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Abstract

Image tange detection ian invaluable tool in monitoring and understanding the built and
physical environments and supporting decisimeking. Many recent research approaches for
automatic change detection have been based on Deep Learning (DL) techniques and especially
on variations of Convolutional Neural Network (CNN) architectures. CNNs have achieved
notable success thanks to their great representational capacity, straightforward training,-and state
of-the-art performance in visual tasks. Nevertheless, CNNSs, like most DL approaches, still face
limitations relating to their reliance on extensive labelled datasets, the localization accuracy and
detail of the predicted outputs, and the notable model performance degradation when the target

data have different characteristics from the training data.

This research contributes to the development and evaluation of miveinethods and

algorithms for automated imadpmased spatial change detectioh. investigates novel
architecturedor enhanced model performance and ways to address the limited availability of
labelled data and improve model generalizabiliiwo main approaches are investigated: (i) a

direct approach, where both instances are fed into the DL model that is trained to output the
prediction of the change map, and (ii) a pdassification pproachwhere change detection is
performed based on each padiotions thsbothscasesa naval,c s e g
enhanced CNN architectures have been proposed that leverage the semantic information of
objectsd boundaries to i mpr ov eFutthersmoredrairatngr acy
frameworks inspired by sefnsembling and the Mean Teacher method were developed for semi
supervised |l earning and domain adaptati on, at
training datasets a@nimproving their generalization performance. We evaluated the proposed
approaches on multiple datasets using the precision, recall, F1 score, and Intersection over Union
(loU) metrics. The results indicate that both boundariganced approaches lead to consistent,

albeit marginal, benefits between 1 and 2 %. Notably, the proposeesspenvised training

framework for direct CD approximately matches the performance of the fully supervised
approach while using only 20% of the available training labelsoimaih adaptation, our pest

classification approach significantly outperforms typical supervised methods, with the most



notable gains in recall rate (>22%) and loU (12.6%). These findings highlight the effectiveness

of our techniques.
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Introduction

For more than half a century, the development of reliable Change Detection (CD) pipelines from
multi-temporalaerial and satellitemages has been an active area of research in the remote
sensing community. This ongoing interest is mainly due to the fact that the development of a
robust change detection framework can be an invaluableféoahapping, monitoring, and
understanding the spattemporal transformations of the built and natural environments. Spatial
changes can reveal impacts, patterns, and relationships of the anthropogenic and natural activities
on the Earthoés envi rhasmmwearange of applicatiogsenclublieg, leut t i o n
not limited to, map updating, land cover monitoring, urban monitoring, forest or vegetation
change (forest mortality, forest fire, defoliation, and damage assessment), drought and flood

monitoring and monitoring changes in coastal zones environtnents

Accordingto Singh (1989) changedetection refers to the process of identifying differences in

the state of an object or a phenomenon by observing it at different timésis work by

A ¢ h a wayefed tospatial landcover change\lthough the process might sound simple, there

is a semantic aspect that can be difficult to automate. Depending on the type of change that we
are trying to detect, we need to focus on specific kinds of differences and ignore the apparent
ones that are not of interest. For example, when trying to detect land cover changes, the
algorithm must be able to ignore changes that are due to different weather or seasonal conditions
between the two instances, such as snow or cldagparent changes)hus, the change
detection algorithm must be able to distinguish the semantically important variéicnosl

changesjrom the total detected variations, including those irrelevant to the task. There is also a

1 An extensive, albeit not recent, summary of research works relating to the different aspects of change
detection can be found {hu et al., 2004)



need to address other common change detection challenges, such as differences in illumination,
contrast, scale, sensor viewing geometry, resolution, occlusions, shadows, and image

misregistration errors.

A plethora of change detection methods have been developed to address these issues
Tewkesbury et a2015)point out the difficulty of navigating the extensive and exgranding
research literature on change detection praghose aaxonomyof the approaches according to
() the unit of analysis and (ii) the comparison methéthen using the unit of analysis as the
classification criterionCD methods can be classifieith the broadest serfsénto pixekbased
and objectbased methodswith the objectbased methods usingxel groupings, such as the
segment&xtractedby image segmentation algorithms commonly appliedbje€@ Based Image
Analysis (OBIA). The comparison methods ameganizedinto layer arithmetc methods post
classification CD, direct classification CD, transformation methods (e.g., ysimgipal
component analysis (PCA) and multivariate alteration detection (MADBange vector analysis
(CVA), and hybrid methods.

Modern change detection methods rely heavily on machine leaamdgdeep learning
algorithms Traditional machine learningnethods such as PCA and Support Vector Machines
(SVM), have been extensively usedchange detection applicatiof®ai et al., 2022; Lebedev et

al., 2018) Nevertheless, these methods rely on henaftedsets offeatures carefully designed

for a specificdataset/task and may struggle with complex, -inmogar changes or require
extensive data preprocessirigeep learningapproacheson the other handcan be used to
extract highlevel, abstract features, which are very hard to model with traditional representation
learning algorithms, directly from the input data by recursively introducing representations that
are expressed in terms of other, simpler representdio@®odfellow et al., 201,6Chapter L

By learning directly from data using Convolutional Neural Networks (CNNsy Artificial
Neural Networks (ANNSs) in the more general casthe models camxtract intricate patterns
within the data andletect subtle changes in a more adaptive and nuanced mattsr,

eliminatingthe need for explicit feature engineering.

2 A more detailed taxonomy compng six classes of methods is presente@Tiewkesbury et al., 2015)
but is out of the scope of this introduction.



CNNs have been successfully applied in the detection, segmentation, and recognition of regions,
objects, and instances from many different kinds of imagery and have produceaf-ttatart

results in most visiomelated tasks. CNNs are specialized to work with data having a grid
structured topology, such as images, and they are easier to train and generalize better than
networks with fully connected layegeCun et al.,, 2015)The stacks of convolutional and
pooling layers of a CNN, which are inspired by classic notions in visual neuroscience, allow
them to learn useful context information from images by taking advantage of the hierarchical

structure of an image's features.

Lately, the most successful approaches to automatic change detection from satellite images rely
on CNN using an encodeéecoder architecture that directly produces a binary map of changed
and unchanged regions given an initial image (@audt et al., 2018; D. Peng et al., 2019; Caye
Daudt et al., 2019; Papadomanolaki et al., 20Z8)s labeling process, where each pixel in an
image is classified into one of a given number of classes, is called semantic segmentation in deep
learning literature. The first successful deep CNN architecture to perforfio-emdl semantic
segmentation, meaning that the network produced a final prediction map for each object class
without the need for any peptocessing steps, was the Fully Convolutional Networks (FCN)
(Long et al., 2015)Although FCN excelled at many semantic segmentation benchmarks, they
suffered from blurry outputs due to the repeated application of -@@wrpling operators (either
through maxpooling or striding) performed at consecutive layers of the encoder network,
leading to reduced spatial resolution features. Another challenge pertained to the existence of
objects at various scales and the fact that the receptive field of FCN grew slowly with respect to
the depth of the network, thus limiting the ability of théwwrk to fully model complex long

range relationships between image regi@dsLi et al., 2020) Many approaches have been
proposed since then that aim to address these issues, such aikbiNetberger et al., 2015)
UNet++ (Z. Zhou et al.,, 2018)and Feature Pyramid Networks (FPWin et al., 2017)
architectures that introduce skip connections to improve the spatial accuracy of the model
representations, and SegN@adrinarayanan et al., 201%hich performs the nchnear
upsampling in the network's decoder layers using pooling positional indices that have been
estimated in the mapooling step of the corresponding encoding layers. Also, the multiple
versions of the DeepLab architecturgs-C. Chen et al., 2017, 2018nprove the spatial

accuracy and increase the receptive fields of convolutional layers by introducing dilated, also



known as atrous (a trous), convolutions and the Atrous Spatial Pyramid Pooling (ASPP) layer to
capture objects and image context at multiple scales.-teeadd approaches are both
straightforward and very fast when producing the final prediction maps (also known as heat
maps), primarily when run on a modern Ggldng et al., 2015; Ronneberger et al., 2015)

UNet is an encodetecoder architecture consisting of a contractive path and a symmetrical
expanding path. The contracting path is built on a sequence of convolutional amboliay

layers that gradually reduce the spatial resolution of the input and capture contextual
information. In contrast, the expanding path consists of sequential convolutional and upsampling
layers that increase the spatial resolution back to the resolution of the original input image. Each
max pooling step degrades the spatial accuracy of the output, which cannot be retrieved solely by
using the upsampling step. Therefore, in order to take advantage of both the contextually rich
semantic information of the coarser lower layers and the spatially accurate activations of the
fine-grained higher layers, multiple skip connections have been introduced between contrastive
and expanding blocks that share a matching resoliafhou et al. (20183uggest that there is

a semantic gap between the respective contractive and expanding blocks that negatively affects
the performance of the UNet architecture. In order to bridge this semantic gap, they developed
the Nested UNet, also known as UNet++ architecture, by introducing multiple intermediate
convolutional blocks at various levels of the architecture and increasing the number of skip
connections between the different convolutional blocks. Experimental results obtained from
medical imagery in the original paper, as well as from change detection infBgdtgng et al.,

2019; Bousias Alexakis & Armenakis, 2020%uggest that UNet++ performs semantic
segmentation tasks better than the original UNet architecture.

1.1. Deep Learning Change Detection Open Challenges

Despitethe excellent performance and many advantaafe€NN-based architecturesompared
to traditional machine learning approaches, there are still open challenges concerning the
development and training of CNbased change detection algorithms that need to be addressed.

First, the model 6s prediction qualityAsti rect |
all learnby-example approaches, the model is only as good as the data on which it is trained.

Hence there is a need for higluality annotation data for training and evaluating the models



(Foody et al., 2016)The change detection training data are usually obtained from time
consuming labaur-intensive and costlyprocesses such as human interpretation of remotely
sensed datasets with the help of saatomated CD pipelines. Therefore, the cost of acquiring
and annotating data for training and evaluating such models is a significantifacéonote
sensing applications since CNNs require considerable amounts of data in order to generalize
effectively on high variability datasets. Thus, there is a need for methods that can help decrease
the amount oflabelled data needed to successfully train a Cbided encodetecoder
architecture and simultaneously effectively use the substantial amount of available unlabelled

data.

In addition, even when enougdgibelledtraining data are availableurrent statef-the-art deep
learning modelsexhibit significant drops in performance when faced with new test data (new
domains) that have different characteristics (different distributions) from the training dataset
(Bengio et al., 2021; B. Sun et al., 2016)n the contrary, humargan quicklyi and mostly
unconsciously adapt to such changes (e.g., images collected using a different sensor/camera).

Finally, besides issues relating to the quantity and quality of the training and evaluation datasets
and the oubf-distribution generalization capabilities of CNNs, most successful CNN
approaches still face challenges with respect to semantic segmentation localization accuracy and
detail, especially when it comes to the detection of small objects and the accurdieglaibel

pixels near the borders of changed regidarmanis et al., 2018; X. Li et al., 2020; Caye Daudt

et al., 2018; D. Peng et al., 2019; Papadomanolaki et al.,.2020)

1.2. Objectives- Contributions

The primary research directions of this work are shaped by the need to addrésy the
challenges facing deep learning solutions for change detection, which were discussed in the
previous section. The objectives of this dissertation are:

- To essess the change detection performance of existing CNN architectures and
investigate the effects of various model and training design choices on the@model

prediction®quality.



- To explore the benefits of incorporating boundamformation into CNN architectures as

a way to improve the detail and localization accuracy of the produced change maps.

- To attenuate CNNOGs labeled traimimgcdata loy nevemging ehes i v e

information provided by readily availablelabelledimagery.

- To improve the CNN performance on test data originating in a domain other than the one
used for training, thus enabling the utilization of readily available datasets for training the

models.

1.2.1 Research Contributions

This research work contributes to the development of novel deep learning approaches and
algorithms for automated imagdpased spatial change detection and the development, evaluation,
and comparison of automatic, robust, and highly generalized change detection pipelines for
multi-sensor multtemporal imageryWe identified and investigated two main supervised deep

learning approaches for change detection:

- Adirect approach (DA), where both instances are fed into the DL model that is trained to
output the prediction of the change map, and

- A postclassification or semanticased approach where the deep learning networks are
first trained to detect objects of interest through either semantic or instance segmentation
separately for each image epoch. Then, the per epoch predictions are compared in order

to detectthe changes

The direct change detection approach is inspired by traditional-lpaseld change detection
methods is straightforward to implement amdsults inhigh model performance asxisting
CNN-based approaches that follow a direct change detection formulation have achievef state
the-art resultgDaudt et al., 2018; Peng et al., 201@doducing semantic segmentation maps for
each epoch and comparing them to retrieve the changes between image pairs is another
traditional approackSingh, 1989}hat allows the identification of the type of change besides the
detection of changed areas in an image paicording toTewkesburyet al. (2015), e direct
comparison of land cover mapsoduced from satellite imagés fione of the most established

and widely used¢hange detection methaod®



The contributions of this dissertation pertaining to the direct change detection approach comprise

the:

- Adjustment of Ushaped statef-theart models to the change detection task and
evaluation of their performance using different training techniques.
- Development and evaluation of a novetsbaped encodeatecoder architecture that

leverages boundary semantic Information to improve segmentation accuracy.

- Devel opment and evalwuation of a data augme

robustness to misregistration noise.

- Development and evaluation of a sesupervised training framework based on Nhean

Teachermparadigm to increase the quality of segmentation in the absence of an adequate

number of labelled data for supervised training.

The proposed posflassification change detection approach introduces a domain adaptation

training framework inspired by the tempoemisembling and Mean Teacher methfkavainen
& Valpola, 2017; S. Li et al., 2021; French et al., 201®yr contribution addresses the lack of

labelled training data for the direct change detection approach by shifting the training task of the

deep learning models from change detection to land use/land covewjsreatlassification, thus

utilizing existing large datasets that are readily available.

The original researcltontributions of the proposed padassification change detection pipeline

can be summarized as follows:

- The development and evaluation of a ResUiNeted encodatecoder CNN for building
semantic segmentation, which | everages
and edge decoupling in order to enhance the segmentation performance.

- The development and evaluation ofl@main adaptation training framework inspired by
t he Me an Teacher ( MT) training par adi
performance gap between the training (or source) and the target datasets (or domains).

- The development and evaluation diltering process that removes prediction errors due

to small misclassification and misregistration errors in the building prediction masks.

t he

gma

This process helps to refine the change detection results, improving the overall accuracy

of the change detection pipeline.



1.3. Thesis Outline

An overview of

t he

di s s er Figutellwithcckapters 3gdand 5z at i o

dedicated to the direct change detection approach and chapters 6 and 7 dedicated to the

development and assessment of the-plastsification change detection pipeline.

Chapter 2 provides a literature review of relevant research works pertaining to:

- Change detection applications employing deep learning techniques with an emphasis on

CNN-based approaches.

- Edge and boundary detection CNN architectures and -edlgenced CNMbased

encoderdecoder approaches.

- Semisupervised Learning and domain adaptation techniques that aim to alleviate the

model s6 rel.i

ance

alvelle@ésanpleafer traineng ahd im@avesthes

generalization performance on new datasets with different characteristics.

The chapter ends with a brief overview of the datasets used throughout this research.

Direct Change
Detection (CD)

End-to-end Encoder- Improvements to the
Decoder CNN for CD Direct Approach
(Chapter 3) (Chapters 4&5)

Post-classification Change
Detection

L

v

-

Edge-Enhanced Buidling

Semantic Segmentation
(BSS) (Chapter 6)

and Filtering of CD

BSS Domain Adaptation
predictions (Chapter 7)

Edge-Enhanced Semi-supervised
Direct CD Direct Approach
(Chapter 4) (Chapter 5)

Figure 1.1: Overview of the chapter organization.

of

In Chapter 3, we introduce an early fusion GNased method that takes as input images of the

same region collected at two different time epochs and directly predicts the change map. We train

and evaluate two CNN architectures, UNet and UNet++, ugery High-Resolution(VHR)

satellite images on the change detection task. We also examine the effects of different loss

functi ons, dat a

augmentation, and

deep

super v

maps. Chapter 3 heavily reflects the content publish@@dasias Alexakis & Armenakis, 2020)



Chapter 4 presents a new edggghanced CNN architecture for change detection that incorporates
semantically informed edges produced via the Dense Extreme Inception Network (DexiNeD)
(Soria et al., 2020into U-shaped encodetecoder models and a simple yet effective approach

for implicitly modeling the misregistration errors between the two instances of each image pair.
Extensive experiments on a CD dataset consisting of veryraggiiution RGB image pairs and

their corresponding change magksbedev et al., 2018pdicate that both proposed approaches
lead to increased model performance on the precision, recall, F1 score, and Intersection over
Union metrics. Chapter 4 heavily reflects the content publishedBusias Alexakis &
Armenakis, 2021hb)

Chapter 5 describes a sesuipervised learning approach for change detection based on the Mean
Teacher framework that aims to reduce the neethbmlledtraining samples by synergistically
utilizing unlabelledsamplesi which are easier and cheaper to acquitegether withlabelled
samples to train the models. The training approach is tested on two different change detection
datasets, with the results on the more extensive and more reliable {EY[R. Chen & Shi,
2020)dataset indicating significant improvements in the metric values wnesemisupervised
training scheme is applie€hapter 5 excluding the experiments and analysis on the LEVIR

CD dataset heavily reflects the content published Bousias Alexakis & Armenakis, 2021a)

Chapters 6 and 7 are dedicated to our proposedclasstification change detecti@pproach

Chapter 6 focuses on the development ofshlped architectuiiebased on a ResNet50 encoder

i designed o | everage the semantic information of
guality and detail of theroducedsemantic segmentatigaredictions The proposed approach is

evaluated and

Chapter G excluding the experiments and analysis on the LEEIRdataset heavily reflects

the content published ({Bousias Alexakis & Armenakis, 2022)

Chapter 7 describes the remaining two components of the CD pipeline: a domain adaptation
training framework inspired by the Mean Teacher-saembling technique and a filtering step

designed to remove false positive changes that are due to partial building misclassifications and
to misregistration errors between the instances of the image pair. The benefits of the proposed

domain adaptation training framework are extensively investigated for multiple domain



adaptation scenarios between different building semantic segmentation datasets and for the
primary postclassification change detectidask on the LEVIRCD building change detection

dataset.

Finally, Chapter 8 discusses the conclusions of this research and suggests future work directions.
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2

Relevant Literature Review

Aerial and satellite images have been used extensively for the detection of spatial and semantic
changes of the built and natural environments. Recent developments in the deep learning
methods and techniques, and especially the us€MN architectures,are significantly
contributing to the use of machine learning approaches for change detection from high resolution
images. In this chapter we present and discusa averview of notable previous work on
imagebased change detection using deep learning algorithnasreview ofmethods aimed at
improving the performance of deep CNN architectures for the semantic segmentatiandask

a summary oprominent workin the fields of semsupervised learning and domain adaptation.

2.1. DL - based methoddor image-based Change Detection

This sectionreviews the stateof-the-art research on change detection based on deep learning.
The researchebBeep learning methods aoeganized into methods utilizing CNN architectures,
which comprise th@atch (scene) and semantic segmentdtmsedcategoriestransformers for
semaitic segmentationand unsupervised change detection. Ssupervised approacheare

discussdin Section 2.3

Since the publication of AlexNet in 201Rrizhevsky et al., 2012and the firstplace win, by a

large margin, in the 2012 ImageNet Large Scale Visual Recognition Challenges IGNHS
become a popular approach for visi@tated tasks and have been deployed in manywredd
applications. A similar trend has been noted in the remote sensing research community, with
many recent papers exploring the potential of CNN for land cover classification and change

detection.

We focussean research that applies CNddised approaches for Change Detection applications.

For a more general overview of recent Change Detection applications not limited tha&ssdl

11



approachesp. Peng et al(2019) have provided a thorough summary. There are two main
approaches for applying a CNN architecture to a gigsled labelling task: a) using a CNN that
takes as input patches of the initial image and produces a label for the central pixel of the patch,
and b) using a CNN that directly performs semantic segmentation for the entire image.

2.1.1 Image patch-basedapproaches

Patchbased approaches run in a sliding window maeenss the imagand produce separate
labels for each image pixel. These approaches can overcome a lack of trainjrag aaiagle
training image pair can provide many training patches. On the other handbpaétmethods
have a generally smaller receptive fiekhd thus,they cannot take into account contextual
information for the entirety of an imagsgincethey areappliedin a sliding window manner, they
are both very slow in terms of inference time and inefficient when compared to edecdder

architecturesas the same regions need to be visited multiple times.

There are examples of patbased CNN approaches for change detection applications using
different kinds of imagery (SAR, multispectral, hyperspectral, RGHBjatama et al. (2018)
developed a dual dense CNN architecture for change detection in SAR images, where preceding
feature maps are connected to all subsequent layers. Their model consists of two independent
convolutional subnetworks: one for each instance of the image pair. The network works on 40 x
40 pixels patches of the image pair and is trained using a contrastive loss fuDatidh et al.
(2018)detect changem Sentinel2 multitemporal instances by applying the CNN architectures
described byagoruyko & Komodakis (2015yagoruyko & Komodakis (2015¢xperimented

with the use of Siamese, psetfimmese and-2hannel networks for estimating the similarity
between an image pair. The psetlamese networks consist of two identical networks similar

to the regular Siamese networks, but each subnetwork has its own trainable parameters (there is
no parameter sharing). ThecBannel networks are typical CNN architectures that receive a
multi-channel image, with each channel being a different instance, instead of having a single
image as input. The method iasdy extensible and can include more than one channel per
image Daudt et al. (2018jrain multiple networks with a varying number of input channels per
image, ranging from a common RGB image to an image comprising all 13 Sentinel 2 channels.
On a similar noteZhang & Lu (2019)worked on a Siamese model for change detection in

multispectral image pairs. Image patches are fed into a Siamese network consisting of two

12



identical CNN that share the same weights. The outputs of each CNN are unravelled ento a 1
dimensional feature vectand the results are fused. The fused results are then passed through a
Neural Network consisting of two hidden layers that classify the central pixel of the patch as

changed or unchanged.

A CNN framework can be successfully applied to various types of datasets (RGB, multispectral,
hyperspectral, POISAR), provided that it is trained on that same type oSegtii.et al. (2020)
propose an entb-end Multidimensional CNN framework for change detection. The model
consists of 3 parallel channels: the first two channels are used to extract deep features from the
bi-temporal images (one channel per image) and the third channel is used to create deep features
of changes by stacking and differencing the deep features of the other two channels.

On another patebhased CD approach that highlights the potential of transfer leaawet al.
(2019)evaluated three different popular CNN architectures (AlexNet, GoogLeNet and VGGNet)
on Land Use (LU) classification of images captured at multiple different epochs between 2004
and 2017. The authors also applied transfer learnismg the original weights of a model
trained on a generplurpose deep learning dataset such as ImageNet. They concluded that using
a pretrained GoogleNet model as a feature extractor lendng the final convolutional layer
replaced by a Support Vector Machine (SVM) classifier led to higher classification accuracies
(up to 98%). Finally, they used the multitemporal LU classification results to perform a land

cover change analysis.

(Ru et al., 2021)evelop a patchased approach for simultaneous image classification and land
use change detectioh which in the paper is called sceleel change detection and is
contrasted with pixelevel change detection. The proposed network, named CorrFusionNet, was
designed to take advantage of the temporal correlation between -teengaral feature
representations. The network first encodes each instance oftibragmral image pair and then
projects the extracted feature representations into a lower dimensional space using multiple fully
connected layers. The produced feature maps are then fused by the newly introduced CorrFusion
module which is based on Soft Deep Canonical Correlation Anafysi€hang et al., 2018)
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2.1.2 Semantic Segmentation EncodeDecoderbased Approaches

Over the past few years, multiple research efforts formulated the Change Detection problem as
an endto-end semantic segmentation task that can be addressed by some form of-encoder
decodetCNN networkarchitecturs. The encoder learns discriminative feattgpresentations at
multiple scale leveldrom the lowresolution, hidden layersAt the same timethe decoder
gradually reprojects the features to the original image resolution and producesvipexel

classification predictions.

Caye Daudt et al. (2018)ave used and compared multiple variations of Fully Convolutional
Networks (FCNSs) for change detection applications faehiporal satellite imagery. The models
included a shortened version of the UNet Architecture and a hybrid Siamese etemuter
architecture that consisted of two identical contracting paths (encoders) and a single expanding
path (decoder). Regarding the hybrid model, two different ways to pass the information from the
contracting blocks to the corresponding expanding blocks were examined: either directly passing
the output feature maps from both contractive blocks to the corresponding expanding blocks
through a skip connection or fusing the two outputs (find their difference) first before passing
that difference to the same level-sgmpling block. In a following workCaye Daudt et al.
(2019)introduced a very highesolution semantic change detection dataset that comprised 291
RGB image pairs accompanied by the corresponding-pitsd change information and land
cover information. They also proposed a mtd8k framework that consists of multiple UNet
architectures that, when given an image pair, can simultaneously predict change maps as well as

provide a pixelise landcover labelling for each of the two image instances.

Another encodedecoder architecture based on the Feature Pyramid Network (ERPNSt al.,

2017)and UNet was used b§. Zhang et al. (20190 a change detection application. The
common convolutional |l ayers at each scale | ev
multi-rate atrous convolutions in order to increase the receptive field of each contractive block.

The network is used to perform land cover pwede classification on an input image and the

output is then compared to a base map to produce the change map.

Su et al. (2020performed building change detection with a UNet architecture. They input two

orthoimages collected at different times into the network and experimented with additional
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inputs that included height differences between the Digital Surface Models (DSMs)
corresponding to each instance, and a map of the region referring to the initial image period. The
experimental results suggest that both the DSM information and the map increase the
performance of the model on the test set.

Papadomanolaki et al. (2020jtegrated Long Shoiterm Memory (LSTM) blocks into each
contractive block of a UNet architecture in order to capture the temporal dynamics of features at
different spatial resolutions. The proposed framework is modular, allowing the processing of
more than two instances at the same time, while using an exsamyuing subnetwork to
produce an additional building semantic segmentation layer. Experimental results suggest that
the proposed architecture outperforms the modskd byCaye Daudt et al. (2018)n the

Flscore metric by over 2%.

Lebedev et al. (2018)sed a Conditional Generative Adversarial NetworkG&N) (Isola et al.,

2017)to predict changes given a bitemporal image pair. The basic format of a GAN consists of
two subnetworks: a generator G and a discriminator M that compete and learn the required
representatiorfl. Goodfellow et al., 2020)The conditional GAN learns the mapping from an
observed image and a random noise vector to produce a new image. In this case, the generator
takes as input both instances of the image pair and tries to predict the change map that will trick
the discriminator into classifying it as an original change map, while the discriminator takes as
input both instances of the image pair, the ground truth changes, and the predicted changes and
classifies the predicted changes produced by the generator as original or artificial. Theoretically,
the training process ends when the discriminator cannot distinguish the original from the
artificial change map (both classes have a probability of 0.5). The trained generator achieved a
relatively high rate of prediction (ranging from 0.72 to 0.91) and recall rates (ranging from 0.65

to 0.87) when detecting changed objects between satellite multitemporal image pairs.

D. Peng et al. (2019)sed the dataset created by Lebedev et al. (2018) to train a UNet++
network, which they later compared to other recent Deep Learning approaches for CD.
Following training suggestions introduced in the original UNet++ pépeZhou et al., 2018)

they showed that the use of a deep supervision training scheme and a combination of the binary
cross entropy loss with the Dice coefficient as the loss function results in a better network

performance. The comparison to other recent CNN methods for change detection concludes that
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the UNet++ architecture trained using deep supervision outperforms otheofdtatert

approaches.

Cheng et al. (2022propose a new deep learning architecture for remote sensing change
detection applications named ISNet that was designed with a focus on feature refinement. The
architecture uses a ResUNet encoder as a backbone and introduces multiple spatial and channel
attention modules to better model the spatialand chamnes e r el at i onshi ps bet
features as well as margin maximization modules, which were designed to better separate the

features belonging to changed and unchanged regions.

Park et al. (2022)leveloped a dual task approach for change detection which simultaneously
estimates the optical flow between the i mage
the corresponding-corarrgepomagneiea (ahamge) map
two stream feature pyramid architectuf€uong et al., 2020that allows estimating the
correspondence and risrrespondence at multiple resolutions. To address the lack of labelled
training data they propose an approach to create artificially synthesized training data using
random image warping (in a way similar (/delekhov et al., 2019)and the cupaste method

(Dwibedi et al., 2017)Through extensive experiments they show that their architecture produces
state of the art results on street view change detection datasets and can effectively handle image

pairs with strong coegistration errors and/or captured from different camera viewpoints.

2.1.3 Deep LearningArchitectures for Change Detection based on
Transformers

The great success of mditeaded selttention layers for natural language processing
applications introduced in the Transformers architecfMeswani et al., 2017has led to the
development of many models whose aim was to leveragatsefition for computer vision tasks
either by integrating attention layers into CNdised architecturefCarion et al., 2020; Fu et al.,
2019)or by developing pure transformer based mo@@lssovitskiy et al., 2021; Z. Liu et al.,
2021) During the past couple of years transforiinased approaches have also been adopted for

change detection applications on remote sensing imagery.
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2.1.3.1 Integration of CNN and transformer architectures
H. Chen & Shi (2020)ntroduced STANet, a spatisgmporal attention neural network that

predicts binary change maps from bitemporal remote sensing satellite imagery. The model
follows a Siamese architecture that encodes each image instance separately using a ResNet18
encoder and feeds the embedded feature maps to a Pyramid-tspapiatal Attention Module

(PAM). Drawing inspiration from the pyramid structure of the PSKHNe#Zhao et al., 201 he

PAM module creates multiple scale feature maps from the input embeddings, which are
processed individually by a muliead seHattention modulgVaswani et al., 2017and then
aggregated into a tensor of the same shape as the one of the input feature maps. In addition, the
authors proposed a weighted variation of the contrastive loss function, namedbdlatated
contrastive loss, that uses the batch statistics to reweight the distances of the changed/unchanged
pixels in the batch in order to address the class imbalance between changed and unchanged

image regions.

Chen et al. (2021incorporated a Dual Attention modu{€u et al., 2019)which can better

model longrange channel and spatial relationships among features, to a Siamese architecture to

i mprove the model 6s change detection perfor ma
loss function to better address the imbalance in the frequency of changed and unchanged pixels

in remote sensing datasets.

Another research work for remote sensing change detection that tries to enhance a CNN encoder
decoder architecture by incorporating into it attention layers is tHat Béng et al. (2021Wwho

replace all the wsampling convolutional blocks of a UNet++ architecture by-Sampling
Attention (UA) blocks. Each UA block comprises both channel and spatial attention layers to
better model longange relationships between different regions and channels of the input feature

maps.

2.1.3.2 Pure Transformer Methods

Zhang et al. (2022)ntroduced SwinSUNet: a pure transformer network for remote sensing
image change detection that combines the structure of a Siamese afemmtiar Ushaped
architecture (such as the one ubgdCaye Daudt et al. (2018)vith the Swin transformer mutti

head seHattention layerqZ. Liu et al.,, 2021) A similar approach that also relies on Swin
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transformer multhead seHattention layers and a Siamese encabioder architecture for

change detection from satellite images was introducebyet al. (2023)

2.1.4 Unsupervised Change Detection using Deep Learning

In order to address the lack of training data, many unsupervised esgpeanvised approaches

based on Neural Networks (NN) or CNN have been recently proposed. Some of them make use
of autoencoders to automatically extract features from the image pairs and then apply complex
algorithms like the ChaNese algorithm(X. Zhang et al., 2019r a stacked mapping network

and a clustering algorithm like fuzzyneeans (FCM)(L. Su et al., 2017)In the latter, the
unsupervised method is mainly based on models which learn feature representations from
images. A stacked denoising autoencoder is applied to two images for feature extraction. Then
mapping functions are generated by a stacked mapping network to form relationships between
the features of each class. The change detection is performed by comparing the features and, in
the end, applying a clustering algorithm. More unsupervised approaches for CD are cited by
Khelifi & Mignotte (2020) who provide a comprehensive review and ragtalysis of deep
learning change detection methods for remote sensing images, but in most cases the proposed
methods do not make ettorend predictions and only incorporate the Deep Neural Network as a
feature extractor in the CD pipeline. Another recent review paper on change detection
approaches based on deep learning techniques for various types of change detection datasets (e.g.
SAR, multispectral, hyperspectral, Very High Resolution RGB) is the on&lgfique et al.,

2022)

In the following sectiors, we focus on researchworks not confined to the field of change

detection that explore ways to improve the semantic segmentation accuracy ebaSsiN
architecturesvi t h an emphasis on exploiting the semar
We will reattend to remote sensing and change detection approaches in the last section of this

chapter when discussing sesupervised learning and domain adaptation techniques.

22. | mproving Model O0s Perf or mar
Information

Methods and approaches for improving the performance of CNN for semantic segmentation were

also investigated. These methods consider the edges and boundaries of image segments, such as
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buildings, where an edge defines an abrupt variation in brightness or colour, while a boundary is

a contour and indicates a change from one object to another.

2.2.1 Edge and Boundary Detection using CNNs

There are quite a few recent CNidsed approaches to edge and boundary detedtian.
introduction of a few prominent statd-the-art approaches for semantic edge detection based on
CNN architectures is deemed beneficgal thapters 4 and 6 introduce methods that aim to
improve the performance of semantic segmentation networks for change and building detection

by utilizing semantic boundary information.

An established approach that has been widely used inadttie-art research is the Holistically
Nested Edge Detection (HED) algorithdie & Tu, 2015)that was developed to address, in a
holistic manner, image training and prediction using radéle and mulievel feature learning.

The term holistic is used to refer to an doend process, meaning that the training and
inference argperformed in an imag®-image fashion. Nested refers to the nested rsadile
feature learning process, which is inspired by deeply supervisedlmeetset al., 2015)The

initial input image passes from sequential convolutional andpoakng layers with gradually
increasing strides and receptive fiekts that shallow (and higher resolution) layers deal with
more local image patterns while the deeper (and spatially coarser) layers can capture the object
level information. The network has five sidatputs corresponding to edge predictions for the
five different main scales of the network, with a claatanced crosentropy loss function being
computed for each output/scale. There is also a learnable weigkted layer that leads to a
second loss function, a cresstropy loss between the fused predictions and ground truth label
maps. The complete objective function to be minimized consists of the sum of the loss functions

of each output/scale plus the (overall) fused eeygsopy loss component.

Another recent approach is the-Birectional Cascade Network model (BDCH). He et al.,

2019) The main idea is similar to HED: the network consists of five main consecutive blocks
that are based on the first five VGG16 blo¢ggmonyan & Zisserman, 2015ut are enhanced

using the proposed Scale Enhancement Module (SEM). SEM consists of multiple parallel
convolutions with different dilation rates and serves the purpose of rescaling the output of each

block to the original dimensions of the input image. The other main contribution of the BDCN is
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the use of multiple and different loss functions for the predictions produced by each block. Two
different loss functions are computed for each block, one considering the predictions for scales
equal or higher to the blockds scale, while t
or | ower to the blockbs scal e. Li ke HED, they
the aforementioned loss functigsd, as a final objective function, they use the sum of the two

loss functions produced for each block plus the computed fused loss. In this way, the network

| earns representations t h,aunlikeaHEE and pteec siniilarc t o
approaches. The latter gsthe same ground truth mask for determining the predictions of
different scales, a method that is not optimal as the edges should vary by scale. The results show
that BDCN outperforms HED and other stafehe-art architectures on the BSDS500 test set
(Arbeldez et al., 2011)

Soria et al. (2020)eveloped the Dense Extreme Inception Network (DexiNed), inspired by both
the HED (Xie & Tu, 2015)and Xception(Chollet, 2017)networks. Similarly to HED and
BDCN, the model produces predictions at multiple resolutions that are then fused into a single
prediction, while the way the information flows through the various levels of the network differs,
much like the building blocks of the Xception and unlike the VGG model used in the previous
two approaches. The network evaluation on different benchmarks, including a newly introduced
edge detection dataset, results in improvaddasure values compared to other stéthe-art

algorithms. A more detailed description of DexiNeg@iigvidedin Section4.2.1.

2.2.2 Edgeenhanced CNNbased encodedecoder approaches

In this sectionwe review a few recent research works in the remote sensing and computer vision
communities that studiedemantic segmentation enhancement via the use of boundary

information.

Chen et al. (2016)roposed a method that combines a CNN architecture based on the DeepLab
model and Domain Transform (DT) filterind his edgepreserving filtering method smooths
images based on an edge reference mgpmanis et al. (2018xperimented with enhancing
the segmentation results for a classification task performed using a variation of the SegNet
architecture by introducing semantically informed edge detection maps at different scale levels

of the architecture. The idea is based on the hypothesis that by explicitly introducing information
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relating to the boundaries between the different classes to the network, the network would end up
learning to incorporate them into class predictions and thus improve the classification accuracy,
especially near the object boundaries. In order to produce the boundary maps, the Halistically
Nested Edge Detection (HED) network architect(xée & Tu, 2015)is used as the first
Abuil ding blocko of the architecture and the
channels and a depth map, are introduced as input to the segmentation network. Both networks
(SegNet and HED) are trained as a compéetehitecture although a more complex training
scheme is implemented at first with different parts of the architecture (HED and parts of SegNet
pertaining to different spatial resolutions) being trained separately. The training and validation of
the results were performed using the ISPRS Vaihingen and ISPRS Potsdam Datasets, which
contain images of RGB and Infrared channels, as well as DSMs of a ground sampling distance of
about 9cm (and the manually annotated ground truth labels). The synergy between the Edge
Detection and the segmentation networks resulted in improved performance, with the
segmentation labelling accuracy improved by up to 6% and the prediction ehatsurfaces

having the most significant improvement. Alternatively, the annotation accuracy of the more
fuzzy-bordered vegetation regions did not show any signs of improvement. Sindilartyet al.
(2022)adopt HED, which extracts edge features at an encoder of a given architecture and in the
proposed boundary enhancement module, an extracted edge and segmentation mask are

combined, sharing mutual information.

Lyu et al. (2019)combine the outputs of an edge detection network based on MobileNet V2
(Sandler et al., 201&nd of a semantic segmentation network based on ESPN&f2a et al.,
2019)through a multilayer fusion module in order to perform-teak semantic segmentation

on the Cityscapes dataset. Similafly,He et al. (2020¢xperimented with fusing the outputs of

a Fully Convolutional Network (FCN) with edge information derived by a HED model and
showed improved semantic segmentation performance compared to simply using an FCN
network on the ESAR GID remote sensing data§éteg et al., 2020)H. He et al. (2021)
propose an enhanced boundary learning approach in the very challenging scenariclidkglass
object segmentation. They introduce a Refined Differential Module, which works with multiple
resolution input features in a coatsefine manner and learns to predict the edge, body and the
complete glass object, and a Pdiased Graph convolution network Module (PGMhich is

used to improve the final prediction.
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X. Li et al. (2020developed a framework that explicitigodelsthe body and edges of objects
during semantic segmentation. They integrate their framework into a Deeplabv3+ architecture
and use the principles of label relaxatibvn Zhu et al., 2019)o train their models. Their
approach, named decoupled body and edge supervision, achieveuf-thatart results on road

scene semantic segmentation benchmarks.

2.2.2.1 Building Extraction using CNN models

Building extraction has been widely studied by the remote sensing compwittitynany CNN

based approaches being propofedatterjee & Poullis, 2019; Ji et al., 2019; Shao et al., 2020;
Xu etal., 2018; Yuan,201&® nd certain among them focusing on
boundarieqGirard et al., 2021; K. Zhao et al., 2018, 20Zhao et al. (2020propose a two

step method for a refined extraction of building boundaries that first uses a variation of-mask R
CNN for building instance segmentation and then refthe noisy building information using a
Graph Convolutional Network (GCN) that learns the geometric shapes of building polygons.
Girard et al.(2021a)introduced an additional frame field output, besides the building interiors
and building boundary outpyt$éo an encodedecoder network for building extraction. The
additional frame field information improves the segmentation quality and is also useful for
building boundaries polygonization via a newly introduced algorithm that extends the concept of
the Active Contour Model (ACM).

2.3. Semisupervised Learning and Domain Adaptation

As a large number of labelling data is a necessary element in supervised learning, we review
stateof-the-art algorithms for sensupervised learning and domain adaptation that address the
lack or small number of training data. Relevant works on classification, semantic segmentation,
object detection and change detection were studiednentionedn Chapter 1the terms semi
supervised learning and domain adaptation refer to very similar concepts. Domain adaptation
approaches aim to compensate for the adafion in performance due to domain shift between a
training (source) and test (target) domain and can be supervised;sigmmiised, or
unsupervised depending on the availabilityaifelleddata in the target domaiB. Sun et al.,

2016) Semisupervised learning approaches aim to leveradgbaleddata (which are usually

much easier to acquire) and (a usually much smaller amourigbelied data to improve a

model 6s performance on a (¢gi vensugeise# learnid,t hou g
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usually both théabelledand uabelledcomponents are considered to belong to the same dataset
(i.e., same distributionjOuali et al., 2020a)n some research works, the term sasogpervised
approaches has been loosely used to refer to domain adaptation approactiesidezyegas et

al., 2023). In our work, we sometimes also loosely use the term-sepervised approaches to

refer to methods based on consistency regularization compared to adversariasmethod

In a comprehensive literature review of sesupervised learning for semantic segmentation
applications, PelaezVegas et al. (2023klassify semisupervised methods into five main

categories:

- Adversarial methods, which apply a GAiKe structure and adversarial training,

- Methods based on consistency regularization, which introduce an auxiliary component to
the loss function thansures consistent predictions under various perturbations,

- Selftraining methods based on pseddbels created using models trained on the
labelleddata (e.g(Yang et al., 2022)

- Methods based on contrastive learning and

- Hybrid methods that incorporate components from more than one category.

In our review, we mainly focus on two of the most prominent categories: the methods that rely
on generative adversarial networks and the methods based on consistency regularization, which

is also the category under which our method described in Chapter 7 falls.

2.3.1 Semisupervised Learning methods and their adption for
Domain Adaptation

The presented methods are organized according to the end task tiseigemised frameworks

were designed to solve: classification, semantic segmentation, and object detection.

2.3.1.1 Classification

Laine & Aila (2017)ext end the idea of a neural -networ
ensembling: a training framework that combines the outputs of different instances of the same
network corresponding to different training epochs, different regularization constraints and using
inputs that have been subjected to different augmentations. In the lack of labelled training data,

the ensemble predictions are more likely to be closer to the missing ground truth compared to the
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predictions of the current model and thus can be used as psdeatofor training. The authors
explore two ways to implement safisembling: the model| which is based on sefnsembling

based on the application of random dropout and input augmentations and a temporal ensembling
mode| which aggregates the predictions of models collected during different training epochs. At
the time both approaches achieved statdhe-art results on sersupervised classification

tasks. Finally, another interesting finding of a side experiment of the paper was that when used in
conjunction with supervised learnintpe selfensembling approach helps the models to develop

a higher tolerance to incorrect labels in the training set compared to a typical fully supervised

approach.

Tarvainenand Valpola (2017)built on the work of LaineandAila (2016) and proposed Mean
Teacher, a method that computes the Exponential Moving Average (EMA) of model weights
instead of averagi ng oV e rthe EMAe(alsmindwan laiieseacher e di c t
model or Mean Teacher) is updated after each iteration and not after each epoch, which
significantly increases the pace at which the training information is incorporated into the training
process. The results indicate a significant improveneritaining accuracyand enable the

models to learn using a smaller number of labelled samples compared to the approach proposed
by LaineandAila (2016).

Miyato et al. (2019) propose a regularization method for supervised and -sepgrvised

learning based on adversarial examgled. Goodfellow et al., 2015nd a virtual adversarial

| oss, which is a measure of the model 6s | oca
method looks for the direction of the perturbation that can cause the greatest change to the output
di stributi on (and enlikefioJd@bdietiow etwalt, POAZ)t Joes not require

labelled examples to compute the adversarial component of the loss function as it relies on

Avirtual 0 examples (model predictions) and th

Ke et al.(2019) introduce the Dual Student training framework for ssopervised learning

which replaces the exponential moving average teacher model with another student network. The
two student models share the same network architecture but are initialized and optimized
separately in order to ensure that their weights are not tightly coupled. The two models are
trained using a novel stability constraint in conjunction with a consistency regularization loss and

a supervised classification loss component. The stalmibtystraint ensures that each sample
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satisfies the smoothness assumpti on for eacl
prediction probability is safely above the decision boundary. A variation of the mesnugl

multiple student models (4 instead of 2) that are randomly divided into Dual Student pairs on

each iteration and updated separately achieved even further performance improvements on semi

supervised learning benchmarks for image classification.

Verma et al.(2022) propose Interpolation Consistency Training (ICT), an efficient semi
supervised learning approach for classification which applies a Mean Teacher training paradigm

on the interpolations of labelledsamples computed using MixUpl. Zhang et al., 2018Yhey

argue that in classification taski€T increases the probability of the smoothness assumption
being satisfied and show that | CT isupervisedv es t h

benchmark datasets.

2.3.1.2 Semantic Segmentation

Li et al. (2021) propose a semslipervised semantic segmentation approach for medical imagery

that incorporates both a supervised and an unsupervised component in the loss function used for
training the network. For the labelledsamples of the dataset, the algorithm learns to make
consistent predictions by utilizing a regularization term that tries to minimize the difference
between predictions of the same input that has been subjected to different perturbations (gaussian
noise, dropout, geometric augmentations). The model also makes uddeainaTeacheand

student scheméTarvainen & Valpola, 2017yvhen computing the consistency regularization
term, where the weights of the teacher are
weights on different training epochs. The proposed approach was validated in three different

medical image segmentation tasks and achieveddtdte-art results.

S. Li et al. (2021propose a similar variation of tihdean Teacheapproach for the segmentation
of 3D left atrium MR medical images, which they enhance by applying ssudte deep
supervision for both the supervised and the consistency regularization components of the loss

function.

French et al. (201%how that the use of strong augmentations such as C(Wiixet al., 2019)
and CutOu{(DeVries & Taylor, 2017pn the input images can improve the performance of-semi

supervised training frameworks based on consistency regularization.
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Ouali et al. (2020present another consisteriypired semsupervised approach for semantic
segmentation based on a novel crosssistency training framework. Unlike other prominent
consistencypbased approachggrench et al., 2019; X. Li et al.,, 2021; Tarvainen & Valpola,
2017) this method applies various perturbations toatheoder outputs)ot the image input. The
proposed architecture consists of a shared encoder, a primary decoder that is used for supervised
training, and a set of multiple auxiliary decoders that take as inputs perturbed versions of the
encoder 0s output and are trained to produce
constraint. The encoder is trained using labelled and umabelled samples. In contrast, the
primary decoder is trained solely by the supervised component of the loss function, and the
auxiliary decoders are solely trained by the unsupervised components of the loss function,

respectively.

Liu et al. (2022)propose a consistency learning sesmpervised approach for semantic
segmentation that combines image, feature, and network perturbation. They extdteathe
Teacherframework by introducing a second teacher model and propose a variation of the virtual
adversarial training (VAT) loss for applying feature perturbations, which are computed using the

more stable teacher models, to the student models.

Another application of th&lean Teachetraining scheme for semantic segmentattbis time in

a remote sensing setting, was reportedHbbley et al. (2021)where theMean Teachemethod

is used to train a Fully Convolutional Network for seagrass monitoring from Remotely Piloted
Aircraft (RPA) Very High Resolution (VHR) imagery. The method was compared to a fully
supervised training setup as well as to an OHjased Image Analysis (OBIA) approach,
resulting in improved results compared to the fully supervised setting but still not as good as the

results achieved using OBIA.

2.3.1.3 Object Detection

Mi et al. (2022)developed an active sampling training scheme that subjectsldieledimage

i nputs to gradually stronger augmentations
semisupervised object detection (SSOD) network. They quantify the usefulness of each sample
by introducing the difficulty, information, and diversity metrics that respectively reflect the
entropy of the probability distribution predicted by the model, the amount of information for

SSOD, and the distribution of object categories in aagen The proposed active sampling
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algorithm is incorporated in a Mean Teacher training framewWodakvainen & Valpola, 2017)

which the authors name Active Teacher.

Zhou et al. (2023apply theMean Teacheparadigm on a YOLOV5 detector for domain adaptive
object detection. They enhance thtean Teacheprocess by introducing additional pseudo
images produced using a grained style transfer network (they use Contrastive Unpaired
Translation (CUT)T. Park et al., 2020)n the source and target domain.

2.3.2 Domain Adaptation based on Generative Adversarial
Networks

Many successful research approaches have been based on generative models and adversarial

training for domain adaptation applications.

2.3.2.1 Classification
Tzeng et al. (2017developed theAdversarial Discriminative Domain Adaptation (ADDA)

method which they applied to bridge the domain shift between classification datasets in an
unsupervised manner. The approach consists of three distinct stages:
- First, a CNN classifier is trained in a supervised manner using the source dataset.
- Next, the method makes use of the cl assifi
discriminator that predicts whether an image belongs to the source or the target domain.
This way, and via a loss function commonly used in GANe target encoder learns to
produce a feature representation similar t
- During the final stagehe method uses the trained target encoder from stage 2 to map the
target images to the shared feature space in conjunction with the classifier from stage 1 to

predict the classes of images from the target domain.

Bousmalis et al. (2017ntroduce another unsupervised domain adaptation approach based on
generative adversarial training. Their proposed framework consists of:
- a generator that takes as input an image from the target domain and a noise vector and
generates a new fake image,
- adiscriminator that tries to discriminate fake images (images produced by the generator)
from real ones (coming from the source domain),

- ataskspecific classifier that assigns tasgecific labels to an image.
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The model is trained using a typical GAN minmax objective function augmented by-a task

specific loss component.

Liu et al. (2017)propose an unsupervised imagamage translation framework based on a
shared latent space assumption that builds on the Coupled (BAN. Liu & Tuzel, 2016)
framework. The method combines variational autoencoders and GAN and imposes weight
sharing constraints on certain layers of the source and target encoders as well as the GAN
generators in order to enforce the shdetent space. The approach was successfully appled

domain adaptation tagkr image classification

2.3.2.2 Semantic Segmentation
Hoffman et al. (2017ntroduced CycleConsistent Adversarial Domain Adaptation (CyCADA),

an approach that aims to adapt representations both at the feature and the pixel level. The
approach builds on the cyet®nsistent imagé-image translation technique by incorporating a
semantic loss component that enforces semantic consistency in addition to treogdeency

loss that encouragethe preservation of local structural information by the crdsmain
transformation. CyCADA was successfully applied for the adaptation of an FCN trained on

synthetic street view data (GTA5) to the CityScapes semantic segmentation dataset.

Murez et al. (2018propose a deep learning framework similaffizeng et al., 201 7pr domain
adaptation which they apply among other tasks for the semantic segmentation adaptation
between real world and synthetic images (Cityscapes and GTAS5 datasets). Their framework
consists of multiple subetworksi an encoder and a decoder network for each domain and
multiple discriminatorsi and incorporates multiple loss functionacluding a taskspecific
supervised loss, an identity loss, a typical GAN discriminator loss and multiple translation

adversarial and cycle consistency loss terms.

Vu et al. (2019) propose an entropyased unsupervised domain adaptation approach for
semantic segmentation. They try to bridge the domain shift between the source and target domain
by introducing additional loss terms based on the entropy of thewigelpredictions, which

they apply (a) directly as an additional loss term and (b) using an adversarial training framework.

The latter approach results in better performance as it exploits the structural consistency between
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the source and target domairls leads to statef-the-art results in synthetito-real domain

adaptation for road scene semantic segmentation.

2.3.2.3 Domain Adaptation in Remote Sensing and Change Detection
Applications

During the past few yearthere have been research works that have adapted or further developed
methods based on generative adversarial training and the cycle consistency loss for bridging the
domain gap between different remote sensing datasets mainly forwibeelclassification

applications.

Wittich & Rottensteiner (2021propose an appearance adaptation method for the semantic
segmentation of aerial images which combines an unsupervised adversarial training scheme of an
appearance adaptation framework with the supervised training of a fully convolutional network
for semantic segmentation, similar @@lurez et al., 2018)The authors also introduce a new
criterion for selecting the optimal model in the absence of labelled validationvdath is

based on an entrogyased confidence measure.

Wittich & Rottensteiner (2019kadjust the Adversarial Discriminative Domain Adaptation
(ADDA) (Tzeng et al., 201 #fyamework to semantic segmentation tasks, which they apply using
a U-Netbased encodatecoder architecture for the pix#lse classification of remote sensing

imagery.

Wittich (2020)proposs a semisupervised domain adaptation framework based on the entropy
minimization loss introduced b@/u et al., 2019)and a novel weighting strategy, which they

apply for the automated pixelise classification of aerial images.

Noa et al. (2021apply the Adversarial Discriminative Domain Adaptation (ADDAeng et
al., 2017)framework in conjunction with a marglmsed regularization constraint for detecting

deforestation on Landsat satellite images from three different forested areas in Brazil.

A few research works focused on the application of domain adaptation specifically for change
detection applicationsSoto Vega et al. (202Xropose an unsupervised appearance adaptation
method for change detection based on the Ggdesistent Generative Adversarial Network
(CycleGAN) (J-Y. Zhu et al., 2017yvhich they apply for deforestation detection in the Amazon.

In addition to the GAN adversarial loss, the cycle consistency loss and the identity loss terms
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that are used in the original CycleGAN implementatibie authors propose the introduction of
an extra loss term that aims to preserve the magnitude and orientation of the change vectors

computed between the different instances of an image pair.

Soto et al. (2020apply the CycleGAN framework for deforestation detection in the Amazon
Forest and show that the method can lead to improved results by reducing the domain shift
between satellite images captured at different time periods.

Noh et al. (2022)propose an unsupervised change detection method that is based on the
application of a generative adversarial network and an image reconstruction loss function. The
proposed approaclbuilds on an insight found in reconstructidvased anomaly detection
methods which suggests that anomalies cannot be reconstructed by a generative model (like a
GAN) and will lead to high reconstruction errors. Thus, instead of training a model to detect
changes between-temporal imageghe authors propose to photometrically transform an image
and train a GAN that takes as input the transformed image and tries to reconstruct the original
one.The changed regions can be detedkethference timeby finding the image regions that

exhibit high reconstruction loss (based on a predefined threshold).

Zheng et al. (2021propose a singleemporal supervised learning approach named STAR. STAR
consists of a deep CNN model that performs semantic segmentation on each instance of the bi
temporal image pair separately and & h a n g e mlddudei which takes as input features from

the decoder of the semantic segmentation model for both instances and learns to predict the
changed regions bet we@hangeMikie mondgle piasr.tr dahe
unsupervised way using psedbietemporal images that were created by pairing up two random
images from the dataset and using as change map the disjunctive union of the corresponding

building masks.

Overall, the presented literature review highlights the active research interest in improving the
performance of deep learning and ClhlAised approaches on change detection and other
computer vision and remote sensing tasks. It also demonstrates the need fetratagieghat

will reduce the reliance of DL algorithms on extensive annotated training datasetspaode

the model s6 generalizability.
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After providing a brief outline of the employed datasets ihi s criex ant #nal Sesbn,

we begin our analysisy introducingthe direct change detection approach in Chapter 3.

2.4. Overview of used datasets

We used multiple datasef®er training and evaluatingzarious approachethroughout this
research All datasets primarily comprised RGB satellite, aerial, and orthorectified images,
ensuring minimal relief displacements and nadir viewing, which are welcome features for land
cover change detection. For each set of experiments, we chose the dataset with the highest
number of samples available at the time of conducting the experiniabts.2.1 provides an
overview of these datasefBetailed descriptiomfor each datasedre available in the respective

chapters where they were first utilized
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Table2.1: Overview of used datasets.

Dataset

Description

Change Detection DatasefLebedev et al., 2018)

Used for training and evaluation of models for direct
change detection applying supervised aechi

supervised training frameworks (Chapters 3,4, and ! _

Described irSection 3.2.1

10,000 training, 3,000 validation, and 3,000 test
image pairs (Size: 256x256 pixels)

Images taken from Google Earth (Digital Globe)
Ground resolution ranges from 8fh to 100cm
Samples include both natural and synthetic char
Changes focus on the appearance/ disappearan
objects and ignore seasonal variations (most imi
pairs were collected different seasons)

Vaihingen Dataset(Cramer, 2010jor land cover
semantic segmentation

Used for training models for boundary detection
(Chapter 4)

Described irSection 4.2.3

33 patches of different size% 2500 x 2000 pixels)
Extracted from true orthophoto mosaic

Ground resolutio 9 cm

Pixelwise classification into 6 categories:
impervious surfaces, buildings, low vegetation,
trees, cars, and clutter/background

LEVIR -CD (Chen & Shi, 2020jor building change
detection

Used for training and evaluation of models for both
direct and postlassification change detection
approaches applying supervised, ssopervised, and
domain adaptation training frameworks (Chapters 5
and 7)

Described irSection 5.3.2.1

637 coregistered bitemporal RGB image pairs al
building change maps

Image Size: 1024 x 1024 pixels

Image Spatial Resolutich50 cm

Capture Time ranges from 2002 to 2018 and ma
vary

Designed to addresggnificant landuse changes,
variations in illumination & seasonal conditions

Inria Aerial Image Labelling dataset (Maggiori et
al., 2017)

Used for training and evaluation of models for buildi
semantic segmentation using supervised and doma
adaptation training frameworks (Chapters 6 and 7)

Described irSection 6.2.4

Aerial Orthorectified RGBmagery and ground
truth masks for building semantic segmentation
Covers an area of 810 Kiof dissimilar urban
settlements captured with varying illumination
conditions and at different seasons

Ground Resolutiofi 30 cm

SpaceNetV2(Van Etten et al., 2019)

Used for training and evaluation of models for buildi
semantic segmentation using supervised and doma
adaptation training frameworks (Chapter 7)

Described irSection 7.2.3.1

Developed for the extraction of building footprint
Image tiles of size 650 x 650 pixels (200m x
200m)

Ground resolution ranges from 30cm to 1.24 m
(depending on the band/composite)

Covers four cities around the world (Vegas,
Shanghai, Paris, and Khartoum)
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3

UNet & UNet++ Architecturesn High

Resolution ImagdasedChange
Detection Applications

3.1. Methodology

In this chapter we introduce and evaluate an early fusion direct change detection pipeline based

on UNetshaped encodetecoder architecturedMe chose to work with UNet and UNet++
architectures because of their simple, yet effective design. UNet is an edeodder
architecture consisting of a contrastive and symmetrical expanding path and skip connections
connecting convolutional blocks that share the same spatial resolution. This ensures that both the
finer-grained spatial information of the contractive blocks and the more camdlxhformation

of the expanding bl ocks ar e ¢heeUNat++raehitectdreis i ng t
an extension of UNet that was developed to bridge the semantic gap between the contractive and
expansive blocks of the network by incorporating more intermediate blocks and more skip

connections between the blocks that share the same spatial res@uBiboy et al., 2018).

Our goal is to examine theffects of different UNet and UNet++ encoddecoder architectural
choices in combination with different loss functions on the performance of the trained networks
for change detection applications. In addition, we investigate how the use of deep supervision

and data augmentation affects the performance of the various networks
The methodology consists of 4 sséctions:

- In Section 3L.1, we present the two network architectures.
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- Section 31.2 discusses the different loss functions used to train the networks.
- In Section 31.3, we introduce the concept of deep supervision.

- Finally, Section 31.4 briefly discusses the importance of data augmentation techniques.

3.1.1 Network Architectures

We start our analysis with a more detailed discussion of UNet and UNet++ architectures

3.1.1.1 UNet

UNet (Ronneberger et al., 201&jas built based on the idea of the Fully Convolutional Network
(FCN) architecture as introduced Blyong et al., 2015with a goal to create a new type of
architecture that can be trained using fewer training samples and which can phaghere
segmentation accuracyhe main innovation of UNet that differentiates the architecture from
FCNSs is the introduction of more convolutional filters in thesampling path, creating in this
way an upsampling (or expanding) subnetwork, which is in general terms symmetric to the
downsampling (or contracting) part of the network. Thus, the final network hasslzaped
form, a fact hghlighted by the given name of the architecture. Like the traditional FCN
architecture, an essenti al part of the networ
the downsampling blocks to the corresponding-sampling convolutional blocks. This flow of
information is achieved by concatenating the higbolution features of the dovaampling
blocks to the first layer of the correspondingagmpling block. The total set of features is then
passed to the subsequent convolutional layers. Inwhis the previously learned contextual
information flows into the convolutional layers without losing the localization accuracy caused
by the dowrsampling operation of the max pooling steplis flow of information combined

with the larger number of filters in the 1gampling pathhelps ensure that the network retains

both highlocalization accuracgnd contextich feature representatians
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Figure 3.1. UNet archritecture. The notatiéQ refers to the height of the convolutional layers at block l&astd
‘Q refers to the number of channels of aonvolutional layer in levet.The width of each convolutional layer
has an identical behavior as the height and for this reason it has been omitted. We can see that the channel depth of
a convolutional layer at layer n is twice as large as the corresponding depth of the corresponding convolutional
layer of block level 1.

i = (N x2

n
Ry =(hy, )2

More specifically, each dowsampling block consists of 2 successive convolutional layers with

a 3x 3 filter size and a padding of 1 pixel. The first element of each block is the-skowpled

result of the previously applied max pooling layer, while in the first block the input consists of
the concatenated RGB channels of both image instances. All max pooling layers usg a 2
kernel shape and a stride of 2. Batch Normalization is applied to each convolutional layer, which
was not included in the original UNet implementation, but helps the network learn faster by
allowing the use of higher learning rates, reducing the need for careful initializations and having
a regularization effect on training that helps reduce overfittffaffe & Szegedy, 2015)The
number of feature channels of each convolutional layer of every-dampled block is doubled

with respect to the number of channels in the convolutional layers of the previoustantelg

with 32 filters for the first two convolutional layers of spatial resolution levelp.

With regards to the expanding part of the network, the blocks are almost identical to the down

sampling blocks, with the main differences be

3 Batch normalization is discussed in more detaf\pipendixA.
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coming from the skip connections. The input to each block is the output of the directly previous
coarser block in the sequence. Thesampling operatiocan either be a transpose convolution
operation, which has learnable weights and biases, or a simple upsampling operation like a
bilinear interpolationThe convolutional layers of each expanding block have the same number
of feature channels as the convolutional layers of the corresponding contracting block. When
applying the skip connection, the features from the contracting block do not need to be cropped
as in the original paper since we have padded the convolutional layers and kept the feature width
and height constant within each block. An overview of the architecture is presektgdres.1.

3.1.1.2 Nested UNet (UNet++)

As mentioned earlier, Nested UNet, also commonly known as UNet++, is an extension of the
UNet architecture that was introduced By Zhou et al.(2018)in an attempt to improve the
segmentation accuracy of the UNet architecture. The authors maintain the etesmmbiar
architecture of UNet and argue that a gradual enrichment of the feature maps of higher resolution
before aggregating them with the decoder results would help the network capture mere high
resolution details thanks to the higher semantic similarity between the concatenated features. The
central hypothesis for the introduction of the UNet++ architecture is that adding more
intermediate (nested) convolutional blocks and densifying the skip connections between blocks
would cause the concatenated results of eaesaopling block to be more semantically similar

than the results obtained by the original UNet architecture, which would ultimately result in an

easier optimization problem and thus more accurate results.

Using the same definitions regarding the contracting and expanding blocks as described in the
plain UNet architecture and iRigure 3.1, the general overview of the UNet++ architecture is
presentedn Figure 3.2. The nested convolutional blocks ' that have been introduced to
bridge the semantic gap between the contracting and the expanding blocks of the saimia level

the pyramid are connected through skip connections with every conwvalutilmck of the same

level € with & & . More specificallyd ' can be defined as the outmftEquation 3.Wwhere

6 ¢ & 0 6 avéide output of a convolutional block given an ingut@ "o is the
concatenation operation for elemends" 8 It " and &fud stands for the concatenation

operation of elementdsandw
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Thus, this formulation leads to an architecture that consists of multiple, nested exeomiéer
architectures (like for exampld: MR PR M} and {6 MR PR PR PR 1Y), with each
intermediate block receiving information from multiple feature maps with both skip connections
and upsampling blocks. According @. Zhou et al. (2018)this more gradual flow of
information results in more semantically similar feature maps, which make the optimization
problem easier to solve and lead to higher semantic segmentation accuracy than the plain UNet

architecture.
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e Max Pooling
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Loss
Convolution 1x1 &
Loss (Deep Sup.)

Figure 3.2: Nested UNet Architecture.

3.1.2 Loss Functions

We have investigated and compared two different loss functions: the first one is a combination of
Binary CrossEntropy loss with the Dice coefficient functidBCE-Dice loss)(Equation 3.2,

and the second one is thevaszHingeloss(Berman et al., 2018which is a tractable surrogate

for the optimization of the intersection over union measure. The combination of th®BEE

loss was used in the original UNet++ paf@rZhou et al., 20183s well as byD. Peng et al.,
2019)and produced stataf-the-art results
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The parameter in Equation 3.2 is set to 0.5, following the setuZo¥Zhou et al(2018)in the
original UNet++ paper. This value was also experimentally shown to produce thresdtsion
a change detection application developedDbyPeng et al(2019) & and& are the flattened
ground truth and predicted probability maps respectively of iniagad 0 is the batch size

(number of samples per batch).

RegardingLovaszHinge loss,Berman et al(2018 are introducing a tractable surrogate of the
Jaccard index, which is defined as the Intersection over Uniaiito (Equation 3.3 with the
conventionthat- p. The paramete®is the class value for each pixel and given ads#te
operator sreturns the total number of elementshe set

0 ofp o W @ 0% (33)
SO W W WS

In our case we are dealing with a binary problem and so the paraboétire Jaccard index will
be equal to 1Kquation 3.3 since weare only considering the foreground object, meaning pixels

that are mapped as changed.

o d oo D PR (3.4)
SW P

The corresponding loss is given ygiation 3.5, whichis not differentiableas the parameters
wandwcan only take binary values php . Berman et al., (20)8ise thd_ovaszextension of

a set function and develop an algorithm that computes an optimization surrogate of (Equation
3.5).

@ dhw p U (3.5)

A SoftMax version of the extension has been useRakhlin et al (2018 in combination with

the UNet architecture for a land cover classification task and produced promising results.
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3.1.3 Training - Deep Supervision

UNet++ can also be trained using Deep Supervifliee et al., 2015)where the overall loss is
computed by aggregating the loss of the output layer (the output of the convolutional block
dhafter applying a 1x1 convol dtossesndi lall theay er )
intermediate layers of the first level of the pyranijd" for Q phBdt8The companion losses

are computed by applying the loss function to each oulip)f]t The overall loss is then
computed as the average of all five lossegZIlnZhou et al., 2018he use of deep supervision

gave both better and slightly worst results depending on the dataset being used (all datasets
related to medical segmentation tasks) compared to using only the output layer loss of the

network.

3.1.4 Data Augmentation

Data augmentation techniques have been shown to improve the performance of similar networks
(D. Peng et al., 2019; Ronneberger et al., 2015; Z. Zhou et al., 26fi&%ially when training

using relatively small datasets and to reduce overfitting to the training data. Thus, we evaluate
and quantify the effect of data augmentation on the training of different architectures with
different loss functions and in combination to deep supervision. We have augmented the original
dataset by occasionally (with a 50% probability) performing a horizontal flip to the input training
imagesa technique that even though very simple proved to be quite effective as will be shown in
the results section

3.2. Experiments

The experiments were designedevaluate the performance of UNet and UNet++ architectures

on detecting changes from satellite images and to study the effects of data augmentation, deep
supervision, and the two different loss functions, BQiEe loss and Lovasz Hinge loss, on the
guality of the t r.&8hus thid semobedperimerds will hedpcus identify ahe s

combination of training design parameters that leads to the best performance on the test set.

4 The term companion loss is used(bge et al., 2015)
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The section begins with a brief introduction of the change detection dataset, followed by the
training process implementation details, and closes with a description of the selected evaluation

metrics.

3.2.1 Test Dataset

The dataset we used to train and evaluate the performance of each approach on the change
detection task was created by Lebedev et al., (2018) and consists of 10,000 training samples,
3,000 validation samplesand 3,000 test samples. Each sample comprises two RGB satellite
images covering the same region and a ground truth mask, where the changed regions are
annotated. The satellite images are 256x256 pixels each, taken from Google Earth
(DigitalGlobe), and sampled from 11 larger images, from varying seasons, with a ground
resolution that varies from 30cm to up to 100cm per pixel (7 pairs of images that are 4725x2700
pixels for the creation of manual ground truth masks; 4 pairs of images that are1900x1000 pixels
and include natural and synthetic changes). The masks focus only on changes that relate to the
appearance or disappearance of objects between the two instances of the pair without taking into
account any seasonal variations, which allows us to evaluate whether the models can learn to
detect certainypes of changes and ignore others based on the semantics of the training samples.
In most cases, the two instances of each image pair were captured during different seasons, while
some artificial changes were introduced to the dataset by the manual addition of objects.

3.2.2 Training Implementation

For the training, we have trained all networks for 260 epochs, applying the Adam optimization
algorithm in all cases using the default parameters for the coefficients of the running average (0.9
and 0.999) and with no weight decay. The batch size consisted of eight images, and the learning
rates used were set to 0.0003 when training using the®E&&Loss function and 0.0005, which

was gradually reduced to 0.0001 when training using LitndszHinge loss function. The
training was performed using the PyTorch framewak an NVIDIA GeForce GTX 1080Ti

GPU.

5 We have built on the UNet++ PyTorch implementation available at:
https://github.com/4uiiurz1/pytorehestedunet
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3.2.3 Evaluation Metrics

The evaluation metrics that have been used are Precision, Recall, F1 Score, and Accuracy
(Equations3.6 to 3.9), where TP (True Positive) is the number of pixels that were correctly
classified as changes, TN (True Negative) is the number of pixels that were correctly classified
as unchanged, FP (False Positive) is the number of pixels that were classified as changed while
they were not actually changed, and FN (False Negative) is the number of pixels that were
mistakenly classified as unchang@€gure 3.3). Change Detection algorithms must deal with
highly unbalanced data with respect to the proportion of changed regions compdhed to
unchanged area of the scelremany cases, the changed area can cover less than 5% of a change
map, which means that a Network that never detects any change and classifies the whole image
as unchanged would score an accuracy higher than 95%. Thus, the measure of accuracy can be
widely misleading in a Change Detection task since it does not distinguish between changed and
unchanged regions, and the Precision, Recall, and F1 score measures represent much more

realistic evaluation metrics.
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Figure 3.3: Model prediction and visualization of the TP, TN, FP andv@Nies for an image sample given the two
image instances and the ground truth change map.
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3.3. Results

The evaluation metrics over the test set for UNet and UNet++ architectures trained using either
the BCE- Dice Loss or the Lovasz Hinge Loss functions are summarizéabie3.1. The table

also presents the perceived changesthe performance on the test set caused by the
incorporation of data augmentation and deep supervision (when applicable) during training. The
comparison of the results suggests that the UNet++ architeetbes trained using the BGE

Dice Loss function with data augmentatigmoduces the best results over the testSgures

3.4 to 39 illustrate the effects of the different design and training choices on the performance of

each trained network on the test set.

Table3.1: Results Summary. Evaluation metrics for various chaiegarding the architecture of the network, the
loss function being used for training and the use of deep supervision and data augmentation during training.

Design and Training Choices

UNet+ UNet+ UNet+

Architecture + UNet++ + + UNet++ UNet++ UNet++ UNet++ UNet UNet UNet UNet
Loss . . . . BCE BCE BCE BCE Lovéas BCE Lovas BCE
. Lovész Lovész Lovéasz | Lovasz X X X X ) X
Function Dice Dice Dice Dice z Dice z Dice
Deep v U v U v U v U U U U U
Supervision
Data
Augmentatio U \% \% U U \% \% U \% \Y U U

n

Evaluation Metrics

Precision 0.8504 0.8683 0.8770 | 0.8602 0.9565 0.9668 0.9575 0.9599 0.8455 0.9572 0.8667 0.9512

Recall 0.8807 | 0.9031 0.9076 | 0.8804 0.8831 0.9034 0.8977 0.8781 | 0.8967 | 0.8989 | 0.8604 | 0.8656

F1 0.8654 0'82534 0.8920 | 0.8702 0.9183 0.9340 0.9267 0.9172 0.8704 0.9271 0.8635 0.9064

Accuracy 0.9638 0.9680 0.9710 | 0.9661 0.9842 0.9870 0.9856 0.9841 0.9638 0.9858 0.9700 0.9822

Figure3.4 shows the effect of data augmentation and deep supervision on the predictions of the
UNet++ architecture trained using the Lovasz Hinge loss function. The use of data augmentation
has a positive effect on all the metrics, while the use of solely deep supervision has a negative
effect on Precision (of about 1%) and on F1 score. However, the best results were obtained when
using both deep supervision and data augmentation. Simiaglyre 3.5 presents the effect of

data augmentation and deep supervision on the prediction of the UNet++ architecture trained

using the combination of the Binary Cross Entropy loss with the Dice loss-[B&ElosS)
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function. The results suggest that deep supervision and data augmentation produce higher metric
values than the baseline scenario, where none of the two techniques was used, with the use of
data augmentation having a more significant positive effect. The best results for all metrics are

retrieved when applying only data augmentation (and no deep supervision) when training the
network.

UNet++ with Lovasz Hinge Loss
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il o
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&)

m Deep Sup mData Aug ® Deep Sup & Data Aug = Plain

Figure 3.4: Effect of Data Augmentation (Data Aug) and Deep Supervision (Deep Sup) on UNet++ architecture
when training using the Lovasz Hinge Loss.

UNet++ with BCE Dice Loss
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Figure 3.5: Effect of DataAugmentation (Data Aug) and Deep Supervision (Deep Sup) on UNet++ architecture
when training using the BCE Dice Loss.
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Loss Functions Comparisons for UNet ++
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Figure 3.6: Comparison of the effects of using different loss functions on the UNet++ test results.

Figure 3.6 illustrates a direct comparison of the retrieved metrics when using different loss
functions on the same UNet++ architecture. The combination of the BCE loss and Dice
coefficient achieves better precision (by more than 8%) and slightly worse recall than the use of
the Lovasz Hinge loss. This means that the network trained with the BCE Dice loss produces
fewer pixels falsely classified as changed, but at the same time, it detects slightly fewer changes
than the network trained with the Lovasz Hinge loss. The F1 score, as the geometric mean of the
precision and recall rates, is 7% higher for the BCE Dice loss. Likewise, the comparison of the
effects of the different loss functions on the UNet architecture is preserfagune 3.7, where

the effects are similar to the ones derived fieigure 3.6, and the precision gap is even larger
(higher than 11%).

Loss Functions Comparisons for UNet

0.95

0.9
0.85

il
0.75

precision recall accuracy

[e¢]

H Lovasz & Data Aug ® BCE Dice & Data Augs Lovasz Plain ® BCE Dice Plain

Figure 3.7: Comparison of the effects of using different loss functions on the UNet test results.
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Comparison between UNet and UNet++
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Figure 3.8: Comparison of the effects of different architectures and different loss functions.

Comparison between UNet and UNet++ (best)
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Figure 3.9: Comparison of the best results achieved with each architecture and each loss function.

The effects of using different architectures and loss functions without data augmentation or deep
supervision are presentedkigure 3.8. The choice of the loss function affects the performance

of the network more than the choice of UNet or UNet++ architecture, with the BCE Dice loss
yielding higher metric values. Also, using the UNet++ architecture produces slightly better
results than UNet given the same loss function, with the differences being less than 1% for all
metrics. Similarly, the comparison of the best results achieved for each architecture and each loss
function is shown irFigure3.9. Once again, the choice of the loss function seems to affect the
results more than the choice of architecture, with the best results being produced by the UNet++
trained with BCE Dice Loss and data augmentation followed closely (less than 1% difference on
every metric) by the UNet network trained with BCE Dice loss and data augmentation.
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Figure 3.10: Change Detection Prediction Example Using UNet++.

An example of change detection prediction using UNet++ is showfiguare 3.10. A set of
exemplary results retrieved from different combinations of architectures, loss funatonthe
use of data augmentation and deep supervision are presentédune 3.11. By visually
examining the results, TP (change) and TN (no change), we can argue that all networks perform
reasonably well on the CD task and can learn to ignore seasonal effects like snow and seasonal

vegetation changes.

o] ] | ‘l

Figure 3.11: Examples of change masks for various models. The color scale is the same as iB.E@Qémom left

to right the models are: (a) the UNet++ trained with BCE Dice loss and data augmentation, (b) the UNet++ trained

with Lovasz Hinge loss deep supervision and data augmentation, (c) the UNet trained with BCE Dice loss and data
augmentation and (d) the UNet trained with Lovasz Hinge loss and data augmentation.

3.4. Summary

In this chapter, we have investigated and experimented with two erdectter CNN
architectures for change detection applications using-tegblution satellite images. We have
also compared two different loss functions for the training of the CNNs and evaluated the

contribution of data augmentation and deep supervision techniques on the performance of the
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networks. All networks produced stadétheart results with the network using the UNet++
architecture and being trained with the BCE Dice Loss and data augmentation performing the

best on the test data.

In the next chapter, we are going to examine two ways to enhance the semantic segmentation

performance of the direct approach by:

- Incorporating object boundary information into the-shhped encodeatecoder

architectures

- Introducing additional geometric augmentations to the images of the input sample pairs.
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A

Performance improvement ofshaped
CNN architectures using boundary
Information and geometric
augmentations

4.1. Introduction

This chapter investigates ways to improve the sifitbe-art Convolutional Neural Network
architectures designed and trained to detect land cover changes from a pair of satellite images. To
achieve that, we enhance the encatkrodetbased CNNlirectchange detection approach with
semantically informed edges produced by a second network that explicitly performs boundary
detection on each of the two instances of the image pairs and then introduces those edges into
our Change Detection network. We show that incorporating boundary information into the
encoderdecoder architecture leads to improved network semantic segmentation performance,
especially near the location of object transitions involving objects withdedithed boundaries,

like buildings and roads. We use the DexiNed model (Soria et al., 2020), a deep convolutional
neural network architecture that detects image edges in ato-@md manner, for the edge
detection component of the architecture. We experiment with both UNet and UNet++

® The contents of this chapter are heavily base(Bonsias Alexakis & Armenakis, 2021t)ermission
to use the material from the paper has been granted by the T&F publisher.
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architectures for the change detection semantic segmentation component and evaluate the

potential benefits in each case.

Furthermore, we devise a way to make the models more robust to the impact of misregistration
errors between muitemporal images by training on image pairs where theegistration has

been deliberately distorted. We use rotations and affine transformations to distort the alignment
between image pairs of the training data. The results of our experiments suggest that this training
technique, compared to the results obtained from the original models, increases the performance
of the models significantly when dealing with significant m&gistrations and even results in
minor performance improvements in cases where there are necegmfations introduced

between the two image instances.

We begin this chapter with the introduction of the proposed model and training enhancements as
well as a description of the datasets we used for training and evaluation purgdsetson 4.2

4.2. Methodology

This sectionpresend the proposed edgenhanced encodeecoder architectureand then
introduces the Change Detection datasets under consideration. Next, we introduce our approach
for dealing with high misregistration errors between the multitemporal images of each,sample
and finally, in section 3.4, we present the parameters and loss functions used for training each

model.

4.2.1 Edge-Enhanced EncoderDecoder for Change Detection

Thetwoencodedecoder architectures that we use as
UNet (Figure 4.1) and UNet++ architectures Kigure 4.2), which were introduced irSection
3.1.1and have been shown to produce kagiality results on Change Detection tagRaudt et

al., 2018b; Daudt et al., 201B; Peng et al., 2019; Bousias Alexakis & Armenakis, 20E0%n

though both networks perform very well on the change detection task, there is still room to
improve the segmentation performance, especially near the boundaries of different objects in the
images. To do this, we introduced two new feature maps (edge maps), computed using the
DexiNeD model, into our backbone UNet and UNet++twoeks. The boundaries for each
instance of an image pair are computed using the DexiNeD architecture and then fed into the

backbone architecture, together with the two RGB instances.
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Figure 4.1: UNet Architecture and Edge Enhanced UNet Architecture for change detection. On the first and last
convolutional blocks of level n=1 of the network, we insert boundary information produced by the DexiNeD model.
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DexiNed architecture is presentedhigure4.3. The main idea of DexiNed is similar to other
networks presented in this paper (UNet, UNet++, HED, BDCN). The network consists of two
main components: the first gradually decreases the spatial resolution of the input image and
increases the number of filter channels to learn features at multiple scale levels. The second
component is used to upsample the activations at different depths of the network and produce

edge maps at scale levels that share the same spatial resolution as the original input image.
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Figure 4.3: DexiNed architecture. The diagram is a more detailed way to represent the same architecture as Soria et
al. (2020) presented itheir original paper, with an emphasis on the flow of information through the network based

on the pytorch github code referenced by Soria et al. (5020)

Dense Block

A detail not immediately evident in the presentation of DexiNed (Soria et al., 2020) is how the
activations of certain single convolutional blocks could be added to the activations of other
blocks that did not (at first glance) share the same spatial resolution. It turns out that DexiNed
uses two different ways to halve the width and height of the feature maps. The first one is the
typical max pooling layer with a stride of 2, and the second passes the output of the previous
layer through a single convolutional layer with a kernel size of 1 and a stride of 2. Thus, the

single convolutional layers depicted kiigure 4.3 might either halve the spatial dimensions of

" https://github.com/xavysp/DexiNed/tree/master/Dexifgtorch
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their input (light yellow single convolutional blocks) or retain the spatial dimensions of the input

and double the number of filters using a Kernel size of 1 (green single convolutional blocks).

The upscaling is performed through the-tgmvolutional blocks Rigure 4.4). Each block

consists of two sublocks. The first is only used when the ratio between the final scale and the
currentscale equals 2, whereas the second one is used in all other cases (when ratios are greater
than 2). The input to the block is iteratively passed through the second upsamptoigcsub

until the scale of the output is half the scale of the original image, at which time it is passed
through subblock 1 and then concatenated to t
the two subblocks is the number of convolutional filters of each layer (1 forldabk 1 and 16

for subblock 2).

SD: Scale Difference

D_ anspose Convolution (1 filter) SUb-blOCk1

D' anspose Convalution (16 filters (1 filter)
olut :|

Yes

16 filters)
No

Sub-block2

Figure 4.4: DexiNed upsampling block.

The edges produced by DexiNeD were inserted into two different blocks: (a) together with the
RGB channels of the two instances as initial input to the network and (b) at the final
convolutional block of the network. In the second case, the edges were inserted either at the
beginning of the last block (Figurg(a)), together with the feature maps from the skip
connections and the upsampled feature maps, or at the final layer of the block and before the last
convolution that produces the final predictions (Figife)). We have experimented with
multiple different ways of inserting the edges into the UNet/ Nested UNet models:

1 only at the end of the models (followiggure4.5(a) orFigure4.5(b)),

1 only at the first convolutional block of the models
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1 both at the first and last convolutional block, in which case we tried both proposed

approaches for the last convolutional bloEig(re4.5)

Preliminary experiments indicated that the best results were retrieved when inserting the edges
both at the first convolutional block as well as the first layer of the last convolutional block of the

network Figure4.5(a)).

nce1  Instance 2 Instance 1 Instance 2

\ | —> - \
£ I | \J\I Eages [ \\\
Sk connscions v - e o 1 o
Hie e
Final Block E(a) fon) il Bloct (b)‘

Figure 4.5: Different ways to introduce the edge feature maps into the last convolutional block of the backbone
architecture.

4.2.2 Datasets

In this work, we used two main datasets to train and evaluate our models and generated two

additional datasets, which we will call transformed datasets:

1 The Change Detection Dataset (Lebedev et al., 2018) introduc€tapter 3 whose
samples consist of a bitemporal set of RGB satellite images and a binary mask annotating

the changes between them.

1 An adjusted version of the ISPRS Vaihingen dataset, used only to train the DexiNeD
network on extracting semantically enriched edges of aerial images. This dataset will be

described in more detail in sectidr2.3

1 Arotated version of the Change Detection Dataset used for modelling the misregistration

errors described in sectidn2.5

1 An affinetransformed version of the Change Detection Dataset used for modelling the

misregistration errors described in sectéo?.5
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4.2.3 DexiNeD Training

Our initial approach was to use the pretrained version of DexiNeD to extract the features to be
introduced into our Change Detectiarchitecture. The network was shown to generalize well
with different datasets (Soria et al., 2020), but was never used to predict edges from satellite
imagery. The initial results of the network were discouraging, as the results retrieved from the
edgeenhanced architectures using the pretrained version of DexiNeD were relatively similar or
worse than the results retrieved from the original UNet and UNet++ architectures. There was
also a stronger tendency for the network to overfit to the training data, especially when no data
augmentation was used. Upon <cl oser examinat.
potential cause for this behavior: the network was producing strong responses when dealing with
shadows (norsemantic edges), which numerically have a strong gradient response but carry no
useful semantic information for the Change Detection tBgjufe4.6). This example illustrates

the usefulness of using edges that carry-sgpecific semantic information, such as boundaries
between objects belonging to different classes, that can be later used to identify land cover

changes relative to the change detection task.

Figure 4.6: Example of strong edge responses due to shadows. The image does not convey the required semantic
information. Responses near edges caused by shadows are stronger than those near the boundaries of buildings or
roads.
Therefore, we retrained our Edge Detector using the ISPRS Vaihingen 2D semantic labeling
benchmark Datas&{Cramer, 2010%0 that the network could learn useful semantic information

relating to land cover semantic segmentation and consequently produce semantically meaningful

8 https://www.isprs.org/education/benchmarks/UrbanSemLakéRelabelvaihingen.aspx
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edges. The training subset of the dataset consists of 16 patches of different sizes (absut 2500
2000 pixels) extracted from a true orthophoto mosaic generated from aerial digital images with
an approximate ground resolution of®. The ground truth labeling classifies the image regions
into 6 categories: impervious surfaces, buildings, low vegetation, trees, cars, and
clutter/background (a tile and its ground truth labels are presentedeaaraple in Figured.7

and 4.8). There is also a Digital Surface Model (DSM) available, which was not used in this
study. Using the ground truth labels of the dataset, we can extract an edge map with semantically
rich edges which correspond to object boundariegufe 4.9), by first identifying the
homogeneous regions in the mask and then extracting the boundaries of each region and creating
a new image that contains only the boundaries between neighboring regions. We cagatieus

a semantically informed edge detection dataset that only considers the boundaries between
different classes and not all image edges to train the DexiNeD model on boundary detection from

satellite imagery.

Our target was to create training samples that have the same dimensions as the images used in
the Change Detection Dataset (256 x 256 pixels). The network also needed to be able to
generalize to multiple scales, so we created additional imagedafa@lted masks) at scales=

[0.6, 0.8] of our original scales and added those images to the dataset. We then divided each
image into tiles and randomly picked 5 image centres from each tile of every image, excluding a
zone of about 50 pixels so that our new images would not include any blank regions resulting
from the rotation in the following step. Each of the five images in every tile was rotated (along
with their correspondingpbelled masks) by an angle randomly chosen from the corresponding
intervals [0,72°), [72°,144°), [144°,216°), [216°,288°), [288°,360°) to ensure significant
diversity in the training set. Using this data augmentation approach, we ended up with a dataset
consisting of 6856 images (Figur£40 to4.12) thatwe used to train DexiNeD.

Figure 4.13 presents multiple image samples of the constructed boundary detection dataset,
chosen to showcase the use of different scales and orientations when sampling image patches

from the images of the original Vaihingen dataset.
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Figure 4.7 Example image of the

Figure 4.8: Example image Figure 4.9: Edge Extraction based
ISPRS Vaihingen 2D semantic overlaid bylabelledregions. onlabelledregions boundaries.
labeling dataset.

Figure 4.10: 256x256 pixels

Figure 4.11: Edges for the Figure  Figure4.12: Edges superimposed
training sample. 10 sample.

over the image.
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Figure 4.13: Training samples from the boundary detection dataset. The samples have been chosen to showcase the
use of different scales and orientations (for 4 different regiaumdrants A, B, C, D) when sampling from the
orthophotos of the Vaihingen dataset.

The Vaihingen dataset has a different spatial resolution (9cm) compared to our CD dataset (30 to

100cm) which raises the question of whether an airborne dataset of a different resolution should

be used to train a CNN to detect edges on a separate dataset consisting of satellite images. In our

view, there are two main reasons supporting the use of a dataset of different spatial resolution to

train our edge detection network:

1 Firstly, DexiNeD, as with all the CNN approaches for edge detection discussed in the
paper, extracts feature maps at multiple resolutions that are then merged into the final
predicted edge map. As shown in Figure 3, +pagling layers gradually reduce the
resolution to capture semantic information (and edges) of different granularity. Thus, as
long as the resolution of the dataset used for training is higher than the resolution of the
CD images, one of the deeper blocks of the network will produce activations at a
resolution similar to the <change detect

overl|l apo)

1 Secondly, while producing the edge detection dataset from the Vaihingen imagery and
masks, we have used three different scales for our images (1.0, 0.8, and 0.6 of the original
scale) to try and make our edge detection model more robust to scale differences.
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To support our hypothesis, we have compared the CD results retrieved using a version of
DexiNeD pretrained on the generaurpose Barcelona Images for Perceptual Edge Detection

(BIPED) dataset (Soria et al., 2020), to the ones retrieved when using edges from a DexiNeD
model trained on our modification of the Vaihingen dataset. The results are presented in

AppendixB and indicate a small improvement when using semantic edges.

4.2.4 Modelling of Misregistration Errors in Image Change
Detection

Following these steps, we introduce a process to improve the robustnessnabderdecoder

model when dealing with misregistration errors between the instances of a bitemporal image pair.

By introducing misregistration errors into training image pairs while keeping the corresponding
ground truth mask the same, the model begins to implicitly learn to ignore such errors and, using

the multiresolution feature maps of the CNidsed architecture, relies more on a wider

nei ghbour hood around each pi xel when predi c1
Changeo) . We introduce misregistration error
transformation, either a pure rotation or an affine transformation, on one of the two instances of

the image pair. More specifically, we keep the first instance of each image pair constant and add

mi sregistration errors to the second 4difinnsot ance
changed mask as i s. Depending on the type of

create two distinct training sets and their corresponding validation and test sets.

4.2.5 Creation of the affine and the rotated dataset (transformed
datasets)

In order to apply a transformation to one of the two instances of an image pair, we need to
address the blank regions created near the corners of the transformed image during image
warping. One way to overcome this would be to crop the image and then rescale it, along with
the second image of the pair and the ground truth mask. However, this would also affect the scale
of the image pair and impede efforts to keep all other parameters constant (as much as possible)
in order to be able to confidently extraminclusions on the effects of misregistration errors.
However, as the dataset we are using (Lebedev et al., 2018) was created by sampling regions (let
us call them subset images) from a set of bigger satellite image pairs, we could use the parent

images to capture a larger region around each subset image, perform a random transformation on
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that region, and then crop it to the original image size while maintaining the same image centre.
Finding the parent image does present some challenges as the subset images have also been
submitted to a Euclidean transformation and Lebedev et al. (2018) do not provide information on
the parent image of each sample nor its transformation matrix. In order to retrieve the necessary
information, we developed an algorithm to match each sampled image to its parent and estimate
the transformation between the two images. Given the transformation from antages parent

0,0 ,we can find the initial region in the parent image correspondifigated expand it in all
directions equally to maintain the same centre. Then we apply a random transforfbtion,

this expanded image, apply the inverse transforma@tion 0 to get the subset image on its

initial orientation and finally keep only a 28856 pixels cropped window with the same centre

as the original subset image. Here it should be noted that thend0 transformations should

also be adjusted for a change in the coordinate system of the image, as we want the

transformatior) to be applied relative to the centre of the subset image and not the original one.

for eachimage in parent_images:
detect salient points and descriptors using ORB
store them in Parent_Image_Features (on an image to image basis)

for eachimage in dataset_images:
detect salient points and descriptors using ORB

for eachimage in Parent Image_Features:

find matches between the two images (Use Ratio Test as refinement)
use RANSAC to compute Euclidean transform and refine matches
select transform that has more than 5 inliers and the lowest mean residual

if meanresidual < 5 pixel:
save transform

Algorithm4.1: Pseudocode for image matching and estimation of the transformation between the subset image and
its parent image.

In order to match the images and retrieve the affine transformation that connects each training
image to its parent image, we have developed a pipeline that first uses tifeal@BR@hm
(Rublee et al., 2011) to detect salient points and their descriptors in both the sample images and

9 Oriented FAST and Rotated BRIEF where FAST (Features from Accelerated Segment Test) is a method
for finding keypoints in real time systems (Rosten & Drummond, 2006) and BRIEF (Binary Robust
Independent Elementary Features) is a feature descriptor algorithm (Calonder et al., 2010).
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the parent images. It then tries to match the retrieved keypoints for each sample image to the
ones of its parent image. This way, we get both the parent image and the affine transformation
that links each subset image in the training/validation/test set to its parent. We use the Random
Sample Consensus (RANSAC) algorithm (Fischler & Bolles, 1981) to estimate the
transformation for each subset image and consider a subset image matched to its parent image
when the transformation between the two has the smallest residual error amongst all the other
parent images and RANSAC returns more than 5 inlier points and mean residual error of less
than 5 pixels. A pseudocode of the algorithm that was used is shégonithm 4.1. Using this

code, we were able to match 3678 images out of the 10000 images of the training set, 1064

images in the validation set and 1037 images in the test set.

We used the produced matches on each part of the dataset (training/validation/test) to produce
two new datasets, one with a random rotation of up to 10 degrees and one with an affine
transformation thatan be decomposed into two scaliedi( ), a rotation angle— a translation

vector 6 fd and a skew angle. For the affine transformed data, we randomly selected values
from an interval of [0.95, 1.05] for the scalésH ), from an interval of @ h ¢ for the

angle— from an interval of v h v for the skew angle and from an interval of ¢h ¢

pixel for the translation vectod o

4.2.6 Training Description

Section4.2.6.1 presents the loss functions used to train the Change Detection networks, UNet
and UNet++, and the edge detection network DexiN®€ction4.2.6.2provides information

about the settings of certain training hyperparameters and the use of specific training techniques.
It should be noted that the training details corresponding to the CD networks apply to the training
of models on all three change detection datasets (original, rotated and affine). When specific
settings apply only to the rotated and affine datasets, it is explicitly noted in the text.

4.2.6.1 Loss Functions

Similar toChapter 3for trainingthe modelsye experimented with two different loss functions
when trainingthe Change Detection model&JNet and UNet++ a combination of the Binary
Cross Entropy loss with the Dice Coefficient (BCE Dice Ld&sjuation 3.2, which was also

used in the original UNet++ pape£.(Zhou et al., 2018), and the Lovasz Hinge Loss function
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(Berman et al., 2018). Both functions were designed for semantic segmentatiomnasketh
BCE Dice £. Zhou et al., 2018D. Peng et al., 2019; Bousias Alexakis & Armenakis, 2020) and
Lovasz Hinge loss (Rakhlin et al., 2018; Bousias Alexakis & Armenakis, 2020) can produce

high-quality results.

Regarding thé&dge Detection component of the Network (DexiNeD¥oria et al. (2020) apply

the loss function used on the HED network, which is a weighted cross entrop¥£dpsgign

4.1) for each side output that corresponds to a different hierarchical level of the network. In
Equation 5wis the class of each image pix@l, is the output of the network describing the
probability that a pixel belongs to classl1 (edge),@nd is the output of the network describing

the probability that a pixel belongs to class=0 (not an edge}. the set of all class=1 pixels
(edges) andb is the set of all class=0 pixels, whileis the ratio of the number of pixels
belonging to class=1 over the total number of pixels in the ground truth mask. Following the
deep supervision paradigm, the complete loss function is a fusion of all the side outputs
(Equation4.2), whereda are trainable parameters. Deep Supervision is a training method that
introduces multiple Acompanionod | oss function
neural network that are then integrated together with the final output of the network into one

main loss function used for training (Lee et al., 2015).
a o I 11 ® p 1 [ 4.1)
0 a o (4.2)

4.2.6.2 Training details

The backbone architectures have been trained on the original training dataset for 260 epochs
each with a 0.0003 learning rate for the first 200 epochs and 0.0001 learning rate for the rest 60
epochs. For all Change Detection models, the training was performed using the Adam optimizer
with the defaultparameters (0.9 and 0.999) for the coefficients of the running average and
without weight decay. We have also used a simple form of data augmentation (image flips),

which proved to be very effective and significantly increased the performance of the edge

61



enhanced architectur@sData augmentation also helped address any overfitting on the training
dataset(Figure 4.14). Differences between the training and validation Intersection over Union
(loU) values are very small, which indicates an almost negligible overfitting effect. Thus, we
have not used any other method to reduce overfitting, such as Dropout or an additional

regularization term on the loss function.

We have also made use of the Deep Supervision (DS) concept when training the plain (with no
added boundaries) version of the UNet++ models to compare with the rest of the UNet++
models. In the UNet++ case, companion loss functions (in our case either BCE Dice Loss or
Lovasz Hinge Loss) are computed for the outputs of the convolutional klock® hy Fd

and, together witlio , they are then aggregated into the final loss function that is used to train

the neural network.

Edge Enhanced UNet & UNet++ Training & Validation curves
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Figure 4.14: IoU training curves for edgenhanced UNet and UNet++ networks for the first 200 training epochs.
The differences between the training and validation loU values are less than 1%. Similar tb&hagourwas
observed for all training models when trained using data augmentation.

10we have used parts bftps://github.com/4uiiurz1/pytorehestedunetand
https://github.com/bermanmaxim/LovaszSoftnepositories to develop our cade
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The DexiNeD network has been trained for 30 epochs on our modified version of the Vaihingen
ISPRS network usingther i gi nal !paadoite defudt trainog marameters, with minor
modifications when importing our dataset into the network and removing image rescaling to
maintain images of size 25856 pixels We followed a transfer learning scheme and used the
DexiNeD pretrained model on the Barcelona Images for Perceptual Edge Detection (BIPED)
dataset (Soria et al., 2020), a genguaipose edge detection data$ett consists of 250 outdoor
images and their manually annotated edge masks of size 1280x720 PneeEdge Enhanced
Networks have been trained from scratch on the Change Detection Dataset using the pretrained
DexiNeD model. It should be noted that only the backbone network paramefees (U

UNet++) were updated during the training phase of the Edge Enhanced Networks.

For the misregistration change detection model, training was performed using the rotated and
affine dataset using networks that were already trained for 200 epochs on the original dataset.
The models were trained for an extra 150 epochs on the rotated or affine dataset using the Adam
optimizer. During the training for all the aforementioned models, we applied an extra
convergence condition to stop training if the loss function on the validation set was not reduced

after more than 20 epochs.

4.3. Results and discussion

We evaluate the results based on the average precision, recall, F1 score (EGuatmi3s8)

and Intersection over Union (loUEquation 43) metrics over the entire test set. We have also
included accuracyHquation 39) for the sakeof completeness. However, as accuracy can be a
misleading metric in datasets with highly imbalanced data such as ours, where the number of
pixels classified as changed is much lower than the number of pixels classified as unchanged, we
are not considering it in our analysiBhe formulas of precision, recall, F1 and IoU do not
include the number of True Negative pixels, which makes them good performance indicators of
image segmentation for an imbalanced dataset where the unchanged areas (TN and FN) are more

common than the changed ones (TP and Hi.batch size used for testing was set to 1.

11 https://github.com/xavysp/DexiNed/tree/master/Dexifgtorch
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Figure4.15 provides a higHevel overview of the training and evaluation pipeline followed for

each model, with an emphasis given on the use of different datasets (training, validation, test) at
different process stages. The presented example focuses on networks with incorporated boundary
information, but the same process has been followed when evaluating each of the backbone
architectures. In this case, the greyed module on top of the chart indicates simply a choice

between plain UNet and UNet++ architectures that are then fed into the following modules

(green) for training.

Edge Enhanced Network Development

Backbone architectures Boundary Detection

DexiNeD training

UNet
OR ) Edge Enhanced ¢ DexiNeD <€ Vaihingen
Networks Datatset
UNet++
\ 4
Change Detection Training ( dataset) Change Detection Training
under misregistration errors

v v v v v
CD Dataset Edge Enhanced j Edge Enhanced Networks j Edge Enhanced Networks j
(train & val set) Networks (trained) (trained ) (trained - )
CD Dataset CD Dataset
(train & val set) (train & val set)
y
¢ N ¢ A 4 Y
CD Dataset| |CD Dataset CD Dataset CD CD Dataset
(test set) (test set) (test set) Dataset (test set) (test set)
results " g results """ results " CR results " results " ‘

Change Detection Performance Evaluation under misregistration

Change Detection Performance Evaluation errors

Performance Evaluations & Comparisons / Results Analysis
Figure 4.15: High-level methodology overview with an emphasis on clarifying the use of each dataset for training
and evaluation of the models summarizing the different training phases of the models and the use of the different
networks.
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In order to evaluate the potential improvements of our approach on the models, we have
organized the results into two main sections. In the first, we focus on the effects of the
introduction of edges on each model (including models trained atedtedd on the transformed

datasets) In the second, we focus on the effects of the training scheme using added

misregistratiorerrorson the performance of each network.

4.3.1 Effects of the introduction of edges into the Encodebecoder
Architectures

We examine the effects of incorporating edges into both the original dataset, as well as the
datasets that include misgistrations between the instances of image pairs (affine and rotated
datasets). The rotated and affine datagetsgformediatasets) are presented in Section 3.3 and
contain the same number of training, validation and test samples as the original dataset (10,000,
3,000 and 3,000, respectively). All metrics presented in the figures and tables in Section 4 are
based on the test set component of each dataset. In all figures, the following nomenclature is

used to distinguish between models trained using different hyperparameters:

M For models trained with BCE Dice Loss, we include the BCE abbreviation in their name,

while LOV is used with models trained using the Lovasz Hinge Loss.

9 For models trained with added boundaries information, the AB abbreviation has been

used, while the NB abbreviation indicates models trained using the original architectures.
T We use UNet and UNet PP (for UNet++) to def |

1 When testing the models using the test set of the rotated or affine dataset, we distinguish
between models trained on the affiner ai ni ng set by including
model 6s name, Arot o when the model was tr

when the model was trained on the original dataset.
1 Models trained using Deep Supervision are indicated with the letters DS.

T When a hyperparameter i's implied by the f|
model 6s name for the sake of brevity.
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Figure4.16 (a) and (b), as well akable4.1, present the performance of models with or without

the introduction of boundary features into the network for the UNet++ and the UNet
architectures. In addition, we present results from experiments using both loss functions (BCE
and LOV). For the NB models using the UNet++ architecture, we also used Deep Supervision,
which incorporates outputs from different parts of the network into the loss function resulting
sometimes in small performanteprovements (Lee et al., 2015; Peng et al., 201%. Zhou et

al., 2018). Thebest precision, F1 score and loU values were retrieved when using the UNet++
architecture enhanced with boundary information from DexiNeD and trained using the Lovasz
Hinge Loss function. An improvement in all 5 metrics was found with the UNet++ architecture
when edges were introduced, with the highest increases noted on the recall rate (~2%) and the
loU metric (around 2.5% for BCE Dice Loss and 2.2% for Lovasz Hinge Loss). Models based on
the UNet architecture show similar improvements on all metrics, with the benefits on recall, F1

score, and loU being close to or higher than 2% for both loss functions.

Table4.1: Performance metrics on the original dataset test set with and without added boundary information.

Arch FuLn(::Stison Boundaries Su;l)Deer‘\a/ipsion DTartzisnet Dltilsstet Accuracy | Precision Recall F1 loU
UNet++| BCE DICE o] 6 original original 0.9872 0.9406 0.8129 | 0.8561 | 0.7788
UNet++ | BCE DICE o] G original original 0.9857 0.9259 0.8054 | 0.8446 | 0.7626
UNet++| BCE DICE G o] original original 0.9893 0.9509 0.8332 | 0.8737 | 0.8035
UNet++| LOVASZ o] o] original | original 0.9874 0.9519 0.8124 | 0.8586 | 0.7837
UNet++| LOVASZ o] G original original 0.9872 0.9428 0.8191 | 0.8620 | 0.7858
UNet++| LOVASZ G o] original | original 0.9892 0.9560 0.8329 | 0.8758 | 0.8059

UNet BCE DICE o] o] original original 0.9859 0.9273 0.7956 | 0.8377 | 0.7549

UNet BCHDICE ] o] original original 0.9877 0.9423 0.8142 | 0.8566 | 0.7803

UNet LOVASZ o] o] original original 0.9857 0.9391 0.7898 | 0.8388 | 0.7567

UNet LOVASZ ] o] original original 0.9877 0.9435 0.8166 | 0.8583 | 0.7829
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Figure 4.16: Performance(?r)wtrics for models trained using UNet++ (a) and UNit)(b) as our backbone architecture
(where BCE refers to BGBice Loss; LOV to Lovasz Hinge Loss; DS to Deep Supervision; AB to Added Boundary

Information; NB to No Boundary Input).
Similarly, in Figure4.17 (a) and (b)and inTable4.2, we present the performance metrics values
produced on the affine test set for the same models when trained on the affine or the original
datasets. The best performance in all four metrics was found by using UNet++ with BCE Dice
Loss and Boundaries and training with the affine training set. When considering only the models
trained using UNet, the best results on recall, F1 score and loU are retrieved once again with the
BCE Dice Loss and Boundaries with training on the affine training set (precision~91%,
recall~79%, F1~83% and loU~74.5%). A careful examination of the results has led us to the
following two main observations/conclusions. First, when comparing the same models with all
hyperparameters constant and varying only whether semantically informed edges are used, we
observe an improvement on all metric values of the bourelamgnced models compared to the
corresponding original models, except for UNet ++ when trained using the Lovasz Hinge Loss
on the affine dataset. An almost negligible reduction of 0.1% on recall was obtained in this case.
For all the other models, there is an average improvement of about 2% on the IoU, 1.7% on the
recall and F1 score and 1% on the precision metric. Second, when the models are trained on the
affine training set, they perform better than the same models trained on the original training set.

This point will be further investigated in the next part of this analysis.
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Table4.2: Performance metrics on the affine dataset test set for models with and without added boundary
information, trained on either the original or affine training set.

Arch Ful:wcz:stison Boundaries Dgtz?et Dlte;stet accuracy precision recall F1 loU
UNet++ BCE DICE o] original affine 0.9797 0.8697 0.7526 0.7876 0.6937
UNet++ BCE DICE ] original affine 0.9828 0.8928 0.7760 0.8129 0.7277
UNet++ BCE DICE o] affine affine 0.9816 0.8860 0.7713 0.8061 0.7146
UNet++ BCE DICE ] affine affine 0.9843 0.9123 0.7898 0.8300 0.7460
UNet++ LOVASZ o] original affine 0.9811 0.8873 0.7635 0.8027 0.7129
UNet++ LOVASZ ] original affine 0.9826 0.8993 0.7746 0.8146 0.7293
UNet++ LOVASZ o] affine affine 0.9830 0.9088 0.7817 0.8216 0.7359
UNet++ LOVASZ ] affine affine 0.9836 0.9108 0.7803 0.8216 0.7363

UNet BCE DICE o) original affine 0.9794 0.8692 0.7427 0.7792 0.6847

UNet BCE DICE G original affine 0.9818 0.8851 0.7626 0.8009 0.7120

UNet BCE DICE 6 affine affine 0.9817 0.8888 0.7548 0.7946 0.7027

UNet BCE DICE v} affine affine 0.9828 0.8948 0.7726 0.8106 0.7212

UNet LOVASZ o] original affine 0.9796 0.8823 0.7364 0.7811 0.6873

UNet LOVASZ v} original affine 0.9816 0.8841 0.7645 0.8015 0.7129

UNet LOVASZ 6 affine affine 0.9806 0.8926 0.7422 0.7870 0.6936

UNet LOVASZ ] affine affine 0.9821 0.8997 0.7619 0.8025 0.7123
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Figure 4.17: Performance metrics for models trained using UNet++ (a) and UNet (b) as a backbone architecture
and applied on the affine test set. Thedels were either trained on the original (or) or on the affine (af) training
set. (Where BCE refers to BBce Loss; LOV to Lovasz Hinge Loss; DS to Deep Supervision; AB to Added
Boundary Information; NB to No Boundary Input).
The same process wapplied to the rotated datasé&ligure 4.18 (a) and (b and Table 4.3),
yielding similar results. Once again, UNet++ with additional boundary information injected into

the first and last convolutional blocks of the network trained with BCE Dice Loss on the rotated
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training set performed the best on almost every metric (ac@98@2, recal 7 7 . 5 %,
F1481. 4% and loUa72.8%). The same model trai:
training set had the highest precision rate by a small margin (about 89.8% compared to the
former model 6s 89. 7 %) . The two main trends tF
are also present in the rotated test set case, with all models tested on the rotated set showing
improved performance metricaveraging approximately 2% for the loU, 1.7% for recall and F1

score and 1% for precisiomhen boundary information is incorporated. All models performed

better on the rotated test set when trained on the rotated training set. Thus, the effect of the
proposed improvements is consistently beneficial across the examined performance metrics. This
supports our initial hypothesis that the introduction of semantically informed edges can help the

model perform more accurately on the semantic segmentation task.

Table4.3: Performance metrics on the rotated dataset test set for models with and without added boundary
information, trained on either the original or the rotated training set.
Loss Train Test

Arch Function Boundaries Dataset Dataset accuracy precision recall F1 loU
UNet++ BCE DICE e} original rotated 0.9773 0.8484 0.7360 0.7682 0.6746
UNet++ BCE DICE G original rotated 0.9800 0.8705 0.7581 0.7924 0.7072
UNet++ BCE DICE 6 rotated rotated 0.9796 0.8715 0.7541 0.7901 0.6963
UNet++ BCE DICE ] rotated rotated 0.9826 0.8971 0.7764 0.8139 0.7284
UNet++ LOVASZ o] original rotated 0.9785 0.8661 0.7468 0.7836 0.6939
UNet++ LOVASZ ] original rotated 0.9801 0.8773 0.7579 0.7955 0.7104
UNet++ LOVASZ 6 rotated rotated 0.9811 0.8942 0.7675 0.8062 0.7187
UNet++ LOVASZ G rotated rotated 0.9819 0.8979 0.7685 0.8101 0.7246

UNet BCE DICE o] original rotated 0.9767 0.8462 0.7273 0.7600 0.6659

UNet BCE DICE ] original rotated 0.9793 0.8668 0.7455 0.7820 0.6927

UNet BCE DICE o] rotated rotated 0.9791 0.8734 0.7323 0.7739 0.6799

UNet BCEDICE G rotated rotated 0.9809 0.8823 0.7554 0.7958 0.7041

UNet LOVASZ o] original rotated 0.9772 0.8632 0.7201 0.7628 0.6693

UNet LOVASZ ] original rotated 0.9790 0.8653 0.7486 0.7829 0.6940

UNet LOVASZ 6 rotated rotated 0.9793 0.8789 0.7375 0.7776 0.6854

UNet LOVASZ ] rotated rotated 0.9799 0.8794 0.7452 0.7851 0.6932
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Figure 4.18: Performance metrics for models trained using UNet++ (a) and UNet (b) as a backbone architecture
andapplied on the rotated test set. The models were either trained on the original (or) or on the rotated (rt) training
set. (Where BCE refers to B&Bce Loss; LOV to Lovasz Hinge Loss; DS to Deep Supervision; AB to Added
Boundary Information; NB to No Boundary Input).

4.3.2 Effects of training using added misregistrations

In Figures 419to 4.2, we present the effects on each <ch
metrics when trained on the two training sets that include artificiategistrations between the

two instances of an image pair. This includes the affine dataset (Fig9(a)44.2(a), 4.2(b))

that has random affine transformations applied to the second frame of the image pair, and the
rotated dataset (Figurel®(b), 4.2.(a), 4.2(b)), that rotates the second frame by a random angle

of up to 10 degrees. The evaluation is performed on test sets produced similarly to the training
sets: approximately 1/3 of the second period images were subjected to a random affine
transformation/ rotation that simulates random misregistration errors between the instances of the
affected image pairs. For each image pair, the evaluation is performed by considering the original
first instance of the pair, the rotated or othervtiaasformed second instance of the pair and the

original change mask of the change detection dataset (since there are no extra changes introduced

into the pair, only misregistration errors).

In Figures4.19 (a) and (B, we present the results for all images from the transformed test dataset
(either rotated or affine). The results suggest an overall improvement on every metric for all
models, except for the one based on the UNet architecture with added boundary features trained

using Lovasz Hinge loss, where the precision was improved by about Né#rthelessthe
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recall was slightly reduced (less than 0.5%), and the rest of the metrics remained almost
unchanged. The most significant improvements were recorded from the UNet++ architecture
using Lovasz Hinge loss with no boundaries added, which exceeded 2% for precision and loU
metrics for both test sets. It should be noted that the presented results reflect the magnitude of
improvement on the average metrics éaich model compared to its initial performance when
trained using the original dataset and not its performance compared to other models on the

rotated and affine test sets, which are presented in Figuiéariy.B.
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Figure 4.19: Improvements on different performance metrics retrieved on the affine (a) and rotated (b) test set when
using models trained on the affine rotated trainingset s p e c t i v e |thediffegprzce Mtre Moe where Mtio

is any of the five metrics trained either on the affine or the rotated datemeMor is the corresponding metric

retrieved on the original dataset.

Since the affine and rotated test sets consist of both transformed (about 1/3 of the image pairs)
and not transformed (about 2/3 of the image pairs) image pairs, we can divide the dataset into
two distinct sets and separately evaluate the effects of training on noisy datasets for the image
pairs that were subjected taransformation (Figures 402b) and 4.2 (b)) and on the original
image pairs (Figures 404a) and 4.2(a)) of the dataset. Figures @.¢a) and 4.2 (a) showthat
for the part of the test set that has not been subjected to an affine transforfigtioe4(20(a))
or a rotation Figure4.21 (a)), the values of the average metrics are, in general, declining up to
about 2% for the loU metric and 1.3% for the rest, with some models (UNBEEMNB &
UNetPRLOV-NB on both datasets and UNetBEE-AB tested on the affine dataset) still
showing improved performance even when only considering the original image pairs. One
possible explanation for the observed decline may be that, as the networks are trained on image
pairs with misregistrations, they become more tolerant towards differences between

corresponding pixels from the two images. Thus, they may lose a small poftitreir
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localization accuracy when the-cegistration between the image pairs is more accurate. On the
other hand, the change in the performance across all metrics shows a significant improvement
the transformed part of the dataset for all models. The incredke precision metric reaches
8% (UNetPPBCE-AB) for the rotated set and about 5.5% (UIB€E-NB) for the affine set.

Performance change when trained on Affine Train Set Performance improvement when trained on Affine Train Set
Only Not transformed images Only transformed images
3 mmm  precision B precision
e recall e recall
s F1 . Fl
2- mmm  accuracy
N accuracy loU
loU
\°
1- &
B =3
= <
<
} | N !
,1 - ] l
m CD El:l Eﬂ CCI m CQ ED
= < z < = < z <
-2- \ i i i ' ' i & = 8 w B > 5
2 S 2 g 2 g E g 8 = =2 3 8 & $ 3
i 8 2 &3 5 & § & : £ £ § 3 3 % §
3 @ 9 ] % =] 9 = 2 % 2 2z = =3 =) =3
i & £ & 3§ § 3 8 s 5 5 5
T 8§ 8 3 5 5 35 3
= = z = = =2 =
=} jun] ] =
(a) (b)

Figure 4.20: Effect of using the affine training dataset on the average performance metrics considering only the
images that were not (a) or that were (b) transformed in the test set.
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Figure 4.21: Effect of usinghe rotated training datasetn the average performance metrics considering only the
images that were not (a) or that were (b) transformed in the test set.

In Figure4.22, we present multiple examples for four of the trained models in an attempt to give
a general overview of the retrieved results. A qualitative assessment of the results suggests that
all four models perform reasonably well on the Change Detection task, with the produced change
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maps being very similar to the Ground Truth. All models are able to detect multiple small
objects, such as cars (examples on rows 1, 3, 9), as well as thin and elongated elements like roads
(examples on rows 2, 3, 1). They can also predict the boundaries of bigger objects such as
buildings (examples on rows 5, 8, 10) with relatively high accuracy. In more demanding cases,
such as a more complex system of very thin rural roads (example on row 7) or with both thin and
small elements covered in snow, as in one of the instances (example on row 8), all networks
misclassified parts of the elements that are more difficult to identify. However, the UNet++
models with the added edge feature maps (UN&ECE-AB and UNetPFBCE-AB-af) seem to

perform better and exhibit relatively fewer misclassifications.

4.4, Summary

We have proposed two ways to improve the already high performance ob@d#d encoder

decoder architectures on satellite im#égsed Change Detection applications: the introduction of
boundary i nformati on into the Net wor k, i n a
segmentation accuracy, and the introduction of misregistration noise into the training image
pairs, in order to make the networks more robust to the presence of misregistration errors
between instances of an image pair. We have experimented using the proposed approaches on
two different Network architectures (UNet and UNet++) and using two different loss functions.

The experimental results suggest that, for all the tested models, our proposed approach improves
the networkoés average prediction performance.

More specifically, the presented results suggest that the use of semantically informed edges into
the models results in average improvements of about 2% on the IoU metric, 1.7% on the recall
rate and F1 score and about 1% on the precision metrics, compared to the use of plain backbone
architectures with no added boundaries (both for UNet and UNet++ architectures and BCE Dice
and Lovasz Hinge loss functions). Therefore, the introduction of boundary information into the
backbone architecture results in improved performance of the models, which agheesr

original hypothesis that this would implicitly help the network learn better representations

through additional semantic information provided to the network by the boundary predictions.
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Figure 4.22: Examples of different networks' change detection performance.
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With respect to the training process proposed to make the models more rahissetpstration

errors between image pairs, our results indicate that training using the affine dataset results in
average improvements of about 2% on the loU metric, 1.7% on the recall rate and F1 score and
around 1% on the precision metric. However, when solely considering image pairs with very low
misregistration errors, some models (primarily those using UNet as a backbone network) trained
using our approach perform worse than the models trained on the original dataset, with the
average reduction in performance being around 1%. This reduction is counteracted by the
significant improvements achieved when considering image pairs with higher misregistration
errors, where the average improvement is about 4%. Thus, there is-aftframdbe made when
training using the proposed augmentations compared to the conventional training process:
improved performance in the presence of misregistration noise compared to slightly impaired
performance when there are no significantr@gistration errors between the instances of the

image pair.

In the next chapter, we will introduce a sesupervised training framework that addresses the
lack of large, annotated change detection datasetsssaryo train CNNbased change detection

pipelines with high generalization capabilities reliably.
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5

SemtSupervised Learninfpr CNN-

Based Change Detection

5.1. Introduction

In many remote sensing applications, like lacolver and landise classification or change
detection applicationffom satellite imagery, there isnabundancef unlabelled training data
available from sources such as Google Earth or Sentinel 2 imagery. The most challenging step
for successfly training a CNNbased CD application is to create reliable annotations for a
sufficiently large training dataset so that the algorithm may learn to generalize well to new
imagesln this chapter, we investigate a sesupervised approach for CD from satellite imagery.
The proposed approach utilizes all the additional unlabelled information by encouraging the
predictions of images subjected to various transformations to remain congsgauting that it

will lead to CD models that generalize well even when trained with a limited number of labelled
examplesThe objective is to reduce the need for labelled training samples by utilizing readily
available unlabelled multemporal satellite imagery. The method is inspired byestembling

and the Mean Teacher training framew(F&rvainen & Valpola, 2017; X. Li et al., 2021)

The Mean Teacher training method builds on the idea of temporal enseifilzing & Aila,

2017) which suggests that averaging over the predictions of multiple instances of a CNN across

the training process leads to more stable and more accurate results compared to solely using the
output of the last modellarvainenand Valpola (2017)proposed averaging over consecutive
model s6 weights instead of their predictions
comparing its predictions to the ones of the current model (student), thus introducing an

additional loss function component. When combined with perturbations to the input images or
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the model sé6 features/ weights, this extra | oss

about the data, even without training labels.
The proposed method is based on two simple ideas:

T The first i's the consistency assumpti on,
be consistenteven if the input images have been subjected to a certain number of
transformations. Thisassumption pertains to a propertyalled transformation
equivariance(X. Li et al.,, 2021, 2018; Cohen & Welling, 201&nd & appliedby
incorporating a consistency regularization term (i.e., a ternettaileghe predictions of
the same input to remain consistenaffected even when subjected to various

perturbations) into the loss function.

1 The second is thklean Teachetraining framework, which is a form seltensembling
where multiple training instances of the same model are fused to produce better
predictiond?. Instead of only using our training model tompute the consistency
regularization termwe compare the results of our training model (student) to the results
of a mean model (teacher), whose weights are computed based BExpamential
Moving Average(EMA) of the weights of the student model throughanévioustraining

epochs.

In Section 5.2, we present the proposed methodology for the development of tseisemised
training process. Section 5.3 describes the two sets of experiments we designed to assess the
proposed method and explore its potential benefits, followed by the results and discussion

section (Section 5.4) and a summary of the chapter (Section 5.5).

5.2. Methodology

For the sake of simplicity, we are going to describe the proposedsseervised training
process considering a single image p&igyre5.1). The two RGB images are concatenated for

each sample image pair into a newaldannel imagepg A set of augmentation transformations

12 According toBachman et a(2014) Dropout can also be considered a fornpséudeensembling, as
it generates a family of child subnetworks from the original parent modahidpmly masking a portion
of its nodes.

77



is then applied to the image pair that is used as input to the student'@g@detiucing a change
prediction map.,as output. This prediction map is then compared to the ground truth change
mask, w, in order to compute the supervised component of the loss funéiorfor the

supervised loss component, we are using the Binary Cross Entropy I&SHquation 5.}

Change Mask

Supervised Loss ‘

Predictions
Student fp

EM
Concatenate = =

Teacher

Weighted Mean

Y (
Eé—b Total Loss
A

A
Unsupervised
Loss -
!
6

Figure 5.1 : Overview of the proposed training approach.

The original image pair is then fed to the teacher netwifkio produce a second prediction,

"¥ axy, that is then subjected to the same set of transformatignse that the transformed
prediction,n can be comparable to the one produced by the student model. Using predigtions
andFwe can now compute the consistency regularization term of the loss furgiotiat
measures how consistent the model 6s predictio
augmentations. For this unsupervised component of the loss function, we have used a Mean
Squared Error (MSE) loss functioBduation 5.2

The total loss function is a weighted average of the supervised and unsupervised components
(Equation 5.3 where_ 0 is an exponential weighting function that increases the weight of the
consi stency regularization term as the networ
more accurateHguation 5.3 The termsy ¢ @ndll are hyperparameters of the functidqny, ds

used to set the number of epochs (threshold) after which the-ujnipnction takes its

maximum value, and is a scaling factor indicating the general weighting factor of the

regularization term on the aggregated loss function.
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The studentdéds weights are updated through ba
updated by an EMAHquation 5.5

0 wl i p @lig@h (5.1)
Y o fA (5.2)
DET D _o'Y Y (5.3)

0 e
o IAZDbu p . HQ® o (5.4)

Il A e o
o s O p; (5.5)

The training process was described for a single image pair, while we used a minibatch size of 8
image pairs for the actual training. In the process so far, we have only considered the labelled
examples. We can compute solely the consistency regularization term for the unlabelled part of

the dataset. Still, since in practical applications the number of unlabelled samples greatly exceeds
the number of labelled ones, we expect that the additional unlabelled information will improve

t he net wor kos perfor mance on t he semanti c S
predictions. Thus, the complete formula of the loss function will include one additionaIYQd?m,

of the same form a¥j, referring to the consistency regularization term for the unsupervised

image pairs of each minibatch. The complete training process is summaudgdrithm 5.1.

For our student and teacher models we used the implementation of the UNet architecture we
described irSection 31.1
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Data: X : labeled image pairs, Y : labels,

X, : unlabeledimagepairs
Input: Pairs(xz;q,xi2) € X = y; €Y, (xg’l, xéz) e X,
concatenate x; 1, ;2 into xN(xi,l, $i,2) ;
concatenate xg,l,:rgg into :UN(x;-71,x;-72) :
initialize student model, fy ;
initialize teacher model, fy = fp ;
create random minibatches M

with m labeled and m’ unlabeled samples ;

U R W N

6 for t in number of epochs do
7 for each minibatch M do
8 create random augmentations 7; ;
9 piem < fo(ti(zm)) ;
10 Piem < Tilfg(@m)) ;
11 Ly = 1y Y iem—(yilog(pi) + (L — yi) log(1 —pi)) ;
12 Ry = o Yiem I = P12 ;
13 Ry = o i llpi = pill2 ;
14 Loss = L1 + )\(L‘)(R1 + RQ) ;
15 update fy weights using Adam optimizer ;
16 update fy weights using EMA ;
17 end
18 create new random minibatches ;
19 end

Algorithm5.1 : Proposed sensupervised training approach.

5.3. Experiments

The purpose of the experiments was to assess the proposedupemised change detection

approach and to compare it to a fully supervised training framework in different scenarios
varying the number of availablebelled training samples. We conducted the initial set of
experiments on the CD dataset proposedLbgedev et al. (2018which was also used in

Chapters 4 and 5 and was described in rdetail in Section3.2.1 We will refer to this dataset

from now on as Change Detection Dataset DE.D'he methodology, as well as this first set of
experiments, were published as a conference paper in the ISPRS2021 CdBgresas

Alexakis & Armenakis, 2021aHowever, aseen inSection 5.4.Jandthe published papgethe

initial application of the proposed Mean Teacher ssmpervised method on @Ddid not

i mprove the model sé performance in any notabl

training framework.
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During the development of the padassification change detection approach, which is described

in the following chapters (Chapters 6 and 7), we developed a method for domain adaptation of
building semantic segmentation, which was based on a similar Mean Teacher training Btrategy
although it also introduced several further enhancements which will be discussed in the
respective chapteisand si gni ficantly i mproved the model
Thus, we conducted a second set of experiments in an attempt to enhance the results of the semi
supervised approach and extract more solid conclusions by applying the newly acquired
knowledge on training using the Mean Teacher framework. For this second set of experiments,
we used the LEVIRCD building change detection dataget Chen & Shi, 202Q)which is a

more recent and significantly more extensive change detection dataset that should also lead to

more reliable conclusions.

Therefore, e a cBxperomentstamdiResults &nd Piscessiah sections is organized
into two subsections relating to the initial set of experiments on the @ddaset and to the
second improvedi setof experiments conducted on the LEVED dataset, respectively.

5.3.1 Experiment 1: Training Details (CDD)

This section describes the training details of the first set of experiments conducted orbthe CD

dataset

We have randomly split the @Dtraining set into smaller sety O Oy 0O%Y O

Y , each containing 500, 1000, 2500, 5000, and 7500 labelled image pairs. We have used the
rest of the image pairs for each smaller set as unlabelled training samples. So, for eXample,

will be trained using 500 labelled and 9500 unlabelled sampes, will be trained using 1000
labelled and 9000 unlabelled samples, and so forth. Finally, we have trained the network using
all 10000 labelled training samples in a fully supervised way to use as a benchmark for the

results retrieved using the smaller labelled training sets.

The training was conducted on an NVIDIA Quadro RTX 5000 GPU using PyTBPasrke et

al., 2019) We used the AlbumentatiofBuslaev et al., 2020)rary for applying the image data
augmentations. For the transformatiohs we have used random @l@gree angle rotations,
horizontal and vertical flipping, and random crop and rescale transforms. Besides the geometric

transformations, we introduced additional radiometric augmentations: an RGB shift
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augmentation, where the RGB values of an image are shifted by a randomly chosen value for
each channel in the intervat2Q, +20), as well as a random brightness and contrast

augmentation.

In order to reduce the training time, we first trained a UNet model from scratch on the 2500
sample set without any data augmentation for 150 egdoelsswe noticed that at that point, the
network started to overfit the training set. For the training sets containing 2500 samples or more,
we used the prer ai ned net workés weights as starting
iterations®. We used a learning rate of 0.0003 for the first 2/3 of the training and of 0.0001 for

the last 1/3. The training sets containing less than 2500 labelled exariypleand™yY ) were

trained from scratch following the same principles.

5.3.2 Experiment 2: Training Details (LEVIR -CD)

This section describes the training details of the second set of experiments conducted on the
LEVIR-CD dataset.

Using the LEVIRCD training set, we created four different training datasets corresponding to
four scenarios with varying portions of the
10%, 20%, and 100%. THabelledexamples for each new dataset were selected randomly, and
from the remaining samples, we only used the two RBG instances of each image pair for the

unsupervised component of our sesupervised training framework.

All models were trained for 25,000 iterations. To speed up the training process, we used the
weights of the model trained on the smallest training set (i.e., using 5% labtiiedsamples)

for 10,000 iterations in a supervised manner as the initial weights for all other mokels
models were then trained for another 15,000 iterations on their corresponding dsitapéhe!

Adam optimizer and a learning rate that starts at 0.0003 and decreases exponentially following

the equatiornii T@ot d every 1,000terations ¢ represents thousands of iterations).

13 The number of iterations is not rounded because, in our original implementation, we used the number of epochs and lpet ¢ie num
iterations to iterate over the datasets. Thus 150 epochs on the&50e set with a minibatch size of 8 translat6®75 iterations.
Similarly, 46875 iterations correspond to 75 epochs on the-5&@ple set with the same minibatch size and so on for the rest of the training

sets
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The training was conducted on an NVIDIA Quadro RTX 5000 GPU using PyTBasrke et
al., 2019) We used the same data augmentation process as the one described in the first

experiment.

In addition, we replaced the batch normalization layers of the UNet architecture with group
normalization layers following the discussion and findingsSettion 73.2.2 regarding the
effects ofBatch Normalizationon domain adaptation and the suggestion&¥.obun et al., 2020)

on thebenefitsof Group Normalizatiocompared to Batch Normalizatidor Test Time training

T an approach similar to domain adaptationsing small minibatch size§&inally, we changed

the regularization loss functions from Mean Square Error to Binary Cross Entropy Loss in
accordance with the findings AppendixC.

5.3.2.1 Building Change Detection Dataset LEVIR -CD

The dataset consists of 637-m@mistered bitemporal RGB images and their corresponding
building-related change masks. The imgge$ich have a size of 1024 1024 pixelsand a

spatial resolution of 0.5m, were collected from Google Earth and cover 20 different regions of
various cities in Texas, USA. The capture time ranges from 2002 to 2018 and may vary for each
region. The existence d@fgnificant landuse changesas well as the variations in illumination

and seasonal changes between therporal imagesvere some of the main factors that were
considered for the timeapture and region selectigd. Chen & Shi, 2020)Figure 5.2 shows

four randomly selected image pair samples and the corresponding ground truth building change

masks.

83



Epoch A

Epoch B

-~
- * :...'
-_— - o XY Yy ,
G| = o~ L W g
- . ] - o
=" N ~ b
-~ I ”
S
“ = L] - = 'II >
R > % | ﬁ ~

Figure 5.2: Sample image pairs with their corresponding building change masks for LEMIR

5.4. Results and Discussion

5.4.1 Results on CID dataseti Experiment 1

This Section presents the results on the first set of experiments conducted orDtluat@get.

Figure 5.3 and Table 5.1 present the Intersection over Union (loU) results we retrieved on the
training and validation dataset for different labelled sample sizes. The only case where the semi
supervised training achieves better performance on the validation set is for the 2500 labelled
sample size. In all other cases, the supervised training with augmentations performs better than

the proposed sersupervised approach.
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Train & Val loU for different Sample Sizes
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Figure 5.3: Training and validation loU metrics for seraupervisednd supervised models for varying number of
labelled training samples.

The results are contrary to our initial expectations. We expected that when the number of samples
is small, the sersupervised approach would perform better than the supervised one thanks to
the extra information provided by the unlabelled data and that as the number of training samples
increased, the benefits of the sesupervised training scheme would wear out with tine
methods producing similar results for higher sample sizes. Instead, there is no distinct pattern
connecting the relative performance of the two methods with the number of samples. On the
smallest labelled sample size, both approaches perform similarly (around 61%) and greatly
overfit the training data. When the labelled sample size is set to 1000, theugamiised model

has a validation loU about 4% lower than the fully supervised one. For more extensive training
sizes, the loU of the fully supervised approach exceeds thessg@ivised loU (by about 2% on
Y nRd 2.5% on'y , ) The only case where the sesuipervised approach outperforms the

fully supervised results is on thg ,, (Ry 2.6%).

In our initial experiments, we did not use any dropout lag@rnvastava et al., 2014 order to
examine whether the geometric and radiometric augmentations would be sufficient perturbations
for the semisupervised training to succeed. Sinee Li et al., 2021)used dropout in their
solution that outperformed the fully supervised training, we also ran extra experiments applying
an additional dropout regularization with a probability of 0.3 (or 30%) on the output of the last

convolutional block and before applying the final convolutional layer of the model. Dropout was
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applied on three of the training schem“é@T(F,i‘[)g b ) Aand resulted in an improved loU for
Y nnb@bout 2.5%), but still lower than the respective fully supervised result and in slightly

worse loUs (less than 0.5%) in the casef, and™Y, e

When considering each method individually, the results seem reasonable. For very small sample
sizes, there is a large gap between training and validation loU, suggesting overfitting to the small
training set for both models (the gap is around 20% for both models), which is gradually closing
as the number of samples increases, with the validation loU being even higher than the training
loU for bigger labelled sample sizes (this is the cas€qyfor both supervised and semi
supervised methods an¥ far the supervised one) indicating that more labelled training
samples help the models generalize better, which is the expected behaviour. The fact that the
validation loU is higher than the training loU may relate to a condition included in the training
when saving the best model. The condition was based solely on the loU performance on the

validation set as a safety net against overfitting.

Number of labelled samples  Dropout Training method Initial Weights Trainloss  Train loU Val loss  Val loU
500 6 Sup Random 0.0483 0.8136 0.1617 0.6105
500 6 SemiSup Random 0.0649 0.8021 0.1554 0.6123
500 n SemiSup Random 0.0552 0.8316 0.1664 0.6101
1000 o) Sup Random 0.0759 0.7308 0.1081 0.6529
1000 o) SemiSup Random 0.0952 0.6926 0.1178 0.6146
1000 n SemiSup Random 0.0851 0.7415 0.1185 0.6403
2500 6 Sup Pretrained 0.0751 0.7347 0.0823 0.7087
2500 6 SemiSup Pretrained 0.0780 0.7561 0.0727 0.7351
5000 6 Sup Pretrained 0.0649 0.7695 0.0621 0.7686
5000 o) SemiSup Pretrained 0.0836 0.7421 0.0686 0.7487
5000 n SemiSup Pretrained 0.0796 0.7426 0.0709 0.7446
7500 o) Sup Pretrained 0.0673 0.7592 0.0613 0.7663
7500 o) SemiSup Pretrained 0.0892 0.7290 0.0710 0.7402

10000 o} Sup Pretrained 0.0694 0.7539 0.0607 0.7703

Table5.1 Training and validation loUnetricsfor semisupervised and supervised models for varying number of
labelled training samples
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Loss Function Terms for 2500 labelled samples
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Figure 5.4: Loss function terms of the semipervised method fo¥ . Loss is the aggregate loss, sup loss is the
supervisedcomponent of the loss functiah J, semisup loss is the consistency regularization term for the labelled
samplesY ), and unsup loss is the consistency regularization term for the unlabelled saiiplesthe dataset.

The training and validation loss curves (average loss function values per epoch) presented in
Figure 5.4 and Figure 5.5 can help us examine the learning behaviour of the-sap@rvised
approach. We can see that the consistency regularization terms have a significantly lower range
of values. All terms decrease over time and seem to converge by the end of training. Also, the
change of the learning rate from 0.0003 to 0.0001 at epochs 10 (forand 75 (fory ;) is

visible for both learning curves.

Loss Function Terms for 5000 labelled samples

0.25
0.2
0.15
0.1

0.05

0 20 40 60 80
Number of epochs

semi-sup loss

loss val_loss

sup loss e— UNSUP lOSS

Figure 5.5: Loss function terms of the semipervised method f6¥ . Loss is the aggregate loss, sup loss is the

supervised component of the loss functior), (semisupervised loss is the consistency regularization term for the

labelled samplesY ), and unsp loss is the consistenoggularization term for the unlabelled samplés) of the
dataset.
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In Figure 5.6, we present predictions from different models for eight image pairs selected
randomly from the validation set. Overall, a qualitative analysis of the predictions suggests that
the models trained on 2500 images (both supervised and unsupervised) seem to perform
similarly to the fully supervised model trained on 10000 images, while the models trained on the
500 images do not seem to produce accurate predictions, especially when it comes to small or

thin elongated objects and regions with complex shapes/boundaries.
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Figure 5.6: Prediction examples for different sample sizes for both supervised andigasenvised training.
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5.4.2 Results on LEVIR-CD dataseti Experiment 2

This Section presents the results, analysis and discussion of the second set of experiments
conducted on the LEVHED datasetFigures5.7 to 510 illustrate the validation curves of (a)

the loss function and (b) the loU metric for increasing percentagebeifedsamples used for
training the models either in a supervised or ssupiervised manner. The figures include the
performance of both the Mean Teacher (MT) and the student models in the case-of semi
supervised trainingln this case, te semisupervised approach consistently outperforms the
traditional supervised method, especially in the cases where we used 5%, 10%, and 20% of the
labelleddata, with the sermsupervised MT models exhibiting the best and most stable overall

performance in every experiment.
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Figure 5.7:Validation curves of the loss function (a) and the roetric (b) for the supervised and sesnpervised
training frameworks when using only 5% of the training labels while training.
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Figure 5.8:Validation curves of the loss function (a) and the loU metric (b) for the supervised andugEmiised
training frameworks when using only 10% of the training labels while training.
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Figure 5.9:Validation curves of the loss function (a) and the loU metric (b) for the supervised angdugEmiised
training frameworks when using only 20% of the training labels while training.
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Figure 5.10:Validation curves of the loss function (a) and the loU metric (b) for the supervised andugEmiised

training frameworks when using 100% of the training labels while training.
Figure5.11 compares the validation loU curves retrieved using the supervised training method
and 5, 10, 20, and 100% of the availalalbelledtraining data, respectively. As expected, the
results indicate that as the numberlaifelledt r ai ni ng sampl es i ncrease
performance on the loU metric. Similarkigure5.12 presents the validation IoU curves of the
Mean Teacher model for the sesuipervised training scheme when utilizing 5, 10, 20, and 100%
of the available trainin¢gabelleddata. It also compares the curves to the supervised solution that
was trained on the entire training dataset. Once again, increasing the percentdug|exf
samples used for training iIimproves the model
should be noted that the MT model trained according to the-sgmervised framework using
only 20% of the training samples matches the performance of the model trained according to the
ordinary supervised training framework using the entire labelled tcpiset, thus practically

reducing the need for labelled training data by 80%.
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Figure 5.11: Validation loU curves retrieved when implementing supervised training and 5, 10, 20 and 100% of the
availablelabelledtraining data.
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Figure 5.12: Validation loU curves retrieved when applying sesapervised training and 5, 10, 20, and 100% of the
available labelled training data. The supervised validation curve when using 100% of the available labelled samples

for training is also included for comparison purposes.
Table 5.2 summarizes the evaluation metricaccuracy, precision, recall, F1 scoaad loUT
achieved by each training method when using
samples. The table presents multiple models corresponding to the same training scenario
(dataset) and training method, which are selected based on a different end criterion. A simple

way to choose the final student model is to pick the model produced after the last training
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iteration (named A# of lterationso in the 't
with the highest loU value in the validation dataset. Although this model will most likely
perform better in cases of extensive validation sets, if verylddelledtraining samples are
availablei which is the scenario we are interested irt will not be possible to have a big
enough validation dataset to ensure that the model selected based on the validation loU does not

simply overfit the dat.

In all four training datasets, the Mean Teacher model trained according to thsupemiised
approach outperformed the corresponding supervised models in all metrics. In addition, to better
visualise the benefits of the semipervised Mean Teacher model compared to the model
produced through the original supervised training framework, we plotted the evaluation@netrics
differences inFigure5.13. According to the graph, the greatest boost was reported for the recall
rate in all four scenarios. For the 5,10, and 20% cases, the improvements in the loU are higher
than 4%, in the F1 score higher than 3%, and in the Recall rate as high as 6%. At the same time,
there are also benefits, albeit smaller ones (between 1 and 2% on recall, F1 score, and IoU), even
when using all the labelled samples of the training set.

Evaluation Metrics' Improvements when using the MT model
AM; = MMT — M7P

6 1 Training %
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Figure 5.13: Difference between the evaluation metrics retrieved using thestgrarvised Mean Teacher model
and the original supervised solution, whérecorresponds to any of the metrics.

14 Section 73.1.1further discuss the best model selection issue.
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Table5.22. Evaluation metrics on the validation dataset us
samples for the supervised and seupervised training methods.

Training Training  Best Model

Percentage Method Criterion Accuracy Precision Recall F1 loU

5.00%  Supervised # lterations 0.9770 0.7759 0.7257 0.7379 0.5978
5.00%  Supervised BestIloU 0.9781 0.7935 0.7249 0.7507 0.6101
5.00% Semisup # lterations 0.9787  0.8284 0.6975 0.7430 0.6048
5.00% Semisup  BestloU 0.9804 0.8077 0.7811 0.7863 0.6554
5.00% Semisup MT 0.9808 0.8155 0.7775 0.7868 0.6570

10.00%  Supervised # lterations 0.9760 0.8496 0.6067 0.6870 0.5447
10.00%  Supervised Best loU 0.9817 0.8489 0.7457 0.7858 0.6581
10.00%  Semisup # lterations 0.9817 0.8080 0.8178 0.8062 0.6821
10.00%  Semisup  BestloU 0.9836  0.8422 0.8102 0.8198 0.7019
10.00%  Semisup MT 0.9839  0.8528 0.8058 0.8225 0.7056

20.00%  Supervised # lterations 0.9818 0.8784 0.7060 0.7722 0.6456
20.00%  Supervised BestloU 0.9843 0.8522 0.7943 0.8166 0.7001
20.00% Semisup # Iterations  0.9838 0.8405 0.8143 0.8238 0.7057
20.00%  Semisup  BestloU 0.9854 0.8567 0.8305 0.8407 0.7300
20.00% Semisup MT 0.9862 0.8737 0.8304 0.8480 0.7412

100.00% Supervised # Iterations 0.9806 0.7638 0.8337 0.7930 0.6667
100.00% Supervised Best loU 0.9868 0.8691 0.8461 0.8547 0.7505
100.00% Semisup # lterations 0.9853 0.8363 0.8580 0.8447 0.7346
100.00% Semisup  BestloU 0.9867 0.8748 0.8418 0.8560 0.7516
100.00%  Semisup MT 0.9874 0.8696 0.8641 0.8650 0.7652

2.5. Summary

In this work we developed a Mean Teacher ssupervised training setup and applied it to a
Change Detection semantic segmentation setting to explore the potential benefits of the method
when only a few labelled training examples are available and compare to a fully supervised
training process. We expected that the consistency regularization constraint would allow the

mo d e | to | earn wuseful i nformation from unl ab

when limited labelled samples are available, which is a common issue in CD applications.
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We conducted two sets of experiments designed to assess the potential benefits of the proposed
training algorithm. The preliminary results of the fiesiperimenton the CID datase(Lebedev

et al., 2018) suggested that the proposed approach did not outperform the typical fully
supervised training process. Contrary to our initial expectations, there is no clear relation
between the size of the labelled training set and any performance benefits of applying the semi
supervised training scheme instead of a fully supervised solltias the results of the first
experiment suggest thdte fully supervised approach slightly outperforms the serpervised

method for almost all labelled training set sizes, with the exceptio of;

On the contrary, the results of the second set of experiments, conducted on the much larger and
thus more reliable LEVIFCD building change detection datagidt Chen & Shi, 202Q)clearly

indicated improved semantic segmentation performance when training the models according to

the proposed sersiupervised Mean Teacher framework. The models achieved higher evaluation
metrics on every training scenaiiovhere only a small portion (5, 10, and 20%) of the training
sampl es6é | abels was pr ovii dcdeddor evary metrig, withhtte mo d e
strongest benefits reported on the recall rate (6%). Notably, by comparing the evaluation curves

of the MT semisupervised models and the fully supervised models we found that a MT model
trained using only 20% of the labelled samples can approximately match the performance of a

fully supervised model trained on the entire training dataset.
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6

Decoupling Body and Edge
Information for Enhanced Building
Semantic Segmentation

6.1. Introduction

In the presentand the following chaptsr we present a posflassification change detection
approach that aims to eliminate the need for labelled change detection training samples. Our
method classifies each epoch of the image pair separately and can take advantage of existing
extensive semantic segmentation remote sensing datasets thanksadposedunsupervised
domain adaptation approach. As a proof of concem, focused our implementation on
determining the land cover spatial changes of building rooftops, but the approach could be
generalized to any other class. The proposed-@assification change detection pipeline

consists of three main components:

1 A ResUNetbased encodatecoder CNN for building semantic segmentation, which
|l everages t he yhnioimation to grihd@nce lhe wuilding rsegmentation

performancgand is presented in tloeirrentchapter)

1 A domain adaptation training framework based on the Mean Te@dhigr(Tarvainen &
Valpola, 2017}raining paradigmwhich aims to bridge thperformancegap between the

sourceand the targeomains (Chapter 7) and
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1 A filtering process to remove prediction errors due to small misclassification and

misregistration errors in the predictiboilding masks(Chapter 7).

The remainder of the chapter is dedicated to the first component of the process, which is the
development and evaluation of an encedieroder architecture for the semantic segmentation of
building rooftops from highresolution imageryThe complete postlassification pipeline and

focus on the domain adaptation approach and the pruning of the produced changellrbaps
presented in detail i€hapter 7

For the building semantic segmentation component of the pipeline, we introduce a r@w end
end approach that aimsitoever age the semantic information j

to improve the quality and detaildifemo d el 6s semanti c segmentation

As mentioned inSection 22, various recent research works focus on leveraging the semantic
information of object boundaries in order to
semantic segmentation predictiqi@rard et al., 2021; X. Li et al., 2020; Marmanis et al., 2018;

K. Zhao et al., 2018X. Li et al. (2020) propose decoupling the body from the boundary of each
segmented object within the model in order to learn separate representations for the body and
edge parts, thus improving the final segmentation performém&hapter 4under direct change

detection determinationve introduced an edeggnhanced architecture that combines-shdped
fully convolutional architecture and an edge

prediction accuracy on the direct change detection approach.

I n this chapter, we follow a different approa
inspiration from the work oX. Li et al. (2020). We develop an encodiecoder architecturat

learns explicit representations of the main body and the boundaries of buildings by incorporating

a decoupling module into a UNbased CNN architectur®Ve explorethe potential benefits of
explicitly using the objectséd boundary inform
better feature representats and improve the accuracy of the predicted outpidsen

enhancing the direct change detection approach with semantically informed edges (method
proposed in Chapter 4), we trained a separate edge detection network using the boundary
information from the Vaihingen land cover semantic segmentation dataset. Thus, the edges

reflect the semantic information of the six categories/classes defined in the dataset. In this case,
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the boundary information is retrieved from the same dataset used to train the model on the
building semantic segmentation task (itbe Inria aerial image labelling datageHence, the

used edges correspond to semantic boundary information in both cases.

We al so compare the propos e dbasedaahitectute@anddona e qu i
UNetbased network, which, besides the building segmented area, also learns to predict the
building edges as a separate object class. Furthermoranwestigate whether thenore
straightforwardapproachi comparedto the decoupled body and edge segmentaitioof

introducing a separate edge class helps the model learn better representations and improve the

predicted footprints compared to the plain WHdased architecture.

In Section 6.2we present th@roposednetwork architecture, discuss the training detailsd
briefly introduce the Inria Aerial Image Labelling Data@daggiori et al., 2017}hat was used
for the training and evaluation of all our moddls Section 6.3we present the results analysis
and discussignand finally in Section 6.4 we outline our conclusiongegarding the use and

utility of the proposed decoupled body and edge architecture

6.2. Methodology

The proposed architecture was designed to combine the benefits of ebafddencoder

decoder architecture and the body and edge decoupling module introduedi ey al. (2020).

Initially, we describe our backbone UNeased architecture, which will also be used as our
baseline in our experiment¥hen we introduce the body and edge decoupling modand

explain how and why it is integrated into the ResUNet backbone model to create the proposed
architecture In the end we present the loss functions and the dataset we tosé@din and

evaluatehe modelsas well as some detajertaining to the supervised training process

6.2.1 Baseline Modeli Backbone architecture

Once again, we use a UNet model variation as our baseline architegtimalding semantic
segmentation Higure 6.1). Our model has certain improvements compared to the traditional
UNet architecture we used in previous chapters. First, we have replaced the original encoder with
the much deeper and more expressive ResNet50 r(iodele et al., 2016)Residual Networks
(ResNets) introduce shortcut connections between layers to address the degradation of training
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accuracy that is observed in very deep networks. Second, we have introduced batch
normalization layergloffe & Szegedy, 2015n all up-sampling blocks as they have been shown

to facilitate deep model sd6 training and helop
We have also experimented with introducing the building edges as anextra, optional

network output besides the building footprints to investigate whether adding an extra supervised
task would lead to more descriptive features and slight improvements in the accuracy of the

building footprint predictions.

Skip Connections

ResNet50 "

Figure 6.1. Baseline modeb predict the building footprint&)) and optionally the building boundari€s ) as an
auxiliary task.

6.2.2 Body and Edge Segmentation

The development of separate feature representations for the body and boundaries of objects is
achieved via the decoupled edge and body attention module. The module is inspiredvbyk

of (X. Li et al., 2020)and comprises the body and edge decoupling submogigjer¢ 6.2 i

bottom right) and the Decoupled Attention and Feature Fusiomsdlole Figure6.2 1 top
right). An overview of the proposed architecture is displayed in the bottom left corkréeywe

6.2.

The body and edge decoupling module is design
their body (low frequency) and edge (high fre
intermediate (level 2) features which are transformed into a lower frequency / simplified version

of themselves by first passing them through adeswaamp | i ng bl ock t hat red
dimension by a factor of four and consecutivelupesampling the features back to their original
resolution by linear interpolatiorEven though it is not guaranteed that the lower resolution
representations will not also contain hifgaquency informationX. Li et al. (2020)suggest that

the downsampled feature maps summarize most of the salient parts of objects and can be used
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as an approximation of smoothed representations of the initial feature maps, where the high
frequency parts are ignored. Next, a convolutional layer, which takes both the original input
features and the simplified onas input is used to create a flow field that points toward each
objectds centre. The estimated field is wused
feature maps using the warping process describddduerberg et al., 2015)he edge features

can then be estimated by subtracting the body from the original input features.

level 0 | higher resolution input lower resolution input level 2
Initial convolutional block T
Body & Edge Decoupling
ResNet bottleneck layer
Decoupled Attention Feature Fusion \
R ! Upsample Upsample
Upsampling block H Convolution
Concatenate
Y A
Input Image Body Convolution g Concatenate
——— -
Edges \
____________________ Convolutional Block Convolutional Block Convolutional Block
ResNet50 Footprint
>(7) Decoupled Attention [
level 0 ' = [FEEIE AU ER | Upsample | | Upsample | Upsample
edge output ¢ body output ¢ final output

level 1

Rt Mttt AU
: Body and Edge T e
g Decoupling AR LD (0 2 |

Create Flow

Upsample

level 4

Body & Edge Decoupling Module

Figure 6.2: The proposed Decoupled Edge and Bod)_/ (DEB) ResUNet architecture for building semantic
segmentation.
The Decoupled Attention and Feature Fusionsgule Figure6.2 top right) consists of three
main upsampling flows(streams) one for the edge representations, one for the low
frequency/body representations and one that combines the two and produces the final/fused
building predictionsThe body, edgeand fused output streamanall betrained in a supervised
manner . Given the original 6compl eted buildin

edge and body masks ttean then be used to train the network Seetion 6.2.%
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6.2.3 Loss Functions

Each of the three outputs has its own loss function component: the first comgonetdtes to

the final/fused result compared to the building footprint mask, a seconddemeasures the
agreement between the predicted and the ground truth edges and finallyetime relates to the

body part of the predicted objects. We have used a combination of the Binary Cross Entropy
(BCE) loss and the dice coefficiefiq. 6.) to model thed andd components and the binary
cross entropy los€(. 6.9 to model the body componeat, of the loss function. The total loss

is an aggregate of the three losseih the building loss given a smaller weight than the other

two componentsHg. 6.3.

a —f t @il o T ) i (6.1)
i : - @& p < -t

& § gt Hilig p ot ig @ (6.2)

fla o ta 0 tfa (6.3)

wherewi s the flattened model 6s predictions for
edge of final prediction depending on the context)is the flattened ground truth values for

image i,& is the number of images per batch andand_ are weighting parameters that were

set to 0.5 and 1 respectively for all training experiments for both the fused and the edge
components of the loss functiohhe0 and0 weighting terms were experimentally set to 1

and 0.5, respectively.

6.2.4 Dataset

For our experiments we used the Inria Aerial Image Labelling datistsetgiori et al., 2017)

which consists of aerial orthorectified RGB imagery of 0.3m ground resolution and the
corresponding binary masks classifying each pixel as either building or not building. The dataset
covers an area of 810 Krof dissimilar urban settlements from different regions around the globe
captured with varying illumination conditions and at different seasons, aiming to assess the

generalization capacity of the applied models.
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As mentioned irSection6.22we extracted the boundaries of
binary building masks to create the edge ground truth masks. We then subtracted the edges from
the edge areas from the original building footprints to create the body grounochésitk Figure

6.3). For our experiments we have randomly split the 180 images of the training dataset into a

training and a validation set consisting of 145 and 35 images respectively.

_ _ v \/ 9
. . - . ~
C 2NNV
\N¢ )
. N . ‘/; %

r  N9r N4 O ©

GT - Body GT - Edges

Image Sample

Figure 6.3. Image and ground truth masks sample.

6.2.5 Model training

For our encoder network we have used the ResNet50 architecture pretrained on ImageNet. Using
an encoder with pretrained weights on a very big dataset like ImageNet is a simple and common
transfer learning technique that significantly reduces training time by taking advantage of the
expressive features learned on the big dataset, especially the features of the first few layers which
correspond to simple visual building blocks like edges, corners and simphikieldtructures

that are generally taskdependent.

For the training of all models, we used the Adam optimizer with the default parameters for the
coefficients of the running average (0.9 and 0.999) and without weight decay. We used a batch
size of eight and a learning rate of 0.0003 for the first 54000 iterations which was then reduced
to 0.0001 for the final 18000 iterations. The training was performed using the PyTorch
framework (Paszke et al., 2019) on an NVIDIA Quadro RTX 5000 GPU.

6.2.6 Data Augmentation

Both for training and validation we used 512 x 512 pixels image samples. Since the original

image size is 5000 x 5000 pixels for each training image we randomly crop 512 x 512 sample
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windows that we use as input to our models. We also randomly apply horizontal and vertical flips

and 90 rotations to the sampled images as well as random shifts in the int@@a(] to the

RGB values of the image samples to help the model generalize better and reduce overfitting to
the training data. For the validation set, we simply divide each image into 100 smaller images

(with a very small overlap between image samples) in order to be able to monitor the training

progress of a model in a consistent way.

“WV', J'”E":‘: > ¢ 2.
3 °, :N *Te 0 ' B A
& [ .- ‘e 'O ‘---. @

E ! e ] o Yo ¢ Pe= "N
N L - ’ - a a®, Aa

N1 (S s O o (2 U

g {z%> / " 5\‘\/ @ <’t<> 0(/(\\45 O{pD d o
1) A5 < P~ S Mo J VAS

5 S STafee Soo 0 @
= T % D‘, { 2
v 5o I B, - Al =
k -‘I’ e *® qr T A
UWV’/’, ’\.,E IR RY s ' 38

g . - ro® - ‘---p .
g i N - ] o Yo ¢ Fum "5

» - — - A s

0?0 0:2 0t4 0.6 0.8 1.0
Figure 6.4. Randomrmage samples together with the ground truth building footprints (row 2) and building
boundaries (row 3) as well as the proposed mpdedlictions.
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6.3. Results

In this section we present the results for the proposed model that incorporates the decoupled
body and edge module, referred as Res&MNtcoupled, and compare them to thsults of the

two baseline approaches, referred as Plain ResUNet and Plain ResUNet with edges respectively.

Figure 6.4 presents8 random examples of ResUNet Decoupled predictions together with the
ground truth building footprints (row 2) and boundaries (rowTB)e fused building footprint
predictions are presented in row 4 and the edge and body predictions in rows 5 and 6
respectively. The values of the color scale correspond to the confidence of the model that a pixel
belongs to the building class with 1 meaning that the pixel is most certainly a part of a building
(footprint or edge) and 0 meaning that the pixel is phthe backgroundA visual inspection of

the examples suggests that the model predicts most of the building footprints and the building

boundaries successfully. In certain more challenging cases where the buildings might:

- not be fully visible,
- be located near the image boundaries (columns 2 and 4),
- have intricate structures (column 4)

- have strong shadows (column 2)

then the predictions of the fused building footprint can be blurry, and the boundaries not so well

defined for certain parts of the building.

For thequantitatvee v al uati on of the model sdé6 performanc
values of precision, recall, F1 score and Intersection over Union (loU) for the validation set
(Equations3.6 to 3.8 and Equatiot.3). TP (True Positive) refers to pisghat were correctly

identified as buildings, TN (True Negative) refers to @xilat were correctly classified as
background, FP (False Positive) are the gideht were erroneously classified as buildings and

FN (False Negative) are pixels that should have been classified as buildings but were instead

classified as background.

Table6.1 summarizes the mean evaluation metges image for the validation skdr all three

models.We can see that for most metrics (precision, F1 score and IoU) the proposed approach

15 Network architecture described Section 6.2Not to be confused with ResUNet Bjgang et al. (2018)

103



(ResUNeti Decoupled) outperforms the baseline models by a small margin (from 1.1 to 2.7%).
However, the plain ResUNet has a slightly higher recall rate (less than 0.3%) compared to the
proposed approach. A visual comparison of tr
performance compared to the two baseline moddlsissrated inFigure6.5.

Table6.1. Mean evaluatiometrics per image for the validation dataset.

Model Precision Recall F1 loU
Plain ResUNet 0.8457 0.8862 0.8453 0.7632
Plain ResUNet & edges 0.8344 0.8828 0.8314 0.7493
ResUNet Decoupled 0.8617 0.8837 0.8565 0.7754

Contrary to our expectations the introduction of edges as an extra supervised tasRlanthe
ResUNet & edges modelid not lead to improvements compared to the Plain ResUNet model
but instead led to a small deterioration of the values for all four metrics. One possible
explanation of this deterioration might be that the additional edge supervision makes the model
less robust to misclassification errors that are present in the dataset and leads to this small

degradation of the average metricso values.

% Changes of Mean Metrics for Decoupled ResUNet

7273

251 261

25

2 Compared to

15 ®m ResUNet edges

® ResUNet Plain

1.22
1

0.5

0.09 525
0

-0.5
precision recall F1 loU

Figure 6.5. Comparison of average evaluation metrics between the proposed architecture and the baseline models.

Figure 6.6 presents the final predictions of the ResUNet Decoupled model and the Plain
ResUNet with edges model and a comparison between the predicted and the ground truth masks.
The second row presents the ground truth mask for each image. The third and fosrth row
present the predicted (fused) building footprints for the proposed medsU{NetDecoupled)

and thePlain ResUNet with edges model respectivdlige last tworows present a per pixel
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comparison between the predicted and the ground truth bimasis. The color scale for row 3

and 4 is the same as the oné&igure6.4.
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Figure 6.6. Comparison between the predicted results and the ground truth data on random image samples.

Based on a visual comparison of the results of the two moé&esir¢ 6.6) there are no
distinguishable benefits when using the ResUNet Decoupled architecture. It seems that the small
guantitative improvements on the average evaluation metrics are not strongly reflected in the
visual inspection. Both models seem to perform relatively well on predicting regularly shaped
buildings, and both have small discrepancies from the ground truth when predicting the
footprints of certain complicated building structures such as the examples of the last two
columns. Regarding the example on the second cglwa can see that the two building masks

that have been classified as FN in the comparison rows for both models do not actually

correspond to a building in the image but are a result of misclassification errors in the ground
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truth masks. Another building on the top middle of the same image is partly misclassified as a
result of tree canopy occlusiorihe last two observations introduce another important aspect of

the validation process which relates to the validity of the ground truth data predictions.

In Figure 6.7 we present examples that highlight cases with inconsistencies in the ground truth
masks.The organization of the results and the color bar used for the comparisons are the same
Figure6.6. Exampes in columndl, 5 and 8llustrate cases where the ground truth mask includes
building footprints for buildings that are not present in the images. In all 3 cases both models
correctly classified these regions as background. In exar8pleand 6we can see cases of
missing footprints from the ground truth masks. Finally, in examples 2, 7 and 9 we can see cases
of certain small buildings being partly or entirely occluded by the tree canopy. Although most
ground truth building masks are valid there are multiple cases of inconsistencies between ground
truth building footprints and the corresponding images, which cannot be easily quantified. Since
most of the GT misclassification cases have been (at least partly) correctly classified by the
models, an interesting future application might be the creation of assgamatic process for

the refinement of the dataset labels.
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6.4. Summary

In this chapter we focused on the semantic segmentation of building footprints from aerial
images, which is the first component of our proposed-Etassification Change Detection
Approach. We investigated t he benefits of
boundaries in CNN architectures to improve the localization accuracy of the building footprints.
We proposed a new e#td-end UNet/ResNet based approach that incorporates an edge and body
decoupling module and showed that for most evaluation metrics it outperfiyrnas small

marginequi val ent architectures that do not expli

We will begin the next chapter by introducing our domain adaptation approach that aims to help
the models trained on the Inria building semantic segmentation dataset better generalize to the

imagery of each of the epochs of the change detection dataset.
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v

PostClassification Change Detection:
Domain Adaptation & Filtering

7.1. Introduction

The main drawback of the direct change detection deep learning approaches priesented
chapters 3 and & that they require substantial amounts of labelled training data. In many cases,

even when such datasets are available, the models cannot generalize effectively to new data
(target domain) that may have significantly different characteristics from the training dataset
(source domain). This performance degradation that arises when applying a trained model to a
new target dat aset, di fferent from the mo d e
characteristics between the distributions of the source and target dponeapectively In the

domain adaptation research literature, this phenomenon is referred to as domain shift.

This chapter focuses on the remainitwyo components of theostclassification change
detection approacta) a domain adaptation training framework inspiredvtsan Teacher self
ensemblingTarvainen & Valpola, 2017; X. Li et al., 2018, 2021; French et al., 2@i®) b) a

filtering process to remove prediction erro@Bur main goal is to take advantage of readily
available extensivelabelled training datasefs,, (Source Domain)for semantic or instance
segmentation to be used for training deep convolutional models that are then generalized to new
unlabelled dat&, , (Target Domain)that may come from a distribution different from the one of

the labelleddataset used fdraining. In other words, we are trying to minimize the domain shift

between the labelled training dataggburce Domainand the unlabelled target datag&arget
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Domain in order to improve the performance of the trained model on the target doiein.

focus on the task of building semantic segmentation, but the presented approach could be easily
extended/adjusted tany object class andariousothertasks(such as classification, semantic
segmentation, object detection, instance segmentation, panoptic segmeptawgd that a

relevant source domain dataset is available for the supervised component of the training process.

Source Domain

Ds
Building Semantic
15t Component Segmentation
(Chapter 6)
Train model
onDg
Target Domain Target Domain
D1 D

nd Domain Adaptation
2" Component

(Chapter 7)
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[
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Figure 7.1: Overview of the proposed pedassification change detection pipeline

An overview of our approach is illustrated kigure 7.1. Given a change detection dataset
consisting of two target domaihs, yand™ - ; which comprise the images collected at epachs
and 6, respectively, the proposed change detection pipeline starts by training a model on the
pixel-wise classification task for the classes of interest (in our case building footprints) on a

source domain dataset,.” - should provide a plethora of labelled samples for the task at hand,
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albeit not necessarily sharing the same characteristics as the elements of tluotaaget-or
the building semantic segmentatitask we are using the decoupled body and edge ResUNet

model we developed in Chaptetdimprove the accuracy of the predicted building masks.

Next, the domain adaptation training framework is applied to each target dogpgand™ - ;
separately to producthe updatednodelsd and 6, i.e., the domakspecific models for the

images of epochs A and, Bespectively®. Then each trained model is used to compute building
predictions for its corresponding epoch images. The building predictions are turned into building
binary masks via a selected threshold and the produced binary outputs of @muhé are

then used to create an initial change map by applying @néperation. Finally, to improve the
algorithmés performance, a filtering step 1is
false positive changes. The filter is based on the assumption that similar building footprint

predictions along the two instances imply unchanged regions on the ground.

First, webegin with a detailed description of the newly introduced domain adaptation approach
and the pruning process we developed to filter out misclassifications in the produced building
change maskd\ext, we introduce the datasets we used throughout our experiments and present
the training details for the different steps of the proposed pipdhnthe results sectiorwe
examine the benefits of bothe proposed domain adaptation approachthadcomplete post
classificationpipelineand conduct multiple ablation studies.e/¢how that our method achieves
significantly higher value®n all the evaluation metrics comparedfully supervised and typical

Mean Teacher training frameworks.

7.2. Methodology
7.2.1 Domain Adaptation

Figure 7.2 presend an overview of the proposed domain adaptation approach. Following the
selfensemblingMean Teacheroncept we introduce two different models during training: a

student model;Q, which is updated via backpropagation of the loss funclign iz, and a

16 |n our experimentswe need to deal with two different target domains that correspond to the data
collected at different epocfis, yand -  However, it should be noted that the approach couthbity
generalizedo more than tw@pochs/domains
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teacher modelQgean ensemble of previous instances of the student melieh is updated as

an exponential moving average of the weights of the student model. At each training jteration
the model takes as input a batch of labelled samples from the source dgopeaid a batch of
unlabelled samples from the target doniaijn The training consists of a supervised piwide
classification lossfl 5 ; applied on the labelled samples and a consistency regularization loss
term applied to both the labelled and unlabelled batches (namedd Ty, respectively). The

use of the consistency regularization term helps enforce consistent predictions among the teacher
and student networks under various randomly selected perturbdtidhat are different for the
labelled ¢ ) and the unlabelledf() samples. In this way it also helps the model retain useful
information relating to the unlabelled samples ffom. We have experimenéd with random
perturbations both at the image level (image augmentatioasd T) and at the feature level
(spatial dropout). Further discussion and details on the applied perturbateopsovided in
sectiors 7.2.3and7.3.2

For theConsistency Regularization Losses (CRIgand Ty, we used a Binary Cross Entropy
Loss (Equations7.1, 7.2) instead of the Mean Square Error (MSE) loss that is commonly used
with the Mean Teacher modebss it was experimentally shown to perform betfgrpendix Q.

We hypothesize that the better performance might be due to the greater maghithée

regularization lossf BCE compared to MSE.

$8
T - ekl on N eetl om (7.1)
6 n ] P N @ n

T — ekl on neetl om (7.2)
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Figure 7.2: Proposed serrsupervised selénsembling approach using the Mean Teacher framework for building
semantic segmentation domain adaptation

In addition to the consistency regularization tewe also introduce an entropy term inspired by
(Vu et al., 2019)fl_, 5. which can be interpreted as a measure of how confident the student
model is of its predictions on the target domain unlabelled samfulest. al. (2019)also suggest
that the entropy loss has a similar effecth softassignment version of the pseddbel cross
entropy loss commonly used in sathining frameworks. The entropy regularization term is
presented ifEquation 7.3wherer) y is the model prediction fa pixel in position "B  of
batch sampléQGiven a model prediction for a pixel in positionry, 1 [ , the binary cross
entropy loss is going to be low for higind low prediction values and high for the middle
prediction valueswith the maximum value occurring gy T® (Figure7.3). Hencel will

encourage the model to be more confident in its predictions. In addition,.can be used as a
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measure of the quality of the model predictioas,will be discussed in more detail $®ction

tl om N rn

7.3.1.1
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H(px) = — (px - 10g(px) + (1 — px) - log(1 — py))
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Figure 7.3: Entropy loss curve using the natutabarithm.

(7.3)

The final loss functionEquation7.4) is a weighted aggregate of the supervised loss component,

fly 5 » the two regularization losses,andT, , and the unsupervised Entropy Idiss 5 ., where

‘ 0 is a weighting coefficient that may be a function of the number of eghahincreaseas

t he training proceeds

implementation we used a model {orained on the source domaime found that setting 0 to

and

t he

mo d e |

6s

predi

a constant value of 0.Worked well for the domain adaptation experiments. The domain

adaptation pipeline is summarizedaigorithm 7.1.
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Algorithm 1: Domain Adaptation Training Framework

(S, SN VU I

10
11

12
13

14

15

16

17

18

19
20
21

22
23
24
25
26
27
28
29

Output: fy, fy

Input:

{zi,yi} € Ds /* Labelled samples
{zi} € Dr /* Unlabelled samples
fo /* Model pretrained on Ds
iter_n, |1, |ul, A, p(7) /* training parameters

Load student model fy ;
Set teacher model fj = fo ;
DLg < Dataloader(Dg) ;
DLy + Dataloader(D7) ;
for i€ {1,2,...,iteron} do

/* Get labelled and Unlabelled minibatches

x; < next(DLg) ;

Xy + next(DLy) ;

/* Create random augmentations for each sample in each minibatch
Random augmentations 7, = {71,..., 7} ;

Random augmentations 7, = {77, ... ,T‘/u‘} ;

/* Predictions for Dg

P fo(mi(x1)) 5

p) i fo(ar)) 5

/* Predictions for Dy

Du f@(Tu(xu)) ;

Pl Tulfo(za))

/* Supervised Loss

Lowp =~ S (V- (i - log(pi) + (1 - 1) - log(1 — i) + 242L) ;
/* Consistency Regularization Terms

Ri = —th S () - log(pi) + (1~ pf) - log(1 — py) ;
Ru = — b 1 (0} - log(pi) + (1~ pf) - log(1 — 1)) ;
/* Entropy Regularization

Lontr = = L1 (pi - log(pi) + (1= pi) - log(1 = py)) ;
/* Total Loss

Etotal = Esup + /J/(t> . (Rl + Ru + Eentr) 5

/* Weights Update

update fp weights using the Adam optimizer ;
update f; weights using EMA ;

end

def next (Dataloader) :

if Dataloader has batches to return then
| return batch;
else
reinitialize Dataloader ;
return batch ;
end

end

/* Trained Student and Teacher models

/* Create Dataloader for Dg
/* Create Dataloader for Dy

*/
*/
*/
*/
*/

*/

*/

*/

*/

*/

*/

*/

*/

*/

*/

*/

Algorithm7.1: Domain Adaptation Training Framework.
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In the case of the decoupled body and edge ResUNet model, the supervised loss function
comprises the body, edge and fused loss components as described in the previous chapter and is
computed according t&quation 6.3However, the loss function selection has changed compared

to Chapter 6. For the fused result and the body loss components we used the combination of BCE
and Dice lossEquation 6.). For the edge predictions, we chose a class balanced Binary Cross
Entropy loss Equation 7.5, where 0 is the inverse frequency of the pixel classified as
boundaries in the training set, in order to counter the great imbalance in the distribution of the
boundary/no boundary pixéels

TE biotaé®m p 0tp @ (aém @ (7.5)

7.2.2 Filtering Model Predictions for Post-classification Change
Detection

Following the application of th&lean Teachetraining framework for the domain adaptation of

the pretrained model on the two target domdinsyand” - ,;corresponihg to the twoepochs

of the change detection dataset use the adapted modelsand 6 to estimate the building
footprint predictions for each epochVe then compar¢he building predictiongo extract the
changes in the building covera§#hen examining the initial change maps produced by applying
the XOR operator on the building predictiognse noticed in many casesartifactswhich were

mainly caused by either small errors in theregistration of the two instancew partial
misclassifications of individual building footprints (as can be seen in the examgdented in

Figure 7.4 7 top of column 5).0ne straightforward way to address this issue is to try and
consider each building separately and to check whether each building footprint that is present in
the building map obne of the two epochsis also classified aa building intheot her epoc h¢

prediction

Figure 1.4 shows different stages of the puassification and change filtering process for a

sample image pair. The first column shows the two image instances; the second column shows

17 This is common practice in the training of CNN for edge detection as can be seen for example in

(J. He et al.,, 2022; Xie & Tu, 2015)
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the model predictions for instances A (top) and B (bottom); in the third column, the building
instances that have an loU higher than 50% are highlighted in red: these buildings are considered
to be matched and thus the respective pixels cannot be classified as changed; column 4 shows the
ground truth change map (GT CM); In column 5 we present the initial change maps and the final
change maps and finally in column 6 we can see the TP, TN, FP and FN for the initial (top) and

the final (bottom) change maps.

image A - Predictions A - No Change Filter Pr. A GT CM Initial CM GT vs Initial CM

. L B ¥
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Figure 74: Different stages of the peslassification change detection approach that highlight the need for a
filtering step based on the overlap between corresponding buildings.

Thus,in order to further improve the quality of the predicted changespropose a filtering
algorithm that makes this check for each region classified as a building in either of the two
epochg(Algorithm 7.2). The process takes as input the binary building predictions for an image
sampled and0, whered corresponds to the predictions for epécand0 to the ones for epoch
B, and the initial change madp The first step is to create sétsandT, containing all separate
building regions (or building objects) in each predicted mask based on pixel connectivity (two
pixels are connected if they are neigutsoand have the same value). Ndat each region in
theseti,t he al gorithm retri ev éandthdocerrespendingdouiddsig b o u n
box in maskd and computes the Intersection over Union (loU) between the two masks. If the
loU value is above a specified threshold (whifdr our experimentswas set to 0.5)then the
region is considered to be unchanged and is added to the unchanged region$teesame
process is followed for the regions in which results in a second unchanged region® set
Then, by combining the unchanged regiingormation from set® and?, we can derive a

single masKY that contains all pixel locations that should be considered unchanged. Finally,
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mask™Y is applied on the original change m@pn order to filter out the regions that are likely

misclassified as buildings mainly due to misregistration errors between the image painand

classification errors in the semantic segmentation of individual buildings.

Algorithm7.2: Filtering of the change predictions.

7.2.3 Experiments

This sectiorprovides an overview dhe datasets that were used for both the domain adaptation
of building semantic segmentation and the jmtas$sification change detection experiments and
describes the dataset preprocessing and setup for each experiment. It also provides some details

pertaining to the model sé training and valida:
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