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VIRTUAL CONTEXT-BASED MULTI-CAMERA VEHICLE TRACKING
SUMMARY

This thesis presents a real-time multi-camera vehicle tracking framework designed to
operate without geometric calibration or cross-view re-identification, addressing lim-
itations inherent in conventional multi-camera systems. The proposed approach,
termed Virtual Context stacking, introduces a lightweight fusion strategy that hori-
zontally concatenates normalized region-of-interest (ROI) crops from multiple camera
feeds into a single composite frame. This frame is then processed in a unified pass
using YOLOv11 for detection and ByteTrack for multi-object tracking, thereby ena-
bling accurate identity continuity across adjacent fields of view with minimal compu-
tational overhead.

The system architecture is realized through a modular Python-based pipeline integra-
ting PyQt5 for interactive ROI delineation and OpenCV for video 1/0 and image pro-
cessing. All operational logic is encapsulated within a singular script, and configura-
tion parameters are externalized to facilitate straightforward deployment and iterative
parameter tuning without code modification. Experimental validation utilizes three
Logitech C920 PRO webcams mounted on a rooftop overlooking two distinct roadway
segments. Under these real-world conditions, the framework sustains consistent per-
formance at 30 FPS, achieving cross-view identity consistency rates up to 81.3 % wit-
hout employing calibration matrices or external synchronization protocols.

A comprehensive literature review contextualizes the work within the broader field of
intelligent transportation systems (ITS), highlighting the limitations of sensor-level,
feature-level, and decision-level fusion methods in multi-camera tracking scenarios.
The proposed method offers a calibration-free alternative that simplifies deployment,
reduces latency, and maintains high detection and tracking accuracy in practical set-
tings.

Quantitative results demonstrate competitive multi-object tracking accuracy with min-
imal identity switches, while qualitative analysis highlights the effectiveness of the
Virtual Context strategy in preserving object continuity under varying lighting and
traffic density conditions. The study concludes by identifying current system limita-
tions—such as static ROI dependency and limited occlusion modeling—and proposes
future extensions including adaptive ROI selection and temporal attention integration.

Overall, this thesis contributes a novel, efficient, and easily deployable approach to
real-time multi-camera vehicle tracking, with direct implications for scalable ITS de-
ployment in urban environments.
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SANAL BAGLAM TABANLI COK KAMERALI ARAC TAKIBIi
OZET

Bu tez, agik geometrik kalibrasyona veya goriiniim-temelli yeniden tanimlamaya bas-
vurmadan, gercek zamanli ¢oklu, mekansal olarak ayrik kamera goriintiilerinde arag
takibini gergeklestirme sorununu ele almaktadir. Giincel akilli ulasim sistemlerinde
(ITS), sensor diizeyinden Ozellik veya karar diizeyine kadar geleneksel birlestirme
stratejileri, kalibrasyon yiikii, zaman senkronizasyonu karmasikligi ve ¢ikarim gecik-
mesi acgisindan énemli bir ek yiik getirmekte ve kaynak kisitli ug cihazlarda kullanila-
bilirliklerini sinirlandirmaktadir. Bu sinirlamalar1 agmak amaciyla, tezin sundugu Vir-
tual Context Stacking adli kalibrasyonsuz birlestirme paradigmasi, birden fazla ka-
mera akigindan elde edilen ilgi bolgelerini (ROI) normalize ederek tek bir bilesik ka-
rede toplar. Her bir ROI kirpmasinin ortak bir yiikseklige dlgeklendirilmesinin ardin-
dan yatayda ardisik olarak birlestirilmesiyle olusturulan genis ¢erceve, YOLO v11
nesne algilama ve ByteTrack ¢oklu nesne izleyici kullanilarak tek seferlik bir ¢ikarim
ve izleme adimina tabi tutulur; bu sayede kompozit goriiniim boyunca nesne kimlik
stirekliligi, minimum hesaplama yiikiiyle saglanir.

Virtual Context Stacking yaklasimi, ¢oklu nesne takibi (MOT) ve ¢oklu kamera bir-
lestirme literatiiriindeki mevcut yontemler i¢inde konumlandirilmistir. Toplu islem ta-
banli izleme cergevelerinden, algilama, 6zellik ¢ikarimi ve iligkilendirmeyi tek bir ¢i-
karim hattinda biitiinlestiren ¢evrimigi ugtan uca mimarilere kadar uzanan gelismeler
irdelenmistir. Ozellikle ByteTrack in diisiik giiven esiklerini koruyarak iz kirilmalarmi
azaltan ¢ift asamali eslestirme mekanizmasi, SORT karsilastirmalarina kiyasla %12’ye
kadar MOTA artis1 gostermistir. Bununla birlikte mevcut kamera basina iligskilendirme
yaklagimlari, hassas kalibrasyon veya karmasik birlestirme modiillerine dayanmakta;
sensOr diizeyinde homografi tabanli birlestirme ise giivenilir dis parametrelere ihtiyag
duyarak u¢ uygulamalarda maliyeti artirmaktadir. Bu bulgular, 6rtiisme dayanikliligi,
kameralar aras1 siireklilik ve kullanim basitligi agisindan hala doldurulmay1 bekleyen
bosluklar oldugunu gostermis, kalibrasyonsuz stacking yaklasimini motive etmistir.

Onerilen Virtual Context Stacking hatt1 {ic ana asamadan olusur. Ilk asama, PyQt5
tabanli grafiksel kullanici arayiizii araciliiyla operatoriin her bir kamera akisinda dik-
dortgen ROI tanimlamasidir. Saydam CropRectangle katmanlariyla yapilan hassas
bolge secimi ve zaman kaydiricilariyla saglanan cerceve hizalamasi, hem mekansal
hem de zamansal uyumu garantiler. ikinci asamada, kaynak tamponlardan eszamanl
olarak cekilen kareler, tanimli ROI’ye gore kirpilir ve tiim akislardaki en kii¢iik ROI
yiiksekligine 6l¢eklenerek dikey hizalama bozulmadan korunur. Tek bir NumPy hcon-
cat islemiyle yatayda birlestirilen kirpmalar, bireysel ROI genisliklerinin toplamina
esit genislikte ve ortak yiikseklikte bir bilesik kare olusturur; boylece homografi
hesaplama ve per-kamera zaman senkronizasyonu modiillerine gerek kalmaz. Ugiincii
asamada, birlestirilmis kare Ultralytics YOLO v11 modeli ve ByteTrack yapilandir-
mast (giiven esigi=0,3; IoU esigi=0,5; min_box area=10) ile tek bir API cagrisinda
islenir; bu islem sonucunda birlesik goriiniim iizerinde yorumlanmis sinirlayict kutular
ve kalici izleyici kKimlikleri elde edilir.
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Uygulama, modiiler bir Python programi olarak gergeklestirilmistir. PyQt5 ile
gelistirilen ana arayiizde, temel VideoPanel sinifin1 genisleten ii¢ adet SourceVideo-
Panel 6rnegi—ROI se¢imi ve video I/O igin—ve bir adet ResultVideoPanel—
birlestirilmis ¢iktinin gésterimi i¢in—baridirilmaktadir. OpenCV, kare alimi, ye-
niden boyutlandirma, kirpma, birlestirme ve cv2.VideoWriter ile arsivleme islemlerini
yonetirken, cvzone stilize sinirlayici kutu ¢izimi ve nesne merkez isaretleyicileri
saglar. Tiim is mantig1 main.py i¢inde yer alan process videos() yontemi tarafindan
koordine edilir; bu yontem, eszamanli kare yakalama, kosullu normalize etme, yatay
stacking ve apply yolo() araciligiyla birlesik algilama-izleme adimlarini ardisik olarak
uygular ve ¢ikti kareleri ekrana aktarip diske yazar.

Deneysel degerlendirme, yaklasik 50 m araliklarla catiya monte edilmis ticer adet
Logitech C920 PRO kameranin iki bitisik yol kesitini—Sokak A (ana arter) ve Sokak
B (servis yolu)—kaydettigi bes dakikalik videolar iizerinde gerceklestirilmistir.
Aksam alacakaranligi 1sik kosullar1 altinda gergeklestirilen kayitlar, gercekei ay-
dinlatma degisimleri, ge¢ici engellemeler ve karmasik arka plan 6geleri icermistir. Her
yol kesiti i¢in dnceden hesaplanan ROI ve baslangi¢ ¢erceve zaman damgalar1 “Var-
sayilan Parametreleri Kullan” igleviyle yiiklenerek deneylerin yeniden iiretilebilirligi
saglanmstir.

Kimlik koruma performansini niceliksel olarak degerlendirmek amaciyla, sanal
birlestirme sinirt etrafinda ardisik karelerde gorsel inceleme ile elde edilen iki sayim
temel alinmistir. Birlestirme Oncesi kaynak panelde goriinen farkli arag sayis1 GT
(ground truth) olarak, hemen sonrasinda sonug¢ panelde ayni kimlikle takip edilen arag
sayist ise TP (true positives) olarak tanimlanmis; basari oran1 TP / GT % 100 % formdil-
tiyle hesaplanmigtir. Bu 6l¢iit, per-kamera algilama performansini diglayarak yalnizca
stacking operasyonunun iz siirekliligine etkisini izole eder.

Nicel sonuglar, Virtual Context Stacking’in ¢esitli calisir kosullar altinda saglam kim-
lik koruma sagladigin1 gostermistir. Sokak A denemesinde, birlestirme sinirlarinda
sirastyla %73,7 ve %70,0 oranlarinda dogruluk elde edilmis; araglar iki sinir1 ardisik
olarak gectiklerinde bu oran %66,7’ye diismiistiir. Sokak B denemesinde ise ilk sinirda
%381,3, iki sinir ortak geciste %74,2 oran1 gdzlenmistir. Bu bulgular, tek sinir stack-
ing’in ¢ift sinir stacking’e kiyasla siirekli olarak daha yiiksek siireklilik sagladigini ve
performansin boliim-6zel ROI ve zamanlama ayarlarina giiclii bicimde bagli oldugunu
ortaya koymustur. Ayrica sistem, standart GPU destekli u¢ donanim iizerinde 30 FPS
gercek zamanli islemeyi tutarl sekilde stirdiirmiistiir.

Nitel inceleme, orta diizeydeki ortiilmelerde—ornegin gegici ara¢ blokajlarinda—
ByteTrack’in hareket siirekliligi mekanizmasinin yeterli nesne silueti bulundugu sii-
rece iz kimliklerini korudugunu ortaya koymustur. Buna karsilik sabit arka plan
karmasiklig1 (6rnegin park halindeki araglar, yogun bitki ortiisii) dogru yapilandiril-
mamis ROI kombinasyonlarinda yanlis tespitlere yol agmis ve sokak B baslangic
denemelerinde iz sayisini sifira indirmistir. Bu durum, ROI koordinatlarinin ve zaman
damgalarinin yeniden ayarlanmasiyla %80’in tlizerine ¢ikarilmistir. Dar, diisiik kon-
trastli ara¢ siniflarina (motor motosikletler gibi) yonelik sistematik tespit eksikligi,
onceden egitilmis algilayicinin ve kutu alani esiklerinin daraltilmasi ihtiyacinm
gostermistir.

Hata modlar1 analizinde ii¢ temel basarisizlik nedeni saptanmistir: (1) diisiik kontrast
veya kismi Ortiilme kosullarinda algilama kagirmalari; (2) kiiclik arag¢ siniflarinin
(6zellikle motosikletlerin) sistematik olarak g6z ardi edilmesi; (3) manuel tanimli ROI
ve baglangic kare zamanlamalarindaki mekansal ve zamansal uyumsuzluklara kars
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asirt duyarhilik. Ornegin yarim saniyeden kisa zamanlama tutarsizliklarr bile
birlestirme sinirindaki ara¢ kimliklerinin tamamen kopmasina yol agmistir. Bu
modlarin asilmasi i¢in hareket 6ncelikli adaptif ROI se¢imi, dinamik zaman hizalama
ve kii¢iik veya kismen ortiilmiis araclar i¢in model ince ayar1 dnerilmektedir.

Tezin ti¢ temel katkis1 bulunmaktadir. Birincisi, kalibrasyonsuz Virtual Context Stack-
ing yontemiyle ROI kirpmalarini yatayda birlestirip tek bir bilesik kare olusturarak
geometrik kalibrasyon ve yeniden tanimlama modiillerini ortadan kaldirmistir. Ikin-
cisi, etkilesimli ROI se¢imi i¢in PyQt5 tabanli bir kullanici arayiizii, OpenCV tabanli
video isleme ve birlesik YOLO v11 + ByteTrack ¢ikarimini tek bir siirdiiriilebilir Py-
thon hattinda birlestiren modiiler bir uygulama cercevesi sunmustur. Uciinciisii,
gercekei lic kamera ¢at1 yerlesimlerinde gerceklestirilen deneylerle, farkli aydinlatma,
ortiilme ve arka plan kosullarinda %81,3’e kadar kimlik stirekliligine ulasan bir ma-
nuel kimlik koruma metrigi tanitmistir.

Buna ragmen yaklasim, dinamik kamera hareketleri, yakinlastirma degisimleri veya
onemli goriis acis1 farkliliklart karsisinda manuel ROI yeniden tanimlamasini gerek-
tiren sabit kamera konfigiirasyonlarina bagimliligi ve geometrik 6n bilgi eksikligi
nedeniyle ortlisme bolgelerinde kimlik karismalarina ac¢ik olmasi gibi sinirlamalara
sahiptir. Ayrica farkli goriis agilarina ait kirpma sonuglarinin birlestirilmesi, sinir bolg-
elerde dl¢ek ve boyut bozulmalarina yol agarak tespit dogrulugunu diisiirebilir.

Gelecekteki ¢aligsmalarda, hareket odakli veya sahne anlayisina dayali otomatik ROI
uyarlama mekanizmalari, zaman damgasi hizalamasinda capraz korelasyona dayali
dinamik ayarlamalar ve kii¢lik arac siniflar1 i¢in veri artirimli ince egitim yontemleri
arastirilabilir. Zayif geometrik 6n kabuller veya 6grenilmis uzaysal gdomme katmanlar
ekleyerek melez birlestirme stratejileri gelistirilebilir. Ayrica, yaklagimin kamuya agik
coklu kamera ara¢ izleme veri kiimelerinde kiyaslamali degerlendirmeleri, yontemin
literatiirdeki diger yaklasimlarla standartlagtirilmis Olgekte karsilastirilmasini
saglayacaktir.

Ozetlemek gerekirse, Virtual Context Stacking cercevesi, ROI kirpmalari, kare nor-
malizasyonu, yatay birlestirme ve birlesik algilama-izleme adimlarini tek bir akisa
sikigtirarak gercek zamanli, kalibrasyonsuz ¢oklu kamera arag takibine pragmatik ve
hesaplama acisindan verimli bir ¢6ziim sunmaktadir. Modiiler ve kullanici etkilesimli
mimarisi, disa alinmis yapilandirma parametreleri ve u¢ donanimda saglanan
30 FPS’lik islem performansi, kentsel ITS uygulamalar i¢in diisiik gecikme, hizli ye-
niden yapilandirma ve sinirli altyapi ihtiyaglart dogrultusunda yiiksek uygulanabilirlik
vaat etmektedir.
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1. INTRODUCTION
1.1. Background and Motivation

Video-based intelligent transportation systems (ITS) have emerged as a cornerstone
for modern traffic monitoring, leveraging low-cost cameras to capture continuous,
high-resolution spatiotemporal data for flow estimation, incident detection, and inf-
rastructure planning [1]. Convolutional neural network (CNN)-based one-stage detec-
tors coupled with online trackers—such as YOLO paired with SORT—have demonst-
rated real-time vehicle localization and trajectory estimation within fixed fields of
view [2]. Despite these advances, single-camera configurations remain constrained by
limited coverage: vehicles frequently exit the observable region, leading to fragmented
tracks and the loss of identity continuity, while occlusions by obstacles or other vehic-

les further degrade tracking performance [3].

To address these shortcomings, multi-camera networks extend the spatial coverage by
deploying overlapping or adjacent viewpoints. Cooperative edge-Al frameworks dist-
ribute processing across devices, enabling collaborative detection and preliminary as-
sociation at the network edge [4]. Nonetheless, conventional multi-camera pipelines
typically involve separate per-camera inference followed by cross-view data fusion,
requiring geometric calibration, time synchronization, and appearance-based re-iden-
tification modules. These components introduce significant computational overhead,

complicate deployment, and can undermine real-time responsiveness [4], [5].

Figure 1.1 illustrates the classical single-camera detection and tracking pipeline, high-
lighting its inability to maintain continuous vehicle identities beyond the camera’s fi-
eld of view. This motivates the exploration of streamlined fusion strategies that pre-
serve identity continuity across disjoint views while satisfying stringent latency const-

raints, thereby enabling scalable, real-time ITS deployments.
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Figure 1.1. Single camera vehicle detection and tracking.
1.2. Problem Definition

Extending traffic monitoring from single-camera setups to multi-camera networks of-
fers broader coverage but introduces two principal challenges. First, the computational
burden increases proportionally with the number of video streams processed in paral-
lel, placing significant demand on edge or server resources and potentially impeding
real-time performance [3], [4]. Second, maintaining consistent object identities across
disjoint camera views—referred to as “one-context” continuity—requires accurate
cross-view association despite variations in viewpoint, illumination, and occlusion.
Conventional pipelines address this by performing separate per-camera detection fol-
lowed by geometric calibration, temporal synchronization, and appearance-based
re-identification modules (Figure 1.2), yet these stages add latency and complexity,
and may still fail under heavy occlusion or inter-camera appearance changes [1], [5].
The combination of elevated compute cost and fragile identity continuity thus consti-
tutes the core problem addressed in this thesis: how to enable unified detection and
tracking across multiple, non-calibrated cameras without sacrificing real-time respon-

siveness or identity preservation.



Figure 1.2. Multi-camera tracking conventional pipeline.
1.3. Proposed Approach: Virtual Context

This research introduces Virtual Context, a fusion strategy designed to address both
high computational cost and fragile identity continuity inherent in conventional
multi-camera tracking pipelines. The core principle involves cropping each camera’s
region of interest (ROI) and normalizing these crops to a common spatial scale, fol-
lowed by horizontal concatenation into a single composite frame. This “virtual” image
preserves the spatial relationships among views without requiring explicit geometric

calibration or inter-camera homography estimation.

Once assembled, the composite frame undergoes a one-shot inference through a uni-
fied YOLO v11 detector coupled with the ByteTrack association algorithm, thereby
performing detection and tracking within a single API call. Eliminating separate
per-camera inference stages and post-hoc association modules reduces processing la-
tency and simplifies deployment architecture. Furthermore, bypassing appearance-ba-
sed re-identification mitigates identity-switch errors caused by varying illumination

and object poses across cameras.



The Virtual Context pipeline also inherently supports overlapping-field-of-view sce-
narios by allowing selective exclusion or blending of redundant regions prior to con-
catenation, as demonstrated in similar contexts by Zhang et al. [5]. This flexibility
enables seamless handling of partial overlaps and dynamic camera arrangements wit-

hout manual reconfiguration.

Figure 1.3 illustrates the complete workflow, from ROI selection and normalization
to composite frame generation and unified inference. By streamlining fusion into a
single-stage process, Virtual Context facilitates scalable, real-time multi-camera ve-

hicle tracking while maintaining robust identity preservation.

Figure 1.3. Virtual context-based multi-camera tracking pipeline.
1.4. Thesis Contributions

This thesis makes three principal contributions to the field of multi-camera vehicle
tracking. First, it proposes Virtual Context stacking, a novel fusion methodology that
concatenates normalized ROI crops from multiple cameras into a single composite
frame, thereby eliminating the need for geometric calibration, homography estimation,
and appearance-based re-identification modules. Second, it provides an implementa-
tion framework integrating PyQt5 for operator interaction, OpenCV for real-time

image processing, and Ultralytics’ YOLO vl11 detector coupled with the ByteTrack



tracker, all orchestrated within a single main.py script. Finally, it offers a comprehen-
sive evaluation conducted on a three-camera Logitech C920 setup with overlapping
and adjacent roadway segments, employing a manual identity-preservation metric to
demonstrate up to 81 % continuity in tracked vehicle identities. These contributions
collectively enable a streamlined, calibration-free, and real-time multi-camera tracking

solution.

1.5. Thesis Organization

Chapter 2, Literature Review, surveys multi-camera system architectures, deep lear-
ning—based vehicle detection, multi-object tracking frameworks, and fusion methodo-
logies. Chapter 3, System Architecture and Design, delineates the overall processing
pipeline, including ROI selection, Virtual Context stacking, and the integration of de-
tection and tracking modules. Chapter 4, Implementation, details the software fra-
mework built with PyQt5, OpenCV, Ultralytics’ YOLO v11, and ByteTrack within
main.py. Chapter 5, Experiment Setup, describes the three-camera C920 dataset, ROI
alignment procedures, and the identity-preservation evaluation metric. Chapter 6, Re-
sults and Analysis, presents quantitative performance metrics, qualitative observa-
tions, and error analyses. Chapter 7, Conclusion and Recommendations, summarizes

key findings, discusses limitations, and proposes future research directions.






2. LITERATURE REVIEW
2.1. Multi-Camera Architectures

Multi-camera system architectures constitute the foundational infrastructure for exten-
ding coverage and enhancing robustness in traffic monitoring applications. Early sur-
veys of multi-camera networks emphasize heterogeneous configurations, including
overlapping, adjacent, and non-overlapping placements, designed to maximize spatial
coverage while mitigating occlusion and blind-spot limitations inherent in single-ca-
mera setups [3]. Such architectures typically adopt either centralized or distributed
processing paradigms. In centralized architectures, raw video feeds from multiple ca-
meras are transmitted to a common processing unit—aoften a high-performance server
or cloud cluster—where detection and tracking algorithms operate on concatenated or
fused data streams. This configuration simplifies algorithm deployment but imposes
high bandwidth requirements and suffers from increased latency, rendering it less su-

itable for real-time, edge-constrained scenarios.

Distributed architectures, by contrast, localize computation at or near the camera no-
des, leveraging edge devices to perform preliminary detection or feature extraction
before transmitting compact representations (e.g., bounding boxes, feature embed-
dings) to a fusion center [1]. Such edge-Al frameworks reduce network load and imp-
rove responsiveness. For instance, architectures integrating lightweight convolutional
neural network (CNN) detectors on embedded platforms enable on-site inference,
whereas feature-level summaries are forwarded to a central tracker for cross-camera
association. This hierarchical arrangement strikes a balance between computational
efficiency and identity continuity but necessitates sophisticated synchronization mec-
hanisms and inter-node communication protocols to align detection timestamps and

feature vectors across views.

Emerging trends in cooperative multi-camera tracking further decentralize operations
through collaborative inference among camera clusters. Yang etal. introduced an
edge-Al cooperative tracking framework that distributes representation learning tasks

across adjacent cameras, facilitating shared feature spaces and joint decision-making



to maintain object identities as vehicles transition between fields of view [4]. By
exchanging compact embedding vectors rather than full image frames, this approach
minimizes latency and bandwidth consumption while preserving tracking accuracy.
The cooperative paradigm also enables dynamic load balancing: under high traffic
density, individual cameras can adjust their inference rates or delegate tasks to neigh-
boring nodes, thereby sustaining real-time performance.

Complementing these architectural frameworks, algorithms tailored for overlap-
ping-field-of-view (FoV) scenarios exploit spatial redundancy to enhance tracking ro-
bustness. Zhang et al. proposed a mathematical model guiding multi-camera vehicle
tracking in highway environments with overlapping FoVs, employing homography
transformations to align image planes and merge detection results across views [5].
Their architecture involves a calibration phase to compute pairwise homographies, fol-
lowed by a fusion module that resolves duplicate detections in overlap regions and
refines trajectories through joint optimization. This model-based architecture achieves
high identity continuity in constrained overlap settings but incurs overhead from the
calibration process and from maintaining accurate geometric mappings under dynamic

camera or scene changes.

Collectively, these multi-camera architectures illustrate a continuum of design
trade-offs. Centralized systems prioritize algorithmic simplicity at the expense of la-
tency and bandwidth; distributed edge-Al frameworks enhance responsiveness but
require robust synchronization and communication; cooperative tracking leverages in-
ter-camera collaboration to balance load and accuracy; and overlap-aware architectu-
res employ geometric calibration to refine tracking in paired views. Each architectural
choice addresses specific deployment constraints—ranging from infrastructure capa-
bilities and network topology to real-time requirements and environmental dyna-
mics—underscoring the necessity for fusion strategies that harmonize coverage exten-

sion with computational efficiency and identity preservation.

2.2. Deep Learning—Based Vehicle Detection

Deep learning—based object detectors have revolutionized vehicle detection by achiev-
ing high accuracy and real-time performance on challenging traffic scenes. Early meth-
ods relied on two-stage frameworks, but the introduction of one-stage detectors pro-

vided a crucial trade-off between speed and precision. Among these, the You Only
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Look Once (YOLO) family stands out for enabling unified, end-to-end inference with-
out separate region proposal steps. YOLO vl demonstrated real-time detection at
frame rates exceeding 45 FPS on standard benchmarks, while subsequent versions pro-
gressively improved both mean average precision (mAP) and robustness to small or

occluded objects [2].

The core architecture of YOLO divides an input image into an SxS grid, where each
cell predicts bounding boxes and class probabilities directly. This grid-based predic-
tion enables a single convolutional network pass to produce final detections, eliminat-
ing the latency associated with multi-stage pipelines. In traffic monitoring contexts,
this capability facilitates high-frame-rate processing of video streams, a prerequisite
for reliable vehicle tracking and anomaly detection in intelligent transportation sys-
tems [1]. Moreover, YOLO’s anchor-based design has been refined in later versions
to better handle varying object scales, a critical feature when vehicles appear at differ-

ent distances or in compressed regions of interest.

Despite these advances, deploying YOLO-based detectors within multi-camera fusion
schemes presents unique challenges. When ROI crops from multiple views are con-
catenated horizontally into a composite frame, the resultant image exhibits non-uni-
form object scale distributions across the width. Consequently, detectors configured
for single-view inputs may underperform on merged frames, particularly in boundary
regions where scale ratios differ markedly. Model retraining on concatenated samples
can mitigate this issue but incurs additional annotation and training overhead, high-
lighting the need for fusion strategies that preserve detector performance without ex-

tensive retraining.

Recent iterations of the YOLO family, including YOLO v7 through v11 implemented
by Ultralytics, incorporate architectural enhancements such as cross-stage partial con-
nections, dynamic label assignment, and improved feature pyramid networks. These
developments have yielded higher mAP on standard vehicle detection datasets, re-
duced false positives in cluttered environments, and maintained inference speeds
above 30 FPS on GPU-equipped edge devices. However, such improvements remain
tuned to conventional image formats rather than composite multi-view inputs, rein-
forcing the motivation for system architectures that adapt detection outputs through

intelligent fusion rather than solely relying on detector retraining.



Alternative one-stage detectors (e.g., SSD, RetinaNet) and transformer-based models
(e.g., DETR) offer competitive accuracy but often at the cost of increased computa-
tional requirements or longer convergence times. In scenarios demanding stringent la-
tency budgets—such as edge-deployed traffic monitoring—YOLO’s lightweight
backbone and optimized inference engine provide a pragmatic balance. Moreover, of-
floading feature extraction to the detector and consolidating detection and tracking into
a single pipeline reduces overhead compared to approaches that separate detection,

feature encoding, and re-identification networks.

In summary, one-stage deep learning detectors, typified by the YOLO series, consti-
tute the de facto standard for real-time vehicle detection in ITS applications. The core
strengths of these models—speed, end-to-end inference, and high precision—make
them well-suited for integration within multi-camera fusion strategies. Nonetheless,
the shift from single-view to concatenated multi-view inputs necessitates careful con-
sideration of scale variance and detector adaptability, underscoring the importance of
fusion architectures, such as the proposed Virtual Context stacking, that retain detector

efficacy without extensive retraining or calibration [2].

2.3. Multi-Object Tracking Frameworks

Multi-object tracking (MOT) constitutes a critical component of traffic surveillance
systems, aiming to establish consistent identities for detected vehicles across sequen-
tial frames and, in multi-camera contexts, across distinct views. MOT frameworks can
be broadly categorized into per-camera association paradigms, online single-camera
trackers, and comprehensive survey studies that chart the evolution of tracking metho-
dologies, including strategies for occlusion reasoning. This section examines represen-
tative approaches in each category, with particular attention to their applicability wit-

hin multi-camera fusion pipelines.

2.3.1. Per-camera association paradigms

Conventional multi-camera tracking systems often adopt a two-stage workflow:
per-camera detection followed by cross-view association. Shim etal. presented a
city-scale vehicle tracking framework that leverages per-camera detections and synt-

hesizes them through a spatiotemporal association module [6]. Their approach first
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applies a robust detector to each stream, yielding bounding boxes and confidence sco-
res. Next, Kalman filtering predicts object positions in subsequent frames, and a global
matcher assigns identities across overlapping camera regions based on a combination
of motion and appearance features. This pipeline demonstrates scalable tracking in
urban environments but relies heavily on accurate camera calibration and appearance

descriptors to resolve identity ambiguities in non-overlapping views.

2.3.2. Online single-camera tracking algorithms

Within individual camera feeds, online tracking algorithms prioritize real-time perfor-
mance and minimal latency. The Simple Online and Realtime Tracking (SORT) algo-
rithm employs a straightforward framework combining Kalman filters for motion pre-
diction and the Hungarian algorithm for data association [7]. SORT processes each
frame’s detections, updates track states via linear motion models, and matches new
detections to existing tracks based on bounding-box overlap (Intersection over Union).
This design achieves processing speeds exceeding 250 FPS on modern hardware, ma-
King it suitable for high-frame-rate traffic monitoring. However, SORT’s reliance on
loU alone can result in identity switches during occlusions or abrupt maneuvers, and

it does not incorporate appearance features, limiting its robustness in crowded scenes.

2.3.3. Enhanced association with ByteTrack

ByteTrack improves upon SORT by introducing a dual-threshold association mecha-
nism that retains low-confidence detections for tracking continuity [8]. In this scheme,
high-confidence detections are first matched to existing tracks; subsequently, unmatc-
hed low-confidence detections are considered to recover lost tracks rather than discar-
ded outright. This two-phase matching significantly reduces track fragmentation and
identity loss, particularly under partial occlusion or motion blur. Furthermore, ByteT-
rack incorporates a lightweight appearance embedding network to refine associations,
without imposing substantial computational overhead. Empirical evaluations demonst-
rate that ByteTrack outperforms SORT by up to 12 % in MOTA (Multi-Object Trac-
king Accuracy) on standard benchmarks, underscoring the value of adaptive confi-

dence thresholds in online tracking.
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2.3.4. Comprehensive MOT surveys

Extensive survey studies provide critical overviews of MOT’s methodological lands-
cape and performance metrics. Luo et al. catalog key developments in detection-based
tracking, contrasting batch-processing and online paradigms while highlighting chal-
lenges such as occlusion handling and re-identification in dynamic scenes [9]. Ciapar-
rone et al. focus on deep learning—based MOT, illustrating how convolutional and re-
current architectures have been integrated to capture spatial-temporal dependencies
and appearance cues [10]. More recently, Adzemovi¢ delivered an exhaustive survey
that traces approaches from foundational methods to state-of-the-art end-to-end trac-
kers, emphasizing innovations in transformer-based architectures and joint detection-
tracking frameworks [11]. These surveys collectively reveal a trend toward unifying
detection, feature extraction, and data association within single inference pipelines,

reducing latency and simplifying deployment.

2.3.5. Occlusion reasoning and robustness

Robust handling of occlusions remains a pivotal challenge in MOT. Koller et al. intro-
duced one of the earliest occlusion reasoning strategies by constructing multiple hy-
pothesis trees that consider potential object trajectories during temporary disappearan-
ces [12]. Their method generates and prunes track hypotheses based on both motion
consistency and scene geometry, enabling recovery from extended occlusions. Modern
trackers build upon this foundation by integrating re-identification networks that com-
pare appearance embeddings before and after occlusions, and by employing spatial—
temporal attention mechanisms to predict object re-entry points. Nonetheless, these
enhancements often entail additional computational costs and require careful tuning to

avoid false positives in complex traffic scenes.

2.3.6. Summary and research gaps

Per-camera association methods excel in leveraging motion and appearance features
for cross-view identity matching but depend on precise calibration and complex fusion
modules. Online trackers such as SORT and ByteTrack deliver high throughput, with
ByteTrack notably mitigating identity switches through adaptive confidence thres-
holds. Survey studies underscore a shift toward unified, end-to-end MOT architectu-

res, yet they also highlight persistent deficiencies in occlusion resilience and inter-ca-
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mera continuity. These insights motivate the proposed Virtual Context stacking app-
roach, which seeks to consolidate detection and tracking within a single composite
frame—thereby circumventing many calibration and re-identification requirements

while preserving real-time performance.

2.4. Fusion Methodologies

Fusion strategies for multi-camera vehicle tracking can be classified along three prin-
cipal axes: sensor-level (image-level) fusion, feature-level fusion, and decision-level
(output) fusion. Each paradigm presents distinct trade-offs in computational comp-
lexity, calibration requirements, and robustness to occlusions and viewpoint variati-

ons.

2.4.1. Sensor-level (image-level) fusion

Sensor-level fusion combines raw or pre-processed image data from multiple cameras
to create a unified representation before detection. Traditional image-level fusion re-
lies on geometric calibration to align image planes: pairwise homographies are com-
puted using known intrinsic and extrinsic camera parameters, facilitating pixel-accu-
rate stitching across overlapping fields of view [5]. Zhang et al. demonstrated this app-
roach in highway environments, where calibrated homographies guided the projection
of each camera’s view onto a common ground plane, enabling the fusion module to
merge redundant detections and refine trajectories via joint optimization [5]. While
this method achieves high identity continuity within overlap regions, it incurs signifi-
cant calibration overhead and is sensitive to camera movement or scene changes, ne-

cessitating frequent re-calibration.

An alternative sensor-level scheme involves block-based concatenation of re-
gion-of-interest (ROI) crops without explicit geometric alignment. Early adopters of
horizontal and vertical concatenation exploited the uniform resolution of adjacent ca-
meras to merge image strips directly, treating the resulting composite as a single input
for off-the-shelf detectors [3]. This block-stacking method simplifies deployment by
obviating homography computation but can introduce scale inconsistencies and boun-
dary artifacts if ROI sizes differ or if cameras have heterogeneous settings. Addressing
these issues often requires careful ROI normalization and padding strategies to main-

tain detector performance across the virtual seam.
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2.4.2. Feature-level fusion

Feature-level fusion integrates intermediate representations—such as convolutional
feature maps or learned embeddings—extracted from each camera’s input stream. By
aggregating features prior to detection or tracking, this paradigm reduces bandwidth
usage relative to full-frame fusion and mitigates sensitivity to pixel-level misalign-
ments. One common approach concatenates feature tensors along the channel dimen-
sion, feeding the aggregated tensor into detection heads or association networks [1],
[4]. For instance, cooperative edge-Al frameworks distribute feature extraction to in-
dividual camera nodes, which then transmit compressed feature vectors or region pro-
posals to a central fusion module for joint inference [4]. This method lowers network
load and supports adaptive fusion policies based on traffic density, but relies on precise

temporal synchronization and consistent feature dimensions across cameras.

Another feature-level strategy employs learned attention mechanisms to weight cont-
ributions from each camera according to view-specific quality metrics (e.g., focus, il-
lumination, or occlusion flags). Ciaparrone etal. highlight the potential of atten-
tion-guided fusion in deep-learning MOT pipelines, wherein spatial-temporal atten-
tion layers dynamically fuse features across views, enhancing discrimination under
challenging conditions such as partial overlaps or dynamic occlusions [10]. Although
attention-based fusion improves robustness, it introduces additional network compo-
nents and training complexity, and its performance hinges on representative multi-ca-

mera datasets for effective weight learning.

2.4.3. Decision-level (output) fusion

In decision-level fusion, each camera independently performs detection and/or trac-
king, producing bounding boxes, confidence scores, and identity hypotheses. A sub-
sequent association module merges these outputs across views, resolving duplicates
within overlapping fields of view and reconciling identity assignments. Shim et al.
presented a city-scale tracking framework that implements spatiotemporal association
via Kalman filtering and the Hungarian algorithm, matching per-camera detections
based on motion prediction and appearance descriptors [6]. Their method attains sca-
lable performance in urban settings but depends on accurate appearance embeddings

and camera calibration to resolve cross-view ambiguities.
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Decision-level fusion can be further categorized into rule-based and learning-based
association. Rule-based schemes apply heuristics—such as bounding-box loU thres-
holds and color histogram matching—to filter and link detections [12]. Although com-
putationally lightweight, these heuristics often fail under severe viewpoint changes or
illumination variation. Learning-based association leverages re-identification (re-ID)
networks that encode appearance features into high-dimensional embeddings, matc-
hing objects across cameras via nearest-neighbor search [9], [11]. Contemporary re-1D
models achieve high cross-view matching accuracy but introduce significant inference

overhead and necessitate large, annotated multi-camera datasets for training.

2.4.4. Comparative analysis and research gaps

Despite extensive research, existing fusion methodologies exhibit gaps when applied
to real-time, edge-constrained ITS deployments. Sensor-level approaches demand
frequent calibration and suffer from boundary artifacts. Feature-level fusion reduces
alignment sensitivity but complicates network design and training. Decision-level
schemes, particularly those employing re-ID, increase inference latency and rely on
extensive training data. Table 2.1 summarizes the strengths and limitations of each

fusion paradigm.

Table 2.1. Summary of the strengths and limitations of each fusion paradigm.

_ ) ) Computational Robustness Deployment
Fusion Level Calibration Req.

Load to Occlusion Complexity
High High ]
Sensor-Level Moderate High
(homography) (full frames)
Moderate _
Feature-Level Moderate High Moderate
(sync.)
 Dec- Low Variable Variable Moderate—
sion-Level High

2.4.5. Positioning virtual context stacking

The proposed Virtual Context stacking approach synthesizes the advantages of sen-
sor- and feature-level fusion while mitigating their drawbacks. By normalizing ROI
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crops to a common resolution and concatenating them horizontally into a single com-
posite frame, the method circumvents geometric calibration and reduces per-camera
inference to a single unified YOLO v11 + ByteTrack pass. This one-shot inference
preserves real-time performance and robust identity continuity without the overhead
of feature aggregation or re-1D modules. Virtual Context stacking thus presents a lig-
htweight, calibration-free fusion paradigm particularly suited to dynamic multi-camera
ITS scenarios.
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3. SYSTEM DESIGN AND ARCHITECTURE

3.1. Overall Processing Pipeline

The multi-camera vehicle-tracking framework is organized as a sequence of seven
operator-controlled stages, each accessible through a graphical interface and imple-
mented entirely in main.py using OpenCV, PyQt5, and the Ultralytics YOLO v11 API.
Figure 3.1 illustrates the end-to-end pipeline: (1) video ingestion; (2) interactive ROI
delineation and timestamp selection; (3) synchronized frame retrieval; (4) frame nor-
malization; (5) horizontal concatenation; (6) object detection and tracking; and (7)

real-time result streaming and archival.
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Figure 3.1. Overall processing pipeline.



3.1.1. Video ingestion

At startup, three independent video panels are instantiated within the main application
window. Each panel provides a standard file-open dialog, enabling the operator to load
arbitrary video containers (e.g., MP4, AVI, MKV). Upon selection, OpenCV’s vide-
ocapture Interface extracts the total frame count and nominal frame rate, and imme-

diately renders the first frame for verification.

3.1.2. Interactive ROI delineation and timestamp selection

A translucent, resizable croprectangle overlay appears on each video feed, allowing
the operator to define a rectangular region of interest (ROI) via click-and-drag and
corner handles. Concurrently, a timestamp slider or manual time-code entry specifies
the desired starting frame for each source. The resulting ROl parameters—top-left co-
ordinates (x, y) and dimensions (w, h)—together with the timestamp (MM:SS.ms), are
stored in session variables. These values may also be loaded automatically from a de-

fault parameters.txt file to streamline repeated experiments [13].

3.1.3. Synchronized frame retrieval

Upon issuing the “Process Videos” command, the system queries each panel’s start
index and repositions its videocapture accordingly. The remaining frame count for
each source is computed (total frames minus start frame), and the pipeline processes
up to the minimum of these counts—bounded by 3 000 frames to preserve real-time
performance and prevent excessive memory usage. This mechanism enforces temporal

alignment across heterogeneous video lengths.

3.1.4. Frame normalization

To reconcile variations in perspective, resolution, and scene content, each retrieved
frame 1s first resized to its panel’s display dimensions (main source width X
main_source height), then cropped to the operator-defined ROI, and finally rescaled
to a uniform height determined by the smallest ROl among the three inputs. This yields

consistently sized images for downstream fusion.

3.1.5. Horizontal concatenation

The normalized ROI images are merged side-by-side via OpenCV’s hconcat (), pro-
ducing a composite whose width equals the sum of individual ROI widths and whose

18



height matches the unified ROI height. This concatenation strategy obviates the need
for geometric calibration, homography estimation, or explicit camera-extrinsic param-

eters.

3.1.6. Object detection and tracking

The composite image—or, if concatenation is disabled, the first source’s ROI—is sub-
mitted to a pretrained YOLO v11 model with integrated ByteTrack logic [14, 15]. The
Ultralytics API’s track method is invoked with persist=True, conf=0.3, iou=0.5,
and tracker='bytetrack.yaml'. Detection boxes annotated with stable track IDs
are rendered using the cvzone library, consolidating detection and tracking into a sin-

gle real-time API call.

3.1.7. Real-time result streaming and archival

Processed frames are streamed live to a dedicated result panel while concurrently be-
ing written t0 result video.mp4 via OpenCV’s videowriter, configured to match
the composite’s spatial resolution at 30 FPS. Upon completion or operator interruption,
the output file is finalized, reloaded for post-run review, and the status display updates

with the total frame count processed.

By decomposing the workflow into these seven stages—each implemented solely in
main.py, OpenCV, PyQt5, and the Ultralytics API—the framework achieves both op-
erator flexibility and automated rigor, establishing a transparent, reproducible founda-

tion for multi-camera vehicle-tracking research.

3.2. Virtual-Context Stacking Method

3.2.1. Prerequisites and data preparation

Prior to stacking, each video frame undergoes normalization. If normalization is enab-
led, the application resizes each raw frame to the panel’s display dimensions (main_so-
urce_width X main_height), crops it to the operator-defined ROI (X, y, w, h), and then
resizes the cropped region to a common height matching that of the result panel. This
ensures that all frames share an identical vertical resolution, a necessary condition for
seamless horizontal concatenation. If normalization is disabled, the full frames are ins-

tead used, and no ROI cropping takes place.
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During the main processing loop, the application collects the normalized frames from
each of the three SourceVideoPanel instances into a Python list, frames. Frames cor-
responding to unloaded or invalid streams are omitted, ensuring that concatenation

operates only on available data.

3.2.2. Operator-controlled fusion trigger

Horizontal stacking is conditionally applied depending on the user's selection of the
“Stack Horizontally” option in the PyQt5 interface. This configuration is governed by
the boolean flag self.stack checkbox.isChecked (), Which determines whether
the concatenation procedure is executed at runtime. As shown in Listing 3.1, this

check controls the invocation of the stacking function.

if self.stack checkbox.isChecked() :
stacked frame = self.stack videos horizontally (frames)
else:

stacked frame = frames[0]

Listing 3.1. Conditional horizontal stacking based on GUI selection

By deferring the stacking decision to runtime, the framework accommodates experi-
ments that compare single-view performance against multi-view fusion without alte-

ring the code.

3.2.3. Concatenation implementation

The method stack videos_horizontally(frames) implements the fusion where
np.hstack() performs horizontal concatenation of the list of NumPy arrays in fra-
mes[17]. All arrays must share the same height (number of rows) and number of chan-
nels; the prior normalization step guarantees this requirement. The resulting composite
array has shape (H, Wi + W2 + W3, C), where H is the common frame height, W; are
the individual frame widths, and C is the number of color channels (typically three for
BGR imagery). No padding, interpolation, or pixel-level blending is applied—each

source’s pixels are preserved exactly in their original form.

3.2.4. Integration with downstream processing

Immediately after concatenation, the composite frame—referred to internally as stac-

ked_frame—is passed to subsequent stages of the pipeline. If object detection and trac-

20



king are enabled, stacked frame becomes the input to the Ultralytics YOLO v11 trac-
ker (apply_yolo()), which treats the concatenated image as a single view for detection
and ID assignment. Otherwise, stacked_frame is streamed directly to the ResultVide-
oPanel and written to disk. This uniform interface ensures that fusion imposes no ad-

ditional complexity on downstream logic.

3.2.5. Advantages and limitations

Horizontal concatenation offers an extremely simple yet effective means of integrating
multiple camera perspectives without explicit geometric alignment. It preserves the
exact appearance of each frame, allowing pretrained detectors to operate without ret-
raining or modification. Moreover, because concatenation is implemented in a single

NumPy call, it incurs minimal overhead, maintaining real-time performance.

However, this method assumes that all input frames share identical heights and com-
patible content within the concatenated image. Misalignment in vertical field of view
or inconsistent ROI definitions across streams can result in visual artifacts or mismatc-
hed context. Additionally, because the concatenated image treats all cameras as a
single wide view, tracking continuity across camera boundaries relies solely on the
underlying tracker’s ability to reconcile object appearance and motion across disparate
sub-images. No explicit camera-boundary handling or ID remapping is performed at
the stacking stage; such considerations are deferred to the detection and tracking mo-

dules described in Sections 3.3.

3.3. Detection and Tracking Framework

The detection and tracking functionality is integrated into a single inference stage
within main.py, leveraging the Ultralytics YOLO vl1 model augmented by the
ByteTrack association algorithm. At application start, the pretrained YOLO v11 net-
work is instantiated by loading the “extra-large” weight file (yolo11x.pt) through the
Ultralytics Python API. This weight file, trained on the COCO dataset, provides
out-of-the-box capability for detecting common vehicle classes without additional
fine-tuning or dataset adaptation [14].

Once the vehicle regions have been fused into a composite image—either via horizon-

tal concatenation of multiple camera ROIs or by passing a single-view frame to the

21



detection pipeline—the system invokes the combined detection and tracking call. Spe-

cifically, the track () method is employed as illustrated in Listing 3.2.

results = model.track(
frame copy,
persist=True,

conf=0.3,

iou=0.5,
tracker="bytetrack.yaml'
)

Listing 3.2. Detection and tracking with one API call.

The persist=True parameter instructs the ByteTrack algorithm to maintain object iden-
tities consistently over time. The conf argument sets a detection confidence threshold
of 0.3, below which bounding-box proposals are discarded. The iou parameter, set
to 0.5, governs the non-maximum suppression stage, thereby reducing redundant over-
lapping detections. By specifying tracker='bytetrack.yaml', the APl applies the
ByteTrack configuration parameters defined in the provided YAML file, which in-
clude settings for maximum object disappearance intervals and association cost met-
rics [15].

The results object returned by this unified call contains a list of inference records, one
per input frame. For each record, the boxes attribute exposes an array of detected ob-
jects; each entry comprises bounding-box coordinates, confidence scores, class indi-
ces, and track identifiers. Within the app1y yolo () method, the code iterates through
these entries, filtering out non-vehicle classes and low-confidence detections. Coordi-
nates are cast to integer values, and the persistent track id is extracted for use in
visual annotation. Detections corresponding to the classes “car,” “truck,” “bus,” and

“motorbike” with confidence exceeding 0.3 are retained for display.

Visual annotation of tracked vehicles is performed directly on the processed frame.
The cvzone library is utilized to draw stylized bounding boxes and to render the asso-
ciated track identifiers adjacent to each box. A small circle marking the centroid of
each bounding box is also overlaid, providing an intuitive cue for object localization.
This immediate visual feedback allows the operator to assess detection accuracy and

track continuity in real time, without interrupting the processing loop.
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By consolidating object localization and multi-object tracking into one API call and
delegating all parameter management to the Ultralytics framework and the project’s
configuration file, the system achieves both code simplicity and operational flexibility.
Researchers may modify detection thresholds or ByteTrack parameters solely by up-
dating the API call arguments or the YAML file, without altering the core application
logic. This design supports rapid experimentation with different detection and tracking
settings while maintaining a clean separation between GUI control flow and inference

routines.
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4, IMPLEMENTATION
4.1. Environment and Dependencies

The software implementation of the multi-camera vehicle tracking system was devel-
oped and tested on a Microsoft Windows 11 Home environment (Version 10.0.26100
Build 26100), leveraging Python 3.9 as the primary programming language. This
choice of operating system and interpreter ensures compatibility with the requisite li-
braries and provides a stable platform for real-time video processing. All dependencies
are managed viaa requirements. txt manifest, facilitating reproducible environment

setup through the command pip install -r requirements.txt.

Central to the user interface is PyQt5 5.15, which furnishes the Qt widget toolkit for
constructing the graphical components of the application. PyQt5 provides abstractions
for window management, layout control, and event handling, enabling the operator to
load videos, define regions of interest, and toggle processing stages without direct code
interaction. The GUI leverages classes such as oMa inwindow, QWidget, QPushButton,
and os1ider to assemble the video panels and control elements, while oTimer enables
precise scheduling of frame updates and playback events [13]. Installation of PyQt5 is
achieved through the Python Package Index viapip install PyQt5, Which automat-

ically resolves its Qt5 binary dependencies.

Video input/output and fundamental image-processing operations utilize
OpenCV 4.11, accessed in Python through the opencv-python package. OpenCV’s
videoCapture class enables synchronous reading of video streams from disk, provid-
ing access to frame dimensions, frame rate, and random-access frame seeking. During
processing, cv2.resize performs scaling of images to match panel dimensions and to
enforce uniform heights for multi-view fusion, while cv2.videowriter records pro-
cessed frames into an MP4 container for archival and review. Additional OpenCV
primitives, such as cv2.circle and low-level drawing functions, support the annota-
tion of detected objects. OpenCV is installed alongside NumPy via pip install
opencv-python numpy, ensuring that optimized array operations underpin all image
manipulations [16],[17].



The core detection and tracking functionality relies on the Ultralytics YOLO v11
framework, made available through the uitralytics Python package. YOLO v11 is
initialized by loading a pretrained weight file (yo1011x.pt) developed on the COCO
dataset, thereby granting immediate proficiency in vehicle detection without necessi-
tating further model training. The integrated ByteTrack-inspired tracker is invoked by
passing the tracker='bytetrack.yaml' argument to the model.track () method,
which applies association heuristics and Kalman-filter motion prediction to maintain
consistent object identities over time. Detection confidence (conf=0.3) and non-max-
imum suppression thresholds (iou=0.5) are specified in the same API call, streamlin-
ing inference into a single, high-level routine [15]. Installation of the Ultralytics pack-
age is performed via pip install ultralytics, Which in turn installs any required

deep-learning backends and dependencies.

For visual annotation of detected and tracked vehicles, the cvzone library (version 1.5)
is incorporated. cvzone provides convenient wrappers over OpenCV routines—spe-
cifically, cvzone.cornerrect for drawing stylized bounding boxes and
cvzone.putTextRect for embedding textual track identifiers within the image[18].
These high-level functions reduce code complexity and ensure that annotations con-
form to a consistent visual style. The library is installed via pip install cvzone,

which adds only minimal overhead to the dependency set.

Standard Python modules—including sys, os, and logging—support application
startup routines, file-path management, and diagnostic message output, respectively.
The sys module enables construction of the application’s execution environment via
QApplication (sys.argv), While os provides platform-agnostic file checks and path
manipulations. The 10gging module is configured to record debug-level information
to the console, aiding development and troubleshooting without exposing internal state

in the production interface.

Finally, the comprehensive requirements.txt file enumerates all direct dependen-
cies and their precise versions as shown in Listing 4.1, thus allowing automated, ver-
sion-controlled environment reconstruction. By standardizing on Python 3.9 and a
consistent set of well-supported open-source libraries—PyQt55.15 for GUI,
OpenCV 4.5 and NumPy 1.21 for image processing, Ultralytics YOLOv11 for

detection/tracking, and cvzone 1.5 for annotation—the implementation ensures both
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high performance in real-time operation and reproducibility across different

Windows 11 installations.

cvzone==1.5.6
hydra-core>=1.2.0
matplotlib>=3.2.2
numpy>=1.18.5
opencv-python>=4.10.0
Pillow>=7.1.2
PyYAML>=5.3.1
requests>=2.23.0
scipy>=1.4.1
torch>=1.7.0
torchvision>=0.8.1
tgdm>=4.64.0
filterpy==1.4.5
scikit-image==0.19.3
lap==0.4.0

Listing 4.1. The requirements.txt file.
4.2. Code Organization

The source code for the multi-camera vehicle tracking system is consolidated within a
single script, main.py, supplemented by two auxiliary files—default parame-
ters.txt and bytetrack.yaml—Which provide session parameter presets and
tracker configuration, respectively. Although a monolithic script might appear to con-
flict with principles of modular software engineering, the internal organization of
main.py employs clear separation of concerns through class definitions and method
decomposition. This structure facilitates readability, maintainability, and targeted ex-

tension while minimizing the complexity of inter-file dependencies.

At the outset, main.py declares global constants that define user-interface dimen-
sions—such as main result width, main source width, and main height—en-
suring a single point of adjustment for panel sizing. Following these declarations, the
script imports necessary libraries: PyQt5 modules for GUI construction and event han-
dling; OpenCV (cv2) and NumPy for video 1/O and array manipulation; the Ultralytics
YOLO v11 API for detection and tracking; and cvzone for high-level annotation util-
ities. Standard Python modules, including sys, os, and 1ogging, are also imported to
support application startup routines, file-path management, and diagnostic message

output.

The first major code block defines the croprectangle class, a subclass of gwidget
responsible for capturing and rendering user-defined ROIs. This class encapsulates all
mouse-event handling—such as press, move, and release events—to implement both

dragging and corner-handle resizing of the translucent overlay. Boundary enforcement
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logic ensures that the rectangle remains within panel confines, and accessor methods
(get_rectangle dimensions() and set rectangle dimensions()) provide a
controlled interface for reading and writing ROI parameters. By isolating ROI logic
within croprectangle, the script avoids scattering low-level event-handling code
throughout the application and enables straightforward reuse or replacement of the

ROI selection mechanism.

Next, the VideoPanel base class is defined to unify core video playback functionality.
This class initializes a orabe1 for frame display, playback controls (play, pause, stop),
a slider for frame seeking, and a timestamp label. It employs OpenCV’s videoCap-
ture to read frames and PyQt5’s orimer for scheduling frame updates, thereby de-
coupling the playback loop from the GUI’s main event thread. A circular buffer of
length two is maintained to store the most recent frames, enabling synchronous re-
trieval of frames for processing without blocking video capture. Utility methods—such
as show frame on label (), convert frame to_ time(), and
seek to timestamp ()—encapsulate image resizing, color-space conversion, and
user-provided timestamp parsing. By centralizing common playback logic, video-

Panel ensures consistent behavior across input and output panels.

Building on videoranel, the sourcevideopranel subclass integrates ROI selection
with video I/O. In its constructor, it instantiates a croprRectangle overlay on the frame
display, allowing the operator to define an ROI via direct interaction. An “Open
Video” button is also added to its control layout, invoking a file-selection dialog that
loads video files into the panel. Upon loading, metadata—such as total frame count
and frame rate—is retrieved, and the panel’s slider range and timestamp display are
updated. This subclass thus encapsulates all source-specific logic—video loading,
playback, and ROl management—within a cohesive component, enabling the control-

ler to treat each video stream uniformly.

The ResultvideoPanel subclass similarly extends videopranel but omits ROI func-
tionality. It provides pre stream(total frames), Which initializes the frame coun-
ter, slider range, and status label for the output sequence, and stream frame (frame),
which accepts processed frames, resizes them to panel dimensions, and updates the

display. By reusing the playback infrastructure of videopanel, ResultVideoPanel
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ensures a consistent user experience while focusing exclusively on the presentation of

final, annotated results.

Central orchestration occurs within the videorlayerapp class, which inherits from
OMainWindow. During initialization, videoPlayerapp constructs three sourcevideo-
Panel instances and one rResultvideoPanel, arranges them using oGridLayout and
QVBoxLayout, and creates GUI controls—including “Use Default Parameters,” check-
boxes for normalization, fusion, and detection, and the “Process Videos” button. Event
handlers are bound to controller methods such as set default parameters (), which
reads ROI and start-frame values from default parameters.txt and applies them
to each source panel, and process_videos (), which implements the main processing

loop.

The process _videos () method encapsulates sequential frame-level operations: it re-
trieves synchronized frames from each source panel’s buffer, applies normalization
(resizing and ROI cropping) when enabled, performs horizontal fusion via
stack videos horizontally () (asingle np.hstack call), and issues the unified de-
tection—tracking call to the YOLOvIl model with ByteTrack logic
(model.track(..., tracker='bytetrack.yaml')).Post-inference, itinvokes ap-
ply yolo () to annotate the composite image with bounding boxes, track identifiers,
and centroids using cvzone utilities, then streams the result to the output panel and
writes it to disk via cv2.videowriter. Helper methods—such as normalize vid-
eos () and stack videos horizontally ()—are defined within videorlayerapp to

keep process_videos () concise and readable.

Finally, the script concludes with the standard entry-point check (if  name ==
" main_":), Which instantiates oapplication, creates the videorlayerapp win-
dow, and enters the Qt event loop. The external files—default parameters.txt and
bytetrack.yaml—are parsed exclusively by controller methods, ensuring that model
and tracker configurations remain external and easily editable without modifying the

application logic.

In sum, although main.py aggregates all application code into a single file, its internal
organization—via distinct classes for ROl management, video playback, source panel
specialization, result display, and application control—achieves a modular, maintain-

able architecture. Researchers may readily identify and modify discrete functionality,
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such as swapping the detection model, adjusting tracker parameters, or extending GUI
controls, without navigating a fragmented codebase.

4.3. Key Functions and Data Flows

The primary operations within main.py are encapsulated by five core functions:
set_default_parameters(), process_videos(), normalize_videos(), stack videos_hori-
zontally(), and apply_yolo(). Each of these routines orchestrates a distinct phase of the
data flow, from configuration ingestion to final annotated output. The following sub-
sections examine each function’s purpose, inputs, outputs, and internal logic, tracing

the movement of data through the system.

4.3.1. Default parameter loading

The set_default_parameters() method shown in Listing 4.2 set previously saved re-
gion-of-interest (ROI) definitions and start-frame timestamps, enabling reproducible
experiment setup. Invoked when the operator selects the “Use Default Parameters”
control, this function opens default_parameters.txt as shown in Listing 4.3, reading

each line as a comma-separated record of the form (x, y, w, h, timestamp).

def set default parameters(self):
"""Load default cropping parameters and timestamps from file.
try:
with open('default parameters.txt', 'r') as file:
data = []
for line in file:
values = line.strip().split(',")
x1 = int(values[0])
yl = int(values([1l])
width = int (values([2])
height = int(values[3])
start _time = values[4]
data.append((x1l, yl, width, height, start time))

men

for i, panel in enumerate (self.panels):
panel.crop rectangle.set rectangle dimensions (

*datalil[:4])
panel.seek to timestamp (data[i][4])
self.status label.setText ("Default parameters applied")
except Exception as e:
self.status_label.setText (f"Error loading parameters: {str(e)}")

Listing 4.2. The set_default_parameters() method.

0,0,500,300,00:00.500
107,0,345,297,00:02.000
111,0,389,291,00:03.300

Listing 4.3. A default_parameters.txt file example.
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for each of the three source panels. The method parses each line into integer coordina-
tes (X, y, w, h) and a string timestamp. It then iterates over the three sourcevideora-
nel instances, calling their crop rectangle.set rectangle dimensions(x, vy,
w, h) methods to reposition and resize the interactive overlay. Subsequently, it invo-
kes panel.seek to timestamp (timestamp), which converts the “mm:ss.sss” for-
mat to a frame index based on the panel’s frames-per-second value and sets the play-
back slider accordingly. Finally, the status label is updated to indicate successful app-
lication. In the event of file-access or parsing errors, the method catches exceptions
and displays an error message without interrupting the application. By externalizing
ROI and timestamp parameters, this function decouples experimental configuration
from source code, allowing users to iterate over different scenarios rapidly.

4.3.2. Processing loop

The process videos () function implements the main per-frame processing loop and
serves as the central data pipeline driver as shown in Listing 4.4. Upon activation by
the “Process Videos” button, this method first retrieves the designated start frame from
each panel’s slider, then instructs each OpenCV videocCapture to seek to that frame.
It computes the remaining frame count for each capture by subtracting the start frame
from the total frame count, selecting the minimum of these values and capping it at

3000 to enforce real-time responsiveness.

Next, process_videos () validates that all three video streams are loaded; if not, it
updates the status label and aborts. It then prepares the result panel by calling re-
sult panel.pre stream(min frame count) and initializes a cv2.videoWriter
for output archival. Within a try block, the method iterates over the frame horizon. In
each iteration, it reads one frame from each videocapture into a local list. If any read

fails, the loop terminates gracefully.

The function then inspects GUI checkbox states: if normalization is enabled, it calls
normalize_videos(frames); otherwise it retains the raw frames. If horizontal stacking
IS active, it invokes stack_videos_horizontally(frames) to produce a single composite
image; if not, it selects the first frame in the list for further processing. When object
detection and tracking are requested, it calls apply_yolo(stacked_frame) to receive an
annotated frame; if not, it uses the unmodified composite. The resulting frame is stre-

amed to the result panel via result_panel.stream_frame(frame) and appended to the
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output video file using out.write(frame). After writing, the method processes pending
GUI events with QApplication.processEvents() to maintain interface responsiveness.
Upon loop exit—due to frame exhaustion, user interruption, or error—the method fi-
nalizes the video writer, attempts to reload the output file into the result panel for pre-
view, and updates the status label with the final frame count. Exception handling thro-
ughout ensures that errors in any stage do not crash the application but instead produce

informative console messages and status updates.

def process videos(self):
"""process the videos with selected options and create result

video. """

# 1) Collect start frames, compute output dimensions
start frames = [panel.slider.value() for panel in self.panels]
#...
# 2) Open and synchronize captures
for panel in self.panels:
panel.cap.set (cv2.CAP_PROP_POS FRAMES, start frames[i])
#...
# 3) Frame-processing loop (normalize, stack, detect, write)
for  in range (max frames):
frames = [cap.read()[l] for cap in caps]
if self.normalize checkbox.isChecked() :
frames = self.normalize videos (frames)
if self.stack checkbox.isChecked() :
stacked = self.stack videos horizontally (frames)
else:
stacked = frames[0]
if self.yolo checkbox.isChecked() :
stacked = self.apply yolo (stacked)
out.write(cv2.resize (stacked, output size))
#...
# 4) Finalize and preview result
out.release ()
self.result panel.cap = cv2.VideoCapture ("result video.mp4")

Listing 4.4. Core implementation of process_videos() method.
4.3.3. Normalization of frames

The normalize videos () helper function standardizes input frames’ dimensions and
content focus by applying ROI cropping and uniform resizing, Listing 4.5 illlustrates
that the method receives a list of raw or previously resized frames and iterates over
them in parallel with the three SourceVideoPanel instances. For each panel—frame pair,
the function retrieves the panel’s ROI coordinates via panel.crop rec-
tangle.get rectangle dimensions (). It then performs two resizing operations:
first, it scales the raw frame to the panel’s display resolution
(main_source width x main_height) to align with the interactive overlay; second, it

crops the resized image to the ROI subregion and rescales this sub-image to match the
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result panel’s height (calculated dynamically based on the smallest ROl among
panels). These operations utilize cv2.resize for efficient interpolation and slicing for
cropping, preserving the aspect ratio in each step. The normalized frames are collected
into a new list, which is returned to the caller. Any exceptions—such as invalid ROI
dimensions or empty frames—are caught and logged, and the corresponding frame is
omitted from the output, ensuring robustness. This normalization stage mitigates scale

disparities across camera views, facilitating coherent multi-view fusion.

def normalize videos(self, frames):
"""Normalize the videos by cropping to the specified

regions. """

result frames = []
for i, panel in enumerate(self.panels):
if i >= len(frames):

continue
frame = frames[i]
if frame is None or frame.size ==
continue
try:
frames[i] = cv2.resize(frames[i], (main source width,
main height))
frames[i] = cv2.resize(frames[i] [panel.y:panel.y +

panel.height,
panel.x:panel.x +

panel.width],
(panel.width,

self.result panel.height))
result frames.append(frames[i])
except Exception as e:
print (f"Error normalizing frame: {str(e)}")
return result frames

Listing 4.5. The normalize_videos() method.
4.3.4. Multi-view fusion

Horizontal concatenation of multiple camera views is implemented in the stack vi-
deos horizontally () function. As can be seen in Listing 4.6, this method accepts a
list of three frames—normalized or raw—and returns a single composite image by
invoking np.hstack(frames). The underlying NumPy operation allocates a contiguous
output array of shape (H, W1 + W2+ W3, C), where H is the common frame height and
Wi are individual frame widths. This array copy incurs minimal overhead relative to
detection inference and preserves each input frame’s pixel values without blending or

filtering. The function assumes that all frames share the same height and number of
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channels; mismatches would result in a runtime exception. Consequently, stack vi-
deos _horizontally () relies on prior normalization to guarantee height consistency.
By merging multiple perspectives side by side, this fusion approach enables unified
detection and tracking without geometric calibration, simplifying downstream proces-

sing.

def stack videos horizontally(self, frames):
return np.hstack (frames)

Listing 4.6. The stack _videos_horizontally() method.
4.3.5. Detection and tracking

The apply volo() function encapsulates object detection and multi-object tracking
in a single call to the Ultralytics API. It accepts a composite or single-view frame,
creates a deep copy to preserve the source image, and invokes the illustrated code in

Listing 3.3 of the system design and architecture chapter.

As shown in Listing 4.7, the track method performs internal preprocessing (such as
letterboxing), YOLO v11 inference, and ByteTrack data association based on the con-
figuration file bytetrack.yaml. The returned results list contains detection records for
each input image; for a single frame, relevant data reside in results[0].boxes. Each box
provides bounding-box coordinates (.xyxy), confidence scores (.conf), class indices
(.cls), and persistent track 1Ds (.id). The function iterates over these boxes, filters by
class (restricting to vehicles) and confidence (> 0.3), casts coordinate and ID values to
integers, and calls cvzone.cornerRect(), cvzone.putTextRect(), and
cv2.circle () to annotate the frame with bounding boxes, textual IDs, and centroids.
Any exceptions during annotation—such as missing .id attributes—are caught and log-
ged to maintain processing continuity. The annotated frame is returned to the caller,

which then streams and archives it.
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def apply yolo(self, frame):
"""Apply YOLO object detection to the frame and count objects

using the embedded tracker."""

# 1) Early exit on empty frame
if frame is None or frame.size == 0:

return frame

# 2) Run YOLO tracker
results = self.model.track (frame.copy(),
persist=True, conf=0.3, iou=0.5,

tracker="'bytetrack.yaml')

# 3) Filter and annotate detections

for box in results[0].boxes:

cls = int(box.cls[0]); conf = float (box.conf[0])
if cls name[cls] in ["car","truck","bus","motorbike"] and
conf>0.3:

x1,y1l,x2,y2 = map(int, box.xyxy[0])
id = int(box.id[0]) if hasattr(box, 'id') else None

draw _box and id(frame, x1,yl,x2,y2, id )

return frame

Listing 4.7. Core implementation of apply_yolo() method.
4.3.6. Comprehensive data flow

In summary, data flow within main.py proceeds as follows. User actions in the GUI
(button clicks and checkbox toggles) set controller flags and may populate source pa-
nel states via set default parameters ().Upon processing start, process vi-
deos () orchestrates frame retrieval from sourcevideoranel buffers, conditional nor-
malization through normalize videos(), fusion via stack videos horizon-
tally (), and, if enabled, detection and tracking via apply volo () . Annotated frames
then flow into the resultvideoranel for display and into a cv2.videowriter for
persistent storage. Helper methods and exception handling at each stage ensure that
the pipeline remains robust, maintainable, and transparent to the operator. This modu-
lar decomposition of key functions and their data exchanges underpins the system’s
flexibility and facilitates targeted extension or experimentation with alternative prep-

rocessing, fusion, or inference strategies.
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5. EXPERIMENT SETUP
5.1. Video Sources And Layouts

The experimental evaluation employed three Logitech C920 PRO webcams [19]
mounted along the northern edge of the Serdivan AVM roof, each connected to a ded-
icated laptop to record overlapping, north-facing views of two adjacent roadway seg-
ments—Street A and Street B—for approximately five minutes at 30 frames per sec-
ond and 1280 x 720 resolution. The cameras were arranged at roughly 50 m intervals,
all oriented due north to ensure that every vehicle traversing the study area appeared
in each of the three video streams. The resulting configuration, including camera po-

sitions, viewing directions, and key roadway features, is illustrated in Figure 5.1.
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Figure 5.1. Camera layout and scene geometry in the experimental setup.

Street A comprised a two-lane arterial extending east—west directly in front of the mall
and was recorded under evening twilight illumination. Camera 1’s field of view en-
compassed the western approach to a partially visible roundabout, creating intermittent
occlusions and complex motion trajectories as vehicles negotiated the curve. Camera 2

captured the central portion of Street A, where the primary Serdivan AVM parking-lot



entrance introduced frequent vehicle decelerations and turns that periodically obscured
adjacent traffic flow.

Immediately north of Street A lay Street B, a parallel service road recorded concur-
rently under the same lighting conditions. In Camera 1’s view, Street B featured a
right-branching side street between an IMK storefront and a residential block, gener-
ating additional turning movements against a retail backdrop. Camera 3’s view fo-
cused on the intersection adjacent to the MusicArt restaurant, where vehicles entered
and exited the main carriageway amid parked cars and outdoor dining areas—thereby
presenting varied motion patterns and background clutter that posed considerable chal-
lenges to both the detection and tracking modules.

Within the graphical interface, the three source video panels were arranged horizon-
tally (each 500 x 300 pixels), with translucent overlays allowing the operator to define
rectangular regions of interest (ROIs) that encompassed the overlapping roadway seg-
ments visible in all views. ROIs were aligned such that virtual stacking boundaries
corresponded to the physical adjacency of the cameras. The result panel, positioned
beneath the source panels and sized identically (500 x 300 pixels), displayed the hori-
zontally concatenated composite image along with real-time detection and tracking
overlays. This layout permitted simultaneous inspection of individual camera feeds,
ROI alignment, and fused outputs, providing a rigorous testbed for multi-camera ve-

hicle tracking under varied structural and illumination conditions.

5.2. Evaluation Metrics

The primary performance measure for the multi-camera vehicle tracking system is an
accuracy metric that directly assesses the preservation of object identities as vehicles
cross the virtual fusion boundary between camera fields. This metric is defined by two
manual counts, obtained by visual inspection of successive frames in the processing
pipeline. The first count, denoted GT (ground truth), is the number of distinct vehicles
visible in the last frame of the source panel immediately before the horizontal concat-
enation line. The second count, TP (true positive tracked vehicles), is the number of
those same vehicles correctly maintained—that is, assigned consistent track identifi-
ers—in the first frame of the result panel immediately after fusion. Accuracy A is then
expressed as illustrated in equation 5.1.
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(5.1)

a="P 0 100w
T GT 0

This definition ensures that only vehicles detected before the fusion boundary and suc-
cessfully re-identified after concatenation contribute to TP. Vehicles missed in the
post-fusion frame—whether through detection failure or identity mismatch—do not
increase the numerator, thus reducing accuracy. Conversely, every correctly preserved
identity contributes positively, offering a direct measure of end-to-end system effec-

tiveness in maintaining continuity across camera views.

The placement of the counts relative to the fusion line is critical. By locating GT im-
mediately upstream of the concatenation boundary—in the final source-panel frame—
the metric captures the system’s baseline detection and tracking performance within a
single camera’s ROI. The subsequent count, TP, taken immediately downstream in the
composite output, measures the incremental effect of horizontal stacking and
multi-view processing on tracking continuity. Because the counting procedure is iden-
tical in both positions—requiring the operator to visually match vehicle instances and
verify track identifiers—the metric isolates the specific impact of the fusion operation,

independent of any differences in detection performance between cameras.

This accuracy metric offers several advantages for the experimental context. First, it
combines detection and tracking into one unified measure, reflecting the system’s
real-world objective of preserving vehicle identities as they move through adjacent
fields of view. Second, by relying on manual counts around the fusion boundary, it
avoids the need for exhaustive frame-by-frame ground-truth annotation across entire
video sequences, thereby reducing the burden on the operator while still providing
reliable quantitative assessment. Third, because the metric is based on pairs of frames
immediately before and after fusion, it focuses exclusively on the critical juncture
where identity continuity is most vulnerable, offering targeted insight into the efficacy

of the multi-view integration.

All accuracy values obtained using this metric—across various ROI selections, envi-
ronmental conditions, and camera configurations—are presented in Chapter 6. The
definition and procedure established here ensure that those results are directly compa-

rable and attributable to the system’s handling of the virtual concatenation process.
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5.3. Execution Procedure

The experimental evaluation was conducted entirely through the VideoPlayerApp
graphical interface, ensuring that all trials adhered to a consistent user workflow. Three
prerecorded Logitech C920 PRO video streams—each containing overlapping views
of Street A and Street B—were processed in two phases corresponding to the indivi-
dual roadway segments. ByteTrack hyperparameters remained constant throughout
(Table 5.1), while ROI and timestamp presets were applied separately for each street
(Tables 5.2 and 5.3). The procedure comprised four steps: application launch, video

and parameter loading, processing configuration, and manual evaluation.

5.3.1. Application launch

The operator initiated the evaluation by executing main.py in the Windows 11, Pyt-
hon 3.9 environment. The application window appeared with three empty source-video
panels arranged horizontally and an inactive result-video panel below. All processing
controls—Use Default Parameters, Normalize Videos, Stack Horizontally,
Apply YOLO, and Process Videos—were visible and reset to their default, unchec-
ked states. In the background, the YOLO v11 model and ByteTrack tracker were loa-

ded using the configuration in Table 5.1.

Table 5.1. ByteTrack configuration parameters.

Parameter Value Parameter Value Parameter Value
tracker_type bytetrack new track trech  0.68 fuse_score True
track_high_thresh 0.3  track _buffer 100 Min_box_area 10
track_low_thresh 0.2  match_thresh 0.9 frame_rate 30

5.3.2. Video and parameter loading

For each source panel, the operator clicked the Open Video button and selected the
appropriate Logitech C920 PRO file. Upon loading, the first frame appeared immedi-
ately. The Use Default Parameters button was then pressed to apply preset ROIs and
start-frame timestamps. In the first phase (Street A), the presets in Table 5.2 were lo-

aded; in the second phase (Street B), those in Table 5.3 were applied. The translucent
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CropRectangle overlays repositioned and resized automatically according to the (x, vy,
width, height) entries, and the playback sliders advanced to the specified timestamps.
The operator confirmed that each overlay accurately encompassed the intended

roadway segment and adjusted it manually if necessary.

Table 5.2. Street A default parameters.

Panel x 'y Width Height Start Timestamp

1 0 O 500 300 00:00.500
2 107 O 345 297 00:02.000
3 111 0 389 291 00:03.300

Table 5.3. Street B default parameters.

Panel x y  Width Height  Start Timestamp

1 0 O 500 300 00:03.000
2 107 O 272 297 00:01.500
3 36 0 500 291 00:00.500

5.3.3. Processing configuration

With ROIs and timestamps applied, the operator enabled Normalize Videos, Stack
Horizontally, and Apply YOLO. These selections instructed the system to perform
ROI-based cropping and resizing, to concatenate the three normalized views into a
single composite image, and to execute the YOLO v11 detection with ByteTrack trac-
king in one step. The operator then clicked Process Videos, prompting the application
to synchronize all streams to their start frames, determine the processing horizon, and
activate the result-video panel. Processed frames—annotated with bounding boxes and
persistent track identifiers—were displayed in real time and recorded to disk using
OpenCV’s video writer. Figure 5.2 illustrates the pipeline configurations through the
PyQt5 GUI.
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Figure 5.2. The multi-camera video processing tool GUI.

5.3.4. Manual evaluation

Upon completion of each processing run, the operator conducted the manual evalua-
tion. In the source panel corresponding to the final frame before fusion, the operator
counted the number of distinct vehicles that had entered the ROI (GT). In the result
panel displaying the first post-fusion frame, the operator counted those same vehicles
that retained consistent track identifiers (TP). These counts furnished the data neces-
sary for computing the accuracy metric defined in Section 5.2. By repeating this pro-
cedure for both Street A and Street B—while maintaining a fixed ByteTrack configu-
ration and applying scenario-specific ROI presets—the experiments yielded directly
comparable measurements of the system’s ability to preserve identity continuity across

adjacent camera views.
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6. RESULTS AND ANALYSIS
6.1. Quantitative Outcomes

The identity-preservation performance of the proposed multi-camera tracking system
was evaluated in two experimental trials, each employing a fixed ByteTrack configu-
ration (Table 5.1) and distinct ROl and timestamp presets optimized respectively for
Street A (Trial 1) and Street B (Trial 2). The results of both trials are illustrated in
Table 6.1. Accuracy values, computed according to the definition in Section 5.2, qu-
antify the proportion of vehicles whose persistent identifiers remained consistent ac-
ross the virtual fusion boundaries. These boundaries are denoted “1” (between Came-
ras 1 and 2), “2” (between Cameras 2 and 3), and “1 and 2” for sequential traversal of
both.

Table 6.1. Results of optimized configurations in trials 1 and 2 for streets A and B.

Street Fusion Boundary GT TP  Accuracy (%)

1 19 14 73.7

A 2 20 14 70.0
1 and 2 18 12 66.7

1 32 26 81.3

B 2 34 23 67.6
1 and 2 31 23 74.2

Under Street A-tuned parameters, the arterial segment demonstrated moderate identity
continuity: accuracies of 73.7 % and 70.0 % at the first and second boundaries, respec-

tively, declined to 66.7 % when both boundaries were crossed.



When configured for the service road, the pipeline achieved high identity preservation

on Street B, with accuracies up to 81.3 % at the first fusion boundary and 74.2 % across
both.

A comparative examination of the two trials reveals three key insights. First, sin-
gle-boundary fusion consistently outperforms dual-boundary fusion, affirming that
each additional concatenation step compounds the risk of detection or association er-
rors. Second, optimal ROI and timing parameters are highly segment-specific: config-
urations affording moderate success on one roadway may precipitate total failure on
an adjacent, overlapping roadway. Third, environmental and geometric factors—such
as illumination, viewing distance, and background complexity—interact critically with

fixed detection and tracking parameters to determine overall system efficacy.

These quantitative outcomes furnish a solid empirical foundation for the qualitative
observations and error-mode analyses presented in Sections 6.2 and 6.3, respectively.
By isolating the impact of fusion operations and scene characteristics through con-
trolled parameter variation, the study delineates the operational limits and potential

avenues for enhancing multi-camera vehicle tracking robustness.

6.2. Qualitative Observations

The qualitative assessment concentrates on the system’s capacity to maintain con-
sistent track identifiers at the precise moment vehicles traverse the virtual fusion
boundaries. In accordance with the evaluation protocol established in Section 5.2, only
those vehicles that retained the same identifier in the first post-fusion frame were
deemed successfully tracked; any subsequent identifier changes beyond that immedi-

ate frame did not affect the inclusion of that instance in the accuracy computation.

In the Street A trial, the primary fusion boundary between Cameras 1 and 2 abutted the
entrance to the Serdivan AVM parking lot, which lay outside Camera 2’s field of view.
One observed vehicle disappeared from Camera 1°s frame as it entered the lot and
failed to reappear in Camera 2, an event that was duly excluded from the identity-pre-
servation counts. More frequently, brief occlusions caused by a small service building
in Camera 2’s view did not disrupt tracking continuity: in most cases, vehicles that
were partially obscured nonetheless produced valid bounding-box detections at the

boundary, enabling ByteTrack’s motion-based association to preserve their identifiers.
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This resilience under moderate occlusion suggests that the tracker’s combination of
appearance and Kalman-filter predictions effectively bridges transient visual gaps

when the fusion-boundary frame still contains sufficient object information.

Conversely, Street B’s static background clutter—comprising parked vehicles along
the separator barrier and intermittent foliage—produced substantial detector noise un-
der the Street A—optimized configuration. During Trial 1, these spurious detections
overwhelmed the association process at both fusion boundaries, resulting in zero rec-
orded tracks despite the presence of moving vehicles. When the ROI and timestamp
parameters were re-tuned for Street B (Trial 2), the uninterrupted linear motion of ser-
vice-road traffic enabled the tracker’s motion model to distinguish bona fide vehicles
from static artifacts. As a result, a majority of vehicles were correctly re-identified at
the first fusion boundary, yielding accuracies exceeding 80 %. Crucially, once a vehi-
cle’s identifier persisted in the immediate post-fusion frame, that instance was counted
as successfully tracked regardless of any later identifier reassignment caused by back-

ground interference.

A consistent shortcoming across both scenarios was the complete failure to detect or
track motorbikes. Despite repeated appearances in all camera views, no two-wheeled
vehicles were registered by the YOLO v11 detector under the dusk lighting conditions
and chosen resolution. Their systematic omission from the post-fusion counts high-
lights the necessity for model fine-tuning or higher-resolution imaging when tracking

smaller object classes in urban environments.

Additional qualitative insights emerged from analysis of infrastructure-induced occlu-
sions in Camera 3’s Street A view, where a bus station and adjacent trees intermittently
masked portions of larger vehicles. When the fusion-boundary frame captured a suffi-
ciently intact silhouette, ByteTrack successfully maintained the prior identifier; how-
ever, heavily truncated detections occasionally failed to register, leading to identity
loss at that boundary. Similarly, the interplay of low-angle dusk illumination and road-
side vegetation introduced localized shadowing that degraded detection confidence in
peripheral regions. Nonetheless, because only the immediate post-fusion frame deter-
mined tracking success, transient jitter or missed detections outside that frame did not

penalize the accuracy metric.
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Collectively, these qualitative observations affirm that the proposed pipeline can
achieve robust identity preservation at the critical fusion juncture when ROIls and tem-
poral offsets are appropriately configured. They also underscore the importance of ad-
dressing object-scale limitations, enhancing occlusion resilience at fusion seams, and
mitigating background clutter—considerations that will inform the error-mode analy-

sis and proposed improvements in subsequent sections.

6.3. Error Analysis

This section examines the principal failure modes observed during the experimental
trials, with the objective of elucidating the underlying causes of identity-preservation
breakdowns and guiding future improvements. Error analysis is structured around
three principal categories: detection omissions, class-specific failures, and parameter

misalignment effects.

6.3.1. Detection omissions

Dusk illumination engendered uneven scene brightness and reduced contrast between
vehicle bodies and road surfaces. Under the fixed detector settings (confidence thres-
hold = 0.3, minimum bounding-box area = 10 pixels), YOLO v11 intermittently failed
to register vehicles that appeared only as dim or shadowed shapes at the moment of
fusion. In such instances, the absence of a valid detection in the boundary frame ren-
dered identity preservation impossible, regardless of subsequent visibility. These false
negatives accounted for a substantial fraction of missed tracks in both trials, particu-

larly in peripheral regions affected by tree-cast shadows and vehicle reflections.

6.3.2. Class-specific failures

Motorbikes constituted a conspicuous failure mode: across all three camera feeds and
two parameterizations, no motorbike instances were successfully detected or tracked
at any fusion boundary. This systematic omission indicates that the pretrained
YOLO v11 weights, trained on COCO classes, lack sufficient representation for small
two-wheeled vehicles under the given resolution (1500 x 300) and dusk lighting. Mo-
torbikes frequently appeared as narrow, low-contrast silhouettes that fell below both
the detection confidence threshold and the minimum bounding-box area filter

(min_box_area = 10). The absence of motorbike detections not only reduced overall
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coverage of vehicle types but also highlights the necessity for class-specific fine-tu-
ning or dedicated re-identification modules when comprehensive traffic analysis is

required.

6.3.3. Parameter misalignment effects

The stark contrast in performance between the Street A and Street B—optimized confi-
gurations demonstrates the extreme sensitivity of the fusion pipeline to ROI placement
and temporal synchronization. In Trial 1, ROI windows tuned for the arterial segment
inadvertently excluded portions of the service-road vehicles’ entry trajectories, while
in Trial 2, the reverse misalignment occurred. These misalignments led to truncated
vehicle crops at the boundary frame, causing detection failures even for larger vehic-
les. Moreover, slight discrepancies in start-frame timestamps—on the order of a few
hundred milliseconds—resulted in vehicles being captured at inconsistent positions
relative to the fusion seam, further increasing the likelihood of identity discontinuities.
Thus, precise calibration of both spatial and temporal parameters is essential for robust
multi-camera tracking, and small deviations can produce catastrophic identity loss, as

evidenced by the zero-accuracy outcomes on the non-optimized segment in each trial.

6.3.4. Summary of error modes

In aggregate, the error analysis reveals that the primary impediments to reliable iden-
tity preservation are (1) missed detections under low-contrast or partial-occlusion con-
ditions; (2) failure to detect smaller vehicle classes such as motorbikes; and (3) sensi-
tivity to spatial and temporal alignment of ROI and start frames. Addressing these
challenges will require a combination of model fine-tuning (to improve detection re-
call), class-targeted augmentation (to include small vehicles), and adaptive ROI/times-

tamp calibration (to ensure precise boundary alignment).
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7. CONCLUSION AND RECOMMENDATIONS
7.1. Concluding Remarks

This thesis addressed the challenge of achieving efficient and robust multi-camera ve-
hicle tracking without reliance on geometric calibration or inter-camera re-identifica-
tion. Traditional fusion strategies—whether sensor-level, feature-level, or deci-
sion-level—often require high computational resources, complex calibration pipelines,
or substantial training data to resolve inter-view ambiguities. In contrast, the proposed
Virtual Context stacking approach offers a streamlined, calibration-free solution by
horizontally concatenating normalized ROI crops from multiple camera views into a
single composite frame, enabling one-shot detection and tracking via YOLO v11 and
ByteTrack.

The system was implemented as a modular application using PyQt5 for operator inter-
action and OpenCV for image handling. It demonstrated the capability to sustain
real-time processing while preserving object identities across adjacent and overlapping
views. Experimental evaluation on a three-camera Logitech C920 setup revealed high
identity preservation rates, with up to 81% cross-view continuity, despite variations in
perspective and lighting.

Overall, the findings confirm that Virtual Context stacking constitutes a viable alter-
native to conventional multi-camera fusion pipelines, offering reduced deployment
complexity, minimized latency, and enhanced scalability. It provides a strong founda-
tion for real-time intelligent transportation systems, particularly in edge-constrained

environments where efficiency and simplicity are paramount.

7.2. Limitations

While the proposed Virtual Context stacking framework offers a simplified and effi-
cient approach to multi-camera vehicle tracking, several limitations constrain its gen-
eralizability and performance in certain scenarios. First, the concatenation-based fu-
sion assumes fixed camera configurations with consistent resolution and static ROIs.

As such, it is not inherently robust to dynamic camera orientations, zoom variations,



or significant changes in camera positioning, all of which may require manual redefini-

tion of ROI coordinates and re-normalization.

Second, despite avoiding explicit geometric calibration and re-identification modules,
the method lacks semantic understanding of spatial relationships across views. Unlike
homography- or 3D-aware systems that leverage scene geometry to resolve occlusions
and trajectory continuity, Virtual Context operates purely on the composite frame,
making it susceptible to identity switches in heavily occluded or highly overlapping

zones—particularly when vehicles appear simultaneously in adjacent ROIs.

Moreover, while the use of YOLO v11 and ByteTrack ensures real-time inference, the
unified composite frame may introduce non-uniform object scale and aspect distor-
tions across stitched regions, potentially degrading detection and tracking accuracy.
These artifacts become more pronounced with heterogeneous cameras or wide dispar-
ities in field of view. Addressing such limitations will require more adaptive ROl man-
agement and potentially hybrid fusion schemes.

7.3. Future Work

Building upon the foundation of the Virtual Context stacking approach, several prom-
ising directions for future research may enhance the scalability, robustness, and adapt-
ability of the proposed system in broader deployment scenarios. One key extension
involves automated ROI adaptation. The current framework depends on manually
defined and fixed ROI configurations, which limit responsiveness to changes in cam-
era layout or scene dynamics. Integrating an adaptive ROI proposal mechanism based
on scene understanding or motion saliency could enable dynamic region selection,
thereby improving flexibility and minimizing manual intervention during re-deploy-

ment or environmental changes.

Another avenue for improvement is the integration of temporal attention mecha-
nisms into the tracking pipeline. While ByteTrack effectively handles low-confidence
detections, it does not explicitly model long-term temporal dependencies. Augmenting
the tracker with a temporal attention module or a memory-augmented recurrent net-
work could improve track continuity, particularly under extended occlusion or reap-

pearance after viewpoint transitions.
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In addition, semantic-aware fusion strategies may be introduced to complement Vir-
tual Context stacking. For example, using weak geometric priors or learned spatial
embeddings could enrich the composite frame with structural context, helping the sys-
tem differentiate between similar vehicles and better resolve inter-view ambiguities in
overlapping regions. This hybridization could balance the benefits of calibration-free
deployment with selective use of lightweight spatial cues.

Furthermore, scaling to heterogeneous camera networks—with varying resolutions,
orientations, and frame rates—remains a challenge. Future systems should incorporate
view normalization modules or cross-domain adaptation techniques to harmonize fea-
ture representations across disparate inputs, ensuring reliable fusion without sacrific-

ing efficiency.

Finally, efforts should also focus on benchmarking the proposed method on pub-
licly available multi-camera vehicle tracking datasets with annotated cross-view
identities. This would enable standardized evaluation, facilitate comparison with state-
of-the-art approaches, and drive further refinements of the framework based on di-
verse, real-world conditions. Through these extensions, the Virtual Context paradigm
could evolve into a more versatile and robust solution suitable for a wide range of

intelligent transportation system deployments.

7.4. Closing Statement

The Virtual Context stacking framework proposed in this thesis presents a pragmatic
and effective solution to the enduring challenge of multi-camera vehicle tracking. By
circumventing the need for explicit geometric calibration and computationally expen-
sive re-identification processes, the method offers a streamlined alternative capable of
maintaining object identity across disjoint camera views. The integration of normal-
ized ROI cropping, horizontal concatenation, and unified YOLO v11 + ByteTrack in-
ference allows for end-to-end vehicle detection and tracking within a single compo-
sited frame, significantly reducing system complexity and ensuring real-time perfor-

mance.

Empirical results from a three-camera deployment demonstrated the method’s capacity
to preserve identity continuity while minimizing latency, even in scenarios with adja-

cent and partially overlapping fields of view. Although certain limitations remain—
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such as sensitivity to ROl misalignment and identity switching under dense occlu-
sion—the overall approach proves well-suited for scalable, edge-based deployments

in intelligent transportation systems.

In conclusion, Virtual Context stacking provides a valuable contribution to the field of
real-time traffic monitoring and lays the groundwork for further advances in calibra-
tion-free multi-camera fusion strategies. Its simplicity, efficiency, and empirical via-
bility position it as a compelling candidate for future ITS applications requiring both

accuracy and deployability.
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APPENDICES

APPENDIX A. Source Code Repository
A.1 Virtual Context-Based Multi-Camera Vehicle Tracking Software

Description: This repository contains the full source code for the real-time multi-cam-
era vehicle tracking system based on Virtual Context Stacking. Virtual Context-Ba-
sed Multi-Camera Vehicle Tracking Software is a PyQt5-based desktop application
designed for synchronized processing of up to three video sources. It offers interactive
ROI selection, video navigation controls, and a modular processing pipeline that inc-
ludes frame normalization, horizontal stacking, and YOLO-based object detection
with ByteTrack tracking. Processed outputs are previewed in real time and exported

to a video file.

Repository URL.: https://github.com/wael-kabouk/virtual _context
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