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Abstract

Smart surveillance in smart cities has become an important feature to be used in

resource utilization and city-wide security areas. Multi-target multi-camera tracking

has been one of the core areas in smart surveillance since the overlapped field of

views within cameras cannot be expected in the real world scenarios. The

inefficiency in MTMCT has caused this feature to not be used in real time

applications. Hence how to make vehicle re-identification feature signature matching

efficient in multi target multi camera tracking has become a research problem.

This research introduces a trajectory based probabilistic search algorithm to reduce

target search space and increase the efficiency of the MTMCT. The solution consists

of a YOLO v4 based object detection module, IOU based single camera tracking

module, OSNet based feature extraction module and a cross camera identification

module using probabilistic target search algorithm. The system takes video streams

in and outputs the global trajectory of each target target. The evaluation is done using

identification F1 score and the efficiency was measured using the number of frames

processed in a second.
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CHAPTER 1

INTRODUCTION

1.1 Prolegomena

Nowadays smart cities have become the talk of the town and it is no longer limited to

science fiction movies. Countries like Singapore have already implemented most of

the smart features in their cities. Smartness is usually measured under the topics of

Mobility, Healthcare, Security, Water, Energy, Engagement and Community,

Economic Development and Housing and Waste.

The concept of smart vision helps to improve the smartness of mobility and security

in a city. In the work of Montemayor [1], they have explained the useability of

computer vision in logistic management of a city. On the other hand, cognitive vision

can be used to detect crimes and improve the security of the city.

One of the frequently faced challenges in this research area is inefficiency of vehicle

re-identification feature signature matching in multi target multi camera tracking

(MTMCT) in real time applications. Most of the current approaches, stream videos

to a central server and then process. However, this causes many hindrances due to

bandwidth limitations, need of high performance cloud servers, single point failure

and data privacy issues.

This chapter gives an overall idea about the research we have done in the subject

area of multi-target multi-camera tracking using hierarchical probabilistic target

search. In doing so, we have structured the introduction chapter under several

subheadings, aims and objectives, background and motivation, problem definition

and our solution.

1.2 Aim and Objectives

The aim of this project is to develop a real-time multi target multi camera tracking

system using Probabilistic Target Search.

1. Critically reviewing existing approaches for multi target multi camera

tracking

2. In-depth study of relevant technology and tool frameworks

1
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3. Develop a method to predict object probability in camera network and feature

matching algorithm using a trajectory based probability hierarchy

4. Evaluate the developed approach using AI City Challenge 2021 dataset

1.3 Background and Motivation

With the advancement of smart surveillance concepts, research on tracking particular

objects and people became significant. Different research parties carried out

advanced research on areas such as object tracking, people/vehicle demographics,

traffic monitoring and burglary detection. However while seeking solutions for

above mentioned problems, researchers faced a major challenge that needed an

accurate and efficient solution to continue advancements in surveillance based

research. This problem was none other than tracking objects though non-overlapped

multiple cameras.

1.4 Problem Definition

Multi target multi camera tracking is an important problem and many researchers

have conducted research to improve the accuracy and performance of this problem.

However after studying and reviewing previous work done, still there is room left for

research in this area. Addressing how to make vehicle re-identification feature

signature matching efficient in multi target multi camera tracking has become a

research problem.

1.5 Novel Approach to MTMCT

This research focuses on a novel approach for improving multi target multi camera

tracking efficiency using hierarchical probabilistic search. The solution consists of a

three step process. First single camera tracking must be done and re-identification

features must be extracted from each tracked object. The second step is to extract

traffic condition information from each camera. The last step would be to search

targets using a hierarchy constructed using the predicted trajectory of each target

using extracted traffic condition information.
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1.6 Resource Requirements

This research requires multiple camera streams without non-overlapping field of

views. Ideally access to a real time surveillance camera system in a city would serve

the purpose. However in this project the AI City Challenge 2021 dataset has been

used to implement the solution. The feature extraction model training and real time

re-identification using feature matching requires a computer with a powerful GPU.

1.7 Structure of the Thesis

Chapter 1 of this thesis provides an overview of the research. This covers a brief

introduction to the background of the problem domain, identified problem, solution

and resource requirements of the project. Chapter 2 consists of a critical review on

previous related work and challenges identified in their solutions. Chapter 3 consists

of deep analysis on related technologies and past work done related to the

technology.

Chapter 4 explains the approach taken in intended research and inputs, outputs,

process and features of the outcomes. Chapter 5 and chapter 6 includes design and

implementation details of the project. Finally chapter 7 and chapter 8 discuss the

evaluation of the proposed system and conclusion of the outcomes.

1.8 Summary

In this chapter we have discussed the roots behind selecting MTMCT domain, the

identified problems in the area and our target milestones in brief. In addition to that

this chapter provides the overall structure of this project.
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CHAPTER 2

DEVELOPMENTS AND ISSUES IN MTMCT

2.1 Introduction

In Chapter 1, we provided an overall picture of the research presented in this thesis.

This chapter gives a critical review of literature in Multi-Target Multi-Camera

Tracking. In doing so, we have structured the literature review under several

subheadings, namely, early developments, latest development, and challenges in

MTMCT. This chapter also summaries challenges in MTMCT and defines the

Research Problem.

2.2 Early Developments in MTMCT

Intelligent video surveillance is a multi-disciplinary subject area related to computer

vision, algorithms, signal processing, pattern recognition, communication, embedded

computing and cameras. Areas like multi-camera tracking, object re-identification,

multi-camera activity analysis and intelligent video surveillance are usually

discussed under this field.

In early developments tracking objects in a field of view and a similarity evaluation

algorithm [2] has been used to match objects from different fields of views to

re-identify the same object across multiple cameras. In addition to that, methods like

using a top-down view occupancy map for simultaneously tracking the bounding

boxes and the global trajectory on the top-down map. Across most of the early works

in MTMCT, intra-camera tracking frequently loses tracking and causes fragmented

tracklets due to complication like occlusion in crowded environments. Due to this

limitation most of the subsequent work has focused on solving fragmented tracklets

issue in the camera view using mathematical approaches.

However, introducing advanced mathematical approaches has made these methods

more complex and may need multiple passes to process the data. Also it has still

been hard to achieve real-time object tracking using these methods. This was mainly

due to use of exhaustive algorithms to extract features for identifying objects and

feature extraction.
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With the evolution of deep learning, it has been discovered the hindrances caused by

above mentioned mathematical algorithms can be overcomed. Deep learning based

method [7] was proposed for people detection to overcome above mentioned issues

in using complex mathematical approaches. With the observation of benefits

introduced by moving to deep learning, solutions with more advanced features like

people counting [8] have also been developed on people tracking.

2.3 Breakthrough in MTMCT

As discussed in the previous topic, the history of MTMCT has evolved from object

detection, object tracking and object re-identification. In recent researches MTMCT

has been addressed as a single problem and researchers have provided complete

solutions to MTMCT. However the significant contribution of such research can be

categorized into 3 subtopics: Re-Identification Feature Extraction, Single Camera

Tracking and Inter Camera Tracking. Following subsections discuss the recent

significant contributions to each area mentioned above.

2.3.1 Re-Identification feature extraction

With the advancement of convolutional neural networks most of the recent

developments [9, 19, 21, 24] have used different variations of CNNs to extract object

features in a vector format. Modifications to CNNs used for feature extraction such

as adding an unsupervised excitation layer to enhance representation learning.

However some of the above work has blended some other technologies in extracting

more comprehensive features. Vehicle metadata such as vehicle type, brand and color

can be embedded to vehicle feature set [9] as an auxiliary features. MTMCT

solutions for human tracking can be improved by using human pose information [28]

and pose information can be further used to identify the occlusion level [26] to

extract the confidence of features extracted. In single camera tracking the local

neighborhood, the consecutive frames in the temporal domain are used. However in

multi camera tracking this property is not considered and the matching solely

depends on the visual features extracted. Including locality aware info to the feature

vector [29] could solve this issue. While extracting visual features using the object

tracked in single camera tracking, which instance of the track to be used for feature
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extracting could be a critical decision to make. Extracting the most discriminant

feature in the track using temporal attention [31] could help to retrieve better feature

representation. Using just the visual feature embedding of the whole object could be

less accurate due to objects with similar appearance may occur in the system. i.e:

vehicles with the same brand, model and color, people wearing similar clothes. More

specific but commonly occurring in all objects areas such as face [34] in human

MTMCT or number plates [55] in vehicle MTMCT could be used if high resolution

camera streams are available.

2.3.2 Single camera tracking

Most of the MTMCT work has used single camera tracking as their base of tracking.

Some of those work have contributed with novel algorithms for tracking while others

have brought in improvements to the existing algorithms. Tracking by detection

algorithms have been widely used [19] in single camera tracking in MTMCT

solutions. Tracklet Plane Matching (TPM) [38] and DeepSort [39] like algorithms

are highly utilized in many cases. However having 2 separate modules for detection

and appearance embedding modules for association could lead to inefficiencies in

tracking by detection. Using modified Joint Detection Embedding (JDE) Tracker

[40] instead of state of art tracking by detection algorithms have shown significant

improvements  in some work [24].

Many MTMCT solutions [32, 41, 42, 43] have used graph models to solve the single

camera tracking problem as a cost minimization problem. Graphs are usually built

using detected objects as vertices[32, 41, 42]. However, assuming conditional

independence of detections and high-dimensional affinity matrices can be considered

as major limitations in detection-based graph models. This is due to missing

conditional dependence due to ignoring temporal information introduced frame to

frame transitions and inability to find a global minimum in a high-dimensional

affinity matrix. On the other hand some research work [43] has focused on using

tracklets as the vertices of the graph. Specifically Tracklet-Net-Tracker (TNT) [44]

based single camera tracking has shown significant accuracy improvements [31] by

utilizing short trajectory as vertices and associating them to generate accurate

complete trajectories.
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Tracklet splitting or fragmentation is one of the biggest problems in single camera

tracking. Object detection issues, occlusion and inadequate frame rates are the

common reasons for these issues. Pose detection can be used to identify occlusion

[22, 26] in human tracking and incorporate such information in tracking algorithms.

In addition to that some techniques have been introduced to refine tracklets with

predefined zones and GPS information [20] to reconnect split tracklets caused by

occlusion and eliminate invalid tracklets. While attempting to regroup related

tracklets together, there could be noise tracklets which must be filtered. Single

camera tracking filters have been introduced [23] to eliminate unreliable tracklets.

Traffic awareness [9, 27] is a novel concept introduced in MTMCT single camera

tracking. utilizing the prior knowledge of usual traffic patterns, moveable directions,

time taken to move and movement allowed areas are usually defined as traffic

awareness in MTMCT. Using this information could contribute a lot in solving the

tracklet splitting problem and filtering noise from trajectories. However this extra

information comes with considerably labor intensive manual annotation.

2.3.3 Inter camera tracking

Inter camera tracking is the key component of the MTMCT problem. While feature

extraction and single camera tracking comes with their own state of art solutions,

multi camera tracking or inter camera tracking is unique to MTMCT. The significant

difference between re-identification and MTMCT is the need to generate a global

trajectory of the object in MTMCT where re-identification requires only association

of similar objects. In other words MTMCT can be considered as an extension to

re-identification where continuous identification and tracking is required.

Most common approach to multi camera tracking is utilizing appearance feature

vectors for identifying the same object across multiple cameras. Appearance feature

distance based tracklet association [19] is the most common method used in inter

camera tracking. Multiple distance matrices such as Euclidean distance, Cosine

distance and Mahalawanabis distance have been used to calculate the feature

distance. Combinatorial optimization algorithms such as Kuhn-Munkres algorithm

(Hungarian Algorithm) have been used [26] to solve the assignment problem.
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Feature grouping [25] and hierarchical clustering have also been used [27, 30] for

inter camera tracklet association. One of the disadvantages of using hierarchical

clustering is the need to wait till features of all detections are retrieved. However the

actual object transition happens between adjacent cameras. This property can be

utilized to improve the clustering process by introducing sub-clustering for adjacent

cameras [24].

In contrast to the common method of matching tracklets by matching targets,

Tracklet-to-target matching [10, 32] has been tested by several works. When

complete single camera trajectories are compiled using local tracklets and then form

global trajectories using those complete single camera trajectories, there could be

performance hindrances due to multiple matching requirements. In tracklet-to-target

assignment, unique targets are identified and local tracklets are assigned to relevant

targets. Global trajectories can be generated straight away by using this method.

Restricted Non-negative Matrix Factorization (RNMF) [10] and TRACklet-to-Target

Assignment (TRACTA) algorithm [32] have been used to solve this assignment

problem.

Apart from efforts to identify objects across multiple cameras using state-of-are

methods, There have been several efforts to constrain the search space to increase

performance. Quality of extracted features can play a major role in accuracy of

matching outcomes. Occlusion can directly affect the quality of features extracted

since the parts of the intended object to track may be covered by other objects. If the

occlusion can be identified, the obstacle occluded features can be discarded [22] to

improve accuracy.

MTMCT is usually carried out for a camera network without overlapping field of

views and distributed in a limited geographical space. In such a network, object

transition between any camera pair in the network is not possible due to camera

adjacency. In expected operation object transitions happen between neighboring

cameras. This property can be used to improve inter camera tracking accuracy and

performance by applying constraints on possible matching pairs. The concept of

Trajectory based camera link model is introduced in some MTMCT solutions [9, 27,

31] to incorporate this advantage. In addition to that, applying constraints on
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association using spatio-temporal information such as traveling time, road structures,

and traffic rules [19, 22, 35, 36] has also been done in multiple works.

While the majority of the work has been focusing on associating already seen

tracklets, multi-camera trajectory forecasting (MCTF) [22] has been introduced to

predict in which camera a particular object will appear next. Even though this

method has not been incorporated to the MTMCT or re-identification in the above

work, this information carries a massive potential to improve MTMCT.

2.4 Probability Based Target Search

One of the primary applications of MTMCT is real time object detection. When

re-identifying objects across multiple cameras the search space becomes enormously

large. This hinders the performance of MTMCT drastically. Ha and Cho [14] have

suggested a hierarchical probabilistic target search(HPTS) algorithm to decrease

search time in target search of drone systems. In this work they have used multi

layered drones in different altitudes. higher level drones give an idea about the

probability of finding the target in each lower level drone. Search is performed on

the descending order of probabilities.

2.5 Challenges in MTMCT

Above section has given an understanding about the recent research developments in

the MTMCT domain. However in some cases there are some common limitations

identified in this domain. Most of those issues and limitations are inherited by the

challenges in video surveillance. Wang [15] has noted several challenges faced in

multi-camera video surveillance. One common issue in multi camera tracking is

different cameras having different lighting conditions and also they might come from

different brands which will output video streams with different qualities. This can

put up a huge impact on the re-identification feature vector. Another common

challenge is occlusion of objects. Target objects being covered by another object for

some time is a frequent incident in surveillance. This becomes a challenge in even

manual surveillance using CCTV footage.
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Apart from the common vision based challenges, MTMCT has a limitation with

performance. When the target count increases, the search space grows exponentially

and becomes resource expensive in feature rematching for re-identification.

2.6 Problem definition

Multi target multi camera tracking is an important problem and many researchers

have conducted research to improve the accuracy and performance of this problem.

However after studying and reviewing previous work done, still there is room left for

research in this area.

The primary problem of multi target multi camera tracking is the enormous amount

of feature matching to re-identify an object across cameras. Though existing research

has focused on trajectory based camera link models to minimize this problem,

majority of it is focussed only on adjacent camera tracking. However in practical

scenarios it is not acceptable to assume there will be only one adjacent entry camera

for a particular camera exit. In addition to that it should be viable to handle missing

the tracking from the adjacent cameras but re capturing in subsequent cameras.

The secondary problem of MTMCT is generating a unique feature signature for

re-identification. As mentioned above many of the previous work have struggled

with this specially when it comes to vehicle re-identification. One of the fundamental

issues with CCTV surveillance footage is low resolution. Due to this and occlusion it

is nearly impossible to detect vehicle license plates. Therefore the most common way

is to extract visual features of the entire vehicle. However the solutions can not rely

on such features since there could be many vehicles from the same model and same

color. Nevertheless, lighting conditions can put a huge burden on this. Especially at

night most of the surveillance cameras work in infrared mode and provide only a

grayscale image.

In addition to that in practical scenarios streaming videos to servers can cause high

bandwidth demands and also can cause serious privacy issues due to data

transmission and storing in cloud servers. Therefore addressing how to make vehicle

re-identification feature signature matching efficient in multi target multi camera

tracking has become a research problem.
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2.7 Summary

This chapter presented a critical review of literature in MTMCT and identified

achievements in the field and research challenges. In the next chapter, we give a

detailed discussion on the technology adopted for implementing MTMCT.

11



CHAPTER 3

TECHNOLOGIES USED FOR  MTMCT

3.1 Introduction

In chapter 2 we have discussed and critically reviewed the literature of multi-target

multi-camera tracking and limitations and challenges of them. We have defined our

research problem as how to make vehicle re-identification feature signature matching

efficient in multi target multi camera tracking. In order to solve this problem, we

have identified time taken for feature matching over multi camera streams must be

more efficient. In this chapter we will discuss the technologies used to extract

re-identification features and theory behind hierarchical probabilistic search.

3.2 Technologies Used In Object Detection

A vast amount of research has been done to identify objects in an image frame. The

primary goal in this task is to identify the availability of the target object in the frame

and if it does the location of it. In early stages this was done using mathematical

algorithms.

HOG [16] is one of the popular ways of deriving a descriptor for a bounding box of

an object. HOG is based on identifying intensity gradients of object shape within an

image. To calculate the HOG descriptors of an image, the image is first divided into

small regions and for each region histogram of gradient directions or edge

orientations will be computed. Combination of all these histograms forms the

descriptor at last. However HOG feature is not sensitive to variance of light,

direction and size whereas it will not work well in scale invariant rotation invariant

scenarios.

Haar [17] is another feature extraction method. Unlike HOG features, Haar features

are independent of illumination variation. HOG features are much heavier for

computation compared to Haar features. Three categories of Haar features are edge

features, linear features and center features. Haar features can be computed fast

because integral images are being used. Haar features are computed similar to the

coefficients of Haar wavelet transform. A template connecting black and white

12



rectangles, and the irrelative coordinates to the origin of the search window is what

form Haar like features. For The Detection of horizontal, vertical, and symmetric

structures, Haar-like features are found to be well suitable.

However with the advancement of deep learning, convolutional neural network

based object detection has out-performed most of the mathematical algorithms used

in object detection. Jiao Et. el [18] has carried out a deep review on deep learning

based object detection. During the early days of CNN based object detection, two

consequent stages were involved in detecting objects in an image frame. R-CNN

(Region based CNN detector) [45], Fast R-CNN (faster version of R-CNN) [46],

Faster R-CNN (Uses novel RPN) [47] and Mask R-CNN (Extension of Faster

R-CNN) [48] are classic examples of two stage detectors. Two stage detectors are

famous for their high accuracy and usually used for offline precision systems.

On the other hand single stage detectors are comparatively lagging in accuracy

domain when compared to two stage detectors. However Single stage stage detectors

outperforms two stage detectors in detection speed. YOLO (You Only Look Once)

[49] and SSD (Single Shot Detector) [50] are classic examples of single stage

detectors. Over the years single stage detectors have also grown in both accuracy and

speed domains. In this work we have used a YOLO detector to detect objects given

its ability to detect objects in different sizes over SSD.

YOLO uses a single neural network to output both spatial object bounding boxes and

their class probabilities in one go. figure 3.1 illustrates how YOLO processes images.

Figure 3.1 - The YOLO Detection System

YOLO has evolved over the years in many versions. YOLO v2 [51] or YOLO9000

was an improvement to YOLO that also could detect over 9000 object classes.

YOLO v3 [52] was also an improvement to YOLO where they have made YOLO

more faster (3x faster than SSD) while achieving the same accuracy in detection.
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This version of YOLO clearly boosted the possibility of running real time object

detection applications on affordable hardware. Recently YOLO v4 [53] and v5 were

also released with performance improvements to enhance real time useability. Figure

3.2 illustrates YOLO v4 performance compared to other state-of-art object detectors

with MS COCO dataset on Tesla V100.

Figure 3.2 - YOLO v4 performance illustration compared to other state-of-art object

detection methods

In our work we use YOLO v4 pre-trained weights to transfer-learn the model to

detect vehicles accurately.

3.2.1 Transfer Learning

In real life applications, the usage of object detection would mostly be on detecting a

particular object class or few classes. However generic pre-trained weights are

commonly available for most models. In this case restricting the number of classes

instead of using the generic weights would lead to a lesser amount of false

detections. In addition to that there could be a large amount of knowledge learned by

14



the pre-trained weights which could be used in our specific detection. Learning this

knowledge from scratch not only requires a large dataset related to our application,

but will consume a massive amount of time as well. In such scenarios, transfer

learning comes in smart where time constrained, limited application dataset

availability and pre-trained weights of the model are available for related domain

situations. We have used YOLO v4 pre-trained weights which are trained on MS

COCO dataset to detect 80 classes and transfer learned with custom vehicle dataset

to detect vehicles.

3.3 Technologies used in Single Camera Tracking

In chapter 2 we have discussed the different methods used for single camera tracking

in MTMCT solutions. In this work we have used a simple

Intersection-over-union(IoU) based object tracking with Kalman filter to track

vehicles in a single camera view.

3.3.1 Intersection over Union (IOU)

IOU is a frequently used concept in the computer vision domain. The most common

usage of IOU is to measure the quality of object detection. As shown in figure 3.3,

the green box represents the ground truth and the blue box represents the detected

bounding box provided by the detection algorithm/model. Maximum accuracy of

detection is achieved when the two bounding boxes are the same. This metric can be

mathematically represented by taking the ratio between intersection and union of the

bounding boxes. By using this method a normalized metric can be derived regardless

of the sizes of the bounding boxes which will be 0 when there is no overlap and 1 if

the boxes are the same. Figure 3.4 illustrates the IOU metric calculation.

3.3.2 IOU for simple object tracking

The concept of IOU can be utilized to implement a simple resource efficient object

tracker when the video frame rate is sufficient. spatial information or the object

bounding box is given by object detection method and the temporal tracking is done

by calculating IOU between bounding boxes of adjacent frames. If a bounding box

BT appeared at t = T frame and a bounding box BT+1 appeared at frame t = T+1, we
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can say BT and BT+1 belong to the same object if the IOU between two boxes exceed a

given threshold value ɑ. However there are several drawbacks introduced by the

simplicity of the IOU tracker. Major drawback of IOU is inability to handle object

path crossovers. Once 2 object paths cross each other, there is a high chance that

tracklets may switch identities. Another issue is inability to handle tracklet splitting

due to object detection issues.

Figure 3.3 - Ground truth and detection bounding boxes of object detection

Figure 3.4 - IOU metric calculation
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3.4 Technologies used in Re-identification Feature Extraction

In chapter 2 under recent work on re-identification feature extraction, multiple

state-of-art methods were discussed. In this work we are using openvino

vehicle-reid-0001 pre-trained model distributed under MIT license. The

vehicle-reid-0001 model has been developed on the OmniScaleNet backbone. This

model takes the complete vehicle image as the input and outputs a 512 float point

feature embedding. The model has been trained using VeRi-776 [56] dataset and

claims rank1 accuracy over 95%.

3.4.1 Feature distance calculation

In object re-identification using the appearance feature vector, the similarity is

measured using a feature domain distance metric. In our work we have evaluated

Euclidean and Cosine distances and the Cosine distance metric outperforms

Euclidean since Cosine distance has been used in the training process of

vehicle-reid-0001 model. Cosine distance is simply defined as the cosine angle

between 2 vectors and can be calculated as follows.

3.5 Technologies used in Probabilistic Target Search

Once the features are extracted, the next challenge is to perform feature matching of

targets detected across multiple cameras. Previous work done on MTMCT has used

different technologies to perform this task. In our work we are evaluating the

possibility of using probabilistic target search to fulfill this requirement.

3.4 Summary

In this chapter we have discussed the technologies which will be utilized in this

work. In the next chapter we will discuss our approach to solve the research problem

identified in chapter 2 by using technologies specified in chapter 3.
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CHAPTER 4

APPROACH

4.1 Introduction

In chapter 3, we discussed the technologies that can be used to solve our research

problem of inefficiency of vehicle re-identification feature signature matching in

multi target multi camera tracking (MTMCT) in real time applications. We have

come up with a Probabilistic Target Search solution to address the above problem.

Rest of the chapter has been structured with the subheading hypothesis, input/output,

process, users and features. Figure 4.1 illustrates a high level diagram of the

approach.

Figure 4.1 - Approach

4.2 Hypothesis

Inter camera object reidentification can be efficiently done by forecasting single

camera tracked objects' possible appearance in other cameras using a dynamic

camera link model and restructuring the search space in a probability descending

order.
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4.3 Input

There are three main inputs expected by the system. Namely non-overlapping multi

camera surveillance video streams of a geographically bounded camera network

where the same object has a chance in reappearing subsequent cameras, a camera

map with their geographic location and orientation and general traffic rules applied

in relevant field of views.

4.4 Output

Global trajectories of each vehicle in the captured surveillance are given as outputs

of the system. In and out times from each camera for the same object can be

retrieved by the system.

4.5 Process

Probabilistic target search is a common algorithm for increasing the efficiency when

search space is large. This can be adopted in the MTMCT problem by predicting the

trajectory of the vehicle. A probability based search graph can be synthesized using

prediction of the next potential appearance of a particular target. However this can be

further improved by considering traffic volumes in each camera. If the first priority

search candidates have different traffic volume through their cameras, a secondary

prioritizing can be done since more traffic flows through a particular camera means

more probability that a given random vehicle will go through that camera.

The first requirement is predicting the possibilities of the next camera appearance for

a given target. However since the appearance cannot be exactly predicted, a

probability will be associated with the prediction. Then the matching should be

carried out in the decreasing order of probability of appearance.

4.6 Users

The solution can be used for store/city wide security surveillance systems by

government and private security frames. Additionally can be utilized for customer

journey analysis in retail stores.
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4.7 Features

The system can provide real time object tracking and provide the global trajectory of

an object. This information can be used in applications such as identifying vehicles

or people in city wide surveillance systems and identifying interesting statistics such

as the amount of time spent by people in different departments of retail stores.

4.8 Summary

After critically reviewing the MTMCT literature and studying potential technologies

usable for solving MTMCT in an efficient manner, This chapter we have discussed

our approach to solve the identified research problem. In the next chapter we will be

discussing the design of our system.
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CHAPTER 5

DESIGN

5.1 Introduction

In Chapter 4 we have presented our approach, MTMCT optimization using

probabilistic search. This chapter presents the design of each module used to

implement this solution. In order to perform probabilistic target search, there are 2

process sequences to be carried out. The first part is extracting features from the

objects appearing in individual cameras. The second part is object matching across

multiple cameras. Figure 5.1 provides a top level diagram of the design.

Figure 5.1 - Top level design of the solution

5.2 Vehicle Re-ID Feature Extraction

In this solution, object detection and single camera tracking are also considered as

sub modules of feature extraction since the contributions of those modules are for the

final feature extraction. Each frame received by a camera stream must go through a

sequence of processes in order to generate an accurate feature set for an object.
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Figure 5.2 illustrates the process sequence of feature extraction. Expectation of each

module of this sequence is discussed in the following sub headings.

Figure 5.2 - Modules involved for feature extraction

5.2.1 Frame Reader

The system requires capturing image frames from a realtime RTSP stream or a

pre-recorded video. A frame reader is required to provide this service as acquiring

frames and providing to the next components of the process sequence.

5.2.2 Object Detector

As discussed in the previous chapters, accurate object detection is the key foundation

to MTMCT. This module is responsible for receiving a frame from the frame reader,

running an object detection method and outputting the bounding boxes of objects to

the following modules. However in addition to the bounding box of the object,

providing detection confidence will also benefit the later modules in the sequence.

5.2.3 Object Tracker

Object tracker is the key component of the feature extraction sub system. Object

tracker is responsible for taking detection bounding boxes from the object detector

sub module and providing a unique id throughout the camera field of view for a

particular object. In addition to generating the local tracklet, determining objects

travel direction out of given possible travel directions as shown in Figure 5.3 is also

a responsibility of this module.
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Figure 5.3 - Pre-defined directions of possible object movements

5.2.4 Feature Extractor

Once the tracklets are generated by the object tracker, the appearance feature vector

can be extracted using cropped object images. However a tracklet of an object may

contain multiple image instances of the object. Which image out of these to be used

to extract the appearance feature vector is a tricky question to be answered. In this

work we have used the detection with maximum confidence for feature extraction.

5.2.5 Database Handler

After the object goes out of the vicinity of a particular camera view, retrieved data

such as detection images, temporal information, object direction, potential next

appearances with probabilities, trajectory and the feature vector must be stored

in-order to be used by the target search algorithm.

5.3 Target Search Algorithm

By the end of the feature extraction process sequence multiple data points will be

stored into a database and available for the target search algorithm. The sole

responsibility of the target search algorithm is to compare newly appearing targets

with already seen objects and identify whether they are referring to the same object.

The high level diagram of the target search algorithm is given in Figure 5.4.
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Figure 5.4 - Modules involved for target search

5.3.1 Gallery Sorter

Each camera will have their own Query and Gallery databases. In gallery databases,

each entry contains the probability of the given object appearing in the considered

camera. Before calculating distances between a query entry and gallery entries, the

gallery entries are ordered in descending order of appearance probability. This will

allow the process to evaluate most probable galleries first in order to decrease

matching time.

5.3.2 Distance Calculator

As we discussed under chapter 3, the similarity between 2 images can be determined

using the closeness of the instances in the appearance feature domain. This closeness

can be calculated using the vector distance between 2 feature vectors. This module is

responsible for calculating feature distance between 2 feature vectors.

5.3.3 Distance Filter

Conventional method of matching 2 entries in a gallery and a query is calculating all

the distances with gallery entries and assigning the shortest distance pair as a positive

match. However if the target is not in the gallery, the theory query will be matched

with the entry with shortest distance and it may lead to a chain of false positives. To

avoid this situation we are introducing a classifier to identify if it is a correct match

using the calculated distance metric.
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5.4 Summary

In this chapter we have discussed the design of the solution to implement our

hypothesis. The implementation of the design is discussed in the next chapter
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CHAPTER 6

IMPLEMENTATION

6.1 Introduction

In chapter 5 we have discussed the design of our system to implement the approach

discussed in chapter 4. In this chapter we will discuss the implementation of the

design. As explained in the previous chapter we have designed our solution in a

modularized manner. In the implementation also we are planning to maintain the

modularity so switching between algorithms where there is more than one method to

implement a particular module.

We have selected python as our programming language due to the ease of

prototyping and available support. Following diagram in Figure 6.1 shows the high

level representation of implemented modules.

Figure 6.1 - Implementation of modules of the proposed system
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6.2 Implementation of Feature Extractor Modules

6.2.1 Frame Reader

Frame reader was implemented using OpenCV in-built functions to read a frame

from a video file or real time RTSP stream. In the video frame reader initially video

is listed to a queue and each frame is provided for the system for processing on

request one after another. However this becomes challenging in real time scenarios

since the RTSP stream frame rate and the processing frame needs to be matched for

smooth operation. A frame suppressor is introduced to match the supply and demand

between the stream and the application.

6.2.2 Object Detection

We have done our implementation as a vehicle MTMCT solution. Once a frame is

acquired by the system it is sent to the object detection module as a RGB matrix and

the object detection modules take this input to detect objects.

In this work we have tried out 3 object detection models YOLO3, YOLO4 and

MobileNetV1. YOLO versions were transferred to detect vehicles using

darknet(https://pjreddie.com/darknet/yolo/) and Cars dataset introduced in 3D Object

Representations for Fine-Grained Categorization[XXX]. An openvino pre-trained

vehicle detection model based on MobileNetV1 is also evaluated for the Object

detection model. However after testing the models for several videos, the transfer

learned YOLO v4 model using Cars dataset was selected for object detection.

6.2.3 Object Tracker

As we discussed in the design chapter, Object tracking carries the major weight of

the feature extraction sub system. 2 main responsibilities are handled by the object

tracker, namely,

1. Tracking detected objects throughout a camera field of view

2. Determining the object travel direction
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From the object detection module, the bounding boxes of detected objects are

received to the object tracking module. A simple Intersection over Union(IoU)

tracker is implemented to perform the intra-camera object tracking. Once T = t+1

bounding box coordinates are received, IoU between each bounding box pair in T = t

and t+1 are calculated using the equation shown in figure 6.2.

Figure 6.2 - IoU calculation between 2 bounding boxes

If the IoU value is exceeding a certain threshold we relate the 2 boxes in the

temporal domain. However when the region of interest is crowded, identity

switching could happen due to object trajectory overlapping. We have introduced a

Kalman filter to avoid this situation. In this case we predict the location of bounding

boxes appearing at T = t + 1 using the bounding boxes at T = t and the Kalman filter.

Then the IoU is calculated between the predicted box and the actual box. This

method helps to improve accuracy over identity switching issues.

Figure 6.3 - IoU tracking mechanism
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The next responsibility of the object tracker is to determine the direction of the

object to predict the cameras it will appear next. This is done using the trajectory

obtained in the above process and a pre demarcated map on possible object

movements according to the traffic rules. Figure 6.4 illustrates an example of

direction demarcation and a simple case of direction detection.

Figure 6.4 - Direction identification

6.2.4 Feature Extraction

Before extracting the features, most suitable detection out of all seen instances must

be selected. For this work we have used detection with highest detection confidence

as the feature extraction image.

After selecting the image, an OmniScaleNet based Openvino pre-trained

model(https://docs.openvino.ai/latest/omz_models_model_vehicle_reid_0001.html)

was used to extract features from the images. Input and outputs of the models are

shown in Figure 6.4.
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Figure 6.5 - vehicle-reid-0001 model inputs and outputs

6.2.5 Database handler

Typically any re-identification related problem consists of 2 databases, namely the

gallery and the query. Gallery database includes past seen data where Query database

includes newly seen data which needs to be matched with the gallery. Most common

method is having a global gallery and queries for each camera. However in our

implementation we restrict the gallery for each camera by determining the possibility

of a particular object appearing in the considered camera. Figure 6.6 illustrates the

traditional gallery query structure and the proposed gallery query structure.

Figure 6.6 - Database structure implementation

The implementation of databases was done using SQLite 3 and each galley and

query was implemented as a separate database table.
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6.3 Implementation of Target Search Modules

6.3.1 Distance Calculator

The similarity between 2 feature vectors are calculated using cosine distance. In the

initial stages both Cosine and Euclidean distance metrics were evaluated. However,

considering the fact that the feature extraction model has also used cosine distance

metric in the training and more accurate linear separability in distance filter

implementation.

6.3.2 Distance Filter

As we discussed in the design chapter, pairing the lowest distant pair from gallery

and query alone cannot guarantee a positive matching. A distance filter can be

implemented to avoid this issue to a considerable extent. When this is implemented,

2 conditions must be satisfied for a pair to be considered as a positive match.

1. The pair must have the lowest cost in all the possible pairs

2. The distance must be pass the minimum true positive threshold from the filter

A logistic regression model was trained using distance metric as the input and

whether the distance is a possible true positive or not as the output.

6.4 Datasets Used

5th AI City Challenge - City-Scale Multi-Camera Vehicle Tracking Dataset

(https://www.aicitychallenge.org/)

The dataset consists of annotated traffic surveillance camera video dataset. The

dataset consists of 6 locations with multiple cameras in each location to get the

maximum coverage. Figure 6.7 shows a high level understanding on locations and

camera placements.
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Figure 6.7 - City-Scale Multi-Camera Vehicle Tracking Dataset Overview

Cars Dataset (http://ai.stanford.edu/~jkrause/cars/car_dataset.html)

VeRi Dataset (https://vehiclereid.github.io/VeRi/)

6.5 Summary

In this chapter we have discussed the implementation of our proposed system. The

source code of this implementation can be found in the Appendix. In the next chapter

we will discuss the evaluation process and the results of the proposed system.
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CHAPTER 7

EVALUATION

7.1 Introduction

In the previous chapter we have discussed the implementation of our design using

various technologies and frameworks. In this chapter we will discuss the outcomes of

our system.

The MTMCT can be evaluated in 2 major domains,

1. Re-Identification accuracy

2. System performance

Given that our research problem was “how to make vehicle re-identification feature

signature matching efficient in multi target multi camera tracking” our target was to

develop a system with increased performance. Usually the metric to measure the

accuracy in object re-identification is the IDF1 score and the metric to measure the

performance is processable frames per second using the proposed system.

7.2 Evaluation Strategy

7.2.1 Experiment Setup

Evaluation experiment is done using the City-Scale Multi-Camera Vehicle Tracking

Dataset - Junction Scenario. The system takes 4 camera video inputs and processes

each in a separate sub-process. Vehicle global tracklets are saved as the best image

captured in each camera. Figure 7.1 shows  the structure of experimental setup.

7.2.2 Accuracy Testing Strategy

As mentioned earlier the identification F1 score or the IDF1 score [54] has become

the most widely used metric for evaluating the accuracy of MTMCT solutions.
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TP = Number of True Positives

FP = Number of False Positives

FN = Number of False Negatives

Figure 7.1 - Experimental Setup

In the proposed system, outputs are recorded into a folder structure and each folder

name by the global id of a vehicle. Inside the folder the relevant vehicle images are

stored with the appeared camera IDs. However inside this folder, False Positives can

be seen and missed identifications can be considered as False Negatives. Since our

evaluation is carried out using a junction setup, all 4 cameras should see every

vehicle. Therefore each camera must have an identification on each vehicle in the

ground truth. Table 7.1 shows a few examples in the output and these values can be

used to calculate the IDF1 score for the system
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Table 7.1 - System Output Examples

Vehicle
ID

TP FP FN

v1 - -

v5 -

v22 - Missed detection by
Cam 2
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7.2.2 Performance Testing Strategy

The performance of the proposed system can be measured by determining the

maximum attainable frames processed by the system for a unit time. However this

metric will heavily depend on the traffic density since increasing the number of

vehicles in the camera vicinity will increase the size of the search space. Because of

this property the evaluation is carried out to find processed FPS per camera using

single core performance of an Intel i9 9th generation processor and time taken to

search a target in traditional database structure and proposed database structure as

shown in Figure 6.6.

7.3 Results

7.3.1 Accuracy Testing

City-Scale Multi-Camera Vehicle Tracking Dataset - Junction Scenario has 3 minute

and 15 second video recordings from each camera. During this time, the system was

capable of capturing 71 distinct vehicles. The output of the system is given in

Appendix I. A summary of results can be given as follows.

Table 7.2 - Accuracy test result summary

Method True
Positive

False
Positive

False
Negative

F1 Score

Using Probabilistic Target Search 150 72 62 0.6912

Without Using Probabilistic Target
Search

182 59 43 0.7811
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7.3.2 Performance Testing

The 4 camera videos used, have a maximum of 3 minute and 15 seconds overlap in

recordings and the videos are recorded with 10 FPS. Therefore around 1950 frames

are available for processing per video. Each video is processed by a separate python

process which acquires a single dedicated core for each. However the processing

FPS may vary due to available queries for each process. To rule out this variance, we

have taken the average of 4 cores processing 1950 x 4 frames by using the equation

below. Results obtained during the experiment are shown in Table 7.3.

Table 7.3 - Performance test result summary

Method No of
videos

Nv

Video
FPS

FPSrec

Video
length(s)

T

Total Time
Elapsed(s)

Telp

No of
Cores

Nc

Average FPS per
core

(Nv x FPSrec x T)
/ (Telp x Nc)

Using
Probabilisti

c Target
Search

4 10 195 291.04 4 6.7

Without
Using

Probabilisti
c Target
Search

4 10 195 331 4 5.89

7.4 Summary
In this chapter we have formulated the evaluation criterias of the newly proposed

system for solving MTMCT and gathered the results using a junction scenario in

City-Scale Multi-Camera Vehicle Tracking Dataset using an experimental design.

The next chapter consists of the over discussion on the results obtained in this

chapter and the over conclusion of the project.
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CHAPTER 8

CONCLUSION AND FURTHER WORK

8.1 Introduction

In this research we have addressed the MTMCT problem using probabilistic target

search in-order to increase the efficiency of target matching algorithm. Our

hypothesis and the approach was to use probabilistic target search to make the target

matching process faster. The design of the system, Implementation and the results of

the experimental setup has been discussed in the previous chapters. In this chapter

the overall conclusion regarding the achievements of the project will be discussed. In

addition to that the limitations and further work to this project have also been

discussed in this chapter.

8.2 Conclusion

8.2.1 Achievement of Project Objectives

This research process relied on achieving objectives defined in the introduction

chapter to develop a MTMCT solution using probabilistic target search. All the

mentioned objectives were covered in the process followed.

A critical literature study and review done to identify past and recent approaches to

solve MTMCT problems using different techniques. During this step the advantages

and disadvantages of each approach is studied in depth and identified alternative

solutions given by subsequent research. At the end of the critical review of MTMCT

literature, inadequate research on increasing MTMCT performance has been

identified as a research problem.

MTMCT target matching carried out for the entire detection space was identified as a

common implementation across most of the past work. This was identified as a

major permanence hindrance factor. Probabilistic target search was identified as a

potential alternative to reduce the search time while retaining the accuracy. The

theories required for using probabilistic target search for MTMCT were studied in

depth to fulfill the second objective.
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Then an MTMCT using a feature matching algorithm using a trajectory based

probability hierarchy was designed and implemented as discussed in chapter 5 and 6.

Finally an experimental system was designed to evaluate the proposed solution using

the AI City Challenge 2021 dataset.

8.2.2 Overall Conclusion

The target of this research was to find a method to improve the target matching

efficiency while retaining the re-identification accuracy. The newly proposed system

does this by predicting a detected object's next appearance camera, matching in

sequenced manner with descending probability of appearance order and a distance

filtering process. A typical database structure of MTMCT where queries are cross

matched with a single gallery with all past seen tracklets was considered as the

baseline for the evaluation.

The proposed system has shown increased average processing FPS value which is

6.7 FPS/core compared to the baseline value 5.89 FPS/core. This is a 13.75%

improvement from the baseline model. A trade-off between accuracy and

performance is expected since the proposed solution terminates the search when the

distance filter classifies a pair as a positive match. However due to an increased

number of False Positives and False Negatives the IDF1 score has decreased from

the baseline value 0.78 to 0.69. This is basically due to the search termination due to

false classification from the distance filter. Therefore we have lost 11.54% of the

IDF1 score to gain a 13.75% gain in the performance.

However by considering the overall evaluation we can conclude that our hypothesis,

Inter camera object reidentification can be efficiently done by forecasting single

camera tracked objects' possible appearance in other cameras using a dynamic

camera link model and restructuring the search space in a probability descending

order is proved.

8.3 Limitations and Further Works

The target behind increasing the efficiency of MTMCT is to use this for real-time

applications. Even Though we have gained the FPS/core value by 13.75%, still the

attainable FPS value on latest hardware is 6.7 FPS/core. However, given that this is
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used for tracking vehicles which are moving relatively fast, 6.7 FPS might not be

sufficient for real-time processing for smooth tracking.

8.2 Summary

With this chapter we have concluded our work by evaluating the completion of

objectives, interpretation of results and limitations of the work.
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APPENDIX
Appendix I: Results

Results with probabilistic target search

Vehicle ID Ground Truth True Positives
False
Positives

False
Negatives

v1 4 4

v2 4 1 3

v3 4 2 2

v4 4 1 3

v5 4 1 3

v6 4 1 2 1

v7 4 2 2

v8 4 4

v9 4 1 3

v10 4 1 2 1

v11 4 1 2 1

v12 4 2 2

v13 4 2 2

v14 4 3 1

v15 4 2 2

v16 4 1 3

v17 4 2 1 1

v18 4 2 1 1

v19 4 4

v20 4 3 1

v21 4 2 2

v22 4 2 1 1

v23 4 2 2

v24 4 1 3

v25 4 2 2

v26 4 4

v27 4 1 3

v28 4 1 1 2

v29 4 4

v30 4 2 2

v31 4 2 1 1
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v32 4 1 3

v33 4 2 2

v34 4 2 2

v35 4 2 2

v36 4 4

v37 4 1 3

v38 4 4

v39 4 2 2

v40 4 3 1

v41 4 3 1

v42 4 2 2

v43 4 4

v44 4 2 2

v45 4 2 1 1

v46 4 2 2

v47 4 4

v48 4 2 2

v49 4 1 3

v50 4 2 2

v51 4 4

v52 4 2 2

v53 4 3 1

v54 4 2 2

v55 4 4

v56 4 2 1 1

v57 4 2 2

v58 4 1 3

v59 4 1 3

v60 4 2 2

v61 4 2 1 1

v62 4 3 1

v63 4 2 1 1

v64 4 3 1

v65 4 2 2

v66 4 2 2

v67 4 1 3

v68 4 1 3
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v69 4 1 3

v70 4 1 3

v71 4 1 3

Sum 284 150 72 62

Results with standard method

Vehicle ID Ground Truth True Positives
False

Positives
False

Negatives

v1 4 4

v2 4 4

v3 4 3 1

v4 4 1 3

v5 4 3 1

v6 4 1 2 1

v7 4 2 2

v8 4 4

v9 4 1 3

v10 4 1 2 1

v11 4 3 1

v12 4 2 2

v13 4 2 2

v14 4 3 1

v15 4 2 2

v16 4 4

v17 4 2 1 1

v18 4 2 1 1

v19 4 4

v20 4 3 1

v21 4 2 2

v22 4 3 1

v23 4 3 1

v24 4 3 1

v25 4 2 2

v26 4 4

v27 4 1 3

v28 4 1 1 2

v29 4 4
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v30 4 2 2

v31 4 2 1 1

v32 4 1 3

v33 4 2 2

v34 4 2 2

v35 4 2 2

v36 4 4

v37 4 4

v38 4 4

v39 4 2 2

v40 4 3 1

v41 4 3 1

v42 4 2 2

v43 4 4

v44 4 2 2

v45 4 2 1 1

v46 4 2 2

v47 4 4

v48 4 2 2

v49 4 1 3

v50 4 2 2

v51 4 4

v52 4 2 2

v53 4 3 1

v54 4 2 2

v55 4 4

v56 4 2 1 1

v57 4 4

v58 4 1 3

v59 4 1 3

v60 4 2 2

v61 4 2 1 1

v62 4 3 1

v63 4 2 1 1

v64 4 3 1

v65 4 2 2

v66 4 2 2
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v67 4 1 3

v68 4 4

v69 4 4

v70 4 4

v71 4 4

Sum 182 59 43
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