-based configurations. For combinations of resampling with Bagging, Ad-

aBoost, and LSBoost, the resampling procedure is performed for training each new ensemble

member. One non-intuitive hybrid case is the combination of SMOTER with AdaBoost, be-

cause the synthetically generated samples do not have predetermined error weights. A pre-

vious study has recommended assigning the initial weight value to synthetic samples [Dı́ez-

Pastor et al., 2015a]. However, this research proposes that synthetic sample weights are calcu-

lated in the same manner as the synthetic samples (e.g., based on the randomly interpolated

point between a sample and a random neighbouring point). Thus, if two samples with rela-

tively high weights are used to generate a synthetic sample, the new sample will have a similar

weight.

The hyperparameters for each of the resampling and ensemble method employed in this study

are listed in Table 4.4. Every ensemble uses the ANN described in Sect. 4.4.2 as the individ-

ual learner. The hyperparameters of the individual learner are kept the same throughout all

of the ensemble methods to allow for a fair comparison [Shu and Burn, 2004] (excluding of

course the number of epochs, which is determined through validation stop-training).

4.5.4 Model implementation and evaluation

All aspects of this work are implemented in MATLAB 2020a. The Neural Network Toolbox

was used to train the baseline ANN models. The resampling and ensemble algorithms used in

this research were programmed by the authors and available upon request; the pseudocode for

each method is available in Appendix D.2.
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Table 4.4: Summary of ensemble methods and hyperparameters.

Type Complete name Short form Hyperparameters

Resampling
Random undersampling RUS Rare case threshold (θHS) = 80th percentile stage
Random oversampling ROS Rare case threshold (θHS) = 80th percentile stage

Synthetic minority
oversampling technique

SMOTER

Rare case threshold (θHS) = 80th percentile stage
Oversampling percentage = 400%
Undersampling percentage = 0%
K-nearest neighbours = 10

Ensemble

Randomized initial weights and biases RWB -
Bootstrap aggregating Bagging Combination weighting: uniform
Adaptive boosting
(for regression using error thresholding)

AdaBoost
Error threshold = 80th percentile of base model error
Resampling/reweighting= resampling

Least squares boosting LSBoost
Learning rate = 1
Combination weight = least squares
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4.5.4.1 Performance assessment

The challenges of training models on imbalanced datasets outlined in Sect. 4.3 and evaluating

model performance are one and the same: many traditional performance metrics (e.g., MSE,

CE, etc.) are biased towards the most frequent stage values and the metrics are insensitive to

changes in high stage accuracy. In fact, despite their widespread use, these metrics are criti-

cised in literature. For example, ANN models for sunspot prediction produced a lower RMSE

(equivalent to CE when used on datasets with the same observed mean) compared to conven-

tional models, however were found to have no predictive value [Abrahart et al., 2007]. Sim-

ilarly, CE values may be misleadingly favourable if there is significant observed seasonality

[Ehret and Zehe, 2011]. CE is also associated with the underestimation of peak flows, volume

balance errors, and undersized variability [Gupta et al., 2009, Ehret and Zehe, 2011]. Zhan

et al. [2019] suggest that CE is sensitive to peak flows due to the square term. This assertion

is correct while comparing two samples, however, when datasets are imbalanced, the errors of

typical stage overwhelm those of high stage. Ehret and Zehe [2011] evaluate the relationship

between phase error and RMSE using triangular hydrographs; their study shows how RMSE

is highly sensitive to minor phase errors, however, when a hydrograph has a phase and ampli-

tude error RMSE is much more sensitive to overpredictions compared to underpredictions.

The coefficient of efficiency (CE), commonly known as the Nash-Sutcliffe efficiency, is given by

the following formula:

CE = 1−
∑

(q(t)− q̂(t))2∑
(q(t)− q̄)2

(18)

where q is the observed stage, q̂ is the predicted stage, and q̄ is the mean observed stage.

The persistence index (PI) is a measure similar to CE, but instead of normalising the sum of

squared error of a model based on the observed variance, it is normalised based on the sum

of squared error between the target variable and itself, lagged by the lead time of the fore-

cast model (referred to as the naive model). Thus, the CE and PI range from an optimum

value of 1 to -∞, with values of 0 corresponding to models that are indistinguishable from the

observed mean and naive models, respectively. Since both models use antecedent input vari-

ables with lag times equal to the forecast length, PI is a useful indicator for over-reliance on

this input variable, which has been associated with peak stage timing error [de Vos and Rien-

tjes, 2009]. Furthermore, the PI measure overcomes some of the weaknesses of CE, such as a
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misleadingly high value for seasonal watersheds. Moreover, PI is effective in identifying when

models become over-reliant on autoregressive inputs, as the model predictions will resemble

those of the naive model. PI is given by the following formula:

PI = 1−
∑

(q(t)− q̂(t))2∑
(q(t)− q(t− L))2

(19)

where L is the lead time of the forecast.

In order to quantify changes in model performance on high stage, both the CE and PI mea-

sures are calculated for typical stage (TS) and high stage (HS) [Crochemore et al., 2015].

The resampling methods are expected to improve the high stage CE at the expense of CE

for typical stage, while ensemble methods are expected to produce an outright improvement

in model generalisation, reflected by reduced loss in performance between the calibration and

test data partitions. Thus, the objective of this research is to find model configurations with

improved performance on high stage while maintaining strong performance overall. TS and

HS performance metrics are calculated based only on the respective observed stage. For ex-

ample, the CE for high stage is calculated by:

CEHS = 1−
∑

(qHS(t)− q̂HS(t))2∑
(qHS(t)− q̄HS)2

(20)

where qHS is given by:

qHS = q | q ≥ θHS (21)

The performance for CETS , PIHS , and PITS are calculated in the same manner, substituting

qTS(t) for qHS(t) in Eq. 21 for HS calculations, and using Eq. 19 in place of Eq. 18 for PI

calculations.

4.5.4.2 K-fold cross-validation

The entire available dataset is used for both training and testing by the use of KFCV, a widely

used cross-validation method [Hastie et al., 2009, Bennett et al., 2013, Solomatine and Os-

tfeld, 2008, Snieder et al., 2020]. Ten folds are used in total; eight folds for calibration and

two for testing. Of the eight calibration folds, six are used for training, while two are used for

early-stopping. When performance is reported as a single value, it refers to the mean model
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Figure 4.6: Test MSE across ensemble size for RWB (red), Bagging (blue), AdaBoost (yel-
low), and LSBoost (green) for the Don (a) and Bow River (b).

performance of the respective partition across K-folds. It is important to distinguish between

the application of KFCV for evaluation (as used in this research) as opposed to using KFCV

for producing ensembles, in which an ensemble of models is trained based on a KFCV data

partitioning scheme [Duncan, 2014].

4.6 Results

This section provides a comparison of the performance of each of the methods described through-

out Sect. 4.5 applied to the Bow and Don River watersheds, which are described in Sect. 4.4.1.

Changes to model performance are typically discussed relative to the individual learner (see

Sect. 4.4.2), unless explicit comparisons are specified. First, the results of a grid-search analy-

sis of ensemble size is provided. Next, general overview and comparison of the results are pre-

sented, followed by detailed comparison of the resampling and ensemble methods. Finally, the

effects that varying the HS threshold and ensemble size have on resampling and high stage

performance are evaluated for the Bagging and SMOTER-Bagging models.

Fig. 4.6 illustrates the change in test performance as the ensemble size increases from 2 to

100 for each river. This grid-search is performed only for the base ensemble methods (RWB,

Bagging, AdaBoost, and LSBoost) without any resampling. The Bow River results indicates

that AdaBoost and LSBoost tend to favour a small ensemble size (2-15 members), whereas

the generalisation of RWB and Bagging improves with a larger size (> 20 members). The per-

formance of LSBoost rapidly deteriorates as the ensemble size grows, likely as the effects of

overfitting become more pronounced. Similar results are obtained for the Don, except that
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RWB, Bagging, and AdaBoost all improve with larger ensemble size, while LSBoost performs

worse than all other ensembles, even for small ensemble sizes. Similar to the Bow, a larger en-

semble size (>20 members) produces favourable MSE.
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Figure 4.7: Overall (blue), typical stage (red), and high stage (yellow) CE (a) and PI (b) for
the Bow River models.

Figs. 4.7 and 4.8 show the CE and PI box-whisker plots for the Bow and Don Rivers, respec-

tively. These figures show the performance of the test dataset, across the K-folds, for each re-

sampling, ensemble, and hybrid technique, as well as the individual learner. The performance

metrics are calculated for the entire dataset, the HS values, and the TS values. Models with

a larger range have more variable performance when evaluated across different subsets of the
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Figure 4.8: Overall (blue), typical stage (red), and high stage (yellow) CE (a) and PI (b) for
the Don River models.

available data.

The average performance for each resampling, ensemble, and hybrid methods for the Bow

and Don River models are shown in Tables 4.5 and 4.6, respectively, which list the CE and

PI for the entire dataset, as well as the TS and the HS datasets. The ensemble results for

each KFCV fold were combined using a simple arithmetic average. The results have been sep-

arated into different categories: each section starts with the ensemble technique (either RWB,

Bagging, AdaBoost, or LSBoost), followed by the three hybrid variations (RUS-, ROS-, or
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Table 4.5: Mean CE and PI scores for all, typical, and high stage for the Bow River ensem-
bles; the highest scores are shown in bold and the calibration scores are italicised and enclosed
by parentheses.

Label CE CETS CEHS PI PITS PIHS

Base model (0.967) 0.954 (0.954) 0.944 (0.829) 0.617 (0.182) -0.166 (0.111) -0.0593 (0.227) -0.175

RWB (0.974) 0.962 (0.96) 0.951 (0.865) 0.718 (0.331) 0.0731 (0.229) 0.0856 (0.392) 0.128
RUS-RWB (0.972) 0.956 (0.954) 0.947 (0.863) 0.68 (0.286) -0.0505 (0.116) -0.013 (0.384) 0.015
ROS-RWB (0.973) 0.957 (0.955) 0.947 (0.87) 0.681 (0.312) -0.0266 (0.125) 0.00468 (0.418) 0.0454

SMOTER-RWB (0.974) 0.963 (0.957) 0.948 (0.871) 0.72 (0.329) 0.0524 (0.176) 0.0168 (0.417) 0.139

Bagging (0.973) 0.961 (0.96) 0.952 (0.86) 0.709 (0.32) 0.0503 (0.234) 0.0886 (0.372) 0.0887
RUS-Bagging (0.972) 0.961 (0.955) 0.945 (0.867) 0.715 (0.298) 0.00346 (0.119) -0.0403 (0.399) 0.116
ROS-Bagging (0.973) 0.959 (0.954) 0.943 (0.873) 0.696 (0.312) -0.0374 (0.111) -0.0851 (0.425) 0.0896

SMOTER-Bagging (0.974) 0.962 (0.957) 0.948 (0.873) 0.719 (0.333) 0.0511 (0.17) 0.018 (0.427) 0.144

AdaBoost (0.974) 0.963 (0.96) 0.95 (0.865) 0.719 (0.327) 0.0465 (0.22) 0.0488 (0.389) 0.112
RUS-AdaBoost (0.972) 0.959 (0.954) 0.942 (0.865) 0.693 (0.288) -0.0642 (0.107) -0.105 (0.39) 0.0509
ROS-AdaBoost (0.972) 0.956 (0.951) 0.942 (0.872) 0.673 (0.291) -0.114 (0.052) -0.109 (0.424) -0.0307

SMOTER-AdaBoost (0.974) 0.962 (0.957) 0.947 (0.872) 0.714 (0.331) 0.0259 (0.166) -0.00642 (0.425) 0.121

LSBoost (0.974) 0.948 (0.958) 0.907 (0.869) 0.666 (0.328) -0.504 (0.189) -0.786 (0.403) -0.104
RUS-LSBoost (0.97) 0.904 (0.952) 0.944 (0.854) 0.364 (0.246) -0.718 (0.0643) -0.0609 (0.35) -0.824
ROS-LSBoost (0.973) 0.929 (0.952) 0.944 (0.875) 0.517 (0.304) -0.425 (0.0638) -0.0757 (0.435) -0.431

SMOTER-LSBoost (0.973) 0.958 (0.954) 0.946 (0.868) 0.684 (0.3) -0.0522 (0.117) -0.0255 (0.401) 0.00239

SMOTER-). The calibration (training and validation) performance is indicated in parentheses

and italics, followed by the test performance. Comparing both the calibration and test perfor-

mance is useful since it provides a sense of overfitting, hence, generalisation. For example, an

improvement in calibration performance and decrease in test performance suggests that the

model has been overfitted. In contrast, improvements to both partitions indicates favourable

model generalisation. The best performing model (based on testing performance) have been

highlighted in bold text for each performance metric, CE and PI, for both watersheds.

Based on the CE values in Figs. 4.7 - 4.8 and Tables 4.5 - 4.6, the majority of the Bow and

Don River models achieve “acceptable” prediction accuracy (as defined by D. N. Moriasi et al.

[2007]). Values of CETS and CEHS are both lower than the CE, which is to be expected, as

the stage variance of each subset is lower than that of the set of all stage values. For the Bow

River models, the CE and CETS values are consistently higher than the CEHS ; this is at-

tributable to the high seasonality of the watershed producing a misleadingly high value for

CE due to the high variance of stage throughout the year, as discussed in Sect. 4.5.4.1. The

CEHS values also have higher variability compared to the overall CE and CETS , as shown in

Fig. 4.7a. In contrast, for the Don River models, the difference in CE, CETS , and CEHS is

less pronounced; whereas the CE (for the entire dataset) is typically higher, as expected, than

both the CETS and CEHS , the difference between CETS and CEHS is low, as demonstrated

in the mean and range of the box-whisker plots in Fig. 4.8a. Unlike the Bow River, the Don

River does not exhibit notable seasonality, resulting in smaller difference between the HS and
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Table 4.6: Mean CE and PI scores for all, typical, and high stage for the Don River ensem-
bles; the highest scores are shown in bold and the calibration scores are italicised and enclosed
by parentheses

Label CE CETS CEHS PI PITS PIHS

Base model (0.86) 0.781 (0.782) 0.664 (0.677) 0.511 (0.716) 0.592 (0.0197) -0.213 (0.74) 0.61

RWB (0.873) 0.806 (0.814) 0.755 (0.705) 0.572 (0.744) 0.641 (0.165) 0.0944 (0.763) 0.654
RUS-RWB (0.853) 0.792 (0.638) 0.588 (0.685) 0.555 (0.704) 0.615 (-0.585) -0.63 (0.746) 0.645
ROS-RWB (0.864) 0.799 (0.629) 0.488 (0.715) 0.584 (0.726) 0.624 (-0.632) -0.991 (0.771) 0.665

SMOTER-RWB (0.866) 0.795 (0.642) 0.552 (0.715) 0.57 (0.729) 0.618 (-0.573) -0.749 (0.771) 0.656

Bagging (0.869) 0.808 (0.811) 0.757 (0.696) 0.581 (0.736) 0.65 (0.154) 0.0875 (0.755) 0.663
RUS-Bagging (0.864) 0.805 (0.676) 0.609 (0.706) 0.585 (0.726) 0.638 (-0.433) -0.502 (0.764) 0.668
ROS-Bagging (0.858) 0.795 (0.553) 0.271 (0.716) 0.584 (0.712) 0.618 (-1.14) -1.41 (0.771) 0.665

SMOTER-Bagging (0.865) 0.798 (0.604) 0.526 (0.718) 0.581 (0.729) 0.623 (-0.705) -0.888 (0.774) 0.662

AdaBoost (0.87) 0.803 (0.807) 0.744 (0.698) 0.567 (0.737) 0.637 (0.136) 0.0393 (0.758) 0.651
RUS-AdaBoost (0.857) 0.787 (0.658) 0.53 (0.694) 0.553 (0.712) 0.613 (-0.51) -0.888 (0.754) 0.646
ROS-AdaBoost (0.864) 0.793 (0.604) 0.516 (0.718) 0.575 (0.726) 0.616 (-0.725) -1.07 (0.773) 0.658

SMOTER-AdaBoost (0.867) 0.801 (0.667) 0.578 (0.715) 0.584 (0.732) 0.629 (-0.46) -0.743 (0.771) 0.665

LSBoost (0.869) 0.746 (0.813) 0.741 (0.696) 0.446 (0.736) 0.555 (0.169) 0.0719 (0.755) 0.567
RUS-LSBoost (0.835) 0.715 (0.744) 0.685 (0.625) 0.419 (0.67) 0.513 (-0.128) -0.207 (0.697) 0.548
ROS-LSBoost (0.871) 0.759 (0.761) 0.716 (0.708) 0.472 (0.738) 0.561 (-0.0738) -0.0931 (0.766) 0.579

SMOTER-LSBoost (0.871) 0.787 (0.775) 0.695 (0.707) 0.537 (0.74) 0.599 (0.00723) -0.0914 (0.765) 0.62

TS.

Values of PI are typically lower than for CE for both watersheds. The Bow River models ob-

tain PI values centred around 0 (see Fig. 4.7b), indicating that only some of the model con-

figurations perform with greater accuracy than the naive model, meaning that a timing error

exists. The box-whisker plots of each ensemble method do not show a clear trend (with re-

spect to the mean value or range) when comparing the PI, PITS , and PIHS : the mean and

range are similar for all variants tested.

The Don River models have positive PI values of approximately 0.6, indicating a lower re-

liance on autoregressive input variables, when compared to the Bow River. And in contrast

to the Bow River, there is a notable difference between the PI metrics: the PITS has a lower

mean value and higher variance (see Fig. 4.8b) than the PI (for the entire dataset) and the

PIHS . These lower PITS are due to the low variability (steadiness) of the Don River TFs

(see Fig. 4.4), and thus, the sum of squared error between the naive model and observed stage

is also low, reducing the PI value. The low value of PITS is attributed to the quality of the

naive model, not the inaccuracy of the ANN counterpart. Note that PIHS are typically slightly

higher than the overall PI: during high stage, there is greater variability, thus the naive model

is less accurate, resulting in a higher PI score.
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4.6.1 Comparison of resampling and ensemble methods

This section provide a detailed comparison of performance across the different resampling and

ensemble methods. As expected, all three resampling methods (RUS, ROS,and SMOTER)

typically increase HS performance, often at the expense of TS performance. Based on re-

sults shown in Table 4.5, the SMOTER- variations provide the highest performance for HS

for the Bow River. SMOTER-RWB CEHS is 0.72, an increase from 0.617 of the individual

learner, whereas the SMOTER-Bagging PIHS is 0.144, compared to -0.175 for the individual

learner. These indicators suggest that the HS prediction accuracy has improved slightly using

these SMOTER variations. The results shown in Table 4.6 for the Don River indicate that the

best improvements for HS prediction accuracy is provided by the RUS-Bagging method: the

CEHS is 0.585 (an increase from 0.511 of the individual learner), and the PIHS is 0.668 (an

increase from 0.61 of the individual learner). While both these metrics show an improvement

in HS prediction accuracy for the Don River, the improvements are relatively small compared

to the performance improvement for the Bow River. ROS often exhibits poorer performance

than SMOTER and RUS. Previous research has noted the tendency for ROS-based models

to overfit, due to the high number of duplicate samples [Yap et al., 2014]. RUS, despite us-

ing considerable less training data for each individual learner, is not as prone to overfitting as

ROS. The RUS-Bagging models consistently outperform the RUS-RWB models; this may be

due to the repeated resampling, thus RUS-Bagging uses much more of the original training

samples, while RUS-RWB only uses 20% of the original data.

Figures 4.9 and 4.10 show absolute changes in CE and PI relative to the individual learner

for the Bow and Don Rivers, respectively, for the entire dataset, the TS and the HS. Per-

formance is colourised in a 2D matrix to facilitate comparisons in performance between each

resampling methods across ensemble types and vice versa. From these figures, it is apparent

that SMOTER generally produces the largest improvements in HS performance, for both

CE and PI, and for both watersheds. The SMOTER methods are also generally the least

detrimental to TS performance for both watersheds, as compared to ROS and RUS. Notably,

SMOTER is the only resampling method whose performance does not decrease when used in

combination with LSBoost. However, the change in performance due to SMOTER is marginal

compared to the models without resampling. For the Bow River, the largest improvements

between the best models with no resampling and the best models with resampling for CEHS
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Figure 4.9: Change in (absolute) performance of CE (a), CETS (b), CEHS (c), PI (d), PITS

(e), PIHS (f) produced by combinations of resampling (listed along the x-axis) and ensemble
(listed along the y-axis) methods for the Bow River models.

and PIHS are 0.001 and 0.016, respectively. For the Don River, the same improvements are

0.004 and 0.005, respectively. The remaining resampling methods (RUS and ROS) also gener-

ally tend to improve HS performance across the ensemble techniques; however this improve-

ment is not consistent, as is the case with SMOTER, and the decrease is TS performance is

also higher. Thus, while SMOTER provides consistent improvements over the non-resampling

methods for CE and PI (entire, TS, and HS), RUS and ROS only provide minor improve-

ments to HS performance.

When looking at the resampling methods, the RWB ensembles exhibit competitive perfor-

mance compared to the other ensemble methods, despite their lower diversity. These ensem-

bles represent a considerable improvement over the individual learner and often achieve higher

performance compared to the other, more complex ensemble methods, as shown in Tables 4.5

and 4.6. This suggests that using RWB is useful for improving CE and PI performance (for

entire, TS, and HS) as compared to the single, individual learner. For the Bow River, the

RWB ensembles improve the PI for each case (PI, PITS , and PIHS), whereas only improving

CEHS . For the Don River models, a notable increase in performance is seen for both CE and

PI (entire and HS datasets); however, when combined with the resampling techniques (RUS,

ROS, and SMOTER), the TS performance metrics exhibit poorer performance.

The Bagging ensembles also perform well, typically outperforming the RWB counterparts, and
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Figure 4.10: Change in (absolute) performance of CE (a), CETS (b), CEHS (c), PI (d),
PITS (e), PIHS (f) produced by combinations of resampling (listed along the x-axis) and en-
semble (listed along the y-axis) methods for the Don River models.

following the same trends described above. This is likely due to their repeated resampling,

which achieves greater ensemble diversity compared to the RWB models, for which resam-

pling only occurs once. This result is consistent with a previous comparison of Bagging and

boosting [Shu and Burn, 2004]. Like RWB and Bagging, AdaBoost improves model perfor-

mance compared to the individual learner, but is typically slightly poorer compared to RWB

and Bagging, and has higher variability in terms of improvement to model performance across

all model types and both watersheds. The RWB, Bagging, and Adaboost models consistently

improve TS and HS performance compared to the individual learner regardless of whether

they are combined with a resampling strategy.

The LSBoost models have the poorest HS performance out of all the ensemble methods stud-

ied. This is consistent across all resampling methods and both watersheds. In contrast, the

change in performance for CETS and PITS is less detrimental when using LSBoost, suggest-

ing that this method is not well-suited to improve HS performance. The LSBoost models are

slightly overfitted, despite utilising the stop-training for calibrating the ANN ensemble mem-

bers. This is indicated by the degradation in performance between the calibration and test

dataset, a change which is larger than that seen in the other ensemble models. This is most

noticeable for the RUS-LSBoost models for both the Bow and the Don Rivers, which are more

prone to overfitting compared to other models, due to the smaller number of training samples.
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Figure 4.11: MSE ratio between Bagging and SMOTER-Bagging models for the Bow River
calibration (a), Bow test (c), Don River calibration (b), and Don test (d) partitions across
high stage threshold values ranging from the 50th to 90th percentile stage values.

The CE decreases from 0.97 to 0.902 for the Bow and 0.835 to 0.715 for the Don River; none

of the other models that use RUS exhibit such a gap between train and test performance.

The overfitting produced by the boosting methods is consistent with previous research, which

finds that boosting is sometimes prone to overfitting on real-world datasets [Vezhnevets and

Barinova, 2007]. One reason that the improvements made by the boosting methods (AdaBoost

and LSBoost) are not more substantial may be due to the use of ANNs as individual learners.

ANNs typically have more degrees of freedom compared to the decision trees that are most

commonly used as individual learners; thus, the additional complexity offered by boosting

does little to improve model predictions. Additionally, the boosting methods further increase

the effective degrees of freedom of the predictions. Nevertheless, these methods still tend to

improve performance over that of the individual learner. Ensembles of less complex models

such as regression trees are expected to produce relatively larger improvements when relative

to the single model predictions.
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Figure 4.12: Test MSE ratio between Bagging and SMOTER-Bagging models for the Bow (a)
and the Don (b) Rivers across ensemble size.

As discussed in Sect. 4.4.1, a fixed threshold is used to distinguish between high and typical

stage values, which was set to 80% for the results presented above. Fig. 4.11 shows the effects

of the fixed threshold increasing from the 50th to 90th percentile of the stage distribution.

These plots show the relative effects of SMOTER-Bagging compared to simple Bagging; these

configurations were selected for this comparison since they both exhibited relatively good,

consistent performance. A performance ratio greater than 1 indicates that the SMOTER-

Bagging model has greater error compared to the Bagging model, 1 indicates that they have

the same performance, and less than 1, improved performance. Error is presented for all stage

values as well as the TS and HS subsets. The calibration plots illustrate an asymmetric trade-

off between HS and TS error. For a given θHS value, the error ratio of the TS subset in-

creases more than the decline in HS error. More importantly, the improvements in HS per-

formance obtained in calibration are considerably less pronounced in the test dataset, despite

a loss in TS performance.

Fig. 4.12 illustrates the effects of varying the ensemble size, thus, number of resampling rep-

etitions, for the SMOTER-Bagging model, relative to the simple Bagging model. The plot

shows the relative improvement in HS produced by the SMOTER resampling as the ensem-

ble size increases, reaching a steady value at an ensemble size of approximately 70 for both

the Don and Bow systems. This is larger than that required for the simple Bagging model to

reach steady performance, shown in Fig. 4.6, indicating that SMOTER requires more resam-

pling than regular resampling with replacement (default in Bagging) in order to reach stable

performance. Consistent with observations made from Fig. 4.11, an asymmetric trade-off be-

tween typical and high stage performance is noted, illustrated by the disproportionate increase
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in error on typical stage, relative to the improvement on high stage.

4.6.2 Limitations and future work

A limitation of this study is the lack of a systematic case-by-case hyperparameter optimisa-

tion of the models. The individual learner parameters (e.g. topology, activation function, etc.)

were constant across all ensemble members. Likewise, the ensemble hyperparameters were not

optimised, but simply tuned using an ad-hoc approach. A systematic approach to hyperpa-

rameter optimisation for each model will likely yield improved model performance. However,

hyperparameter optimisation on such a scale would be very computationally expensive. Sim-

ilarly, the selection of the HS threshold may affect CEHS and PIHS performance, and the

sensitivity of model performance of this threshold should be explored. This research featured

resampling and ensemble methods for improving prediction accuracy across an imbalanced

target dataset, i.e., the high stage. Further to imbalanced target data, flood forecasting appli-

cations commonly have imbalanced cost; for example, underprediction is typically more costly

than overprediction. The use of cost-functions, such as asymmetric weighting applied to un-

derpredictions and overpredictions, for flood forecasting has been shown to reduce underpre-

diction of flooding [Toth, 2016]. Many cost-sensitive ensemble techniques (e.g., Galar et al.

[2012]) have yet to be explored in the context of flood forecasting models and should be the

focus of future work.

4.7 Conclusion

This research presented the first systematic comparison of the effects of combined resampling

and ensemble techniques for improving the accuracy of flow forecasting models, specifically

for high stage (infrequent) observations. Methods were applied to two Canadian watersheds,

the Bow River in Alberta, and the Don River, in Ontario. This research attempts to address

the widespread problem of poor performance on high stage when using data-driven approaches

such as ANNs. Improving performance on high stage is essential for model applications such

as early flood warning systems. Three resampling and four ensemble techniques are imple-

mented as part of ANN flow forecasting models, for both watersheds. These methods are as-

sessed independently and systematically combined in hybrid approaches, as to assess their effi-

cacy for improving high stage performance. A major contribution of this paper is the compre-

hensive evaluation of these hybrid methods, most of which are the first instances in the water
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resources field. While methodologies for these combination methods are available in existing

machine learning literature, our proposed implementation of SMOTER-AdaBoost is a novel

improvement. Results demonstrate that resampling methods, when embedded in ensemble al-

gorithms, generally only produces a small improvement in high stage performance, based on

CE and PI; the SMOTER variation provided the most consistent improvements. An asym-

metric trade-off between typical and high stage performance is observed, in which improved

high stage performance produced disproportionately worse typical flow performance. Such a

trade-off should be carefully considered while implementing these methods. Further research

on this topic may explore the combination of cost-sensitive approaches with ensemble meth-

ods, which would allow for more aggressive penalisation of poor accuracy on high stage.
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5 A diversity centric strategy for the selection of spatio-temporal

training data for LSTM-based streamflow forecasting

5.1 Preface

Work on a series ‘large-sample’ studies, that is, including several hundred basins, began as

a result of a collaboration between York University and Onario’s Ministry of the Environ-

ment Conservation and Parks. My role on the project consisted of developing flood forecasting

models for all basins (with available data) located along the Canadian shoreline of Lake On-

tario. Following the project, the study area was expanded to include all of Southern Ontario,

which permitted the study of spatiotemporal trends in model behaviour and performance.

This early work was presented at the 2021 AGU General Assembly (virtual presentation). The

publication of the HYSETS database in 2020, which contains clean hydroclimatic data for all

of North America, allowed for the expansion of the study area to include all of Canada. The

Canada-wide research was presented at several conferences, including the EGU General As-

sembly (2022, 2023) and the Canadian Water Resources Annual Conference (2022). The first

of several planned manuscripts (which are beyond the scope of this dissertation) was submit-

ted to Hydrology and Earth Systems Science as follows:

Snieder, E. and Khan, U. T. (2024, preprint). A diversity centric strategy for the selection of

spatio-temporal training data for LSTM-based streamflow forecasting, Hydrology and Earth

System Sciences Discussions, 2024, 1–23, https://doi.org/10.5194/hess-2024-169

The conference citations are as follows:

Snieder, E., Khan, U. T. (2021). Large-scale analysis of machine learning based flow forecast-

ing models for Southern Ontario. Poster presentation at the AGU General Assembly. Hybrid

Poster.

Snieder, E., Khan, U. T. (2022). Large-scale evaluation of temporal trends in ANN behaviour

for daily flow forecasts in Canadian catchments. Podium presentation at the EGU General

Assembly. Vienna, Austria.

Snieder, E., Khan, U. T. (2022). An ANN-based Canada-wide flood forecasting system. Podium

presentation at the Canadian Water Resources Association National Conference. Canmore,
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Canada.

Snieder, E., Khan, U. T. (2023). A large sample study of the effects of upstream hydrometeo-

rological input features for LSTM-based daily flow forecasting in Canadian catchments. Poster

presentation at the EGU General Assembly. Vienna, Austria.

Khan, U. T. Snieder, E. (2023). Cluster-based hyperparameter optimisation for LSTM-based

flow forecasting in Canadian catchments. Podium presentation at the EGU General Assembly.

Vienna, Austria.

Contributions to this chapter are as follows: E. Snieder: conceptualisation; data curation;

formal analysis; investigation; methodology; visualisation; writing - original draft. U. T. Khan:

conceptualisation; funding acquisition; supervision; writing - editing, revisions.
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5.2 Abstract

Deep learning models are increasingly being applied to streamflow forecasting problems. Their

success is in part attributed to the large and hydrologically diverse datasets on which they are

trained. However, common data selection methods fail to explicitly account for hydrological

diversity contained within training data. In this research, clustering is applied to temporal

and spatial datasets in order to better understand the importance of hydrological diversity

within regional training datasets. This study presents a novel resampling approach to cre-

ating hydrologically diverse datasets. First, the undersampling procedure is used to under-

sample temporal data, and is used to show how the amount of temporal data needed to train

models can be halved without any loss in performance. Next, it is applied to reduce the num-

ber of basins in the training dataset. While basins cannot be omitted from training without

some loss in performance, we show how hydrologically dissimilar basins are highly beneficial

to model performance. This is shown empirically for Canadian basins; models trained to sets

of basins separated by thousands of kilometres outperform models trained to localised clus-

ters. We strongly recommend an approach to training data selection that encourages a broad

representation of diverse hydrological processes.

5.3 Introduction

Floods constitute a major threat to populations and infrastructure and are projected to in-

crease in severity due to climate change and urbanisation. Flood early warning systems (FEWS),

which rely on models that predict streamflow, provide advanced notice of flood risk and are

considered amongst the best ways to mitigate flood damage. Many Canadian communities

lack any sort of FEWS, making them vulnerable to flood damage. Over the past 3 decades,

machine learning (ML) models have been increasingly applied for streamflow prediction and

represent significant potential for improving the accuracy and coverage of FEWS in flood

prone regions. Recently, several large sample studies have shown that ML models can consis-

tently outperform traditional, physics-based hydrological models [Mai et al., 2022, Arsenault

et al., 2023a, Kratzert et al., 2019b], which underscores their proficiency for FEWS.

ML model development has typically followed the same format as physics-based models, in

that a single model is parameterised and calibrated on an individual basin, which is referred

to as a locally trained model. The work by Kratzert et al. [2019b] demonstrated that the ac-
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curacy of ML models can be improved by training a model to a set of basins, rather than an

individual basin, which is referred to as a regionally trained model. Regional training relies on

deep learning architectures such as long-short term memory networks (LSTMs), which have

recently surged in popularity for streamflow forecasting applications and are considered to

be state-of-the-art [Fang et al., 2022]. Recent advances in regional learning have focused on

improvements to model architectures [Nevo et al., 2022, Girihagama et al., 2022], and bench-

marking against traditional physics-based models [Lees et al., 2021, Arsenault et al., 2023a].

Broadly speaking, physics-based and ML hydrological models benefit from diverse training

data, which improves their performance on future, unseen conditions. Locally trained models

are only provided with temporally diverse data at a single point in space. In contrast, region-

ally trained models have been empirically shown to outperform locally trained models in sev-

eral works [Kratzert et al., 2019b, Zhang et al., 2022], and their success is in part attributable

to the spatial and temporal hydrological diversity contained in the multi-basin datasets on

which they are trained [Kratzert et al., 2019b].

However, there is currently little guidance on optimum basin (spatial) selection of training

data for these models. Often times, models are trained to complete large-sample datasets

(e.g., CAMELS US). However, with increasingly large, global hydrological datasets, it is not

always practical or feasible to train to all available data, especially when conducting compu-

tationally expensive tasks such as hyperparameter selection, which is required to achieve op-

timum model performance, or creating multimodel ensembles. Therefore, there is a need for

improved guidance on efficient methods for training data selection, to maximise model per-

formance and generalisation. Many of the deep learning advances in hydrology have utilised

well-established large-sample basins (e.g., CAMELS-US, CAMELS-AUS). Canada is a coun-

try with a diverse hydrological landscape, characterised by coastal regions, mountain, urban,

and exposed rock in the form of the Canadian shield. The effectiveness of regionally trained

models has not yet been well established on highly diverse Canadian basins.

When training a model to predict streamflows in some region of interest, the goal is to select

the most relevant spatial and temporal data, while avoiding data that has either no impact

or a negative impact on model performance. Unsupervised clustering has been used in pre-

vious studies as a data-driven approach to identify spatial and temporal diversity within a
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training dataset [Toth, 2009, Kratzert et al., 2024]. The application of clustering as a means

to identify spatial and temporal diversity is in itself nothing new. Many studies have applied

clustering to spatial and temporal data as a means to quantify hydrological diversity. How-

ever, the treatment of hydrological diversity generally follows one of two approaches: either, it

is used to generate hydrologically diverse datasets, or datasets with homogeneous hydrological

conditions. The former, aims to generalise models to a wide range of conditions, promoting

balanced performance and good generalisation, while the latter aims to simplify the learn-

ing problem, improving performance in similar conditions. Both approaches have been used

successfully for temporal streamflow clustering. Anctil and Lauzon [2004a] apply an SOM

to streamflow data in a single basin to create a training dataset with a balanced representa-

tion of diverse hydrological states. In contrast, Toth [2009] use an SOM to classify stream-

flow into homogeneous subsets, on which individual models are trained and combined in a

modular format. Their approach is found to improve overall prediction accuracy, which can

be attributed to the error diversity of the collection of trained models. [Snieder et al., 2021]

partition streamflows into typical streamflows and high streamflows, in order to undersample

typical streamflows and oversample high streamflows, which is found to improve performance

on the latter, which is desirable for FEWS applications. The same motivation has led to nu-

merous applications of clustering on basins, particularly in regional training schemes. For ex-

ample, Gauch et al. [2021] showed that implicitly increasing hydrological diversity of regional

training datasets, by iteratively increasing the number of basins, as well as the amount of data

in each basin, improves model generalisation. However, the study does not explicitly quantify

hydrological diversity, in part due to the absence of a widely agreed upon metric for hydro-

logical similarity [Oudin et al., 2010]. However, other studies have used clustering to estimate

hydrological diversity, such that basin selection can explicitly account for hydrological diver-

sity. These cases tend to use some form of clustering (either supervised or unsupervised) to

quantify hydrological diversity within training data and the effects it has on model generali-

sation. Zhang et al. [2022] clustered a set of 35 mountainous basins in China based on hydro-

climatic attributes, finding that a model trained to all available basin typically outperformed

those trained to individual clusters. Hashemi et al. [2022] applied a similar approach by clus-

tering basins into hydrological regions based on the ranges of indices derived from streamflow,

precipitation, and temperature. As done in Zhang et al. [2022], their study compared locally

and globally trained models, finding only minor differences in the performance between the
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two. A common problem in comparing global and locally trained models is that these com-

parisons typically do not control for sample size. As a result, the improved performance of

the global model can be impacted by the regularisation effect on the sample size. In other

words, deep learning models trained to small datasets may be overfitted and thus, poorly gen-

eralised. Fang et al. [2022] accounts for this potential issue. Their study groups basins based

on ‘ecoregions’, and evaluates the effects of additional training basins at three similarity inter-

vals. Their study showed that counterintuitively, ‘far’ or ‘dissimilar’ basins amongst the train-

ing dataset often produced greater improvements in model performance when compared to the

inclusion of ‘close’ basins. They speculate that distant basins provide an implicit regularisa-

tion effect, in other words, prevent overfitting. Fang et al. [2022] call for further investigation

into the effect that hydrological diversity has on model generalisation and underline the need

for a systematic approach. Kratzert et al. [2024] characterise hydrological diversity by apply-

ing K-Means clustering to basin attributes, finding that models trained to basins with similar

hydrological characteristics outperform randomly sampled basin sets of the same sizes. How-

ever, in every case, they show that LSTMs trained to hundreds of basins outperform those

trained to smaller subsets. They also demonstrate how regional learning improves perfor-

mance on extreme events, thus for FEWS, as the training datasets contain a higher number of

extreme events, spread across all basins. Many of these studies assume that similar basins are

most useful to one another in the context of regional learning. We challenge this assumption,

and seek to determine to what extent hydrologically similar data is beneficial for training.

The objective of this study is to study the effect that the formation of hydrologically diverse

training datasets has on model performance and generalisation. Hydrological diversity is quan-

tified using clustering, which is applied separately to streamflow (temporal) and basins (spa-

tial). This topic is analysed throughout two experiments. In the first experiment, we evaluate

the effects of removing non-diverse streamflow data from regional training datasets. The lat-

ter test is repeated, but by undersampling non-diverse basins, instead of streamflow values,

from a larger subset. In the second experiment, we compare the effects of adding ‘similar’ and

‘dissimilar’ basins to a training dataset for some region of interest. The purpose of this second

experiment is to compare the contribution of additional basins to model generalisation, with

respect to their hydrological similarity to the evaluation set.

While numerous studies have applied clustering to streamflow and basins, to the extent of the
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knowledge of the authors, the use of clustering to explicitly create spatial and temporally di-

verse training datasets is a novel approach. The outcome of these experiments has the poten-

tial to improve methods for the creating of training datasets for regionally trained models.

This topic is investigated on sequence-to-sequence (Seq2Seq) LSTMs for daily streamflow fore-

casts of 1–3 days in Canadian basins. Basins are sampled from across Canada and models are

trained using historic hydrometeorological data from the past 36 years.

5.4 Methods and Data

5.4.1 Input and target variables

This study uses data retrieved from the HYSETS dataset, which contains hydrometeorological

data for over 14,000 basins across North America [Arsenault et al., 2020]. The target vari-

able, future streamflow, is predicted using dynamic and static input features. The models

in this study are autoregressive (AR), meaning past streamflow at the target gauge is used

as one of the input features [Nearing et al., 2022]. Additional dynamic features include daily

basin-averaged minimum temperature, maximum temperature, precipitation, and snow water

equivalent (SWE), which are listed in Table 5.2. The static basin attributes, which are sum-

marised in Table 5.1 in the appendix, allow the model to transfer learned information between

basins. Some of the static attributes are included in the HYSETS database, while additional

attributes are calculated based on the dynamic timeseries, which generally follow those in-

cluded in the CAMELS dataset [Addor et al., 2017]. The additional attributes are calculated

based on the timeseries’ data already contained within HYSETS and do not rely on any exter-

nal databases. Finally, the input feature set also contains one-hot encoded basin labels [Lees

et al., 2022], which enables the model to distinguish between streamflows in different basins.

Static basin attributes are used both as input features for the streamflow forecasting model

and in the basin clustering method, which are described in Sections 5.4.3 and 5.4.3, respec-

tively.

5.4.2 Basin selection

This study only considers Canadian basins from the HYSETS database. Basin are removed

if they have less than 80% data availability within any of the training, validation, and test-

ing periods, which span a total of 36 years from Oct. to Sep. of 1982-1994, 1994-2006 and

2006-2018, respectively. The training partition is used to train the models, validation for fine-
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tuning LSTM hyperparameters, and the test partition is used to calculate model performance.

While records in some basins exist prior to 1982, it is imperative that the data used to train

and evaluate basins be from the same time period and be of a similar size. Including records

from before 1982 results in fewer basins to choose from, which tends to reduce the hydro-

logical variability of the basin set. Next, some basins are removed, due to missing static at-

tributes. These criteria produce a set of approximately 2000 basins, with highly variable at-

tributes, according to Table 5.1.
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Table 5.1: Basin static attribute statistics (mean, standard deviation, 10th, 50th, and 90th
percentile) calculated for 2363 Canadian catchments.

mean std 10% 50% 90%

elevation (m) 703 740 93.5 380 1.89e+03
slope (deg) 6.12 6.52 0.596 3.02 16
gravelius (-) 1.69 0.359 1.32 1.61 2.17
aspect (deg) 172 89 59.2 162 302
land use forest (frac) 0.435 0.294 0.0269 0.45 0.826
land use grass (frac) 0.0843 0.143 0.0018 0.027 0.24
land use wetland (frac) 0.0448 0.0892 0 0.008 0.145
land use water (frac) 0.0142 0.0315 0 0.0036 0.0349
land use urban (frac) 0.0945 0.167 0.0011 0.0464 0.219
land use shrubs (frac) 0.0987 0.153 0.0001 0.0336 0.293
land use crops (frac) 0.223 0.284 0 0.0754 0.745
land use snow ice (frac) 0.00485 0.0325 0 0 0.0001
permeability (log; m2) -13.9 1.18 -15.4 -14 -12.3
porosity (frac) 0.123 0.0641 0.0286 0.124 0.205

precip mean (mm/d) 2.74 1.19 1.29 2.71 3.93
precip high (mm/d) 13.7 5.94 6.44 13.6 19.6
precip low (mm/d) 1 0 1 1 1
precip mean (mm/mo) 83.2 36.2 38.6 82.5 120
precip mean (mm/y) 998 435 464 990 1.43e+03
precip high freq (d/yr) 3.93 0.528 3.21 4.06 4.46
precip high dur (d) 1.24 0.131 1.12 1.2 1.42
precip low freq (d/yr) 48.6 5.82 41.2 49 55.7
precip low dur (d) 5.5 2.78 3.53 4.65 8.26

baseflow index (-) 0.646 0.168 0.416 0.665 0.846
q mean (mm/d) 1.3 1.38 0.151 0.98 2.56
q high (mm/d) 11.7 12.5 1.36 8.82 23
q low (mm/d) 0.261 0.277 0.0302 0.196 0.512
q high freq (d/yr) 95.8 122 1 49 268
q high dur (d) 2.63 4.13 1 1.74 5.12
q low dur (d) 26.8 44.9 3.56 15.4 56.8
q zero freq (d/yr) 351 1.43e+03 0 0 698
q 95 (mm/d) 4.43 4.52 0.429 3.41 8.81
q 5 (mm/d) 0.162 0.316 0 0.0722 0.389
q adf (-) -12.4 6.99 -19.4 -11.6 -5.16
q seasonality (-) 0.272 0.231 0.0543 0.192 0.65
q var (mm2/d2) 9.5 27.3 0.129 3.5 19
runoff ratio (-) 0.45 0.374 0.101 0.371 0.842

tmean seasonality (-) 0.782 0.0633 0.724 0.795 0.831
tmean alltime (c) 9.95 5.32 3.77 9.81 17.5
tmax annual mean (c) 34.6 3.05 30.8 35 38.1
tmin annual mean (c) -20.8 9.73 -33 -21.3 -7.76
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Table 5.2: Dynamic features used as model inputs.

Dynamic attributes Source Units

Discharge Water Survey of Canada mm (basin normalised)
Precipitation Environment and Climate Change Canada (Quality controlled) mm
Temperature Environment and Climate Change Canada (Quality controlled) degC
SWE ERA5 mm

5.4.3 Sequence-to-sequence LSTM models

LSTM models, with a Seq2Seq architecture [Cho et al., 2014], are used to generate forecasts

at a daily resolution, at multiple lead times. Seq2Seq models are composed of an encoder

and decoder; the encoder transforms an input sequence into a fixed length context vector,

which is provided to the decoder, which outputs predictions. Recently, several studies have

demonstrated the aptness of Seq2Seq models for predicting runoff at multiple lead times [Xi-

ang et al., 2020, Girihagama et al., 2022, Zhang et al., 2022].

The Seq2Seq models in this study use hyperparameter values that are common for LSTM

rainfall runoff models. The models in this study use a hidden layer size of 128 cells, a dropout

rate of 0.2, a batch size of 32, and Adam optimisation with a decaying learning rate of 0.001

to 0.0001 across a total of 80 epochs. Input and output sequences of 7 and 3 days were used,

respectively. While an input sequence of 365 days is commonly used for streamflow prediction

[Kratzert et al., 2019b, Arsenault et al., 2023b], Gauch et al. [2021] noted that small sequences

are better suited to small basin sets, and have been used in AR models [Nevo et al., 2022].

Typically, for regional training, the error terms of individual basins are normalised based on

streamflow variance of that basin. Using the typical variance-based regularisation applied to

the cost function produces a relative increase in weight applied to low variance basins. While

this works well for non-AR models, AR models have a tendency to develop an over-reliance

on recent streamflow observations, which can manifest in a positive timing error [Snieder,

2019]. The resulting models may be barely distinguishable from the naive model (i.e., the

most recent streamflow observation). Highly seasonal, naturalised basins are most prone to

this problem, as streamflow tends to change gradually with time, thus a model that outputs

recent streamflow observations might be mistakenly seen as accurate. Specialised performance

metrics such as the Persistence Index (PI) are often used to identify this problem in real-time

forecasting applications [Nevo et al., 2022]. This is simply because the PI normalises error rel-
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ative to the naive model, with a PI less than 0 corresponding to a non-informative forecast

relative to real-time observations. The same is not the case for widely used Nash Sutcliffe Ef-

ficiency (NSE), which can be misleadingly high in the same cases [Knoben et al., 2019]. For

this reason, we propose that basin persistence (i.e., mean squared deviation between obser-

vations at the current time and forecast time) be used to regularise the cost function for re-

gionally trained models. Instead of placing more weight on low variance basins, persistence-

based regularisation places more weight on basins that have low error between recent and fu-

ture streamflow values. Failure to do so results in models that are not adequately trained in

those basins, and produce non-informative forecasts (relative to the naive model).

In this study, basins are normalised using the formulation proposed in [Kratzert et al., 2019b]

for NSE*, but substituting the basin variance for the persistence corresponding to the forecast

lead time. The persistence-based cost function PI∗ is given by:

PI∗ =
1

B

B∑
b=1

T∑
t=1

∑
(qt − q̂t)

2∑
(pb + ϵ)2

(22)

in which qt is the observed streamflow, q̂t is the predicted streamflow, ϵ is a constant (0.1)

that prevents the function from exploding to negative infinity [Kratzert et al., 2019b], and pb

corresponds to the persistence of an individual basin b in a set B basins, given by:

pb =

√√√√ T∑
t=1

(qt − q(t−L))
2 (23)

in which L is the forecast lead time of q̂t.

5.4.4 Performance metrics

Models are evaluated using two performance metrics: NSE and PI. The NSE, given in Eqn.

24, is amongst the most widely used metrics for hydrological models and effectively normalises

the mean squared model error based on streamflow variance. The PI, which is given in Eqn.

25 and used in the basin regularisation function described above, is a similar metric but in-

stead of normalising squared residuals using the mean, it normalises forecasts based on the

squared error between the streamflow at the current and forecast timesteps [Kitanidis and
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Bras, 1980].

NSE = 1−
∑T

t=1(qt − q̂t)
2∑T

t=1(qt − q̄)2
(24)

PI = 1−
∑T

t=1(qt − q̂t)
2∑T

t=1(qt − qt−L)2
(25)

where q̂t to the predicted streamflow, and q̄ to the mean observed streamflow. qt−L is the ob-

served streamflow, shifted by the lead time L of the forecast such that it represents the real-

time observable streamflow in an operational context. Both metrics range between −∞ and 1,

with 1 being perfect and values less than 0 indicating performance worse than each respective

baseline.

5.4.5 Clustering

Clustering is a simple yet effective way to identify hydrologically diverse data for training

streamflow forecasting models. This study uses clustering to identify two forms of hydrolog-

ical diversity. First, it is applied to streamflow records of individual basins, to identify diverse

streamflow conditions. Second, it is applied to static basin attributes, to identify basins with

diverse hydrometeorological attributes. Note that both methods are independent of one an-

other. This study uses the constrained K-means clustering algorithm [Bennett et al., 2000],

which allows for the specification of a minimum cluster size. This avoids a problem that oc-

curs with clustering streamflow, which is that infrequent flood streamflows typically produce

a very small cluster, constraining the number of samples that are available when drawing an

even number of samples from each cluster [Toth, 2009].

The first application of clustering is to identify hydrologically diverse streamflows. Previous

studies have applied clustering to the input vectors of ML models [Anctil and Lauzon, 2004a,

Abrahart and See, 2000]. However, such approaches do not guarantee that streamflow is the

main variable by which clusters are discriminated. For that reason, we engineer a feature set

for clustering streamflow based solely on the target streamflow data, which encourages diverse

streamflow conditions between clusters. The engineered feature set includes streamflow (qt),

two streamflow gradient features (given as (qt−3 − qt)/3 and qt−1 − qt), and two day of year
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features (given as sin (2πt/365) and cos (2πt/365) where t is the day of year 1,...,365. The sin

and cos functions ensure that the day of year features are continuously changing from Decem-

ber to January. Features such as the streamflow gradient, encourages the representation of

rising and falling limbs within the clusters - which would be indistinguishable based solely on

streamflow value.

The second application is on basins, which are clustered based on their static attributes. Due

to the large number of features (39) and collinearity between features, principal component

analysis (PCA) is used to reduce the feature set to 8 principal components. Names and statis-

tics of the static attribute set are provided in Table S1 in the supplementary information.

Both clustering applications are used to inform a simple resampling procedure that aims to

maximise hydrological diversity. The cluster-based undersampling (CUS) procedure is as fol-

lows. Given N training examples (either streamflow samples or basins):

1. Select an undersampling rate ϕ as a fraction of N and a number of clusters K

2. Cluster records into K clusters with a minimum cluster size of ϕN/K

3. Sort samples based on distance to the cluster centroid

4. Select samples 1 to ϕN/K from each cluster to form the training dataset

Each undersampling strategy is illustrated in Fig. 5.1. Subplots (a), (c), and (e) illustrate the

raw streamflow timeseries (a), clustered streamflow (c), and undersampled streamflow (f).

Note how the timeseries in (f) contains fewer typical streamflows and proportionally more

high streamflows, compared to the continuous record in (a) and (c). Similarly, subplots (b),

(d), and (f) show Canadian basins (a), clustered basins (d), and diverse, undersampled basins

(f).

CUS applied to streamflow and basins are denoted as CUSQ and CUSB, respectively. Select-

ing an equal number of examples (streamflow or basins) from each cluster results in a bal-

anced variety of hydrological conditions within the training set. There are several reasons

why such a training dataset is desirable. First, balanced hydrological conditions encourage

balanced performance across different streamflows, or basins. Models trained to imbalanced

datasets, such as streamflow records in which low streamflows drastically outnumber high
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(a) (b)

(c) (d)

(e) (f)

Figure 5.1: Left column, from top to bottom: unclustered (a), clustered (c), and undersam-
pled streamflow (e) for basin 01AD003 (HYDAT ID; located along St. Francis River in New
Brunswick). Right column, from top to bottom: unclustered (b), clustered (d), and undersam-
pled basins (f). Cluster colours are arbitrary and there is no connection between temporal (a,
c, e), and spatial (b, d, f) cluster colours. World Gray Canvas basemap in (b, d, f) provided
by ESRI.

streamflows, may be biased towards low streamflow conditions (Snieder et al. [2021]). The

same reasoning applies to basin selection. A regionally trained model may be biased towards

areas with dense spatial coverage. By selecting an equal number of each ‘type’ of basin, we

encourage balanced spread of hydrological characteristics in the training basin dataset, which

translates to good generalisation across a broader range of basins.

Due to the large and diverse feature set, feature importance is calculated to interpret the

dominant basin attributes that distinguish clusters. Since K-means does not inherently quan-

tify feature importance, a random forest (RF) classifier is used as a surrogate for approximat-

ing feature importance. RFs contain an intrinsic importance metric that is commonly used in

hydrology [Tyralis et al., 2019b]. An RF with 256 estimators, and a max depth of 6 is used.

Since the RF is simply fitting the outcome of the constrained K-means clustering, the RF is
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expected to achieve near perfect accuracy, without the need for hyperparameter tuning.

5.4.6 Experiments

5.4.6.1 Experiment 1: evaluating streamflow and basin redundancy in training

datasets

In this experiment, CUS is applied to streamflow (experiment 1a) and separately applied to

basins (1b). These experiments are designed to determine the extent to which non-diverse

(i.e., redundant) data can be removed from training datasets, without any loss in model per-

formance. The CUS generated datasets are compared with random undersampled (RUS) datasets,

which consist of ϕN samples (sampled without replacement).

To evaluate CUSQ (experiment 1a), a set of 64 randomly sampled basins is established. CUSQ

is applied to each basin individually, then merged to form the training dataset. Several resam-

pling configurations are considered, including ϕ values of 0.25 to 0.50, and K values 6 and 12.

These configurations are compared against two baseline models, which are trained to (1) the

entire dataset and (2) an RUS, which are also undersampled at 0.25 and 0.50 to match the

sample size of the CUSQ datasets. The parameters for each training configuration are listed in

Table 5.3.

The framework outlined above is replicated to evaluate the effects of spatial undersampling

(experiment 1b). Beginning this time with a set of 128 randomly sampled basins, subsets of

basins sampled for varying numbers of clusters. Basin subsets comparisons are made against

a baseline model that is trained to the entire set of basins, and RUS subsets. The purpose of

this experiment is to determine whether clustering can effectively be used to identify a subset

of basins that is sufficiently hydrologically diverse such that it can be used to train a model

capable of generalisability on the complete set. In this experiment, the basins are trained to

the entire streamflow records (i.e., no temporal resampling). The parameters for each training

configuration are listed in Table 5.4.

5.4.6.2 Experiment 2: cross-comparison of 2 clusters of basins

The next experiment is designed to determine to what extent hydrologically dissimilar basins

are useful to one another for model training. In experiment 2a, basins are divided into two

clusters (which are referred to as C0 and C1). The reasoning behind 2 clusters is to max-
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Table 5.3: Streamflow resampling configurations in Experiment 1a. Labels denote the resam-
pling type, number of clusters (K; for CUS), and resampling rage (ϕ).

label unique samples total samples
(K, ϕ) basins (per basin) (thousands)

baseline 64 4380 280
CUSQ (K=6, ϕ=0.25) 64 1095 70
CUSQ (K=6, ϕ=0.50) 64 2190 140
CUSQ (K=12, ϕ=0.50) 64 2190 140
RUSQ (ϕ=0.50) 64 2190 140

Table 5.4: Basin resampling configurations in Experiment 1b. Labels denote the resampling
type, number of clusters (K; for CUSB), and resampling rage (ϕ).

label unique samples total samples
(K, ϕ) basins (per basin) (thousands)

baseline 128 4380 560
CUSB (K=2, ϕ=0.50) 64 4380 280
CUSB (K=8, ϕ=0.50) 64 4380 280
CUSB (K=32, ϕ=0.50) 96 4380 420
RUSB (ϕ=0.50) 64 4380 280
RUSB (ϕ=0.75) 96 4380 420

imise the hydrological dissimilarity between basins in each cluster (based on the static basin

attributes). In the first experiment, for each cluster, a baseline model is trained to 32 basins

that belong to that cluster. Next, we compare the effects of adding 32 similar basins (labelled

as ‘+similar’), with adding 32 dissimilar basins to the training set (i.e., from the other cluster;

labelled as ‘+dissimilar’). In all cases, only the original 32 basins are evaluated (those used to

train the baseline model); the performance of the additional training basins is not reported.

This produces five unique training sets: 32 basins in cluster 0, 64 basins in cluster 0, 32 basins

in cluster 1, 64 basins in cluster 1, and 32 basins in each cluster 0 and 1.

Next in experiment 2b, the configuration from 2a is repeated, but with the addition of cluster-

based streamflow undersampling. This provides a comparison point between models trained in

32 basins without CUSB and models trained on 64 basins with CUSB, as both configurations

have the same number of samples. The 32 basin configurations have greater temporal repre-

sentation within the evaluation basins, while the 64 basin CUSB configurations have greater

spatial diversity, at the expense of temporal data. These comparisons reveal which is more

useful to model generalisation: temporal data from within the subject basin, or data from out-

side the basin. One distinction in this experimental configuration is that it does not use one-

hot-encoded basin labels, as many of the test basins are not included in the training dataset.
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The labels are removed to ensure that the model does not develop any dependencies on them,

since they are not available for the test basins.

Table 5.5: LSTM size and training datasets used in Experiment 2. Configurations are grouped
by experiment

cells
n basins
(k=0)

n basins
(k=1)

training data
(years)

n samples
(thousands)

code

cluster(0)-n(32) 128 32 0 12 140
cluster(0)-n(64) 128 64 0 12 280
cluster(1)-n(32) 128 0 32 12 140
cluster(1)-n(64) 128 0 64 12 280
cluster(0,1)-n(64) 128 32 32 12 280
cluster(0)-n(32) half 64 32 0 12 140
cluster(0)-n(64) half 64 64 0 12 280
cluster(1)-n(32) half 64 0 32 12 140
cluster(1)-n(64) half 64 0 64 12 280
cluster(0,1)-n(64) half 64 32 32 12 280
cluster(0)-n(32) cus 128 32 0 6 70
cluster(0)-n(64) cus 128 64 0 6 140
cluster(1)-n(32) cus 128 0 32 6 70
cluster(1)-n(64) cus 128 0 64 6 140
cluster(0,1)-n(64) cus 128 32 32 6 140
cluster(0)-n(32) cus half 64 32 0 6 70
cluster(0)-n(64) cus half 64 64 0 6 140
cluster(1)-n(32) cus half 64 0 32 6 70
cluster(1)-n(64) cus half 64 0 64 6 140
cluster(0,1)-n(64) cus half 64 32 32 6 140

5.5 Results and discussion

5.5.1 Experiment 1a: cluster-based temporal undersampling

Examples of temporal clustering results are provided in Figs. 5.2 (for basin 01AD003) and 5.3

(basins 01AD003 and 07AF002, one from each basin cluster from Sec. 5.5.3). These results

are for 6 clusters and minimum cluster sizes of 365. Although associations between clusters

and specific hydrological characteristics can be expected to vary between individual basins,

the results from basins 01AD003 and 07AF002 characterise four seasonal periods, as well as

rising and receding limbs. Distinguishing between rising and falling limbs is consistent with

previous studies that used streamflow clustering [Toth, 2009]. Ensuring that distinct seasons

are represented in the clustering results is important, as streamflow drivers are known to change

throughout the year.
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Figure 5.2: Scatterplot matrix illustrating the temporal clustering results for Basin 01AD003
streamflows (K=6). Markers are colourised by cluster and kernel smoothed histograms are
shown along the diagonal. Axis labels q, qgrd1, qgrd3, sin, and cos, are shortform for qt,
(qt−3 − qt)/3, qt−1 − qt, sin−1 (t/365), and cos−1 (t/365), respectively
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Figure 5.3: Hydrographs for Basins 01AD003 (top) and 07AF002 (bottom) with observations
from October 1989–October 1991, colourised by cluster. Cluster colours are arbitrarily as-
signed.

The performance of models trained on a set of 64 randomly sampled basins is shown in Fig.

5.4 in terms of NSE (a-c) and PI (d-f) for cases without resampling, CUSQ and temporal

RUS. The cumulative density functions (CDFs), which have an optimum shape ‘⌟’, represent

the proportion of basins (in the evaluation set) that fall below the performance along the x-

axis. The baseline model (no resampling) performs reasonably well across basins, with 100%
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and 75% of basins achieving an NSE greater than 0.5 at the 1-day and 3-day lead times, re-

spectively. Roughly 95% of basins achieve a positive PI, indicating lower error than the naive

model.

In comparison, the basin sets with CUSQ at a rate of 0.5, (meaning that they use 6 out of 12

years of available training data), achieve the same level of performance as the baseline, for

both the 6-cluster and 12-cluster cases. The RUS model trained to 6 years of randomly sam-

pled data performs very poorly. Similarly, the CUSQ model trained to 3 years of cluster-based

data perform poorly, indicating that key hydrological processes are no longer sufficiently rep-

resented in the reduced training data. This also indicates that a lower limit of the extent to

which CUSQ can be used is somewhere between an undersampling rate of 0.25 and 0.5. Fi-

nally, in no cases do any undersampled configurations outperform the model trained to all

data.
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Figure 5.4: CDFs showing model performance according to NSE (top row) and PI (bottom
row) for RUS (red), two CUSQ configurations (blue and green) and no resampling baseline
(black). Subplots (a), (b), (c), and (d), (e), (f) correspond to forecasts of 1, 2, and 3 days re-
spectively.

These results highlight how a simple clustering method can be used to efficiently identify sub-

sets of data that are sufficiently representative of the hydrological processes, which are iden-

tified by the clustering method, contained in each basin such that there is no loss in temporal

generalisation. In addition, these results show that a significant proportion of hydrological
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data within a continuous series is redundant and needlessly adds to the computational bur-

den of training, which is especially relevant to computationally expensive tasks such as hyper-

parameter optimisation (HPO). Reducing the computational requirement of HPO speeds up

model development, or allows for more extensive HPO, potentially improving model accuracy,

thus FEWS reliability.

5.5.2 Experiment 1b: cluster-based spatial undersampling

In experiment 1b, CUSB is is used to select training basins. As with temporal undersampling,

reducing the number of training basins required to train models has the potential to drasti-

cally reduce the computational demand of training, especially across large domains such as the

thousands of gauged basins spread across Canada.

First, a baseline model is trained to a set of 128 randomly sampled basins. The basins are

then grouped into K clusters, sampled at rates of 0.5 and 0.75. As with the previous experi-

ment, RUS configurations are included at the same resampling rates, which in this case, con-

sists of models trained to randomly sampled basin sets. The CDFs for each training configu-

ration are shown in Fig. 5.5. Unlike with the temporal streamflow undersampling in experi-

ment 1a, the basin subsets are unable to match the performance of the baseline model that is

trained to the complete set of basins, which is visibly shown by the CDFs for PI. As expected,

the configurations with a greater number of training basins perform most closely to the base-

line. The CUSB configurations narrowly outperform the RUS configurations with the same

undersampling rates, most of all at a rate of 0.50.

5.5.3 Experiment 2: cross-comparison of 2 clusters of basins

To better understand the extent to which including hydrologically similar basins in the train-

ing dataset can benefit model performance, we consider an extreme case in which basins are

grouped into 2 clusters, which are referred to as C0 and C1. The choice of 2 clusters is based

on the maximum silhouette score, which is a commonly used measure of cluster cohesion [Rousseeuw,

1987]. An important note on the result of the maximum silhouette score is that the result de-

pends on the use of constrained K-means clustering, which uses a minimum cluster size of 64.

A lower minimum cluster size tends to increase the optimum number of clusters, details are

provided in the supplementary information. Another reason for using two clusters is that it
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Figure 5.5: CDFs for NSE (top row) and PI (bottom row) for models trained to various basin
subsets, which include a baseline (black line, includes all basins), cluster-based undersampling
(coloured solid lines), and random undersampling (coloured dashed lines). The number of
basins sampled from each cluster in the CUSB configurations is equal to B/K. Subplots (a),
(b), (c), and (d), (e), (f) correspond to forecasts of 1, 2, and 3 days respectively.

simplifies the analysis. For example, we compare the effects of similar, and dissimilar clusters;

in contrast, a greater number of clusters would require a larger number of training configura-

tion at varying degrees of hydrological similarity

Fig. 5.6 shows the spatial distribution of the cluster labels across Canada. C0 basins tend to

be located at low elevations, along coastlines and east of the Rocky Mountain range. In con-

trast, the C1 basins are mainly confined to higher elevations in the Rocky Mountains. Mean

basin attributes for each cluster are provided in Table S2 in the supplementary information.

The five most important features, identified by applying an RF to unsupervised clustering

outcome, include elevation, slope, and landcovers, are shown in Fig. 5.7. The relevant features

identified here by unsupervised clustering are consistent with the relevant descriptors deemed

significant for determining hydrological similarity in the model-based method referenced in

[Oudin et al., 2010].

First, for each cluster, a model is trained to a set of 32 basins from that cluster. To measure

the value of adding hydrologically similar basins, 32 additional basins are added to the base-

line training dataset. Finally, to measure the effects of dissimilar basins, 32 dissimilar basins

are instead added to the baseline training set. Performance metrics are only calculated for the
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Figure 5.6: Clustering (K=2) result for basins across Canada. For each cluster, 32 square
markers indicate basins selected for the baseline and evaluation sets in the two-cluster experi-
ments. World Street Map basemap provided by ESRI.

Figure 5.7: Scatterplot matrix illustrating the five most important features for clustering,
as determined using the RF surrogate model. Markers are colourised by cluster and kernel
smoothed histograms are shown along the diagonal.

baseline set of 32 basins. The above is repeated for each cluster.

Figs. 5.8 and 5.9 show the performance of the models evaluated on C0 and C1 basins, re-

spectively. In C0 basins, more similar basins produce a notable improvement in performance

across all lead times. Adding dissimilar basins instead produces even greater improvements,

most notably, according to the PI. The same trends are seen with the C1 forecasts, with an

even greater difference between the scores of the ‘+ similar’ and ‘+ dissimilar’ training sets.

In C0 basins, adding more similar, or dissimilar basins both improve the performance, with

dissimilar basins producing larger improvements across all lead times and both metrics. A
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Figure 5.8: CDFs for models evaluated on C0 basins according to NSE (top row) PI (bottom
row). Each row compares models trained to three different training datasets: a baseline that
includes 32 basins in the respective cluster, the baseline plus 32 basins in the same cluster,
and the baseline plus 32 basins in the other cluster. Subplots (a), (b), (c), and (d), (e), (f)
correspond to forecasts of 1, 2, and 3 days respectively.
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Figure 5.9: CDFs for models evaluated on C1 basins according to NSE (top row) PI (bottom
row). Each row compares models trained to three different training datasets: a baseline that
includes 32 basins in the respective cluster, the baseline plus 32 basins in the same cluster,
and the baseline plus 32 basins in the other cluster. Subplots (a), (b), (c), and (d), (e), (f)
correspond to forecasts of 1, 2, and 3 days respectively.

similar result is observed with the C1 basins, with the addition of dissimilar basins causing

comparatively greater improvements in performance.
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In experiment 2b the configurations from 2a are repeated, but incorporating CUSQ, which

is introduced in Sec. 5.5.1. Models from 2a and 2b are compared in Fig. ?? for C0 (a) and

C1 (b) evaluation sets. Consistent with the results from experiment 1a in Sec. 5.5.1, CUSQ

is found to have very little impact on model test performance. This result indicates that for

fixed training dataset size, data from outside the region of interest is much more useful to the

training procedure than redundant data within the region of interest, identifiable using the

clustering procedure.
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Figure 5.10: Boxplots showing the NSE and PI of models evaluated on 32 C0 basins for ex-
periment 2a (a, b), and 2b (b, c), and 32 C1 basins for experiment 2a (e, f) and 2b (g, h).
for a lead time of 3 days. The baseline model, which is trained uniquely using the evaluation
basins, is indicated in bold. Blue, red, and green colours indicate models trained on C0, C1,
and both types of basins.

Collectively, these results reveal that the addition of training basins with distinctive hydrolog-

ical characteristics is more useful in terms of improving model performance when compared to

the addition of basins with similar characteristics. This outcome might be counter-intuitive,

since one could expect that training to additional basins that are most similar to the test set

would be the most useful. This result also highlights the danger of training models to a hy-

drologically similar basin sets, which is a common approach in literature [Kratzert et al., 2024,
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Hashemi et al., 2022].

One explanation for this result is that the input feature set is missing key explanatory vari-

ables. Two basins could have similar input vectors but different corresponding streamflow val-

ues. This difference may be explained by processes that are not captured within the input fea-

tures. For example, two basins may appear to be hydrologically similar based on the available

basin attributes, may have a different rainfall-runoff relationship, due to factors not included

in the basin attributes, such as surficial geology, or the presence of hydraulic structures such

as dams. While the LSTM should be able to distinguish between these two basins using the

one-hot encoded basin labels, incomplete explanatory variables may inhibit the ability of mod-

els to transfer learned behaviour between basins.

Another explanation is that hydrologically similar basins contain a high degree of overlapping

input-output patterns, reducing the amount of new information that can benefit predictions

in the region of interest, in contrast to dissimilar basins. Information from dissimilar basins

could be useful from a hydrological perspective, or simply provide a regularisation effect to

the LSTM. Adding basins with distinct hydrological properties from some region of interest

might occupy more neural pathways during model training compared to basins that have sim-

ilar properties, which could mitigate overfitting to the region of interest. However, this expla-

nation is not supported by the fact that constraining the number of cells in the network did

not produce comparable regularisation.

A final explanation is that while similar basins provide examples of similar hydrological be-

haviour, dissimilar basins provide examples of what not to predict. A simple analogy from

image classification, is that a model trained to classify photos of dogs might benefit more from

being trained to some photos of cats, than to be trained to more photos of dogs.

Lastly, to better understand the effect that additions of similar and dissimilar basins have on

model performance, we consider small, incremental additions. First, we begin with a model

trained to 4 basins in a given cluster. Next, we consider two additions to the training dataset:

4 C0 basins, and 4 C1 basins. The addition that produces the best performance is retained,

and the process is repeated. The models are retrained from scratch for each modification to

the training dataset. The outcome is shown in Fig. 5.11 for models evaluated on 4 C0 basins

(a) and 4 C1 basins (b). In both cases, the models benefit from the addition of 4 basins that
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belong to the same cluster, however, afterwards there are no clear preference in terms of which

basin clusters produce the best improvements. Despite some incremental additions hamper-

ing model performance, the performance on each evaluation improves across the larger train-

ing dataset, but the improvements decay exponentially, which is consistent with other studies

that have looked at model performance across increasing training data [Kratzert et al., 2024,

Gauch et al., 2021]. In Fig. 5.11(a), adding 4 similar basins to the 8 basin training dataset

produces a large loss in performance, which highlights the lack of robustness against of models

trained to very small basin sets. Between C0 and C1 evaluations, C0 basins are more sensi-

tive to new training data, and are comparatively more likely than C1 basins to exhibit worse

performance after the addition of new training basins.

4 8 12 16 20 24 28 32 36 40 44 48

n training basins

0.29

0.36

0.42

0.49

P
I

(a)

4 8 12 16 20 24 28 32 36 40 44 48

n training basins

(b)

Figure 5.11: Model performance (PI) across increasing numbers of training basins for models
evaluated on 4 C0 basins (a) and 4 C1 basins (b). Pie chart markers illustrate the proportion
of C0 and C1 basins used in each training dataset. The coloured dashes along the top of each
subplot indicate the which cluster produced the better addition to the training dataset.

The experimental results detailed above all assert the importance of hydrologically diverse,

information rich training datasets. This is of particular importance in small regions of inter-

est, where far away, dissimilar basins may be seen as not relevant to the training task. This

study presents many opportunities for future work on curating datasets for hydrological mod-

els. While our study uses a simple clustering approach to quantify hydrological diversity, more

sophisticated approaches, such as one based on mutual information, may further improve the

results. Additionally, relatively little work exists on transferring models between different hy-

drological regions - which can potentially provide an improved starting point for model train-
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ing, leading to better performance and more reliable FEWS.

5.6 Conclusion

The selection of training data is amongst the most important factors contributing to the per-

formance of streamflow forecasting models. Our study showed that the performance of flow

forecasting models relies on diverse training data, using a novel use of cluster-based resam-

pling to identify and maximise temporal and spatial hydrological diversity within training

datasets. In the first set of experiments, cluster-based undersampling was used to eliminate re-

dundant temporal data from training datasets, drastically reducing the computational demand

of model training. The next set of experiments showed how, given some region of interest,

data from hydrologically dissimilar basins can be much more useful than data from similar

basins. This result is counter to the intuitive approach to curating training basins for training,

which is to train models to a group of hydrologically similar, or proximal basins. This out-

come also highlights the need for large and hydrologically diverse training datasets. The latter

can be combined with cluster-based temporal undersampling to generate diverse training sets

that produce more performative models, for a fixed number of training observations, compared

to models trained without cluster-based undersampling. Finally, temporal and spatial under-

sampling routines are combined to demonstrate how, for a fixed number of training samples,

spatial hydrological diversity is much more beneficial than temporal diversity. These findings

are critical to improving the reliability and accuracy of flood forecasting models, and minimis-

ing the effects of flooding.
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6 Conclusion

6.1 Summary

The overarching objective of this body of work is to advance training procedures and data

selection hydrological models as to improve their performance on flood level flows. In the fol-

lowing dissertation, novel methods are developed for three different modelling frameworks:

physically-based hydrological models, ensembles of shallow ML models, and for deep learning

models. The chapters and their attributes are summarised in Table 6.1 and in the paragraphs

below.

Ch. Name Training Spatial Temporal
data scale scale

2 SWMM Event segmentation, clustering 2 urban basins 15M
3 Classification ensembles SMOTE 3 basins 3H
4 Regression ensembles SMOTE* 2 urban basins H/D
5 Deep learning Spatial and temporal clustering 100+ basins D

Table 6.1: Summary of chapters

Chapter 2 presents a novel hybrid framework, that provides an alternative to traditional multi-

event physics-based model calibration. Unsupervised K-means clustering was used to clus-

ter continuous rainfall-runoff events based on event statistics (e.g., peak flow, duration, etc.).

SWMM ensembles were formed by calibrating each ensemble member to a different hydrolog-

ical event. Using an even number of events from each cluster is shown to have the best per-

formance on average, while the scheme could also be used to bias model accuracy towards a

desired type of event. Performance was improved further using ANN-based ensemble combina-

tion.

Chapter 3 demonstrates a binary classification approach to flood forecasting. The approach

uses a novel labelling scheme that better reflects actual flood conditions, compared to tradi-

tional post-processing approaches. Classifying flood events during preprocessing is found to

produce slightly better accuracy compared to post-processing ANN regression models. While

ANN-type models are by far the most popular for flood forecasting, SVMs and ELMs were

found to often yield higher accuracy and a more favourable tradeoff between true and false

positive predictions. Presenting imbalanced classification metrics such as the tradeoff between

true and false positive of models was shown to be invaluable for model selection, which is not

captured using typical flood forecasting metrics such as the NSE.
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The objectives of the third manuscript are (i) to develop a systematised framework for em-

bedding resampling methods within ensemble algorithms, as to improve the error diversity be-

tween ensemble members; and (ii) to evaluate the proposed scheme with respect to its ability

to improve high streamflow performance, using specialised metrics.

Chapter 4 advances ensemble algorithms, which include Bagging, AdaBoost, LSBoost, by in-

tegrating them with resampling methods. The added resampling step in each ensemble algo-

rithms implicitly increases ensemble diversity, thus performance. Three resampling methods

are considered: oversampling, undersampling, and SMOTER, all of which are aimed at in-

creasing the proportion of flood samples in the training dataset. Each resampling method was

cross-compared with each ensemble algorithm, for a total of 16 ensemble configurations, plus

a baseline model. Ultimately, the modified ensemble models were found to have the capac-

ity to marginally improve high flow performance. An aggressive resampling strategy can fur-

ther improve high flow performance, but was found to rapidly degrade performance on typical

streamflows, opening the possibility of false-positive alarms.

Lastly, Chapter 5 applied unsupervised constrained K-means clustering to group streamflow

and basins into hydrologically similar’ groups. Streamflow training data was shown to be highly

redundant, and data from the majority clusters could be removed with no adverse effect to

model performance. In contrast, data from ‘hydrologically similar’ basins could not be re-

moved without some loss in overall accuracy. Next, hydrologically dissimilar basins among the

training data were shown to be hugely beneficial to model performance.

6.2 Contributions

This dissertation explored the development of methods for training flood forecasting models as

to improve their performance as FEWS. Broadly, these chapters all focused on clustering and

resampling methods for generating hydrologically diverse datasets, that promote accurate per-

formance on flood level streamflows. Some notable contributions in the dissertation include:

1. A novel ensemble algorithm for SWMM, which accommodates equifinality and enables

hybrid modelling.

2. Systematic cross-comparisons of ensemble algorithms and ML models for both classifica-

tion and regression approaches to flood forecasting
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3. Novel adaptations of several ensemble algorithms to improve their performance on skewed

datasets

4. A new, persistence-based cost function for regionally trained deep learning models

5. A framework for generating spatiotemporally diverse training data for regionally trained

deep learning models

6.3 Limitations of research

An obvious limitation of chapters 2–4 are that they were each only conducted for 2 to 3 basins.

While case studies on small numbers of basins has been common throughout the past several

decades, within the last few years there has been a shift towards large-sample studies, featur-

ing dozens or hundreds of basins. Such studies allow for the validation of proposed improve-

ments to be validated across a much larger spectrum of spatiotemporal conditions. Large-

sample are made easier by the recent push for large-sample datasets, which not only reduce

data wrangling requirements, but also allow for more standardised benchmarking. That being

said, the aforementioned chapters use data at spatiotemporal resolutions finer than what is

currently available in major large-sample datasets, which typically offer hydrometric data at

daily resolutions.

Another limitation of chapters 2–4 is that they do not include any snow data. Winter months

were omitted from these chapters due to the complex nature, and unavailability of data, of

snow ploughing and removal. Since snow is often moved between catchments, it is difficult

to form a reliable estimate of snowpack. This limitation is addressed in Chapter 5, in which

SWE is used as an input feature.

Chapter 5 utilises a large-sample dataset with over 3000 Canadian basins, but is constrained

to models trained on subsets of up to 128 basins, due to limitations of computational resources.

With increasing dataset standardisation, there will likely be increasing numbers of pre-trained

models, that can be fine-tuned at a fraction of the computational cost of training from scratch.

A limitation of Chapters 2-5 is that they all use two classes. There are various reasons for us-

ing two classes. In most cases, it simplifies the analysis and cross-comparison. In Chapter 5

it is a result of the silhouette score of the constrained K-means clustering results. In all cases,

the work would be improved through the use of more clusters, which would increase the hy-
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drological diversity of training data in Chapters 2, 4, and 5. In Chapter 3 it would increase

the usefulness of the model output in terms of FEWS.

6.4 Future work

This section recommends avenues for future research, which reflect both outstanding research

questions in each chapter and the current research landscape. These include:

1. Apply ensemble frameworks to LSTMs Throughout recent years, model application has

shifted from ensembles with hundreds of base learners, to using single deep learning

models. However, deep learning models still benefit from ensemble frameworks. The

lessons learned in Chapters 3 and 4 can be extended to deep-learning regional models.

The benefits of ensemble learning could be extended to deep learning models at mini-

mal computational cost by first pretraining a single model, then performing fine-tuning

within an ensemble framework.

2. Enhancements to spatiotemporal subsampling procedure to focus more on flood events

With increasing evidence of the effectiveness of deep-learning approaches to flow fore-

casting, such should be central to future work. More specifically, Chapter 5 highlighted

how regional learning can benefit from information-rich data subsets. This finding could

potentially be exploited further by using resampling algorithms such as SMOTE, fea-

tured in 3 and 4, to generate training datasets with very large numbers of flood observa-

tions.

3. Benchmarking against operational FEWS There exists a large body of research devoted

to demonstrating how machine learning models achieve higher accuracy compared to

traditional, physics-based models. The physics-based models included in these compar-

isons are typically relatively simple lumped models that are generated for the sake of

the comparison. Moreover, comparisons are typically made using non-specialised perfor-

mance metrics. A more convincing approach, which has not yet been investigated on a

large scale, is to compare data-driven FEWS with traditional, operational FEWS. Op-

erational FEWS may differ from the physics-based models used in research in a variety

of ways. For example, the underlying models might be more sophisticated, or the flood

warning may rely on the operation of infrastructure, something that is not likely rep-
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resented in a lumped model. Such a comparison poses challenges as historically issued

flood warnings are not widely available and the format or underlying models might be

considerably different between regions.
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M. Höge, T. Wöhling, and W. Nowak. A Primer for Model Selection: The Decisive Role of

Model Complexity. Water Resources Research, 54(3):1688–1715, Mar. 2018. ISSN 0043-

1397. doi: 10.1002/2017WR021902.
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Appendix A Code Availability

The code for chapters 2-5 is hosted in repositories with the following URLs:

Chapter 2: https://github.com/everettsp/swmm.m

Chapter 3-4: https://github.com/everettsp/ensembles.m

Chapter 5: https://github.com/everettsp/lsh-forecasting

Chapters 4 and 3 are coded purely in MATLAB. The SWMM models in 2 are generated from

raw data using Python to utilise the ArcPy’s hydrology toolbox, while the SWMM wrapper

and analysis are coded in MATLAB. Chapter 5 is coded completely in Python.
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Appendix C Supplementary SWMM studies

This section includes the supplementary information for Chapter 2, and several other projects

that were submitted to conferences in the form of presentations, posters, or conference papers,

but not included in the manuscript.

C.1 Supplementary information for Chapter 3

C.1.1 Description of SWMM-MATLAB interface

A hierarchical list of functions programmed for this study is included below. These are based

around creating a SWMM class object in MATLAB with class functions to import SWMM

models within MATLAB (through shapefiles or existing INP files), run simulations, modify

simulation and model parameters, create binary RFF and HSF files. Another class, event

data, is effectively a collection of hydrological timeseries that are discretised from a contin-

uous record. This class is often an input to the SWMM class functions and has respective

class functions for calculating event characteristics and clustering, which are used to gener-

ate the SWMM ensembles. The complete SWMM wrapper presented in this work is available

on GitHub (https://github.com/everettsp/swmm.m).
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SWMM model (MATLAB CLASS OBJECT)

model = read inp(inp file)

model = create inp(shapefiles)

inp file = write inp(model)

simulated flow = run simulation(model, event data)

modify simulation start and end dates

set rff and hsf file pointers

create temporary system batch file to call SWMM executable

map = plot(model)

model summary = summarise(model)

model = calibrate(model, event data, calibration variables)

simulated flow = run simulation(model, event data)

score = evaluate model(results, event data)

model = adjust model parameters(model, score)

rff file, hsf file = prerun(model, event data)

rff file = create rff(model, event data)

run simulation(model, event data)

hsf file = create hsf(model, event data)

run simulation(model, event data)

SWMM event data (MATLAB TIMESERIES OBJECTS)

event data = discretise(continuous precipitation, continuous flow)

event features = summarise(event data)

event clusters = cluster events(event features)
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Meteorological  
forcing data

Spatial data

Vector files 
(.SHP) Model file (.INP)

Report file (.RPT)

Rainfall events 
(.RFF)

Predicted flow Observed flow

Optimised 
parameter valuesGA

Raw dataset

Python SWMM

MATLAB

Figure C.1: Process diagram showing how Python (green), MATLAB (red), and SWMM
(blue) are used to create SWMM model files, and perform model calibration.
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C.1.2 Hydrological events
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Figure C.2: Sample discretised hyetographs (blue) and class 1 (green, left column) and class 2
(purple, right column) hydrographs for the SCS (a) and TCS (b) catchments.
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Table C.1: Values of event cluster centroids and total number of events for SCS and TCS catchments.

description short-form units scs cluster 1 scs cluster 2 tcs cluster 1 tcs cluster 2

total precipitation P [mm] 31.6 12.1 37 11.8
peak precip. intensity ip [mm hr−1] 11.3 9.96 22.4 11.4
mean precip. intensity iµ [mm hr−1] 0.787 0.487 1.14 0.506

duration D [hr] 29.3 14.6 22.6 13.4
date (sine) date (sine) [−] 0.355 -0.13 -0.221 -0.3

date (cosine) date (cosine) [−] -0.0243 -0.0639 -0.353 -0.209
peak flow qp [m3s−1] 11 4.64 18.4 5.44

total flow volume Q [m3s−1] 4.22e+05 1.02e+05 4.25e+05 9.62e+04
hydrograph centroid (flow) qcy [m3s−1] 2.6 1.11 4.8 1.4
hydrograph centroid (time) qct [hr] 19.4 12.4 12.9 10.9
hyetograph centroid (depth) pcy [mm] 0.512 0.623 1.2 0.733
hyetograph centroid (time) pct [hr] 11.9 6.45 8.69 5.94

total events [count] 259 45 250 34
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Table C.2: Statistical summary of discretised hydrological events for the SCS catchment.

event label start date duration total precip. peak intensity peak flow class
[dd-mm-yy HHMM] [hrs] [mm] [mm/hr] [cms]

1 28-Apr-13 17:45 10 9.58 3.94 3.73 1
2 16-Jun-13 05:45 16.3 7.85 10.5 6.92 1
3 05-Jul-13 06:15 8.5 5.43 3.15 8.18 1
4 21-Oct-13 03:30 25.8 6.43 3.15 3.18 1
5 30-May-15 11:15 32 58.7 33.1 9.59 2
6 07-Jun-15 20:45 39.5 30.1 13.4 13.6 2
7 02-Aug-15 16:30 17.3 14.6 23.6 5.72 1
8 02-Feb-16 18:45 20.5 10.6 3.2 2.82 1
9 10-Jan-17 05:15 24 23.7 7.2 11.3 2
10 28-Feb-17 20:30 25 23.6 8.8 14.6 2
11 03-Apr-17 08:15 28.8 20.7 6.8 12.3 2
12 17-Aug-17 13:45 14.5 12.3 13.2 8.9 1
13 21-Jan-18 21:45 30.3 23 4 7.72 2
14 19-Feb-18 18:15 18.8 21.1 4.8 9.51 2
15 03-Apr-18 12:30 28.3 34.5 10.8 15.2 2
16 05-Jul-18 18:45 3.75 14.6 44.2 11 1
17 30-Mar-19 03:30 29.5 35.5 9.2 7.53 2
18 05-Jun-19 05:30 29.3 10.3 4.74 3.62 1
19 26-Oct-19 18:45 14.3 32.3 12 16.2 2
20 12-Apr-20 19:45 13 10 3.19 3.31 1

Table C.3: Statistical summary of discretised hydrological events for the TCS catchment.

event label start date duration total precip. peak intensity peak flow class
[dd-mm-yy HHMM] [hrs] [mm] [mm/hr] [cms]

1 09-Dec-12 20:00 12.8 10.6 5.6 2.3 1
2 20-May-13 21:45 20.8 17.2 28.8 9.45 1
3 10-Jun-13 08:30 19.5 25.4 8 13 2
4 27-Jul-13 15:00 9 21.6 56 4.49 1
5 06-Oct-13 23:15 17.8 10.2 6.4 4.34 1
6 27-Jun-15 11:15 30.5 42.4 6.72 9.9 2
7 19-Jun-17 23:15 38 13.7 4.25 3.05 1
8 07-Aug-18 19:00 20.5 20.5 9.8 34.1 2
9 21-Aug-18 06:30 31.5 44.3 40.3 16.6 2
10 02-Oct-18 02:45 17 9.75 6.2 3.56 1
11 01-Nov-18 10:15 46.8 37.9 8.8 11.3 2
12 26-Nov-18 06:45 22.8 24.8 4 8.35 2
13 14-Apr-19 08:15 26.8 29.4 13.6 19.1 2
14 18-Apr-19 20:00 43.8 29 7.2 5.81 2
15 17-Aug-19 06:00 8.25 17 12.8 6.3 1
16 26-Oct-19 19:30 16 38.2 14.3 26.3 2
17 30-Oct-19 12:15 32.8 43.6 7.95 10.8 2
18 17-May-20 23:30 25.5 9.52 3.39 3.25 1
19 17-Aug-20 11:00 3.5 13.8 41.2 7.6 1
20 23-Dec-20 22:30 33 23.1 3.6 2.31 1
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C.2 GA-based calibration and ANN-based real-time bias correction for

SWMM

C.2.1 Introduction

Flood damage is increasing due to rapid urbanisation and climate change effects. Flow fore-

casting models are among the best ways to mitigate flood damage. Traditionally, physically-

based rainfall runoff models have been used for forecasting. Such models can be challenging to

calibrate, as they may contain thousands of uncertain parameters. This project studies predic-

tions made by SWMM, a popular semi-distributed rainfall-runoff model developed by the U.S.

Environmental Protection Agency.

Data-driven models, which rely on machine learning techniques for characterising rainfall

runoff systems, have been subject to extensive research throughout the past three decades;

though, their operational use remains scarce. Despite widespread use of both model paradigms,

there are relatively few studies in which they are explicitly compared. The Fourteen Mile

Creek watershed, illustrated in Figure 1, is the focus of this study. The watershed is 70 ha

in size, covers natural forest and urban areas, and was identified by the town of Oakville as

the highest priority for flood mitigation measures [1]. One year of data (2019) is available at

a 5-minute temporal resolution, including radar derived areal rainfall estimates and flow levels

at one gauge, illustrated above.

Figure C.3: SWMM model of the Fourteen Mile Creek watershed.

The objectives of this work are: (i) to calibrate SWMM and ANN flow forecasting models.

(ii) Develop a hybrid approach that combines the benefits of both SWMM and ANN models,

which include: strong performance, real-time adaptability, and a basis in physical hydrology.

(iii) Assess the generalisability of each of the three model types through cross-validation on

rainfall events that were not used for calibration.

C.2.2 Methods

The SWMM model is relatively large, featuring more than 70 catchments, 800 irregular con-

duit cross-sections, 20 stormwater ponds, and radar-derived rainfall input. The model was ob-
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Table C.4: GA calibration parameters and uncertainty ranges.

attribute description uncertainty

Width Characteristic width 200%
PercentSlope Average slope 25%

PercentImperv Percent impervious land cover 20%
N Imperv Impervious area roughness 10%

N Perv Pervious area roughness 50%
S Imperv Impervious depression storage 20%

S perv Pervious depression storage 50%
Suction Suction head at the wetting front 50%

Ksat Saturated hydraulic conductivity 50%
IMD Initial moisture deficit 25%

Roughness Channel roughness 25%

tained in an uncalibrated state. Calibration is performed using a Genetic Algorithm (GA),

maximising NSE as the objective (cf. [Wan and James, 2002]). Calibration of models of this

size are computationally intensive as there are over 1000 model parameters to optimise, which

is why the model is calibrated on an event basis over a continuous simulation. A summary of

the relative uncertainties associated with select SWMM parameters, determined based on ex-

pert judgement, is shown in Table C.4. The GA searches for optimum values from a uniformly

distributed initial population.

ANNs, which can take advantage of real-time flow observations for short-term predictions and

adaptive learning, are developed in this research. This study uses simple multi-layer percep-

tion ANNs, which are the most frequently used ANN architecture for water resources applica-

tions [Maier et al., 2010], to correct SWMM predictions with a lead time of 4-hours. Lagged

rainfall and flow timeseries are used as the input variables for this model [Maier et al., 2010,

Snieder et al., 2020]. In order to improve model generalisation and prevent overfitting, a small

hidden layer consisting of only 3 hidden neurons is used. ANN generalisation is also improved

by using an ensemble of ANNs, which use randomly sampled data used for training and as a

validation stopping criterion.

Figure C.4: Configuration of SWMM, ANN, and hybrid models.
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Table C.5: Discretised event dates, statistics, and classification result.

start date duration [hours] total rainfall [mm] peak intensity [mm/hr]

25-May-19 32.8 24.7 20
05-Jun-19 26.7 22.3 21.6
15-Jul-19 54.1 24.2 16.1
01-Oct-19 72.8 30.1 36.5
26-Oct-19 28.7 32.2 10.9
30-Oct-19 51.8 30 5.1

Figure C.5: Objective function versus GA generations for calibration of SWMM models on six
different rainfall events.

Hybrid models are emerging as a popular method for combing the advantages of physically-

based and data-driven models [Young et al., 2017, Kurian et al., 2020]). The hybrid model

uses lagged rainfall and flow timeseries as inputs, and also uses the SWMM flow predictions as

a model input parameter, as shown in Fig. C.4.

All three model types are calibrated on each rainfall event shown in Table C.5, and their per-

formance is evaluated on each of the 5 remaining events (referred to as validation events). The

model performance is assessed using two common criteria, the Nash-Sutcliffe Efficiency (NSE)

and Persistency Index (PI), which both quantify model performance with a value from −∞ to

1, having an optimum value of 1.

C.2.3 Results

The GA is used to optimise the NSE of a SWMM model to 6 different rainfall events, sum-

marised in Table C.5 and illustrated in Fig. C.6. Fig. C.5 shows the increase in NSE pro-

duced by the GA, from an initial range of approximately -0.75 to 0.50, to a calibrated range

of 0.25 to 0.80.

While the SWMM models achieve satisfactory performance on the calibration events, as shown

in Figure 5 below, the models do not perform well when evaluated on other rainfall events.

The pure ANN model achieves much stronger performance on the calibration events, but ex-
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Figure C.6: Event-based calibration performance for SWMM, ANN, and hybrid models.

hibits similarly poor generalisation to the SWMM model on validation events. The hybrid

models achieve excellent performance on the calibration events and very good generalisation.

In particular, the models calibrated on the 05-Jun-19 events achieves positive NSE and PI val-

ues across all validation events.

C.2.4 Conclusion

This study demonstrated that GA can be used for optimisation of a large scale semi-distributed

rainfall-runoff model in SWMM. ANN-based and hybrid (SWMM-ANN) models were devel-

oped to improve real-time predictions. The pure SWMM and ANN models exhibit poor cross-

validation performance, whereas the hybrid model performed reasonably well. Ongoing re-

search is evaluating the impacts of multi-event and continuous calibrations on model generali-

sation and improving the hybrid model performance for lead-times larger than 4-hours.
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Figure C.7: NSE (top row) and PI (bottom row) of the three models and six events consid-
ered. The events along the Y-axis are used for calibration while the X-axis are used for vali-
dation. The diagonal shows the calibration performance of each event whereas the remaining
cells show the validation performance.

C.3 Investigating event selection for GA-based SWMM rainfall-runoff model

calibration

C.3.1 Introduction

Physics-based models are commonly used to simulate dynamic hydrological processes in or-

der forecast future conditions. SWMM is a popular semi-distributed hydrological discrete-time

simulation engine developed and freely distributed by the United States Environmental Pro-

tection Agency (US-EPA). SWMM is capable of simulating processes including surface runoff,

groundwater, flow routing, infiltration, snowmelt, surface ponding, and water quality routing;

many of these can be simulated using a variety of methods. As is typical for physics-based

rainfall-runoff models, SWMM models are parameterised based mainly on measurable water-

shed characteristics. Many model parameters are highly uncertain, which is attributable to

factors such as measurement error, non-stationary parameters, and unknown degrees of spatio-

temporal heterogeneity [Li et al., 2010]. In fact, the uncertainty of model parameters is among

the most important uncertainty sources to consider for hydrological modelling [Shin and Choi,

2018, Li et al., 2010].

Typically, SWMM parameters are calibrated within their range of uncertainty in order to

make predictions that more closely reflect observable values, which is quantifies in the form

of one or several performance criteria [Krebs et al., 2013]. Automated calibration techniques

have been demonstrated throughout the past two decades, nevertheless, many aspects, or the

entire model calibration is still performed manually in an ad-hoc fashion [Niazi et al., 2017].
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Several studies have demonstrated the application of methods such as generalised likelihood

uncertainty estimate (GLUE) and genetic algorithms (GA) for calibrating model parameters.

However, model performance and generalisation remain heavily dependent on the selection of

training data, which is typically done manually. A model calibrated to a particular event(s) is

not guaranteed to maintain its accuracy on other events [Beven, 2012]. Therefore, selection of

calibration and validation events is an important consideration, regardless of the calibration

method. Multi-model approaches have emerged as a popular way to account for the dynamic

variability of the rainfall-runoff relationship [Beven, 2012]. Such approaches can simultane-

ously consider multiple possible calibrated parameter sets. Considering the statements above,

the objectives of this paper are to (1) investigate data-driven methods for identifying cali-

bration events for SWMM calibration and (2) comparing different multi-model combination

strategies.

C.3.2 Study area

Fourteen Mile Creek (FMC) is in and upstream of the town of Oakville ON, Canada. FMC

has a total area of 31km2, which is discritised into 61 subcatchments. The watershed is char-

acterised as semi-urban, containing predominantly agricultural land-use upstream, while down-

stream consists of commercial and medium-density residential. The watercourses in the FMC

model representation are highly detailed, as reflected by hundreds of irregular cross-sections

used to represent the main creek. The FMC has historically experienced flooding and has

been subject of several flood mitigation projects over the past decade [Town of Oakville and

AMEC, 2014]. The FMC SWMM model was obtained in an uncalibrated state, evidenced by

the low precision and variability of parameter values. Cold weather conditions were removed

from the dataset based on historic data obtained from Environment Canada [Environment

Canada, 2022].as cold weather processes (e.g., snow accumulation) are not parameterised in

the SWMM model. To accommodate varying initial conditions for each event-based simula-

tion, Hot Start Files (HSF) are produced for each hydrological event using a period of one

week prior to the event start.

C.3.3 Methods

The following section provides a brief review of state-of-the-art methods for event selection,

followed by a description of the methods used for model calibration, performance evaluation,

and multi-model combination.

C.3.3.1 Event discretisation and selection

The selection of rainfall event(s) is an important consideration, as it will influence how the

model performs on future events, or how well the model generalises. It is widely known that

calibrated models will perform best on data that resembles the calibration data. Thus, event

selection strategies tend to reflect the model application; for flood forecasting, a popular ap-

plication, high flow rainfall-runoff events are selected for calibration. Several studies have used

ad-hoc approaches for identifying rainfall events. Qin et al. [2013] create synthetic events in

3 categories, with varying characteristics such as return period, duration, rainfall intensity,
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Figure C.8: Fourteen Mile Creek SWMM model. Subcatchment boundaries (black lines), sub-
catchment routing (grey lines), watercourses (blue lines), storage units (green squares), weirs
(yellow lines), and the stream gauge location (red triangle). The basemap (OpenStreetMap)
illustrates landcover, roads, and Lake Ontario.

rainfall amount, and time-to-peak. In this study, grouping rainfall events is motivated by the

unique rainfall-runoff relationship across different rainfall characteristics, which is confirmed

by simulation results. Blackler and Guo [2014] distinguish early spring, spring, summer, and

intense summer rainfall events; this study noted that long, low intensity events achieved stronger

calibration performance compared to short, intense events. Broekhuizen et al. [2020] evaluate

a multi-event calibration scheme in which events are selected from a set of discretised events

based on one of rainfall, rainfall intensity, mean flow, total flow relative to total rainfall, or

rainfall duration. In their calibration scheme, events that fall above and below a runoff thresh-

old are used in a two-stage calibration technique, which is found to outperform a single stage

multi-event approach.

Data-driven hydrological models, often considered to be counterparts to physics-based mod-

els such as SWMM, often employ sophisticated data splitting methods for identifying data

for model calibration and validation. It is well-known that data used for calibration and vali-

dation should have similar statistical properties [Zheng et al., 2018]. Unsupervised clustering

provides an objective way to identify groups of events, each with distinct characteristics. Clus-

tering techniques have previously been used to classify individual observations, for the dual

purpose of ensuring that each all flow regimes are equally represented (i.e., an equal number

of low and high flows), and to ensure similar statistical properties between the calibration and

validation data [Bowden et al., 2002, Anctil and Lauzon, 2004a, Toth, 2009]. Toth [2009] used

an SOM to classify streamflow and rainfall data (with several lagged copies of each), evalu-

ating the effect that varying the number of clusters has on overall model performance. The

study also links the SOM-based classifications to physical hydrological phenomena (e.g., a

given class may correspond to the rising limb of the hydrograph). Bowden et al. [2002] com-

pared GA-based and SOM-based data splitting methods, finding that they both outperformed

the traditional approach, in which data is split arbitrarily without any consideration for the

statistical properties of each split. Similarly, Anctil and Lauzon [2004a] use an SOM to create

208



data subsets with statistically similar properties.

However, because physics-based models require time-continuous data [Guo et al., 2020], meth-

ods that classify individual samples such as those mentioned above are unsuitable; instead,

a clustering approach must be adapted to classify complete rainfall-runoff timeseries’, rather

than individual observations as has been done in previous works. Steffen and Gomes [2018]

demonstrate a framework for classifying flood severity using based on a set of indicators in

order to better understand flood formation mechanics. In our study, a comparable timeseries

clustering approach is employed, however, in our case for calibration and validation data selec-

tion.

As mentioned above, clustering is conducted using features derived from rainfall-runoff events

that have first been discretised from continuous data, which are summarised in Table C.7. For

clustering, both rainfall and streamflow event statistics are used in order to achieve a subset

of events with both diverse streamflow and forcing rainfall event characteristics [Toth, 2009].

The event statistics (called feature set) proposed in this study include total precipitation (P ),

peak intensity (iP ), mean intensity (iµ), duration (D), date (date), peak flow (qp), flow vol-

ume (Q), hydrograph centroid coordinates (qct) and (qcy), and hyetograph centroid coordi-

nates (pct) and (pcy),.

The feature set has a high dimensionality (11) relative to the number of events, or samples

(25). Thus, before clustering, principal component analysis (PCA) is used for dimensionality

reduction. This combination of dimensionality reduction and clustering has been widely used

in literature to reduce the effects of the curve of dimensionality [Frank et al., 2020, Li et al.,

2016, Steffen and Gomes, 2018] K-means clustering is used to cluster the 5 first principal com-

ponents (PCs).

C.3.3.2 Genetic algorithm-based optimisation

A variety of optimisation algorithms have been applied for SWMM calibration [Niazi et al.,

2017]. A recent comparison of three evolutionary optimisation algorithms found that the GA

outperforms the other algorithms [Kumar et al., 2019]. The GA is an evolutionary technique

that searches for a global minimum by iteratively breeding new populations of parameter es-

timates. Each new population is created by crossing-over and mutating the best population

of each previous generation. The initial population is generated by randomly sampling within

the uncertainty range of each individual parameter. The uncertain parameters subject to cal-

ibration, and their degrees of uncertainty, are identified based on expert knowledge and are

listed in Table C.6 below. The uncertainty value indicates the uncertainty of each parameter

relative to its initial value. The lower and upper constraints are identified based on physically

realistic values for each parameter (irrespective of site conditions). For example, the upper

constraint for saturated hydraulic conductivity (KSat) is 120 mm/hr, which is largest value

listed in the SWMM manual [James et al., 2010].

C.3.3.3 Performance criteria

The Kling-Gupta Efficiency (KGE) is used as the objective function for the GA [Gupta et al.,
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Table C.6: GA Calibration Parameters and Uncertainty Ranges

class attribute units uncertainty lower constraint upper constraint

subcatchments Width m ±4.0 0 106

subcatchments PercentSlope % ±0.5 0 5
subcatchments PercentImperv % ±0.4 0 100

subareas N Imperv - ±0.2 0 0.024
subareas N Perv - ±1.0 0 0.8
subareas S Imperv mm ±0.4 0 2.54
subareas S Perv mm ±1.0 0 7.62

infiltration Suction mm ±1.0 0 320
infiltration Ksat mm/hr ±1.0 0 120
infiltration IMD - ±0.5 0 0.4

2009]:

KGE = 1−
√

(r − 1)2 + (α− 1)2 + (β − 1)2 (C.1)

where:

r =
cov(q, q̂)

σqσq̂
(C.2)

α =
σq
σq̂

(C.3)

β =
µq̂

µq
(C.4)

where σ and µ denote the standard deviation and mean statistics, respectively, for flow q and

predicted flow q̂.

x← argmax(g(q, f(X, p))) (C.5)

where x is the parameter set obtained by the maximisation of the objective function (KGE),

g(). The objective function quantifies the similarity between the observed flow Q for a given

rainfall-runoff event i, and the predicted flow, f(). The predicted flow is calculated in SWMM

and is a function of all possible model parameter sets X (bound by their uncertainty range)

and the precipitation for the same event,P .

Two additional performance criteria are used for model evaluation: the mean volume error

(MVE) and peak flow error (PFE)., which are calculated as follows:

PFE =
max(q)−max(q̂)

max(q)
(C.6)

MVE =

∑
(q− q̂)∑

(q)
(C.7)
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C.3.3.4 Multi-model prediction

A multi-model approach is used in this study, that treats collections of SWMM models, each

calibrated to distinct hydrological events, as an ensemble; discrete predictions are obtained by

combining the output of each ensemble member. Combining predictions from different param-

eter sets may be seen as counter-intuitive, especially for time-invariant parameters which are

expected to have one true value, significant work in hydrology has demonstrated that there

is no single optimum parameter sets; instead, there may be numerous parameter sets that

are equally suitable for a given model [Awol et al., 2018, Mediero et al., 2011, Beven, 2012].

Multi-model predictions are supported by pure literature on model ensembles, which asserts

that predictions produced by ensembles are known to outperform single models; the success of

ensemble is attributable to the degree of disagreement between the ensemble members, also

known as ensemble diversity [Brown et al., 2005a]. Combining the predictions from multi-

ple rainfall-runoff events has been demonstrated improving model generalisation in literature

[Shamseldin et al., 1997, Beven, 2012]. Most commonly, multi-model approaches combined

different types of rainfall-runoff models [Zahmatkesh et al., 2015]. Several studies have demon-

strated the effectiveness of combining homogeneous models, calibrated to different observa-

tions. Seibert and Beven [2009] use a Monte Carlo simulation to randomly select observations

for model calibration and obtain predictions by taking the weighted mean of the 100 best per-

forming models. The multi-model approach is found to outperform the single model.

Our proposed ensemble consists of models that are each calibrated to different rainfall-runoff

events; ensemble diversity, which can be measured as the covariance between the predictions

of ensemble members, is achieved implicitly by including diverse training data in the form of

rainfall events with distinct characteristics. To create an ensemble, n models are calibrated

by using a GA so find a solution for Eqn. C.5. Predictions are computed for each individually

calibrated model and combined, which is generally expressed by:

q̂ = h(q̂1, q̂2, ..., q̂M ) (C.8)

where h() is the combiner function that combines predictions q̂ for models calibrated to events

1 to M .

where Qi is the runoff corresponding to event i, h() is the model combiner (e.g., equal model

weighting, ANN, etc.), and f(xn, Pi) is a SWMM model with input parameters xn and forcing

precipitation for event i, Pi. There are a wide variety of model combination techniques; the

following subsections outline two common methods: weighting combination and stacking.

Weighted combination is among the most popular techniques for aggregating ensemble pre-

dictions [Sharkey, 1996]. Uniform weighting is the most common weighting scheme, but vari-

ous techniques exist for determining non-uniform model weights. We evaluate both uniformly

weighted and non-uniformly weighted schemes; for the latter, we utilise the predictions of each

calibrated model on the concatenated calibration timeseries.
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w←argmax(g(Q, Q̂)) (C.9)

Q̂ =
M∑
i=1

wif(Xi, P ) (C.10)

The weights are determined using the Nelder-Mead simplex direct search algorithm.

Stacking is a generalisation technique in which a model is trained to combine other models

(sometimes referred to as a meta-learner). Linear regression is the most common stacking

model type [Breiman, 1996a]. However, more complex model types such as artificial neural

networks are capable of mapping non-linear relationships between input data (SWMM pre-

dictions) and target data (observed flows), providing greater compensation for potential defi-

ciencies of the SWMM models [Sharkey, 1996]. We include both a linear model and ANN in

our comparison of combination methods. The configuration of the linear model is trivial; more

consideration is necessary for the ANN parameterisation. State-of-the-art modelling practices

are used to ensure the ANN is well-generalised. Specifically, stop-training and Bagging are

employed; the Levenburg-Marquardt backpropagation is used for training. Grid-search opti-

misation is performed for the number of Bagged models and hidden layer architecture, which

identified optimum sizes of 128 models and 8 hidden neurons.

A benefit of stacking is the ability to incorporate exogenous input variables such as precipi-

tation forecasts and observed flow. In this research, we utilise aerial weighted rainfall for the

FMC watershed and observed flow (lagged by 36 hours).

C.3.3.5 Model validation

In order to assess the ability for the model(s) to generalise, we assess model performance us-

ing events that are isolated from those use for predictions. For SM predictions, the validation

performance for each event is calculated using the remaining 11 events. For the MM predic-

tions, each possible combination is considered; for example, for 6 class 1 events (numbered 1-

6) and 6 class 2 events (7-12), validating event 1 is performed using all 6 unique combinations

of 5 events from each class ([2-11], [2-10,12], [2-9,11-12], [2-8,10-12], [2-7,9-12], and [2-6, 8-12]).

High variability between each combination of selected events is indicative of high sensitivity to

the event selection procedure.

C.3.4 Results and discussion

The following sections outline the outcome of the unsupervised event clustering and presents a

comparison of the single and multi-model methods outlined above.

C.3.4.1 Unsupervised event clustering

The outcome of the unsupervised event clustering is illustrated in Fig. C.9, which shows the

relationships between select indicator variables using scatterplots, and a summary is included
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Table C.7: Discretised event dates, statistics, and classification result.

event start duration precip. peak intensity mean flow rate peak flow rate class
[ddMMyyHHmm] [hours] [mm] [mm/hr] [m3/s] [m3/s] -

12-05-19 1505 39.5 13 2.8 1.2 1.8 2
25-05-19 0615 12.3 26.5 22.5 2.1 5.3 2
05-06-19 1130 9.8 23.6 21.7 1.9 3.3 2
10-06-19 0915 9.4 8.3 8.3 0.4 2.1 1
13-06-19 0400 12.6 10.4 14.9 0.4 1.8 1
20-06-19 0800 15.1 9.8 5.8 0.4 1.9 1
24-06-19 2220 3.3 11.5 10.8 0.6 2.5 1
29-07-19 2110 12.1 10.8 6.9 0.2 1.2 1
26-10-19 1945 13.7 33.7 11.9 1.8 5.6 2
30-10-19 1235 33.1 31.7 5.5 1.4 3.2 2
27-11-19 0715 5.3 6.1 6.5 0.3 0.6 1
29-12-19 1200 21.3 16.4 5.8 2.4 5.4 2

Table C.8: Ranked performance and variance for KGE, PFE, and MVE.

KGE rank KGE var. PFE rank PFE var. MVE rank MVE var.

CAL 1.083 - 2.167 - 2.250 -
SINGLE 4.000 0.156 3.167 0.119 3.250 0.119

UNIFORM 2.583 0.001 4.000 0.001 3.250 0.001
WEIGHTED 4.167 0.116 4.667 0.101 3.250 0.091

STACK MLRX 4.917 0.044 3.917 0.038 4.750 0.037
STACK ANNX 4.250 0.094 3.083 0.072 4.250 0.105

in Table C.7.

The final row and columns show the class values. The resulting classes can be described as

large and small events, in terms of flow. There is clear stratification of classes for the total

flow (Q), while the stratification is less defined for precipitation (P ) and intensity (iµ). Large

events tend to occur in spring and wall, while small events occur throughout the year. Six

events from each class are selected for model calibration and validation; models are calibrated

to individual models, which are used together according to the methodologies described above.

C.3.4.2 Comparison of single model and multi-model predictions

As mentioned above, this research compares single model with several multi-model prediction

techniques; the latter include uniformly weighted, weighted, multi-variable linear regression-

based stacking, and artificial neural network-based stacking. The comparison is illustrated in

Figure C.10 and summarised in Table C.8.

The range of the boxes indicates the range in performance due to the selection of 5 events

from each of classes 1 and 2. In , the mean performance (ranked) and variance are calculated

for each event, then averaged across all events. The highest-ranking performance and lowest

variance are indicated in bold. The uniformly weighted model predictions have the strongest

KGE and MVE performance, whereas the STACK ANNX model has the strongest PFE.
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Figure C.9: Scatterplot matrix for clustering indicator variables; classes are distinguished by
colour.

The variance in corresponds to the variance associated with the specific event(s) used for the

single or multi-model prediction; for example, for validating event 1, the single model perfor-

mance is calculated for events 2 to 12; the variance is calculated for the distribution of these

11 performance values. The uniformly weighted model has the lowest variance compared to

all other methods, while the single model predictions typically have the highest, regardless of

the performance metric. This means that model validation performance is highly sensitive to

calibration event selection; combining predictions eliminates this variance.

Next, we compare the effects of three subsets of events for multi-model prediction: 5 events

from each class (as presented above), using 5 class 1 events, and 5 class 2 events. Validation

events belonging to class 1 and 2 are separated into left and right subplots, respectively. Gen-

erally, predictions made using models calibrated to a given class perform best on events of the

same class; this is observed across different classes and performance criteria.

These trends in performance can be used to guide event selection for calibration procedures.

Balanced performance is achieved using a combination of diverse event classifications; if im-

proved performance is desired on events of a given class, predictions can be made using events

calibrated based on events in the same class.

C.3.5 Conclusion

This research outlines a novel approach, based on unsupervised clustering, for objectively

selecting rainfall-runoff events for SWMM calibration. Once clustered, an event number of

events from each class are selected for calibration, ensuring statistically diverse training data.

Next, several multi-model prediction strategies, including two weighting schemes and two

stacking methods. Overall, the uniformly weighted model combinations have the best per-

formance and lowest sensitivity to specific event selection, across three criteria. Uniformly
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Figure C.10: Validation performance of SWMM configurations for single model (red), uniform
weighting (blue), variable weighting (green), MLR-based stacking (yellow), and ANN-based
stacking (purple). Calibration performance is indicated by a grey bar.

weighted predictions are compared for predictions made using only events from a single event

class and predictions made using an even number of predictions from each class. Predictions

made using a single class tend to perform best on validation events with the same class, and

worst on events from the other class; the multi-class performance typically lies between the

two.

Recommendations for future work include a more robust comparison of multi-event calibration

methods (e.g., using multi-objective optimisation) within the proposed framework for event se-

lection. Furthermore, a detailed analysis of calibrated parameter values for models calibrated

to distinct events will provide a greater understanding and physics-based support for parame-

ter estimates.
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C.4 Spatial bootstrapping for model-free estimation of subcatchment pa-

rameter uncertainty for a semi-distributed rainfall runoff model

C.4.1 Introduction

Hydrological model parameter estimation is highly uncertain. Uncertainty estimation often re-

lies heavily on expert judgement. Uncertainty estimates that are too large introduces risks of

equifinality [Beven, 2012] and unrealistic parameter values, thus uninterpretable model repre-

sentations. This work proposes a data-driven alternative, spatial bootstrapping, as a novel ap-

proach method for quantifying aggregation uncertainty in semi-distributed hydrological mod-

els.

Data and study area: The proposed method is evaluated for a catchment in Toronto On-

tario. The study area is the Taylor Creek catchment, a tributary of the Don River that flows

through heavily urbanised Toronto into Lake Ontario. This area has historically experienced

flash flooding, thus could benefit from more accurate models.

SWMM is a semi-distributed hydrological modelling platform, meaning that a single catch-

ment is discretised into subcatchments. The optimum level of spatial aggregation for semi-

distributed rainfall runoffs is a function of the spatiotemporal resolution of the and hetero-

geneity of the underlying descriptor data, forcing data, model time step, as well as the fre-

quencies of the hydrological signatures present in the area under study. Since the optimum

aggregation level is not know, models were created at varying spatial resolutions, by adjust-

ing the follow accumulation threshold used to extract the surface flow network. The flow ac-

cumulation grid, which is derived from the DTM, provides a spatially continuous estimate of

upstream drainage contribution. A lower flow accumulation threshold results in smaller sub-

catchments, and vise versa. Varying the level of subcatchment aggregation also permits the

study the variability of uncertainty estimation across different subcatchment sizes. Larger

subcatchments are expected to be more uncertain, while the uncertainty asymptotically ap-

proaches 0 as the subcatchment size approaches the cell size (neglecting measurement uncer-

tainty). SWMM models for Taylor Creek were generated from scratch using the approach and

data detailed in Sec. 2.

Model performance is evaluated using the Kling-Gupta Efficiency (KGE; Gupta et al. [2009])

for a 1-year simulation. Since the aim of this work is to estimate uncertainty ranges, models

are not calibrated. Performance distributions are obtained by propagating parameter uncer-

tainty through the model using a Monte-Carlo simulation (n=100).

C.4.2 Methods

Bootstrapping is a common statistical technique that uses resampling with replacements to es-

timate the accuracy of a sample distribution. Semi-distributed hydrological models are param-

eterised by aggregating descriptors (e.g., landcover) over the footprint of each subcatchment.

Such descriptors exist exist at varying spatial resolutions and accuracy levels. Typically, the

aggregated model parameter values are tuned within some estimated range. However, boot-
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(A) (B) (C)

(D) (E) (F)

Figure C.11: (A) Taylor Creek tributary (blue lines), stream gauge (red triangle), rain gauge
(blue square); (B) Digital Terrain Model; (C) delineated Taylor Creek catchment area (pink);
(D) Taylor Creek subcatchments (violet); (E) Impervious (black) and pervious (green) land-
cover overlaid by subcatchment boundaries (pink); (F) SWMM model as shown in GUI (back
routing network), overlaying the catchment boundary.

strapping provides a way to estimate the uncertainty range using the descriptors directly. In

this work, bootstrapping is used to provide new estimates of semi-distributed model param-

eters, which are propagated through the model to quantify uncertainty of model predictions,

and thus, model accuracy.
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Spatial data can be highly correlated and therefore, a simple bootstrap resampling approach

should not be used [Kasiviswanathan et al., 2016]. Instead, the resampling approach should

preserve autocorrelation within the spatial domain. Block bootstrap resampling is one such

approach. In block bootstrap resampling, continuous blocks are resampled, instead of indi-

vidual cells, preserving the autocorrelative pattern [Kasiviswanathan et al., 2016]. The size of

the blocks should match the spatial shifts associated with the highest autocorrelation scores.

However, spatial patterns may exist at multiple frequencies. For example, the impervious

landcover data featured in this case study may contain spatial patterns at the individual build-

ing level, or at the block level. An example of 100m blocks overlaying impervious data is shown

in Fig. C.12, in which there are patterns of individual buildings, and city blocks of buildings.

To account for the varying frequencies of spatial patterns within the descriptor data, a range

of block sizes are considered, ranging from 20x20m to 1000x100m.

C.4.3 Results

Model performance, according to KGE, is shown across increasing numbers of subcatchments

in Fig. C.13 for several block sizes. The uncertainty of model performance, which is illus-

trated by the filled envelopes, is calculated by propagating the uncertainty of the ’Percent Im-

pervious’ subcatchment parameter (n=100 resamples). The solid line indicates mean perfor-

mance. The mean KGE increases from 0.2 to nearly 0.4 from 1 to 1000 subcatchments, before

a sharp decline at 10000 subcatchments. As expected, the uncertainty of model performance

decreases inversely to the number of subcatchments. Larger block sizes produce the greatest

uncertainty estimates.

To achieve a similar deviation from the spatial mean, the uniform uncertainty is set to ±40%

44% of the ‘random uncertainty’ models have poorer performance than the worst bootstrap-

based model

Figure C.12: Pervious (green) and impervious (black) landcover at a 1x1m resolution for an
arbitrary residential neighbourhood in Taylor Creek, overlaid by 100x100m grid, illustrating
block bootstrapping resampling procedure.

Fig. C.14 illustrates the same results, but performance is plotted against block size. This

figure clearly illustrates the high uncertainty of the 1 and 9 subcatchment models at large
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Figure C.13: Model performance (KGE) across increasing subcatchment resolution for four
block bootstrap sizes (colours).

Figure C.14: Model performance (KGE) across increasing block sizes for four subcatchment
resolutions (colours).

block sizes. With the proposed uncertainty estimation, the 1-subcatchment model is capable

of achieving the same performance as the 100-subcatchment model, within their respective

uncertainty range - demonstrating how an uncertainty estimation technique based on model

scale can inform improved model calibration techniques. However, both models are outper-

formed by the 1000-subcatchment model, which achieves good performance despite having

very low aggregation uncertainty. This is likely a reflection of the temporal resolution forcing

data and highly complex hydrological characteristics in the Taylor Creek catchment.

C.4.4 Conclusion

This study featured a novel application of block bootstrap resampling for model-free esti-

mation of subcatchment parameters for semi-distributed hydrological models. This proof of

concept included a single catchment and single model parameter. Future work on this topic

should include a larger number of catchments, and uncertainty applied to a greater number

of model parameters. An interesting topic would be to apply such a framework to distributed

model inputs such as radar-based rainfall estimates.
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Appendix D Supplementary ensemble studies

This section includes the supplementary information for Chapter 4, and several other projects

that were submitted to conferences in the form of presentations, posters, or conference papers,

but not included in the manuscript.

D.1 Supplementary information for Chapter 5

D.1.1 Input variable selection results

Table D.1: List of 25 most useful inputs identified using the PC IVS algorithm for the Bow
and Don River watersheds, selected form the set of candidate inputs. Input variables are en-
coded in the following format ”station ID” ”variable” ”statistic” ”lagged timesteps”. Variable
abbreviations ”WL” and ”Precip” refer to water level (stage) and precipitation.

rank Bow Don

1 05BH004 WL Mean L4 HY022 WL Mean L4
2 05BB001 WL Max L4 HY008 Precip Sum L4
3 05BB001 WL Min L12 HY019 WL Mean L4
4 05BH004 WL Mean L5 HY008 Precip Sum L5
5 Calgary Temp Max L4 HY027 Precip Sum L4
6 05BB001 WL Max L6 HY017 WL Mean L4
7 05BH004 WL Mean L15 HY022 WL Mean L5
8 Calgary Precip Sum L5 HY008 Precip Sum L8
9 Calgary Temp Min L10 HY027 Precip Sum L6
10 Calgary Precip Sum L11 HY017 WL Mean L5
11 05BH004 WL Max L4 HY027 Precip Sum L5
12 05BH004 WL Min L4 HY008 Precip Sum L10
13 05BH004 WL Max L7 HY019 WL Mean L7
14 Calgary Precip Sum L7 HY080 WL Mean L4
15 05BB001 WL Min L15 HY008 Precip Sum L11
16 05BH004 WL Min L8 HY008 Precip Sum L6
17 Calgary Precip Sum L10 HY080 WL Mean L6
18 05BH004 WL Max L12 HY027 Precip Sum L7
19 Calgary Precip Sum L6 HY022 WL Mean L6
20 05BB001 WL Max L5 HY027 Precip Sum L8
21 Calgary Temp Min L15 HY022 WL Mean L7
22 05BH004 WL Min L6 HY080 WL Mean L5
23 05BH004 WL Mean L6 HY017 WL Mean L6
24 05BH004 WL Max L5 HY080 WL Mean L7
25 05BB001 WL Min L9 HY019 WL Mean L6
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D.2 Pseudocode

Algorithm 1 Random undersampling

Require:
Set S containing X input features and Y observations, (x1, y1), ..., (xm, ym)
High stage threshold, θ
STS = S where Y < ϕTS

SHS = S where Y ≥ ϕHS

S′
TS ← sample(STS , NHS)

S′
HS ← sample(SHS , NHS)

S′ = S′
TS

⋃
S′
HS

Algorithm 2 Random oversampling

Require:
Set S containing X input features and Y observations, (x1, y1), ..., (xm, ym)
High stage threshold, θ
STS = S where Y < ϕTS

SHS = S where Y ≥ ϕHS

S′
TS ← sample(STS , NTS)

S′
HS ← sample(SHS , NTS)

S′ = S′
TS

⋃
S′
HS
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Algorithm 3 SMOTER

Require:
Set S containing X input features and Y observations, (x1, y1), ..., (xm, ym)
High stage threshold, θHS

Ensure:
ϕHS/(1− ϕHS) ϵ Z
Nsynth ← ϕHS/(1− ϕHS)− 1
STS = S where Y < ϕTS

SHS = S where Y ≥ ϕHS

for siϵSHS do
nni = kNN(S, k)
for j = 1, 2, ...Nsynth do

sj = nni(randi(1, k)) ▷ randomly select one nearest neighbour
sdiff ,= si − sj
gap = rand(0, 1) ▷ randomly select a point between sample and nearest neighbour
ssynth,i,j = si + sdiff × gap

end for
end for
S′ = S

⋃
Ssynth ▷ merge original and synthetic data

Algorithm 4 Bagging with resampling

Require:
Set S containing X input features and Y observations, (x1, y1), ..., (xm, ym)
Learner, f()
Number of iterations, T
Resampling function, resample()
for t = 1, 2, ...T do

S′
t, D

′
t ← resample(St, Dt)

train f(S′
t, D

′
t) ▷ train learner using resampled examples

end for

Algorithm 5 AdaBoost.RT with resampling

Require:
Set S containing X input features and Y observations, (x1, y1), ..., (xm, ym)
Learner, f()
Number of iterations, T
Resampling function, resample()
Relative error threshold ϕ
D1(i)← 1

m for i = 1, ...,m ▷ initialise weights array
for t = 1, 2, ...T do

S′, D′
t ← resample(S,Dt)

train ft(S
′
t, D

′
t) ▷ train learner using resampled examples and weights

ϵt =
∑

Dt(i), i = | (ft(xi)−yi)
yi

| > ϕ ▷ calculate error rate

βt = ϵ2t

Dt+1(i) = Dt(i)
Zt
×
{
βt, if | (ft(xi)−yi)

yi
| ≤ ϕ

1, otherwise.
▷ update weights for next boosting iteration

Dt+1 = normalise(Dt)
end for
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Algorithm 6 LSBoost with resampling

Require:
Set S containing X input features and Y observations, (x1, y1), ..., (xm, ym)
Learner, f()
Number of iterations, T
Resampling function, resample()
Learning rate ν{0 < ν ≤ 1
Ŷ0 = Ȳ
for t = 1, 2, ...T do

Rt = Y − Ŷt−1

S′ ← resample(S) ▷ resample input features and residuals
R′

t = Y ′ − Ŷ0 +
∑T

t=1 ρtft(X
′) ▷ calculate the residuals corresponding the resampled data

train ft(X
′, R′

t) ▷ train learner to latest residuals
ρt = argmin

∑
[R̂t − ρRt]

2

Ŷt = Ŷt−1 + νρtft(X)
end for
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D.3 Evaluation of boosting for flood forecasting

D.3.1 Introduction

This case study features Toronto’s Don River watershed, which is illustrated in Fig. D.1. The

Don River watershed has an area of 36,000 ha and 1.4 million residents, making it one of the

most urbanised watersheds in Canada. Historically, the Don has experienced frequent and se-

vere flooding. ANN based flood forecasting models for this watershed have been shown to pro-

duce accurate forecasts for short lead times (1-3 hours) [Snieder et al., 2020]; however, model

performance is considered only satisfactory at larger lead times [Mosavi et al., 2018]. Boost-

ing, which is a widely used ensemble-based meta-algorithm for increasing predictor accuracy,

is proposed to improve predictions for the Don River [Duffy and Helmbold, 2002]. The fol-

lowing case study compares the effects of common boosting algorithms applied to ANN-based

flow forecasting models.

Figure D.1: Map showing locations of upstream stream (yellow), target stream (red) and pre-
cipitation (green) gauges for the Don River. The watershed area is marked in grey and hydro-
graphic features are shown in dark blue.

The primary objective of this case study is to compare the effectiveness of three boosting algo-

rithms for improving the performance of flow forecasting models in the Don River, especially

with respect to high flows.

D.3.2 Methods

This work uses multilayer perceptron feedforward ANNs as the base learners for the boosting

algorithms. Models are trained and tested in a 5-fold cross-validation format. Three boost-

ing algorithms are considered: two variants of AdaBoost.RT [Shrestha and Solomatine, 2006,

Shrestha et al., 2007], which use either resampling (.rs) or reweighting (.rw), as well as the
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least squares (.ls) variant of GradBoost [Friedman, 2000]. Reviews and pseudocode for each

boosting method are included in Sections 4.5.2 and D.2, respectively. A graphical description

of each boosting method is also provided in Fig. D.2.

Figure D.2: Graphical description of each of the three boosting methods considered

D.3.3 Results

The effects of boosting are shown in the test event hydrographs in Fig. D.3 (A). The Grad-

boost models matches observed peak flows closer than the other models. The head maps in

Fig. D.3 (B) illustrate the evolution of the weighted cost function across boosting iterations

for each timestep in the event. Despite proportionally higher weight being applied to the ris-

ing limb and peaks of each event, the prediction error tends to persist across boosting itera-

tions.

Performance of the boosted model ensembles is illustrated in the violin plots below for Nash-

Sutcliffe Efficiency (NSE) and Persistence Index (PI). Collectively, the three boosting ap-

proaches have relatively indifferent impacts on the overall performance. The Adaboost models

have the best performance, with mean NSE and PI values approximately 0.05 better than the

base model.

This case study was presented as a poster, shown in Fig. D.5, at the AGU 2019 general as-

sembly.

D.3.4 Conclusion

Despite their popularity in literature, the boosting algorithms produced only minor improve-

ments to the flow forecasting models. Future work on this topic will aim to leverage methods

for increasing the diversity of the ensemble member error, through embedded resampling tech-

niques.
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(a)

(b)

Figure D.3: (a) Hydrographs of two runoff events for observed (black), no boosting baseline
(blue), GradBoost.ls (green), AdaBoost.rt.rs (red), and AdaBoost.rt.rw (yellow). (b) Evolu-
tion of cost function weights across boosting iterations for each of the three boosting methods.

Figure D.4: Violin plots illustrating the training (top) and test (bottom) performance of each
configuration, according to NSE (left) and PI (right).
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Background 

• Toronto’s Don River watershed has an area of 

36,000 ha and 1.4 million residents, making it one 

of the most urbanized watersheds in Canada. 

• Historically, the Don has experienced frequent and 

severe flooding. 

• Artificial Neural Network (ANN) based flood fore-

casting models, that use hydrometeorological sta-

tions as input data, have been used to produce 

accurate forecasts for short lead times (1-3 hours) 

[1]; however, model performance is considered 

only satisfactory at larger lead times (6 hours) [2]. 

• Boosting, which is a widely used ensemble-based 

meta-algorithm for increasing predictor 

accuracy, is proposed to improve pre-

dictions for the Don River [3]. 

• This research compares the effects of 

common boosting algorithms applied to  

ANN-based flow forecasting models. 

Objectives 

• Implement and compare popular regression 

boosting algorithms for flood forecasting ANNs for 

the Don River. 

• Evaluate the effects of boosting on overall model 

performance and ensemble diversity. 

Introduction 

Conclusions and Future Work 

[1] E. Snieder, R. Shakir, and U. T. Khan, “A comprehensive comparison of four input variable selection methods for artificial 
neural network flow forecasting models,” J. Hydrol., p. 124299, Oct. 2019. 

[2] D. N. Moriasi, J. G. Arnold, M. W. Van Liew, R. L. Bingner, R. D. Harmel, and T. L. Veith, “Model Evaluation Guidelines for 
Systematic Quantification of Accuracy in Watershed Simulations,” Trans. ASABE, vol. 50, no. 3, pp. 885–900, 2007. 

[3] N. Duffy and D. Helmbold, “Boosting methods for regression,” Mach. Learn., vol. 47, no. 2–3, pp. 153–200, 2002. 

[4] H. R. Maier, A. Jain, G. C. Dandy, and K. P. Sudheer, “Methods used for the development of neural networks for the predic-
tion of water resource variables in river systems: Current status and future directions,” Environ. Model. Softw., vol. 25, no. 
8, pp. 891–909, Apr. 2010. 

[5] G. Brown, J. Wyatt, R. Harris, and X. Yao, “Diversity creation methods: A survey and categorisation,” Inf. Fusion, vol. 6, no. 
1, pp. 5–20, 2005. 

[6] D. L. Shrestha and D. P. Solomatine, “Experiments with AdaBoost.RT, an improved boosting scheme for regression,” Neu-
ral Comput., vol. 18, no. 7, pp. 1678–1710, Jul. 2006. 

[7] D. P. Solomatine and D. L. Shrestha, “AdaBoost.RT: A boosting algorithm for regression problems,” in IEEE International 
Conference on Neural Networks - Conference Proceedings, 2004, vol. 2, pp. 1163–1168. 

[8] J. H. Friedman, “Greedy Function Approximation: A Gradient Boosting Machine,” Ann. Stat., vol. 29, no. 5, pp. 1189–1232, 
2000. 

[9] D. van Heijst, R. Potharst, and M. van Wezel, “A support system for predicting eBay end prices,” Decis. Support Syst., vol. 
44, no. 4, pp. 970–982, Mar. 2008. 

References 

• The improvements produced by boosting are illustrated in the event hydrographs (test data), 

in which the Gradboost models matches observed peak flows closer than the other models.  

• Heat maps, in which the colour intensity indicates magnitude of the weight allocated to each 

sample at each boosting iteration, illustrate how the algorithms increasingly focus on the ris-

ing limb portion of the hydrograph, however, such is not reflected in the hydrographs. 

• Performance of the boosted model ensembles is illustrated in 

the violin plots below for Nash-Sutcliffe Efficiency (NSE) and 

Persistence Index (PI), which are defined to the right. 

• Collectively, the three boosting approaches have relatively in-

different impacts on the overall performance. The Adaboost 

models have the best performance, with mean NSE and PI 

values approximately 0.05 better than the base model. 

• Comparing the train and test performance distributions re-

veals that the Gradboost models are slightly overfitted and 

the Adaboost models have improved convergence, when 

compared to the base model. 

Base model framework 

• Multilayer perceptron feedforward ANNs are used as the base 

learners for this research (parameters in left table) [4]. 

• Ensembles are generated the base model and each of the boosted 

models using 5-fold cross-validation (2-month folds) and re-

initialization of initial ANN weights and biases [5]. 

Boosting algorithms 

• The relative threshold (.rt) variant of Adaboost is 

utilized; two variants are implemented, which use 

resampling (.rs) and reweighting (.rw) [6-7]. 

• The least squares (.ls) variant of Gradboost is im-

plemented [8-9]. 

Methods 

Station ID Data type Units Data source Lag times No. 

HY019 Water [m] TRCA
1 

6h 1 

HY017, HY019, 
HY022, HY080, 

HY093 

Water 
elevation 

[m] TRCA
1 

- 0:1:5 h 30 

HY008, HY027 Precipitation [mm] TRCA
1 

- 0:1:11 h 24 

Toronto City 
Centre 

Temperature [°C] Environment - 0:1:5 h 6 

• This diagram illustrates each of the three boosting methods used. 

ANN parameter Value 

Inputs 60 

Outputs 1 

Hidden layer 1 

Hidden neurons 5 

Number of samples 7183 

Training algorithm Levenberg–Marquardt  

Training epochs 20 

Objective function SSE 

Ensemble size 50 

Parameter Value Boosting method 

Number of boosts (T) 40 Both 

Learning rate (λ) 1 Gradboost 

 Threshold (ϕt) P20(AREt) Adaboost 

Model weight (β)  (∑W(ARE>ϕt))
2
 Adaboost 

Results 
CBC News, photo by Mark Blinch 

Target

Prediction

Inputs

Iteration

1

Iteration

2

Iteration

T

 
 
 

Target Error

Prediction

Inputs

Target Error

Prediction

Inputs

 
 
 

Combined 

(boosted) 

prediction

Adaboost

(resampling)

Gradboost

Adaboost

(reweighting)

Error

• This research showcased and evaluated three boosting methods. 

• Despite widespread success of these methods for improving regression model accuracy, the 

algorithms produced only minor improvements to forecast accuracy. 

• Future work will include a wider variety of boosting and other ensemble methods and include 

event-based performance measures that explicitly assess the rising limb. 

Figure D.5: Poster presented at the AGU 2019 General Assembly.
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Appendix E Supplementary large-sample studies

This section includes the supplementary information for Chapter 5, and several other projects

that were submitted to conferences in the form of presentations, posters, or conference papers,

but not included in the manuscript.

E.1 Supplementary information for Chapter 6

E.1.1 Static attribute statistics

Attributes from Arsenault et al. [2020] are included directly in the dataset, whereas attributes

from Addor et al. [2017] and MacKinnon [2010] are calculated from the hydrometeorological

timeseries data in HYSETS. Seasonality attributes are calculated for flow and temperature

using an additive seasonal decomposition for a frequency of one year. The seasonality is then

given as:

Seasonality = 1−
∑

(wt − wt)
2∑

((wt + st)− (wt + st))2
(E.1)

where st and wt are the seasonal and residual (i.e. white noise) terms of additive seasonal de-

composition. Negative seasonality values are truncated to 0, resulting in seasonality values

ranging between 0 and 1, corresponding to no and high seasonality.

228



E.1.2 Sensitivity of silhouette scores to minimum cluster size

The clustering outcome and silhouette scores are highly dependent on the minimum cluster

size. Unconstrained k-means clustering results in an optimum K value of 8, however, some of

these clusters do not contain enough basins to use for validation. A comparison of silhouette

scores across the numbers of clusters for minimum cluster sizes of 2, 8, 16, 32, 64, is provided

in Fig. E.1 below. Although greater numbers of clusters produce more hydrologically diverse

sets of basins, there are simply not enough basins in each cluster to form a training dataset

with balanced hydrological conditions (i.e., an equal number of basins from each cluster).
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Figure E.1: Silhouette scores (left) for minimum cluster sizes of 2 (a), 8 (c), 16 (e), 32 (g), and
64 (i). Respective clustering results (right) for K values (corresponding to maximum silhou-
ette score) of 8 (b), 7 (d, f), and 2 (h, j). World Gray Canvas basemap provided by ESRI.
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E.1.3 Two-cluster attributes

Table E.1: Mean and standard deviation of basin attributes for 2 cluster configuration.

cluster 0 mean cluster 0 std cluster 1 mean cluster 1 std

elevation (m) 307.05 179.09 1432.84 327.84
slope (deg) 3.11 3.82 16.15 6.84
gravelius (-) 2.11 0.5 1.86 0.37
aspect (deg) 155.91 88.78 169.09 100.34
land use forest (frac) 0.58 0.27 0.6 0.2
land use grass (frac) 0.04 0.08 0.2 0.13
land use wetland (frac) 0.04 0.07 0.0 0.0
land use water (frac) 0.06 0.07 0.02 0.02
land use urban (frac) 0.04 0.1 0.01 0.01
land use shrubs (frac) 0.09 0.11 0.09 0.05
land use crops (frac) 0.14 0.26 0.02 0.11
land use snow ice (frac) 0.0 0.01 0.05 0.1
permeability (log; m2) -14.19 1.17 -14.07 0.9
porosity (frac) 0.1 0.06 0.11 0.06

precip mean (mm/d) 2.68 1.23 2.14 1.43
precip high (mm/d) 13.39 6.15 10.69 7.14
precip low (mm/d) 1.0 0.0 1.0 0.0
precip mean (mm/mo) 81.2 37.74 64.45 43.81
precip mean (mm/y) 974.38 452.9 773.45 525.76
precip high freq (d/yr) 3.57 0.5 3.33 0.66
precip high dur (d) 1.16 0.11 1.23 0.07
precip low freq (d/yr) 45.0 5.12 45.65 6.79
precip low dur (d) 3.99 1.63 4.64 0.98

baseflow index (-) 0.71 0.13 0.78 0.1
q mean (mm/d) 1.8 1.54 1.86 1.79
q high (mm/d) 16.18 13.88 16.77 16.13
q low (mm/d) 0.36 0.31 0.37 0.36
q high freq (d/yr) 69.38 91.85 47.28 83.23
q high dur (d) 2.67 2.69 2.35 2.54
q low dur (d) 29.66 34.52 42.33 35.39
q zero freq (d/yr) 183.47 970.46 135.96 1064.88
q 95 (mm/d) 6.13 5.27 6.42 5.57
q 5 (mm/d) 0.21 0.27 0.24 0.29
q adf (-) -14.24 5.33 -11.23 4.58
q seasonality (-) 0.3 0.2 0.51 0.27
q var (mm2/d2) 11.02 26.07 10.2 21.08
runoff ratio (-) 0.6 0.38 0.87 0.57

tmean seasonality (-) 0.8 0.1 0.76 0.11
tmean alltime (c) 3.69 3.81 3.31 3.94
tmax annual mean (c) 31.03 2.27 31.17 2.83
tmin annual mean (c) -30.24 9.02 -31.26 10.03
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E.2 Additional two-cluster comparison performance metrics

The NSE α and β decompositions are taken from [Gupta et al., 2009]:

α−NSE = σq̂ − σq (E.2)

where σq̂ and σq are the standard deviations of the simulated and observed streamflow.

β −NSE =
µq̂−µq

σq
(E.3)

where µq̂ and µq are the means of the simulated and observed streamflows.

The overfitting ratio, which quantifies the relative difference in train and test error, is calcu-

lated based on the MSE:

MSE =
1

n

∑
(qt − q̂t)

2 (E.4)

The overfitting ratio is given as:

OVERFITTING RATIO = 1− MSEtest

MSEtrain
(E.5)

where MSEtest and MSEtrain are the MSE scores on the test, and train partitions, respectively.

The overfitting ratio ranges −∞ to an ideal value of 1, which corresponds to 0 error on the

test dataset. Scores of 0 indicate the same error on train and test data.

232



k=0, B=32

k=0, B=64

k=[0,1], B=64

(a) Exp. 2a (b) Exp. 2a

0.4 0.8 1.2

α−NSE

k=0, B=32

k=0, B=64

k=[0,1], B=64

(c) Exp. 2b

−0.15 0.00 0.15

β −NSE

(d) Exp. 2b

k=1, B=32

k=1, B=64

k=[0,1], B=64

(e) Exp. 2a (f) Exp. 2a

0.4 0.8 1.2

α−NSE

k=1, B=32

k=1, B=64

k=[0,1], B=64

(g) Exp. 2b

−0.15 0.00 0.15

β −NSE

(h) Exp. 2b

Figure E.2: Boxplots showing the α−NSE (left) and β −NSE (right) of models evaluated
on 32 C0 basins for experiment 2a (a, b), and 2b (b, c), and 32 C1 basins for experiment 2a
(e, f) and 2b (g, h). for a lead time of 3 days. The baseline model, which is trained uniquely
using the evaluation basins, is indicated in bold. Blue, red, and green colours indicate models
trained on C0, C1, and both types of basins.

E.3 Large-scale analysis of machine learning based flow forecasting models

for Southern Ontario

E.3.1 Introduction

Machine learning is increasingly used for modelling the rainfall runoff relationship [Mosavi

et al., 2018]. Despite widespread advances in ML-based approaches to flood forecasting, there

are no operational ML-based forecasting applications in Ontario, Canada. Most research ad-

vances ML-based techniques for small numbers of watersheds [Tyralis et al., 2019a], which cre-

ates a gap in knowledge surrounding the transferability and interpretability of results between

regions with different hydrometeorological conditions.

The objectives of this work are (i) to develop an automated, large-scale ML-based flow fore-

casting platform for Southern Ontario, Canada. (ii) to evaluate the transferability and inter-

pretability of model behaviour across varying quantities of data availability and watershed

characteristics.
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Figure E.3: Boxplots showing the MSE (left) and OFR (right) of models evaluated on 32 C0
basins for experiment 2a (a, b), and 2b (b, c), and 32 C1 basins for experiment 2a (e, f) and
2b (g, h). for a lead time of 3 days. The baseline model, which is trained uniquely using the
evaluation basins, is indicated in bold. Blue, red, and green colours indicate models trained on
C0, C1, and both types of basins.

Figure E.4: Locations of major floods in Southern Ontario that occurred between 1900 and
2021. The floods shown are from the Canadian federal disaster database, thus are only those
that meet the Government of Canada’s definition of a disaster [Government of Canada and
Public Safety Canada, 2021].

E.3.2 Methods

This study considers all watersheds within Southern Ontario (those that fall within the 45.5th

parallel). Out of more than 700 watersheds in this region, 229 contained sufficient flow data
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(2+ years) to be trained and evaluated. The following framework was used to generate models

for each watershed. (1) for each watershed, a feature set is generated using flow data within

the watershed and meteorological data from stations within the watershed. If the watershed

does not contain any meteorological stations, the nearest station is used. (2) inputs are lagged

at several recurrences to account for temporal patterns, and min-max normalised between 0

and 1. (3) The records are divided into 50-50 time-continuous splits for training and testing

data. (4) Individual ML models are trained and evaluated. This process is shown in Fig, E.5.

Figure E.5: Diagram of data-processing pipeline.

The models consist of feed-forward MLP ANNs. Bagged ensembles (m=10), which means that

each model is trained to a resampled (with replacement) training dataset. Early-stopping with

a patience value of 10 is applied to 50% of the training data (randomly selected). A network

architecture of X-5-5-1 is used, where x is the number of inputs for a given watershed, with

ReLu activation functions between the input and hidden layers. A drop-out rate of 0.5 is used

for further regularisation. Adam backpropagation is used with a learning rate of 0.001, min-

imising MSE. Watershed attributes for each watershed are calculated using the respective hy-

drometeorological data and aggregated spatially continuous data.

The models are evaluated using two performance metrics: the NSE and PI. The NSE is the

MSE normalised by the mean observed flow, while the PI is the MSE normalised by the error

of the naive model.

E.3.3 Results and discussion

The outcome of training each ANN is illustrated in Fig. E.6, which illustrates model general-

isation by comparing model performance on the training dataset and the test dataset. Good

generalisation is indicated when the test performance is equal or better to the training perfor-
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mance. According to Fig. E.6, most models are well generalised, which is attributable to the

regularisation techniques used (Bagging, dropout, and early-stopping).
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Figure E.6: Performance of models on the train (y-axis) and test (x-axis) datasets according
to NSE (left) and PI (right). Points along and below the diagonal are considered to have good
generalisation. Colour illustrates the density of points.

The spatial distribution of model performance is shown in Fig E.7 below. The NSE tends to

be good (¿0.80) in all areas except for in the Greater Toronto Area (GTA), which is highly

urbanised, thus, features a comparatively faster runoff response compared to non-urbanised

watersheds. The PI has an inverse spatial trend; north watersheds with a high NSE tend to

have a low PI.

Figure E.7: Spatial patterns in performance of each watershed. Colour indicates performance
according to NSE (left) and PI (right). Points are located at the centroids of each catchment.

There is a variable number of stream gauges and meteorological stations available for each wa-

tershed. Fig. E.8 groups model performance based on the number of available gauges for flow,

precipitation, and temperature. Generally, there is not a significant change in model perfor-

mance across increasing numbers of stations, except for the number of flow stations according

to PI. The PI improves considerably across 1-3 gauges. Poor performance with 4 or 5 gauges

is not reliable, as there is only one of each case.

In order to better understand spatial patterns in model performance, we calculate hydrological

and physical characteristics for each watershed. These largely mirror those included in the

CAMELS dataset [Addor et al., 2017]. Figs. E.9 and E.10 illustrate hydrological and physical

characteristics for Southern Ontario watersheds.
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Figure E.8: Performance of models according to NSE (top) and PI (bottom) against increas-
ing numbers of available flow (left), precipitation (middle), and temperature (right) stations.

The correlogram in Fig. E.11 summarises collinearities between watershed characteristics.

Naturally, there is a negative correlation between soil textures, as well as between high flow

frequency and baseflow index.

An RF is used to determine which watershed characteristics have the most influence on model

performance. This is measured by evaluating the RF’s ability to predict flood forecasting

model performance, based on watershed characteristics, then measuring the feature impor-

tance of each characteristic. Seasonality, high flow duration, and low flow frequency are found

to be the best indicators of model performance. Feature importance values with respect to

NSE and PI are shown in E.12.

The performance scores of NSE and PI for each model are plotted against two important

characteristics in Fig. E.13, annual seasonality, and high flow duration. There is a positive

correlation between NSE and each characteristic, whereas PI tends to be higher in watersheds

with low seasonality and short high flow durations. The NSE of models tends to improve over

increasing seasonality, while the PI declines. This result indicates an over-dependence on au-

toregressive input features. In contrast, watersheds with low seasonality tend to have compar-

atively better PI performance, as they don’t develop such a dependency.

E.3.4 Conclusion

This work looked at trends in model performance across varying data availability (in terms of

number of stations). We showed that increased upstream flow data considerably improved the

PI of models. Next, we illustrated that spatial patterns in model performance is closely tied

to flow seasonality. Results highlighted the risk of over-dependence on autoregressive input

features in highly seasonal watersheds. Future work on this topic will consider regularisation

techniques to eliminate this dependence, by adapting training methods based on watershed

characteristics.
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Figure E.9: Hydrological characteristics, including mean flow (MEAN MMHA), annual flow
seasonality (ANNUAL SEASONALITY), high flow frequency (HIGH Q FREQ), high flow
duration (HIGH Q DUR), low flow duration (LOW Q DUR), low flow frequency (LOW Q -
FREQ), flow duration curve slope (SLOPE FDC), and baseflow index (BASEFLOW INDEX).
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Figure E.10: Physical watershed characteristics, including mean slope (SLOPE), perviousness
fraction (PERV), volumetric volume of coarse fragments fraction (CFVO), bulk density of fine
earth fraction (BDOD), proportion of clay (CLAY), and (SAND), silt (SILT), and soil organic
carbon content (SOC).
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Figure E.11: Correlogram illustrating linear relationships between watershed characteristics.
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Figure E.12: Feature importance of watershed characteristics for predicting model perfor-
mance of Southern Ontario watersheds.
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Figure E.13: Model performance against annual flow seasonality (left) and high flow duration
(right).
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E.4 Large-scale evaluation of temporal trends in ANN behaviour for daily

flow forecasts in Canadian catchments

E.4.1 Introduction

Many hydrological systems are non-stationary, which is commonly attributed to factors such

as climate change and urbanisation [Wang et al., 2016, Tyralis et al., 2019a, Yaseen et al.,

2015]. Machine learning models typically assume stationarity (i.e., hydrological processes do

not change in time). Failure to properly account for stationarity can lead to non-optimum

model parameterisation [Myers et al., 2021].

The objectives of this study are (i) to evaluate temporal trends in ML-based streamflow fore-

cast performance and (ii) to evaluate calculate temporal trends in feature importance. (i)

is accomplished by evaluating models in 1-year time-continuous increments, under different

training configurations, to assess whether there is a decay in performance in time, due to non-

optimum model parameters. (ii) is accomplished by quantifying feature importance using ran-

dom forests trained to 1-year time-continuous increments.

E.4.2 Methods

This work uses the HYSETS dataset, which is a hydrometeorological dataset for North Amer-

ica assembled by Arsenault et al. [2020] and described in Sec. 1.5. In this study, daily hy-

drometeorological timeseries’ are used to forecast streamflow at a lead time of 1 day.

ANNs are trained to individual basins. A hyperparameter optimisation on a subset of ran-

domly sampled basins informed an architecture of 21-16-1 input-hidden-output layers, ReLu

activation functions, Adam optimisation with a learning rate of 0.0001, a dropout rate of 0.2,

and early stopping with a patience value of 10 on 25% of the training data.

To evaluate temporal trends in model behaviour, we consider three training configurations.

(1) ‘fixed training data’, in which models are trained to a fixed 20-year period and evaluated

incrementally on 1-year test periods. (2) ‘recent training data’ where models are trained to

the 20-year period prior to the test periods. (3) ‘all training data’ where models are trained

using periods starting at the beginning of the fixed periods, up to each test period. These

three configurations are illustrated in Fig. E.14. While the Fig. shows 1-year evaluation pe-

riods, the experiment was conducted using 2-year partitions, due to the high computational

expense of the experiment.

Temporal trends in feature importance are evaluated using a similar partitioning scheme,

which are used to train RF models to measure feature importance. Unlike ANNs, RFs intrin-

sically measure feature importance, and are comparatively much quicker to train. They are

also less likely to overfit on small, 1-year training partitions. The feature selection method is

described in Fig E.15.
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Figure E.14: Example of target flow (red) overlaid by partitioning schemes for ‘fixed training
data’ (yellow), ‘recent training data’ (blue), and ‘all training data’ (green). Models are evalu-
ated in 1-year time-continuous segments (purple) in increments of one year.

Figure E.15: Example of target flow (red) overlaid by sliding training window (green) used to
incrementally train RF models, which are used to quantify temporal feature importance. An
example of sequential feature rankings is shown in the top left.
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E.4.3 Results and discussion

Temporal trends in model performance are shown in Fig. E.16 according to four metrics. While

performance is expected to change year to year, as some years will experience larger runoff

events than others, the NSE and PI metrics are normalised on the observed flow for each re-

spective evaluation period, which improves the comparability of scores between years. Over-

all, the model performance tends to be reasonably stable year-to-year. There is little to sep-

arate the models trained to a fixed period of data, with those that were trained with more

recent data. One exception is the PI, where the different training configurations diverge as

of approximately 2010. The two configurations that use recent data tend to retain good per-

formance, whereas the model trained to a fixed period sees a deterioration in performance,

providing evidence towards worsening performance under non-stationarity. All models experi-

enced a drop in performance during the 2012-2013 test period, most notably according to the

high flow NSE. However, the model trained on all available historic data performed the best

during this period, according to the PI metric.
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Figure E.16: Temporal trends in model performance for ’fixed’ (yellow), ’recent’ (blue), and
’all’ (green) training configurations, according to NSE (labelled CE, top left), NSE on high
flow (labelled CEhf , top right), PI (labelled CP, bottom left), and MVE (bottom right). Lines
indicate mean performance across basin, while the filled uncertainty envelope shows 95th per-
centiles of the basin set.

Aggregated feature importance, across all basins, is shown in Fig. E.17. Consistent with pre-

vious feature selection work [Snieder, 2019], flow is the most important feature, followed by

meteorological features. Feature importance is relatively constant, aside from a minor increase

in meteorological feature importance from years 2025 to 2018.

Figs. E.18 and E.19 show temporally aggregated feature importance on a basin basis. Accord-

ing to Fig. E.18, flow and temperature tend to have consistent importance across Canada.

In contrast, the importance of precipitation features has hot-spots in three regions: Western

British Columbia, Southern Ontario, and Atlantic Canada. This result is consistent with hy-

drological knowledge of Canada, as these regions are known for having particularly long or

intense rainfall events.
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Figure E.17: Temporal trends in feature importance for flow (red), precipitation (blue), and
temperature (yellow).
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Figure E.18: Mean feature importance of flow (top) and temperature (bottom) shown spa-
tially. The colour gradient from yellow to purple correspond illustrates most important to
least important, respectively.
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Figure E.19: Mean feature importance of precipitation (top) across Canada, and zoomed sub-
plots showing for basins in western British Columbia (bottom left), Southern Ontario (bottom
middle), and Atlantic Canada (bottom right). The colour gradient from yellow to purple cor-
respond illustrates most important to least important, respectively.

E.4.4 Conclusion

Future work should look more in depth at which basins experience performance decay over

time, and whether that can be attributed to non-stationarity of the input features, target fea-

tures, or their relationships. The comparatively strong performance of the ‘all training data’

models make the case for training models using all available streamflow records, suggesting

that there is little value in dropping very old data, in this case from 30 years prior, despite the

non-stationarity of rainfall-runoff systems.

Spatial analysis of feature importance for models of basins across Canada reveals hot-spots

where precipitation is comparatively more important than in other regions. This is an im-

portant consideration in selecting precipitation forcing data, which can take many forms (e.g,

point-source, radar-based, etc.) and contain varying degrees of uncertainty.
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E.5 Cluster-based hyperparameter optimisation for LSTM-based flow fore-

casting in Canadian catchments

E.5.1 Introduction

The performance of ML-based flow forecasting models is heavily dependent on the selection of

hyperparameters [Khan et al., 2018]. The selection of hyperparameters for ML-based models

is often done based on reference studies, or based on a simple grid-search. These approaches

neglect the hydrological characteristics of the system(s) under study. The complexity of ML

models can be expected to scale with the complexity of the hydrological system. Hyperpa-

rameter selection is also a function of the amount of available training data. High complexity

models are prone to overfitting small training records, making it an important consideration

for hyperparameter selection [Gauch et al., 2021].

Usage of fixed model parameters across large basin samples reveals spatial patterns in model

performance. The following work aims to determine the extent to which poor hyperparameter

specification is responsible for these clusters of poor performing models.

E.5.2 Methods

The interplay between hyperparameters and hydrological complexities is analysed under two

modelling frameworks: for locally trained, and regionally trained models.

For locally trained models, we want to determine whether model hyperparameter transfer

is related to the hydrological characteristics of the basins. K-Means clustering, based on 37

static basin attributes, is used to group basins that have similar hydrological characteristics.

Next, the hyperparameters for six basins in each cluster are optimised using Gaussian-Processes

Bayesian optimisation, which is much faster than an exhaustive hyperparameter grid-search.

The optimum hyperparameter sets for each cluster are then transferred to basins with similar

and distinct characteristics (i.e., in the same cluster and in other clusters).

Table E.2: LSTM hyperparameter ranges and search distributions

Name Description Range Distribution

Dropout rate Regularisation technique 0 – 0.5 Uniform
Number of cells LSTM cells in single hidden layer architecture 1 – 64 Log-uniform

Batch size Samples used in each parameter adjustment 32 – 512 Uniform
Learning rate Size of parameter adjustment 1E-4 – 1E-1 Log-uniform

Sequence length ‘Look back’ period for each prediction 2 – 365 Log-uniform
Epochs Number of passes through the training dataset 10 – 400 Uniform

E.5.3 Results and discussion

E.5.3.1 Hyperparameter transfer across locally trained models

The outcome of basin clustering is shown in Fig. E.20. Clusters tend to be closely grouped in

space, despite no spatial attributes, due to the spatial autoregressive nature of hydrological

and physical characteristics.
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The most dominant clustering features are shown in E.21, according to the implicit feature

importance values of an RF trained to the clustering results. Topographic and precipitation

features have the largest influence on the clustering result.

Figure E.20: K-Means clustering results (K=6) for basins across Canada. Enlarged mark-
ers with white borders were selected, based on Euclidean distance to cluster centroid, for the
analysis of hyperparameter optimisation and transfer.

Fig. E.22 illustrates the hyperparameter transfer across basins with similar, and distinct hy-

drological characteristics. Each axis is grouped by cluster, resulting in 36 tiles. Tiles along the

diagonal correspond to hyperparameter transfer between basins in the same cluster. The di-

agonal of individual cells represents equal source and target basins, thus, will have no change

in MSE. According to this figure, there are no significant patterns related to hyperparame-

ter transfer between similar basins, or basins in other clusters. One basin (972) exhibits a de-

crease in performance with almost any transferred hyperparameter set. In contrast, one basin

(1477) exhibits a strong decrease in performance with transferred hyperparameter sets, indi-

cating that the hyperparameter optimisation converged poorly. However, in most cases, trans-

ferring optimum hyperparameters between basins, whether or not they have similar hydrologi-

cal characteristics, has only a small impact on model error. The 36 hyperparameter sets (each

optimised for individual basins) are highly variable, which means that there are broad ranges

of acceptable hyperparameters. This result may be due to the numerous regularisation tech-

niques employed during training (dropout, early stopping), and may not hold without the use

of such techniques.

Next, hyperparameter transfer between regional models is considered. Due to the computa-

tional burden of training regional models, the following results include only a single hyperpa-

rameter, the number of hidden cells. As with locally trained models, this experiment aims to

determine the extent to which hyperparameters are a function of the hydrological diversity,

thus complexity, contained within a training dataset.

Fig. E.23 shows the selection of 6 similar, and 6 diverse basins, based on the K-Means cluster-

ing results.
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Figure E.21: Cross-comparison of the five most important clustering features, including eleva-
tion, annual precipitation, daily precipitation, monthly precipitation, and slope, according to
an RF trained to predict the K-Means clustering results. The diagonal contains smoothed his-
tograms for each feature. Points are colourised by cluster.
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Figure E.22: Relative change in model performance (MSE) between target basins (x-axis)
with non-optimum hyperparameters, and with hyperparameters donated from each source
basin (y-axis). Basins are grouped based on cluster and groups are divided by white margins.
Red to yellow to green indicates that the hyperparameter transfer produced worse, no impact,
and better performance, respectively.
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(a)

(b)

Figure E.23: Six basins with homogeneous (a) and heterogeneous (b) hydrological characteris-
tics, per the K-Means clustering results. Basin footprints are underlain in transparent blue.

Figure E.24: The performance on six ’diverse’ basins of models trained individually to each
basin (red), a model trained to all six basins (blue), a model trained to 60 basins (6 from each
cluster, including the test basins; yellow), and a model trained to the same 60 basins with
RUS training data (green).
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Figure E.25: The performance on six ’similar’ basins of models trained individually to each
basin (red), a model trained to all six basins (blue), a model trained to 60 similar basins (60
from the same cluster, including the test basins; yellow), and a model trained to 60 diverse
basins (6 from each cluster, including the test basins; green).

E.5.3.2 Hyperparameter transfer across regionally trained models

The performance of several model configurations in terms of KGE, evaluated on six hydrolog-

ically diverse basins, is shown in Fig. E.24. Irrespective of training data, model performance

tends to increase from 2 to 128 hidden cells, plateauing at 32 cells. When a single model is

trained to the 6 diverse basins, it performs poorer than six models trained to the basins indi-

vidually. However, when the training dataset is increased from 6 to 60 diverse basins (inclu-

sive of the 6 basins being evaluated; 10 basins from each cluster), the model performance im-

proves considerably, typically beyond that of the locally trained models. To determine whether

this is due to the regularisation effect of a large training size (i.e., the model is less overfitted),

the set of 60 basins is randomly undersampled such that it contains the same sample size as

the 6 basin configurations. Despite containing only 10% of the data from the test basins com-

pared to the other configurations, model trained to undersampled data exhibits competitive

performance. This result highlights the value of hydrologically diverse datasets. These benefits

are shown to be insensitive to different numbers of hidden cells, and training dataset sizes.

The previous experiment is replicated in Fig. E.25, but models are evaluated on a set of 6 hy-

drologically similar basins. Compared to the case with dissimilar basins, the model trained

to six similar basins performs much better compared to locally trained models. These models

are then compared against models trained with 60 similar, and 60 diverse basins (inclusive of

the 6 basins being evaluated). Both larger training datasets tend to produce improvements in

performance, regardless of whether the additional basins are hydrologically similar or not.
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While these experiments highlight the importance of hydrological diversity within the dataset

is essential for training models, too much diversity with respect to the size of the training

dataset can result in poor performance. In cases with very few basins, it is much better to

include similar examples. As the number of basins grow, so does the benefit of including hy-

drologically diverse basins.

E.5.4 Conclusion

Acceptable HP ranges for locally trained models are quite broad HP performance (hidden

cells) was found to be consistent across an increasing number of training basins Hydrological

diversity typically beneficial – but models trained to small, diverse basin sets can struggle to

capture the variable hydrological processes included. Future work on this topic should include

basins trained to larger basin subsets and varying degrees of hydrological diversity.
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E.6 A large sample study of the effects of upstream hydrometeorological

input features for LSTM-based daily flow forecasting in Canadian catch-

ments

E.6.1 Introduction

Flooding poses an increasing threat to safety and infrastructure in Canada. Damage can be

mitigated through flood warnings, which are driven by flow forecasting models. Regional train-

ing has emerged as an effective way to train flow forecasting models [Kratzert et al., 2019a,

Nevo et al., 2022]. Existing work in long short-term memory (LSTM)-based flow forecasting

use meteorological input features to predict flow, whereas autoregressive LSTMs have received

comparatively less attention [Nearing et al., 2021]. While the inclusion of real-time observa-

tions has the potential to improve prediction accuracy, it also introduces new learning chal-

lenges. The primary objective of this work is to advance the efficacy of deep-learning flow

forecasting models in the context of flood early warning systems.

Figure E.26: Example of hydrological network extracted from the nested basin boundaries.

E.6.2 Methods

The HYSETS database was used as the basis for this work [Arsenault et al., 2020]. Of the

14000+ catchments in the HYSETS database, approximately 400 Canadian basins were found

to have enough data for training and testing. A subset of 50 basins that each have at least

one upstream basin are selected for this study.

Figure E.27: Generic S2S LSTM diagram illustrating a forecast of timesteps t+0 to t+m
based on a lookback period of t–1 to t–n.
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Sequence to sequence (S2S) LSTMs were used to predict discharge at lead times of 1 to 3

days. A heuristic hyperparameter search found optimum parameters including a hidden layer

size of 128 cells, dropout rate of 0.4, batch size of 32, and a learning rate decreasing from 10-3

to 10-4 over 120 epochs.

Discharge at the target gauge, basin-averaged meteorological data (temperature, precipitation,

SWE), discharge, precipitation, and SWE of upstream gauges, static basin data, and one-hot

encoded basin labels. The number of upstream features corresponds to the number of max-

imum number of upstream features in the set of basins. Static features include a combined

total of 37 terrain descriptors (e.g., fraction forest, fraction urban, slope, elevation) and hy-

drometeorological statistics (e.g., high/low frequencies, seasonality, baseflow, annual/monthly

means).

Continuous 12-year periods were used for training, validation, and testing. Models perfor-

mance was evaluated using Nash-Sutcliffe Efficiency (NSE) and persistent NSE (PNSE) [Nevo

et al., 2022]. The latter uses the last known discharge as a benchmark, rather than the mean

observed value. At a daily resolution, PNSE will typically be a stricter criterion, as variance

typically exceeds the MSE between the observed and näıve forecast at a daily resolution.
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Figure E.28: Cumulative distribution functions for NSE and PNSE for single-basin MLR
(red), persistence-based (blue), and variance-based (yellow) basin regularisation.

E.6.3 Results and discussion

We evaluate the persistent NSE for regularisation, to improve performance relative to the

naive model, in order to counteract the tendency of ML models to produce naive forecasts.

For sequential forecasts, this weighting scheme weights each lead time differently, account-

ing for the persistence within each basin. The effect of typical variance-based and proposed

persistence-based regularisation is shown in Fig. E.29.

While the inclusion of upstream features improve the performance of the linear model, as

shown in Fig. E.30, they have relatively less of an effect on the S2S models. This suggests

that the S2S models are capable of extracting more information from the downstream gauges,

thus receive less value from upstream basins. The inclusion of upstream produce improve-

ments in a subset of larger basins and tend not to be detrimental to the other basins. The

MLR US model outperforms the S2S models in some cases, which could be addressed through

fine-tuning.

Differences in performance between models with and without upstream data are shown spa-
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Figure E.29: Relationship between NSE and PNSE for persistence-based (blue) and variance-
based regularisation (yellow).
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Figure E.30: Cumulative distribution functions for NSE and PNSE for single-basin MLR
without (red) and with upstream data (blue), S2S without (yellow), and with upstream data
(purple).

Figure E.31: Absolute change in 3-day PNSE, ranging from blue (improvement), to white (no
change), to red (deterioration), between S2S models without and with upstream data.
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Figure E.32: Basin-wise permutation-based feature importance. Features colourised by time-
series (red), physical attribute (green), hydrometeorological statistic (blue) and one-hot encod-
ing (yellow).

tially in Fig. E.31. The largest improvements in PI are observed for higher lead-times in larger

watersheds, as shown below. In contrast, smaller watersheds tend to exhibit anywhere from

slight improvements to degradation in performance.

The results of permutation-based feature ablation are shown in Fig. E.32. Consistent with

studies of locally trained models, dynamic discharge (Q) and precipitation (PRECIP) are

the most important features. Elevation is the most important static feature, which is used by

the model to distinguish between different basins. Upstream features are not included among

these results as their importance varies widely between basins, and many basins only have a

single upstream feature, meaning that the remaining upstream features are empty placehold-

ers.

E.6.3.1 Conclusion

Persistence-based regularisation was evaluated and found to be very effective for improving

average basin performance, especially large, autoregressive basins. Across the entire Cana-

dian hydrometric network, there are relatively few basins with upstream gauges that contain

sufficient overlapping data for effective training. Large basins tend to benefit the most from

upstream data. In contrast, small basins are typically indifferent to the inclusion of upstream

data, and in some cases exhibit a slight decrease in performance.

A limitation of this study is the daily resolution of the publicly available Canadian hydromet-

ric database. There is a need for increased large-sample datasets at a sub-daily resolution,

which would allow for focused improvements to forecast accuracy in smaller watersheds. Fu-

ture work will expand the model comparison to include simple ML models and fine-tuned
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deep learning models. Additionally, we will develop modular approaches for including up-

stream and autoregressive features, increasing model resiliency against dropped input signals.
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