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ABSTRACT

In this paper, we propose a camera-based unified framework for
automated traffic analysis in unstructured environments. The pro-
posed framework utilizes computer vision and deep learning-based
algorithms on the camera feed of an infrastructure camera observ-
ing a traffic scene. Detection and tracking of vehicles infer infor-
mation regarding their spatial position over time. This information
is further utilized to perform crucial tasks such as class-wise and
direction-wise vehicle detection and counting, traffic density and
volume estimation, and the detection of wrongly parked vehicles
as well as wrong-side driving. The experimentation leverages an
real-world traffic dataset of an unstructured driving environment to
show the efficacy of the proposed system. The insights derived from
this framework are vital for understanding complex traffic patterns,
enabling informed optimization of traffic management strategies,
and ultimately enhancing road safety in challenging, real-world
conditions.
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1. INTRODUCTION

The acceleration of urbanization and the rapid growth of ur-
ban population places immense pressure on urban traffic man-
agement systems worldwide, especially in low-to-middle income
countries(LMIC). This rapid urbanization has sharply increased the
number of vehicles on the road, resulting in a highly heterogeneous
mix including two-wheelers, cars, trucks, bus and non-standard ve-
hicles such as vendor carts and auto-rickshaws. In LMICs, this ve-
hicle diversity has led to unpredictable and erratic traffic behavior,
increasing the risk of road accidents. Adding to this complexity,
unstructured traffic environments present additional challenges due
to the absence of lane discipline and the ubiquitous presence of
anomalies, pedestrians, animals, etc. on the road. Parking remains
a major concern, as roadside parking is a widespread practice that
obstructs the drivable area. Static vehicles parked along the road
force moving vehicles to brake suddenly or change lanes, increas-
ing the risk of accidents and hindering overall traffic flow. Road
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users like pedestrians and cyclists become highly vulnerable when
they are compelled to walk on the roadway because of encroached
sidewalks or obstructed road edges, as shown in Figure[T]

Fig. 1: Traffic congestion caused by static vehicles wrongly parked on both
sides of the road [29].

To effectively address these multifaceted challenges, Intelligent
Transportation System (ITS) has become an indispensable part of
smart city initiatives. It aims to enhance transportation safety, effi-
ciency, and sustainability through real-time data and actionable in-
sights for drivers, operators, and planners, thereby fostering adap-
tive and responsive urban mobility. A foundational component of
any effective ITS is traffic analysis, which involves the systematic
collection, processing, and interpretation of data related to vehic-
ular traffic movement. However, the traditional reliance on man-
ual observation for traffic analysis is increasingly unsustainable.
It is difficult to provide objective, uninterrupted data across vast
and complex traffic scenes through manual observations, making
it impossible to capture the dynamic, real-time nuances of vehicle
behavior and flow comprehensively. Consequently, camera-based
automated traffic analysis has emerged as a critical requirement for
effective traffic management. These advanced systems overcome
manual shortcomings by offering continuous, objective data collec-
tion, processing and analysis at large scale. The accurate, real-time
insights generated by these automated frameworks are indispens-
able: they can dynamically guide infrastructure planning, enable
highly responsive adaptive traffic control systems to optimize flow
and reduce congestion, and robustly support enforcement mecha-
nisms by precisely identifying violations, all of which are essential
for creating safer, more efficient, and more sustainable urban mo-
bility.



In this paper, we present a unified traffic analysis framework that
takes as input a continuous video stream of the traffic from an in-
frastructure camera, detects and tracks the vehicles does the au-
tomated analyses for multiple sub-tasks and finally, outputs these
for a holistic analysis of the area under observation. The insights
derived from this analysis are crucial for optimizing traffic signal
timings, designing safer road infrastructure and enhancing overall
transportation system efficiency and reliability. Traffic analysis is
foundational to numerous real-world applications; for instance, it
enhances road safety by discovering accident hotspots, optimizes
infrastructure use through dynamic lane control, and aids urban
planning by predicting growth. This analysis also significantly im-
proves emergency response and commercial logistics via efficient
routing.

The unique characteristics of unstructured traffic pose significant
challenges that generic traffic analysis solutions often fail to ad-
dress. These environments, with their diverse mix of variety of ve-
hicles and unpredictable behaviors, demand locality-specific solu-
tions that are adaptable and cost-effective. The inherent ubiquity
and relatively low cost of camera-based surveillance infrastruc-
ture make it an ideal foundation for developing specialized traf-
fic analysis frameworks that can provide the necessary granular in-
sights without requiring prohibitive investments in new, expensive
sensing technologies. This further motivates the need for robust,
vision-based solutions capable of accurately interpreting complex,
unstructured traffic scenes. However, camera based methods face
various challenges based on camera placement, occlusion, perspec-
tive distortion, diverse weather conditions such as fog, rain, snow,
illumination variation, time of day, as well as lack of depth infor-
mation in uncalibrated cameras. Unstructured traffic brings its own
challenges for automated analysis since lane based driving is ab-
sent, and the driving rules are not strictly followed leading to wrong
direction driving and parking of vehicles on roadsides.

Traffic analysis in such unstructured environments, involves several
key components that help in understanding the flow and behavior
of vehicles. It is therefore, important that the traffic management
system not only measures the traffic volume and density to under-
stand the possible congestion, but also it is important to find which
vehicles are static, which are dynamic and the number of vehicles
moving in the wrong direction. Traffic volume is the total num-
ber of vehicles passing a specific point or section of a road within
a defined time interval and reflects overall vehicular flow. On the
other hand, traffic density is the number of vehicles occupying a
unit length of road at a given time and therefore, it helps assess
how closely spaced vehicles are on the road. Therefore, both vol-
ume and density influence the traffic situation on a road and conges-
tion arises when traffic demand exceeds roadway capacity, leading
to slower speeds, increased delays, and unstable flow. It is there-
fore, important to estimate both the density and volume of traffic to
analyze the causes of congestion and take appropriate measures to
avoid congestion.

The proposed framework leverages static infrastructure-mounted
cameras to continuously capture real-world traffic scenes. Vehicle
detection and tracking serve as the foundational steps for extracting
precise spatial and temporal movement patterns of vehicles. Based
on these fundamental observations, the proposed framework per-
forms the following crucial tasks: (a) class-wise and direction-wise
detection and counting of vehicles, (b) estimation of traffic density
and volume, (c) detection of static vehicles that are wrongly parked
on the roadside, and (d) etection of vehicles moving in the wrong
direction
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2. RELATED WORK

The continuous improvements in camera sensors, hardware ac-
celeration, and artificial intelligence techniques have significantly
transformed traffic related task such as vehicle detection, tracking,
speed estimation, flow forecasting, and traffic violation detection.
In this section, related works addressing these key tasks for traffic
analysis and monitoring have been presented.

A method for spatio-temporal congestion detection was introduced
in [11]], where Multi-Channel Singular Spectrum Analysis (MSSA)
is used to analyze real-time traffic sensor data. The technique cap-
tures spatial and temporal patterns to identify contextual anomalies.
Another example is presented in [S)], where traffic flow is mod-
eled as a 3D tensor based on time slots, vehicle types, and spatial
zones. Homography-based methods [20] and classical computer vi-
sion techniques such as background subtraction, and feature ex-
traction [19, [10] have been widely adopted for vehicle localiza-
tion and classification. A DBSCAN-based Adaptive Traffic Man-
agement (ATM) framework is demonstrated in [17], utilizing [oT
devices to dynamically adjust signal timings based on traffic vol-
ume and intersections.

Deep learning based techniques for object detection [8, 28| 4]
and multi-object tracking such as SORT [3]], DeepSORT [30]], and
attention-based methods [27] have enhanced real-time performance
in traffic monitoring. A YOLOv3-based system is proposed in [1],
which tracks vehicle centroids to monitor intersection traffic. Al-
though effective, the method performs best in controlled settings.
Domain adaptation for nighttime vehicle detection is addressed
in [[16]]. The authors use Faster R-CNN trained on daytime-labeled
images, improving detection across lighting conditions using two
large datasets with over 57,000 labeled vehicles and 7,200 frames.
A UAV-based system, MultEYE [2], integrates object detection and
segmentation for real-time speed estimation from aerial views. De-
signed for embedded platforms, it achieves high accuracy and ef-
ficiency, although field validation is limited. Legacy surveillance
cameras are used in [18] to extract vehicle metadata. The sys-
tem uses transfer learning and monocular homography for real-
world measurement, achieving 60 FPS. Calibration remains a chal-
lenge when camera positions shift. A real-time loT-optimized ve-
hicle counting system is introduced in [25]], utilizing high-recall
detection and cosine similarity-based trajectory analysis to im-
prove counting accuracy. Wrong-way driving detection is discussed
in [24], where the RLB-CCTV and MBCDD algorithms utilize
lane boundary detection and motion direction analysis. Wrongly
parked vehicle detection is further explored in [7, 12} 16} 23], com-
bining deep learning with handcrafted features and crowd sourced
video data. Multi-camera tracking is tackled in [31]] through an inte-
grated system combining single-camera tracking, re-identification
(Re-ID), and spatial-temporal cues. The model ranks highly in the
Al City Challenge but shows limitations under occlusion and ambi-
guity. A two-stream convolutional architecture is presented in [[13],
combining spatial appearance and temporal motion features. The
model performs real-time detection, tracking, and near-accident
identification across various camera angles, including fisheye and
overhead views.

A substantial body of research has addressed individual tasks such
as vehicle detection, tracking, speed estimation, and traffic rule vi-
olation detection. However, these efforts are largely fragmented,
with most studies focusing on isolated objectives rather than a
holistic approach. This highlights a clear research gap and the need
for a unified traffic analysis framework capable of performing mul-
tiple tasks simultaneously to enable comprehensive and real time
traffic monitoring.



3. PROPOSED WORK

In this work, a camera based unified framework has been presented
which takes the visual inputs of an unstructured traffic scene and
performs the vehicle detection and tracking tasks in real time. The
results obtained from the detection and tracking module are further
processed for automated traffic analysis task including class-wise
and direction-wise vehicle counts, traffic volume and density esti-
mation. It also detects wrongly parked (static) vehicles as well as
vehicles driving in wrong directions. The architecture of the pro-
posed framework is shown in Figure [2]encompassing several deep
learning based modules which are being discussed below:

3.1 Input Data Acquisition

The framework relies on input from a traffic scene obtained from an
infrastructure camera strategically positioned on a particular place
of the road at a pole. It assumes that the camera captures the un-
structured traffic scene, providing continuous video streams that
serve as the basis for automated real-time traffic analysis.

3.2 Vehicle Detection

The proposed framework utilizes YOLOv11 [[15] model for vehicle
detection task, which is a recently released version of the You Only
Look Once(YOLO) family. YOLOv11 model detect these vehicles
and provides information as the class of vehicle, bounding box and
confidence score. Its architecture can be divided into three main
categories: The backbone network, tasked with feature extraction
from input images, employs CSPDarknet53, a variant of the Dark-
net architecture. It integrates Cross-Stage Partial (CSP) connections
to facilitate better information flow across layers. This architectural
choice enhances model accuracy while reducing computational de-
mands, thus ensuring efficient operation.

The neck component is responsible for integrating features ex-
tracted from various levels of the backbone network. Rather than
adopting conventional Feature Pyramid Network (FPN), it utilizes
C3k2 module for feature fusion. It efficiently fuses high-level se-
mantic features with low-level spatial details while keeping the pa-
rameter count low. Such a design is particularly advantageous for
accurately detecting smaller objects.

The head of the network is where final predictions are generated. It
employs multiple detection branches to estimate bounding boxes,
objectness scores, and class probabilities corresponding to differ-
ent regions of the input image. The detection head incorporates
advancements like dynamic anchor assignment and a new Inter-
section over Union (IoU) loss function, which together enhance
bounding box prediction accuracy and improve the model’s capa-
bility to manage overlapping objects. There are some other fea-
tures to improve the performance such as spatial attention, a mech-
anism designed to guide the network’s attention toward the most
informative regions of the image, enabling more accurate object
localization. Moreover, the backbone incorporates bottleneck lay-
ers that decrease computational complexity while maintaining ac-
curacy. The Spatial Pyramid Pooling Fast (SPPF) layer further im-
proves detection performance by extracting features across multi-
ple scales, particularly benefiting the recognition of objects with
diverse sizes.

3.3 Vehicle Tracking

The bounding box details of detected vehicles in the traffic scene
are subsequently passed to ByteTrack [33] for the tracking task.
ByteTrack assigns a unique tracking ID to each detected vehicle
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across consecutive frames. Conventional methods generally assign
object identities by linking detection boxes that have confidence
scores exceeding a predefined threshold. This often results in the
exclusion of low-confidence detections, such as occluded objects,
causing missed true detections and broken tracking paths. Byte-
Track addresses this issue through a simple yet effective association
strategy that considers almost all detection boxes rather than rely-
ing solely on high-confidence ones. Low-confidence detections are
compared with existing tracklets in ByteTrack to recover true ob-
jects while suppressing background noise. This approach efficiently
utilizes detection outputs to improve multi-object tracking accu-
racy. ByteTrack has demonstrated state-of-the-art performance on
MOT2017 [21] and BDD100K [32], a large-scale dataset designed
for multi-category vehicle tracking. Due to its high accuracy, com-
putational efficiency, and simplicity, ByteTrack has been integrated
into the framework for vehicle tracking.

3.4 Vehicle Motion Direction Detection

To determine the direction of motion of each detected vehicle, the
framework first calculate the center point P(z,y) of the bounding
box of the detected vehicle, where:

T1 + T :y1+y2
2 Y 2

= ey
In this context, (x1,y1) and (x2,y2) denote the top-left and
bottom-right coordinates of the bounding of the detected vehicle.
The computed point P(z,y) serves to evaluate whether the vehicle
is positioned within any of the predefined zones based on traffic
direction rules given as Equation 2]

Zgr, Rightside
P 2
(@) € {ZL, Left side 2

Here, Zr and Z; denote polygonal zones corresponding to the
right and left sides of the road, which are based on predefined traffic
rules.

It consider Left-Hand Side (LHS) driving in according to the given
data and therefore, the directional interpretation with respect to the
camera capturing the traffic scene is as given by Equation|[3]

Outgoing, if P(x,y) € Z
MD:{ going (z,y) € ZL 3)

Incoming, if P(z,y) € Zg

Thus, a vehicle detected in the left zone (Z}) is considered to be
moving away from the camera (Outgoing), while one in the right
zone (Zg) is considered to be moving towards the camera (Incom-
ing).

3.5 Wrongly Parked Vehicle Detection

Continuous tracking of vehicle ensures precise detection of the
static and moving vehicles in traffic scene. The system identifies
and counts static vehicles based on a predefined threshold for ve-
hicle displacement, given in Equation [5] over a specified number
of frames. Vehicles with displacement exceeding this threshold are
classified as moving, whereas those vehicle with insignificant dis-
placement below this defined threshold are considered static vehi-
cle, i.e., wrongly parked on road. This approach facilitates proac-
tive interventions, improving overall road safety and mobility.

Let S and E represent the start and end positions of the vehicle
trajectory, and D is the displacement given as:



YOLOvV11

Input Vehicle Detection
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Fig. 2: Proposed Framework of Automated Traffic Analysis

D=|S—-E| C))

A vehicle is considered Static if:

D<$§ ©)

where ¢ is the displacement threshold to differentiate static and
moving vehicles.

3.6 Wrong Direction Driving Detection

There are certain rules governing vehicle movement to ensure
smooth and safe traffic flow where traffic regulations mandate
that vehicles must drive on either left or right side of the road. To
identify traffic violations in this regard, the proposed framework
tracks vehicle movement and detects instances of wrong-side
driving. It takes input of the pre-define the left side traffic flow
region and right side traffic flow region in the scene, and vehicle
trajectories are analyzed to determine their direction of motion.
If a vehicle is detected moving against the designated traffic
flow, it is classified as a wrong-direction driving and counted
accordingly, the methods is defined below. The implementation of
this methodology facilitates proactive traffic management, helping
authorities mitigate traffic safety risks.

Let V; denote the i-th vehicle, with S; and E; representing its
starting and ending central coordinate positions in the scene,
respectively. The traffic scene is divided into two regions: the
right-side region Zr and the left-side region Z;. The current
position of vehicle V; is denoted by P;, such that P, € Zp or
P, e Zp.

If P, € Zg:

S; > F; = V; is in Wrong Direction
S; < E; = Vj; is in Correct Direction

IfP, e Zy:

S; < E; = V; is in Wrong Direction
S; > E; = V; is in Correct Direction

3.7 Vehicle Counting

The proposed framework first identifies the moving direction of the
vehicle based on the tracking details of vehicles as well as prede-
fined directional zones in the scene and then counts the number
of vehicles running in both directions, wrongly parked vehicles, as
well as numbers of vehicles running in wrong direction. The pro-
posed framework also provides this information for each vehicle
class separately. The method used for performing this task is given
in Algorithm[T]

3.8 Traffic Volume Estimation

The information regarding the vehicle class type provides the fa-
cility to analyze the traffic volume using the Passenger Car Unit
(PCU) definition [14]]. Under mixed traffic conditions, accurately
determining the traffic volume is challenging due to the varied sizes
of different vehicle on the road. For uniformity in traffic data anal-
ysis, different vehicle types are converted into a standardized mea-
sure known as the PCU. The PCU indicates the number of pas-
senger cars that would exert an equivalent operational effect as
one heavy vehicle type, considering specific road, traffic, and con-
trol scenarios. This enables a consistent comparison of traffic flow
among various vehicle categories. Tablemlists the PCU conversion
values.

The proposed framework calculates the traffic volume (Q) in terms
of PCUs when the vehicles cross a given section in Region of Inter-
est (Rol) of the traffic scene based on the detected vehicle class and
the PCU conversion table[T|using the formulas given in equations 6]
and[7

Traffic volume in right side:

N

Qin = Y _(Rini x PCU;) 6)

i=1



Algorithm 1 Vehicle Counting Method

Require: For each vehicle V;: position P;, start coordinate S;, end
coordinate F;, distance D;; Threshold 4, regions Zx (right),
Z1, (left)
Ensure: Total vehicles in left region Ny ¢, total vehicles in right
region Npight
1: Initialize counters: Ryop <= 0, Rin <= 0, Ryrong < 0
2: Initialize counters: Lyop < 0, Loy < 0, Lyrong < 0
3: for each vehicle V; do
4 if P, i € Z R then
5 if D; < 6 then
6: Rslop — Rslop +1
7 else if S; > F,; then
8 meng — Rwrong + 1

9: else if S; < E; then
10: Rin — Rin + 1
11: end if
12: else if P, € Z;, then
13: if D; <6 then
14: Lstop — Lstop +1
15: else if S; < E; then
16: Lwrong — Lwrong +1
17: else if S; > F; then
18: Low + Lou + 1
19: end if
20: end if
21: end for

22: NRight — Rslop + Rin + Rwrong
23: Niep ¢ Lstop + Lou + meng

Vehicle Class Passenger Car Unit Value
Car or Autorikshaw 1

Bus or Truck

Motorcycle 0.5

Cycle Rickshaw 1.5

Table 1. : Passenger Car Units for Different Vehicle Classes [[14].

Similarly, traffic volume in left side:

N

Qout = Y _(Lout,i X PCU;) @

=1

Here, N denotes the total number of vehicle categories detected;
R;,,; and L, ; represent the number of vehicles of type ¢ cor-
rectly moving in the right and left directions, respectively. The term
PCU; corresponds to the PCU value assigned to vehicle type ¢, as
specified in Table

The above equation allows the traffic volume to be expressed as
the cumulative PCU-weighted count of each vehicle type, giving
a standardized measure of traffic volume based on diverse vehicle
classes.

3.9 Traffic Density Estimation

The proposed framework also calculates the traffic density (K) for
both sides of given directional regions in terms of PCU values using
the table [T] for each detected vehicle in the respective region at a
specific time. The method for calculating the traffic density is given
below:
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traffic density in right side:

N
Kin =Y _(Ngighti x PCU;) ®)

i=1
Similarly, traffic density in left side:

N
Kout = Y _(Npegri x PCU;) ©)

i=1

Here, N denotes the total number of vehicle categories detected;
Nrignht,: and Nz, ; represent the number of vehicles of type ¢ in
the right and left regions, respectively. The term PCU; corresponds
to the PCU value assigned to vehicle type 4, as specified in Table[]
The information regarding the traffic volume and traffic density is
essential for evaluating road networks and enhancing traffic man-
agement. It helps prioritize road improvements and expansions,
aiding in traffic operations planning, facility control, and infras-
tructure development.

For better visualization, detected vehicles are annotated with
bounding boxes displaying their tracker ID and class name. Fur-
ther the color of the bounding box displays their status as:

—Red: Vehicles driving in wrong direction.
—Yellow: Wrongly parked static vehicles.

—Blue: Vehicles driving in right direction (incoming).
—Green: Vehicles driving in left direction (outgoing).

This categorization helps identify vehicles violating traffic rules,
enabling proactive traffic management and road safety measures.
The overall insights derived from the traffic analysis tasks support
in decision making to facilitate safe, smooth and efficient traffic
flow.

4. RESULT AND DISCUSSION
4.1 Experimental Environment

All experiments were conducted using Google Colaboratory [9],
a virtual and interactive Jupyter Notebook environment that offers
free GPU resources. In particular, we utilized the NVIDIA Tesla T4
GPU with 16GB of memory available on Google Colab to imple-
ment and train the proposed framework. This platform facilitates
efficient and cost-effective data storage, dataset uploading, and re-
sult retrieval within its virtual environment.

4.2 Dataset Description

In this research, the Indian Driving Dataset (IDD) [26] has been
utilized which is a comprehensive dataset specifically designed to
support Intelligent Transportaion Systems (ITS) realted research in
unstructured traffic environments. The dataset comprises of finely
annotated 34 distinct classes collected from 182 drive sequences
from urban and semi-urban locations around Hyderabad, Banga-
lore, and their surrounding areas.

The proposed work is focused on six vehicle-related categories
from the total 34 classes: motorcycle, car, truck, bus, and autorick-
shaw. The dataset includes a total of 12,535 labeled images along
with corresponding annotations divided into training, validation,
and test subsets in the ratio of 70%, 20%, and 10%, respectively.
This split ensures a balanced and representative distribution across
the entire dataset that are resilient to the variations and complexities
inherent in unstructured traffic environments., supporting robust
model training and performance evaluation. The Al City Challenge



dataset [22]), along with another publicly available dataset [29],
has been further utilized to validate the robustness of the proposed
framework under unseen traffic scenarios.

4.3 Model Training

The YOLOvV11 model is trained on the IDD dataset for vehicle de-
tection over 300 epochs. The model demonstrated steady improve-
ment, ultimately achieving a mean Average Precision (mAP50) of
60% at a confidence threshold of 50%. Figure@illustrates the train-
ing and validation loss trends over the course of training, highlight-
ing the model’s learning progression. The gradual reduction in both
training and validation loss indicates effective optimization and im-
proved prediction accuracy.

In addition, Figure[]shows the evolution of the mAP50 accuracy of
YOLOv11, compared alongside other YOLO model variants. The
figure clearly reflects the progressive enhancement in detection per-
formance across epochs. A comparative summary of performance
metrics: Precision, Recall, and Accuracy (mAP50) of YOLOvI11
and other variants is provided in Table[2] emphasizing YOLOv11’s
superior detection capability.

— Training Loss
14 Validation Loss

0.9

o 50 100 150 200 250 300
Epoch

Fig. 3: YOLOv11 model training and validation loss over the epochs

Model i _

YoLo10 e * =
YoLor1 y

Yooz 7

0 50 100 150 200 250 300
Epoch

Fig. 4: Training accuracy comparison of YOLOv11 model with its other
versions for vehicle detection on IDD dataset

Model Precision Recall Accuracy (mAP50)
YOLOv10 0.68 0.53 0.59
YOLOv11 0.69 0.55 0.60
YOLOvI2 0.68 0.54 0.59

Table 2. : Performance Comparison of YOLO Models
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4.4 Experimental Results

The framework assumes a scenario where a surveillance camera is
strategically mounted at a fixed location along a road to continu-
ously monitor the unstructured traffic environment. The video feed
captured by this camera is used as input to the proposed automated
traffic analysis framework. This framework is designed to process
the input in real-time and automatically extract meaningful traffic
insights. Specifically, it computes and reports key metrics such as
class-wise and direction-wise vehicle counts, traffic volume, traffic
density, detection of vehicles driving in the wrong direction as well
as static (wrongly parked) vehicles.

The performance and applicability of the proposed system in real-
world traffic scenarios are demonstrated through the traffic analy-
sis results presented in Figure|§| and Figure|§| These visual results
demonstrate how the framework accurately detects and categorizes
various vehicle behaviors across both directions of traffic flow. The
framework provides the statistics regarding the traffic density and
traffic volume in both the directions. It also provides information
regarding the tracking ID and class of each detected vehicle.

Fig. 5: Experimental results of the proposed automated traffic analy-
sis framework. The outputs include direction-wise and class-wise vehicle
counts, traffic density, and traffic volume. The framework employs color-
coded bounding box annotations to highlight key traffic conditions: red for
wrong-direction vehicles, yellow for wrongly parked(static) vehicles, blue
for incoming vehicles (right side), and green for outgoing vehicles (left
side). Each vehicle is labeled with its class and corresponding tracker ID.
These visualizations assist in detecting traffic anomalies and contribute to
improved road safety analysis.

Furthermore, the system is also capable of identifying traffic rule
violations, such as vehicles that are wrongly parked on the road.
These static vehicles often obstruct pedestrian movement, forcing
people to walk in the middle of the road and thereby increasing the
risk of accidents. The detection of such safety-critical scenarios is
also integrated into the proposed system, as illustrated in Figurem
This highlights the framework’s potential for enhancing road safety
and enabling proactive traffic enforcement in unstructured and con-
gested urban environments.

4.5 Discussion

The proposed automated traffic analysis framework offers a ro-
bust solution for enhancing real-time surveillance and traffic man-
agement in complex, unstructured road environments providing
granular insights into class-wise and direction-wise vehicle detec-
tion, overall traffic density, and traffic volume. A key advantage



Fig. 6: In this experimental output, alongside other traffic analysis results,
two vehicles moving in the wrong direction are successfully detected. They
are highlighted with red-colored bounding boxes with tracker IDs 1 and 13,
respectively.

Fig. 7: In this experimental output, static vehicles wrongly parked on the
road are accurately detected and shown in yellow-coded bounding boxes.
Their presence forces pedestrians to walk in the middle of the road, thereby
increasing the risk of accidents and compromising pedestrian safety.

of the framework is its ability to generate interpretable outputs
through visual annotations, where vehicles are consistently marked
with color-coded bounding boxes, tracker IDs, and vehicle classes.
These visual cues assist human operators in quickly assessing traf-
fic situations and open avenues for integrating the system with
alert mechanisms. Beyond standard traffic analytics, the framework
places a strong emphasis on the detection of critical traffic viola-
tions allowing authorities to intervene promptly. The consequences
of wrong parking and wrong direction driving are not limited to
congestion; they often force pedestrians to walk on the road, in-
creasing the risk of accidents.

The ability of the proposed framework to operate in real time is es-
pecially critical for unstructured traffic environments, where rapid
changes in traffic volume and unpredictable driver behavior de-
mand continuous monitoring. A detailed time analysis conducted
on multiple video samples from the Al City Challenge [22] shows
an average processing time of approximately 36 milliseconds per
frame, corresponding to about 28 FPS. The vehicle detection and
tracking module achieves an average of 29 FPS, while the traffic
analysis module operates at over 500 FPS. These results validate
the robustness of the proposed framework under complex traffic
conditions, ensuring real-time performance suitable for intelligent
transportation and traffic management applications.
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5. CONCLUSION

In this work, a robust and efficient framework has been proposed
for automated traffic analysis aimed at improving road safety and
optimizing traffic management in unstructured environments. The
proposed system integrates the YOLOv11 model for vehicle detec-
tion and ByteTrack for tracking, using camera-based inputs to mon-
itor real-time traffic scenarios. It effectively performs direction-
wise and class-wise vehicle counting and estimates traffic density
and volume in PCU. Moreover, the system accurately identifies
wrongly parked vehicles on the road, as well as vehicles moving
in the wrong direction - both critical indicators of traffic violations
and safety hazards.

A key advantage of the proposed approach is its reliance on a sin-
gle fixed infrastructure camera, eliminating the need for expensive,
sensor-heavy setups which makes it cost-effective, highly scalable
and suitable for deployment in both urban and rural areas. Experi-
mental results validate the reliability of the framework in analyzing
traffic flow and detecting risky traffic behavior, thereby contributing
significantly to safer and more efficient roads. In the future, multi-
camera setups and predictive models utilizing historical data can
be developed to forecast traffic congestion and potential accident
hotspots.
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