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Abstract

Classifying vehicle trajectories at intersections, known as turning movement counts (TMC), is a
critical task for tra ¢ management. Traditional approaches rely on a detect, track, count (DTC)
paradigm that employs rule-based methods on image-plane data from a single camera. In this
thesis, we propose a novel maximum likelihood approach that operates on the ground plane to
perform trajectory classi cation. Our method demonstrates superior performance compared to
image plane technigues and shows promising preliminary results for integrating multi-camera data

on ground plane at the counting stage.
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1 Introduction

TMC is a pivotal component of intelligent transportation systems (ITS). This thesis delves into

this component, leveraging ground-plane reasoning.

1.1 De nition

TMC refer to the recording of the number of vehicles making speci ¢ turning movements at an
intersection, including left turns, right turns, and straight movements. This provides a detailed
view of tra c ow patterns at intersections, capturing the frequency and direction of vehicular

movements. It is a fundamental aspect of tra c analysis used to assess and understand trac

dynamics.

1.2 Imperative of TMC

The need for advanced TMC analysis is multifaceted. In tra ¢ management, precise TMC data
is essential for optimizing signal timings, reducing congestion, and improving road safety. These
data support the development of adaptive signal control systems that respond in real-time to
changing tra c conditions. In urban planning, TMC data is used to design e cient road networks,
plan pedestrian pathways, and strategize future urban expansions. TMC data help predict tra c

demands and assess the impact of new infrastructure on tra c patterns.

1.3 Research Motivation

Recent advancements in the eld of TMC have been driven by developments in core computer
vision tasks, such as object detection and multiple object tracking (MOT). Traditional methods
for detection, tracking, and classi cation primarily operate in the two-dimensional image domain,
relying on image coordinates and often overlooking geo-spatial constraints. This leads to several

limitations:
1. Kinematic information is distorted by perspective projection.
2. Kinematics are a ected by varying camera parameters.
3. Understanding occlusions, which are inherently 3D, becomes complex.
4. Integrating data from sensors in di erent positions is challenging.

Geolocation information for objects can be obtained using intrinsically and extrinsically calibrated
cameras, especially when objects move on known surfaces like at roads or when a terrain model is

available. Transitioning to ground-plane coordinates, instead of image coordinates, o ers signi cant



potential. It makes room for the integration of detection and tracking data from multiple cameras
within the same scene by projecting data onto a uni ed coordinate system, eliminating the limitations

discussed above [87, 28, 26, 2].

1.4 Background

TMC has historically been conducted through manual means or via xed sensors at intersections.
Inductive loop detectors, which are reliable yet costly and susceptible to damage from environmental
conditions such as freeze/thaw cycles, have been commonly employe88]. Roadside radar, which

o ers broader trajectory data, are another option, though they provide limited details [ 88]. In terms

of vehicle classi cation, these sensors do not o er precise categorization. Since the 1990s, trac
surveillance cameras have been adopted for real-time tra c forecasting and safety assessments,
becoming more prevalent due to their cost-e ectiveness and the amazing performace of advanced
deep learning and computer vision techniques4g, 17, 59, 34]. Typically, vision-based TMC methods

utilize a 3 stage detection, tracking, and counting (DTC) framework.

In DTC methods, trajectory classi cation is used to analyze vehicle movements. Classi cation
methods in the literature can be grouped into line-based, zone-based, eld map-based, and pro-
totype matching approaches. In line-based methods34, 60], trajectories are categorized by their
intersections with prede ned virtual lines. However, these methods require detailed annotation for
each intersection and impose hard restrictions on the start or end of trajectories, making them prone
to track fragmentation. Zone-based methods 23, 76] classify trajectories based on vehicle entries
and exits from designated zones, with one variation incorporating a central zone to account for
shorter trajectories [76]. Similar to line-based methods, zone-based approaches demand extensive
annotation and enforce strict location constraints, but are more robust under fragmentation of
tracks. Field map-based methods 37, 84] use manually drawn movement models to build 2D
scoring functions on the camera view. These functions rank inference trajectories based on their
proximity to the hand-drawn movements and their completeness. These approaches are limited by
the arbitrary selection of scoring functions. Prototype matching approaches de ne representative
trajectories either manually [25, 44], semi-automatically through line or zone intersections 3, 1],

or via unsupervised clustering #3, 72]. New trajectories are matched to these prototypes using
metrics such as cosine distance, Hausdor distance7p], longest common subsequence (LCSSH{)],
nearest neighbor techniques], or combinations of these methods 5, 44]. Since these approaches
represent movements with only a few tracks, they fail to cover all possible variations, and their
extraction depends on heuristic distance measures or clustering methods. A cascaded approach

that integrates zone-based and prototype matching methods has also been proposegfl]. While



this method relaxes some of the strict assumptions of zone-based techniques, it still inherits the

shortcomings of prototype matching.

An important distinction in DTC systems is the choice between single-camera and multi-camera
con gurations. Single-camera approaches are inherently limited in eld of view and prone to
occlusion, which can lead to missed vehicles or ambiguous tracking@3J]. In contrast, multi-camera
systems o er broader coverage and multiple viewpoints, mitigating blind spots and occlusions
and thereby improving the reliability and accuracy [68]. Multi-camera methods can further be
categorized by their perspective: some operate on each camera's image plane independently, while
others transform all views into a common ground-plane bird's-eye view (BEV) representation. The
ground-plane approach projects detections onto a uni ed overhead perspective of the intersection,
reducing perspective distortion and simplifying cross-camera vehicle association; this strategy has
been shown to signi cantly improve multi-object detection and tracking performance by alleviating
occlusions and missed detections/[L, 54] while its e ect of TMC systems is yet to be determined. In
contrast, image-plane methods must contend with di ering camera angles and perspective warping,

making data fusion and consistent tracking across views more challenging [73].

1.5 Performance of Previous Systems

Previous systems generally used proprietary datasets from a single camera and reported inconsistent
performance metrics, complicating direct comparison. Several studies relied on datasets from the Al
City Challenge [55], reporting a combined metric of e ciency and e ectiveness that is not directly
comparable to TMC error. Other methods reported counting errors in the range of 4% to 16% but
did not share their datasets publicly. Moreover, these studies did not include metrics indicating
the degree of overcounting or undercounting. Table 1 includes a summary of the performance of

previous works and their corresponding datasets.

1.6 Our Approach

In our research, we adopt the conventional DTC framework (Figure 1), using a cutting-edge
deconvolution-based foundation model detector, Internimage 15|, and ByteTrack [86], a tracker
based on Kalman Iter principles. Our counting methodology is a hybrid technique that rst
identi es prototype tracks using an intersection polygon and then employs an unsupervised proba-
bilistic method to estimate prototype densities, e ectively handling shorter query tracks. Density
estimation is performed on the ground-plane to mitigate perspective projection errors and to
integrate data from multiple cameras. Finally, a weak multi-camera fusion approach is applied to

classify trajectories based on the best available vantage point.



Method Category Dataset Metric Value
[60] Line-based CityFlow [70] Weighted combination  0.93
of system e ciency and
accuracy [55]
[25] Line-based Al City Challenge Weighted combination  0.93
Track 1 [56] of system e ciency and
accuracy [55]
[37] Field-Map Al City Challenge Weighted combination  0.84
Track 1 [56] of system e ciency and
accuracy [55]
[84] Field-Map Al City Challenge Weighted combination  0.92
Track 1 [56] of system e ciency and
accuracy [55]
[25] Prototype Matching Al City Challenge Weighted combination  0.94
Track 1 [56] of system e ciency and
accuracy [55]
[44] Prototype Matching Al City Challenge Weighted combination  0.94
Track 1 [56] of system e ciency and
accuracy [55]
[44] Zone-based Al City Challenge Weighted combination  0.81
Track 1 [56] of system e ciency and
accuracy [55]
[72] Zone-based Al City Challenge Weighted combination  0.92
Track 1 [56] of system e ciency and
accuracy [55]
[64] Prototype matching Proprietary dataset Counting error 16.1%
[76] Zone-Based Proprietary dataset Counting error 3.9%

Table 1: Summary of the performance of previous approaches and their datasets.

Our approach addresses several shortcomings of previous works. It requires only a lightweight
annotation to de ne the intersection polygon, unlike line-based, zone-based, and eld-map-based
methods that necessitate detailed annotations for each intersection. Moreover, the use of a proba-
bilistic density function eliminates the need for heuristic distance metrics and scoring functions in
trajectory comparison and prototype extraction, allowing movement to be represented as a density
estimated over many tracks rather than a few prototypes. Additionally, the multi-camera mode
enables the system to select the optimal vantage point for trajectory classi cation, reducing failures

caused by occlusion.

Our contribution lies in orchestrating a system that brings together multi-camera con guration,
ground-plane perspective, and unsupervised probabilistic models to address the TMC problem.
While each of these approaches has been applied individually within the DTC framework to various

extents, our system is the rst to fully integrate them all simultaneously.



Our TMC pipeline involves several steps: correcting lens distortion, de ning regions of interest,
solving the camera-to-ground mapping, detecting and tracking objects in the image plane, mapping
image trajectories to the ground-plane, extracting movement prototypes, classifying trajectories, and
evaluating performance with relevant metrics. The subsequent sections will detail each component

of this pipeline.

(a) Training pipeline

(b) Inference pipeline

Figure 1: An overview of our TMC pipeline.



2 Datasets

Most existing tra c intersection datasets (e.g., [ 78, 56, 55, 57, 83]) o er only one camera view
per intersection with the exception of the multimodal A9-Intersection [16] and the HoloVIC [46]
datasets which provide multiple views per intersection, though the eld of view of their cameras
is narrow and insu cient for comprehensive tra ¢ monitoring. In this study, we evaluate our

TMC methods using the CityFlow V2 [ 57] dataset, a typical representative of these existing datasets.

We also introduce two new datasets to address limitations in current datasets. Existing datasets
often have cameras mounted high in the infrastructure, which minimizes occlusionssg]. However,
typical tra ¢ surveys use cameras mounted temporarily at lower heights (under 5 meters). To
address this, we created the Trans-Plan dataset with a single-view, low-vantage, wide-angle setup,
in collaboration with our industry partner Trans-Plan. Our Region of York dataset provides four
synchronized views of the same intersection to examine the impact of multiple camera views on

TMC accuracy.

Ground truth turning movement counts were manually collected for all three datasets. Orthophoto
imagery from Google Maps was used to establish point correspondences and determine homographies

mapping camera planes to planar approximations of the ground terrain.

We divided the Trans-Plan and Region of York datasets into training and validation partitions.
Although we do not use supervised training methods, which reduces the risk of over tting, we do
employ unsupervised optimization methods prior to deployment. Validation data are thus crucial
for estimating performance at deployment. Due to the limited video duration available for each
intersection in the CityFlow V2 dataset, we chose not to partition it, which could lead to optimistic
results, since in real deployment the statistics might drift after unsupervised training. Thus the
results reported for CityFlow V2 should be seen as an upper bound on performance, that could be
approached by employing an optimized online retraining algorithm that handles any drift in the

statistics of the data. Detailed information on each dataset is provided below.

2.1 CityFlowV2

The AIC22 Benchmark Dataset (CityFlowV2) is a collection of tra ¢ surveillance data, acquired
from a network of 46 cameras installed in real-world environments, capturing the dynamics of 880
annotated vehicles across six di erent scenarios. This dataset is notable for its comprehensive

coverage, o ering 215.03 minutes of video data segmented into training (58.43 minutes), validation



(136.60 minutes), and test (20.00 minutes) scenarios. The dataset includes detailed geo-location
data, with GPS coordinates for approximate camera locations, enhancing the dataset's utility for
spatial analysis. The resolution of each video is at least 960p and the majority of the videos have a
frame rate of 10 FPS. In out study, a subgroup of eight videos has been selected, speci cally from
cameras 5, 35, 41, 42, 43, 44, 45, and 46, totaling 23m30s of footage. These cameras have a wide
eld of view [57, 70]. The required annotations for turning direction classi cation were added as

part of our research. A few example scenes from this dataset are shown in Figure 2.

(a) C065044 (b) C06S043 (c) C05S042 (d) S06C041

Figure 2: Camera image (upper row) and orthophoto (lower row) of four example intersections
from the CityFlowV2 dataset.

2.2 Trans-Plan Tra ¢ Dataset

This proprietary dataset (Fig 3), consisting of motor vehicle movements at suburban intersections,
was compiled by Trans-Plan, an industry collaborator, at four intersections in the Great Toronto
Area. These intersections are located at Dundas Street and 9th Line (D9L), Dundas Street and
Winston Park Drive (DWP), Eglinton Avenue West and Creditview Road (ECR), and Dundas
Street and Bronte Road (DBR). The dataset is composed of 60-minute video recordings, captured at
4K resolution and 60 frames per second by a stationary camera temporarily set up at each location
at approximate height of 4.5 meters. The recordings are divided into two 30 minute partitions;
the rst for training and the second for validation. | used an orthophoto from Google Maps to
determine a homography mapping for each intersection. The videos have been annotated with
turning movement counts by Trans-Plan. Labels were drawn from 12 movement categories; 4 initial

direction of movement (N, S, E, W) x 3 turning classes (left, straight, right).



(a) DOL (b) DWP (c) DBR (d) ECR

Figure 3: Camera image (upper row) and orthophoto (lower row) of four example intersections
from the Trans-Plan dataset.

2.3 Region of York Dataset

The third dataset we used was created from a collaborative project involving York University, the
University of Toronto, and the Region of York. This dataset was collected at the intersection

of Highway 7 and Leslie Street and was designed to support research on multi-camera tra ¢ analytics.

The setup included four short-range 4K 60fps cameras installed at the four corners of the intersection,
two long-range cameras focused on tra ¢ approaching from the west, and two LIiDAR systems

positioned to provide 3D data coverage of both the intersection and the western approach. This
setup ensured that every location within the intersection was within the eld of view of multiple

cameras.

This dataset consists of 32 video segments, divided into 25 training segments and 7 validation
segments, capturing a broad spectrum of weather conditions (ranging from dry to snow) and
illumination scenarios (including sunny, cloudy, nighttime, dusk, and dawn), to represent the

challenging conditions often encountered in real-world environments. The intersection's layout,
featuring eight lanes running east-west (including two bus lanes and dedicated turn lanes) and six
lanes running north-south (with dedicated turn lanes), along with dedicated bicycle lanes and a
complex pedestrian crosswalk system, provides a good example of a modern city tra ¢ scenario.
Ground truth annotations for both 2D and 3D detection, tracking, and counting have been added

as part of this study. Example images from this dataset are shown in Figure 4.
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