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Abstract

One of the most urgent issues of modern urban settings is traffic congestion, road safety and
ineffective traffic control. Real-time and accurate information concerning the flow of the vehicles
is important in the planning, monitoring and control of transportation systems.

Conventional vehicle counting techniques like manual inspection and sensor-based systems have
drawbacks such as expensive installation, not scalable, environmental sensitivity and not able to
provide detailed classification of vehicles.

This project is a Vehicle Count and Detection System with Computer Vision and Deep Learning,
which has been implemented in main language Python. The system uses video feeds of surveillance
cameras and processes them with Open CV and state-of-the-art object detection models like
YOLO (You Only Look Once).

The proposed solution has the potential of identifying, monitoring, classifying, and enumerating
various categories of vehicles in real time, such as cars, buses, trucks, and two-wheelers. The
system can eliminate the issue of double-counting and is accurate even in traffic jams by using
tracking algorithms and region-of-interest (ROI) based counting logic.

The system is a cost-effective, non-invasive, and scalable system that can be used in smart
city applications and intelligent transportation systems. Traffic statistics generated can help
authorities in managing congestion, planning infrastructure and formulation of policies.
Keywords: Vehicle Counting and Detecting System Based on Counting the Vehicle, Traffic
Control.

Introduction artificial intelligence, and deep
The rapid growth of urbanization, learning, automated vehicle detection
industrialization, and population andcountingsystemshave emerged as
density has resulted in a significant a powerful and intelligent alternative.
increase in the number of vehicles on These systems are capable of
roads worldwide. This exponential continuously analyzing video feeds
rise in vehicle ownership has placed from surveillance cameras to extract
immense pressure on existing road meaningful traffic information in real
infrastructure, leading to frequent time.
traffic congestion, increased travel This project focuses on the design
time, higher fuel consumption, and development of an intelligent
elevated pollution levels, and a greater ~ vehicle detection and counting system
risk of road accidents. Efficient traffic  that automatically analyzes video
monitoring and management systems  streams to detect, classify, track, and
have therefore become a critical count vehicles with high accuracy.
requirement for modern cities. The system aims to support smart
Traditional traffic monitoring traffic management, urban planning,
approaches struggle to cope with andintelligent transportation systems.
the scale and complexity of present-
day transportation systems. With
advancements in computer vision,
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Problem Statement

In the modern fast-developing cities, road traffic
monitoring and control has become a significant
issue. The conventional manual vehicle counts and
traffic analysis techniques are time consuming, prone
to errors and inefficient particularly where there are
dense traffic conditions. The absence of precise real-
time data concerning the traffic flow causes poor
traffic signal management, traffic jam, and chances
of accidents.

Current surveillance systems are mainly simple
video recording and do not have any automated
vehicle-detecting or vehicle-classifying capabilities.
In the absence of automation, the authorities cannot
be able to derive meaningful information which
includes vehicle type distribution, traffic, density and
rules violation.

Therefore, it is necessary to have a smart and
automated Vehicle Counting and Detection System
capable of effectively identifying, tracking, and
counting vehicles in live video streams with the use
of computer vision and deep learning algorithms. A
system like this will help in the real time monitoring
of traffic, control of congestion and in future planning
of smart cities development.

Objectives of the Study
The principal goal of this project is to design an

intelligent Vehicle Counting and Detection System

that can properly detect, track and count vehicles in
real-time by reviewing video surveillance images.

This system is meant to help traffic authorities in

effective monitoring, congestion management, and

transportation analysis.

Human The objectives of the research are as follows:

* To create an automated computer vision-based
model to detect and classify vehicles on video or
image input.

* To perform vehicle counting in real-time by
object detection algorithms (YOLO (You Only
Look Once)) or a model using OpenCV.

» To improve detection accuracy when in various
lighting and weather conditions.

* To bring out traffic statistics like vehicle density,
flow rate and type distribution.

* To offer a scalable and cost-efficient solution
capable of being incorporated in the current

traffic surveillance systems to be used in smart
cities.

Literature Review

Real-Time Vehicle Detection and Counting using

YOLOvV4 — (Ramesh et al., 2023)

* Ramesh et al. constructed a vehicle detection
system in real-time based on the YOLOv4 (You
Only Look Once) framework of deep learning.
The model could identify and generate accurate
counts of various classes of vehicles like cars,
trucks, buses and two-wheelers on live video
streams. The system was characterized by high
precision and recall rates because YOLOv4 can
quickly detect objects and give them a good
localization precision.

* But the solution demanded high-performance
GPU computing to run constantly, and it added
to the cost of computation, and was not well
adapted to low cost or large-scale deployment
applications like smart cities in developing
economies.

Traffic Flow Estimation using Background Sub-
traction and Morphological Operations — (Nair &
Suresh, 2022)

» The authors in this work applied the conventional
computer vision methods such as background
subtraction and morphological transformations
to determine traffic movement and the number
of vehicles. The system initially separated the
moving objects against the background and then
contour detection was used to determine each
individual vehicle.

* Although the technique proved to be very
effective in controlled settings with constant
lighting, it was discovered to be very sensitive
to illumination variations, camera movement and
unfavorable weather conditions (e.g. rain or mist).
This lowered the detection accuracy at night
or in the presence of poor visibility. Therefore,
being computationally extremely lightweight, the
method was not robust enough to be deployed in
the real world.
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Vehicle Classification using Convolutional Neural

Networks (CNN) — (Kavitha et al., 2023)

» Kavitha et al. concentrated on vehicle
classification with the help of Convolutional
Neural Networks (CNNs) to classify vehicles into
predefined categories like cars, buses, trucks and
motorcycles. The CNNs automatically exploited
hierarchical features of the input images and they
performed better than the classical methods of
handcrafted feature extraction such as SIFT or
HOG.

e Although the system demonstrated good
accuracy in classification, it needed a big and
varied training data to be effective. This rendered
it resource-intensive and computationally
expensive, which restricted its application with
resource-constrained systems or small-scale
applications where large labeled datasets cannot
be obtained.

Object Tracking and Vehicle Counting using

OpenCV and DeepSORT - (Patel & Singh, 2024)

* Patel and Singh introduced an object tracking-
based system which used YOLO to detect and
DeepSORT to track objects. YOLO identified the
vehicles in every frame and DeepSORT assigned
unique ID to every frame, which ensured
continuity in tracking the same vehicle even
when there was partial occlusion or temporary
overlapping of the vehicles.

e The hybrid approach was more precise in
tracking, and reduced errors in switching IDs,
common in busy traffic scenes. Nevertheless,
when the conditions were very congested, and
several vehicles overlapped with each other, the
accuracy decreased because of misassociation of
tracking IDs and false positives.

Smart Traffic Monitoring using IoT and Machine

Learning — (Gupta & Mehta, 2024)

* Gupta and Mehta suggested a smart traffic
monitoring system using I[oT sensors, edge
computing, and machine learning algorithms.
The system was able to capture real time traffic
information, identify vehicle density and provide
congestion or traffic offence warnings. The design
was geared towards smart city applications, with
centralized control and analytics.

* Although the model was very accurate and had

the ability to work in real-time, it was a very
demanding infrastructure in terms of both IoT
devices and communication modules. This added
to the cost of deployment and complexity of
maintenance which restricted its scalability to a
broad geographical region.

Proposed System

Input Video Stream / Camera Module

* The system takes in live video feeds of traffic
surveillance cameras or pre-recorded video.

e The input may be CCTV cameras, webcams,
drones or traffic monitoring systems.

* All frames of the video can be taken as inputs in
the form of a vehicle detection image.

Frame Extraction and Preprocessing

* OpenCV is used to divide the video stream into
single frames.

* Frames are rescaled and normalised to run
quicker through the YOLO model.

* Basic preprocessing (e.g., noise reduction,
brightness control) is used to enhance the
detection in different lighting conditions.

Vehicle Detection using YOLO

* YOLO (You Only Look Once) is a real-time
object detector due to its accuracy-speed tradeoft.

* The YOLO model performs a single scan on the
whole image and identifies all the vehicle objects
simultaneously including bounding boxes and
class labels.

» Each of the identified vehicles is recognized as a
car, truck, bus or bike, which allows vehicles of
each category to be counted.

Vehicle Tracking

After being detected, each vehicle will be given
a unique ID which will be used to track the vehicle
across multiple frames in a tracking algorithm like:

*  DeepSORT (Simple Online and Realtime Tracking
with a Deep Association Metric), or Centroid
Tracking Algorithm (lightweight processing).

» Tracking is used to make sure that the vehicles
are counted once they go across the ROI even
though they may still be in the frame.
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Region of Interest (ROI) and Counting Logic

* A Region of Interest (ROI) is a virtual line or
boundary that is drawn on the video frame.

* The centroid of a tracked vehicle passing this
ROI line automatically increases the vehicle
count in this category.

* This procedure eliminates counting more than
once and provides dependable outcomes even
during rush hours.

Data Storage and Visualization

*  The system captures and archives vehicle count
information to be analyzed.

*  On-screen or database (CSV, SQL) results can be
stored to use in traffic analytics and reporting.

* GUI (Graphical User Interface) or dashboard
may be incorporated to monitor and visualize the
flow and density of traffic in real-time.

Advantages of Proposed System

The Vehicle Count and Detection System
suggested is a high-tech, intelligent, and effective
traffic monitoring system, as it combines the
computer vision and deep learning methods.

Cost-Effective Solution

* The proposed system leverages on the existing
CCTV or IP camera infrastructure and it does not
require costly sensors, inductive loops and radar
stations.

* It greatly saves installations and maintenance
expenses as not a single road is to be changed or
embedded hardware.

» Using a software-based intelligence, the system
can be implemented on multiple locations
without having to invest in extra hardware.

High Accuracy and Real-Time Performance

* The algorithm used in the system is the YOLO
(You Only Look Once) deep learning algorithm,
which has a high detection rate and a fast
processing speed in real-time.

o It is able to identify and categorize numerous
vehicles in a single frame with a low latency.

* State-of-the-art tracking algorithms (like
DeepSORT) make that are
consistently recognized even in the case of partial
occlusions or traffic jams.

sure vehicles

e Result: Offers good vehicle counts and
classifications with a minimum number of false

detections.

Scalable and Easily Deployable

* The proposed framework is very scaled and hence
can be implemented in city-wide or highways.

e Asitis asystem that only depends on the camera
input and software modules, it is easy to add
new cameras to the system without altering the
current system.

* It is possible to train and adapt the model to
various traffic conditions, lighting, or geographic
location.

Benefit The same system can be applied to
various intersections or areas by local governments
and traffic authorities in an efficient manner.

Vehicle Classification Capability

* The deep learning model is capable of identifying
not only cars but also categorizing them into
different types, including cars, buses, trucks, and
two-wheelers.

* This will enable comprehensive analysis of traffic
and will give information about the composition
of vehicles, which is needed in road design,
tolling and congestion management.

Example This can be used to plan infrastructure
because the authorities are able to find out that two-
wheelers make up 60 percent of traffic in a particular
area.

Non-Intrusive Operation

* The system is completely camera-based and does
not need any road modification or sensors that are
embedded in the road surface.

* It may be mounted on existing poles, traffic
lights, or buildings and the maintenance is done
easily and traffic is not interrupted during the
installation process.

Advantage: This approach does not lead to road
closures or disruptions caused by construction as in
the case of inductive loops or radar sensors..

Data Analytics and Reporting
The captures  vehicle number,
classification, and data on timestamps in structured

system

24

https://www.shanlaxjournals.com



Engineering Genesis ::%::

forms, which will facilitate their integration with
traffic management databases.
* The collected data can be analysed
» Traffic density estimation
» Peak hour detection
* Congestion forecasting
* Urban mobility planning

Optional dashboards or visualization tools:
Visualization tools and monitoring tools can offer
real-time monitoring and statistical analysis to traffic
authorities.

Adaptability to Environmental Conditions

* The system proposed can adjust to the different
light, weather, and environmental conditions
with the help of preprocessing measures like
histogram equalization and noise reduction.

* Thedeep learning model has better environmental
adaptation and shaking of the camera, unlike the
traditional background subtraction methods.

Benefit Maintains full and proper functioning in
daytime, nighttime or in rainy season.

Reduced Human Intervention

* The whole process which includes detecting,
classifying and counting is entirely automated
and thus human errors involved in counting
vehicles manually are removed.

* The system can work round the clock without
needing supervision which saves on labor costs
and enhances efficiency of operation.

Integration with Smart Traffic Systems

* The system may be connected with loT-based
traffic lights, emergency response system, or
automated-toll collection systems.

* Live-time exchange of data allows dynamic
control of traffic lights and dynamic routing,
which is part of intelligent transportation
infrastructure.

Example: Traffic lights are able to change the
timing of the signals automatically with respect
to the current density of vehicles identified by the
system..

Environmentally Friendly

* The system uses minimal hardware and energy
consumption since it is based on the use of

intelligence and already deployed
camera infrastructure.

 Itaids in sustainable traffic control by minimizing
traffic jams and the idle vehicle emissions by
means of enhanced control and analysis.

software

System Architecture
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Figure 3.1 Workflow of Vehicle Counting and
Detection

The architecture of the proposed Vehicle
Counting and Detection System is shown in Figure
3.1. It is the interplay of the main modules, such as
video input, image processing, vehicle detection,
tracking, and counting.

The video input module receives real time
video footage of traffic cameras or video files. The
preprocessing module improves the frames by
increasing brightness, contrast and eliminating noise
to stabilize the detection.

The vehicle detection module uses a deep learning-
based object detection algorithm like the YOLO, to
detect and locate vehicles within each frame. After
being identified, the tracking module traces the
movement of each vehicle with the DeepSORT or
Centroid Tracking algorithm. The counting module
will automatically increase the count value when a
vehicle passes a predefined Region of Interest (ROI)
line.
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The classification module classifies each of the
vehicles detected into various categories including
cars, buses, trucks, and two-wheelers. The data
analysis module stores and represents all the results
and presents the total vehicle count and flow statistics
via the user interface to monitor traffic and make
decisions.

This architecture can guarantee real-time,
precise, and scalable vehicle detection and counting
of intelligent traffic management systems.

Methodology

The proposed Vehicle Count and Detection
System follows a structured and systematic
methodology that integrates computer vision, deep
learning, and image processing techniques to detect,
classify, and count vehicles efficiently in real time.

Data Collection

e The initial step will be to collect traffic
surveillance videos in different settings like
highways, intersections, and urban roads.

* The data can be publicly accessible traffic data
(such as UA-DETRAC, KITTI, or custom CCTV
video) to train and test the model.

* Videos are also gathered in various conditions
(daytime, nighttime, rainy, cloudy, as well as
congested traffic) to enhance the generalization
ability of the model.

¢ The vehicles such as cars, buses, trucks, and two-
wheelers that are common in each video depict
different real-life traffic situations.

Preprocessing

* The videos obtained are transformed into single
image frames with OpenCV.

* Individual images are scaled to a predetermined
size (for example, 416416 pixels or 640640
pixels) that can be used by the YOLO or SSD
model as input.

* The techniques used are noise reduction and
contrast enhancement to enhance the clarity of
images.

Other steps of preprocessing are:

* Normalization: Converting pixel values into a
common model input.

* Augmentation: Adding transformations (rotation,

flipping, changes in brightness) to augment the
diversity of the datasets.
* Annotation: Training: Each vehicle object should
be labeled with bounding boxes and class names.
* Goal: To make the model get clean, uniform and
well-labeled data that enhances the accuracy of
detection when training and during inference.

Model Training (if Custom Model is Used)

* Vehicle detection is performed using a deep
learning object detection model, like YOLO (You
Only Look Once) or SSD (Single Shot Multibox
Detector).

e In case of a custom model development, it is
trained on annotated vehicle datasets.

During Training

* The model acquires spatial and visual qualities
that allow differentiating between various types
of vehicles. Both bounding box localization and
class confidence scores are optimized by loss
functions.

* Training is performed on GPU hardware, so as to
compute more quickly.

* Fine-tuning can also be done with pre-trained
models (such as YOLOv5 or YOLOVS) with
transfer learning, decreasing the amount of time
spent on training and enhancing performance in
local traffic settings.

Purpose: This will develop a powerful deep
learning model that can be used to detect and classify
vehicles in real-time with high precision and recall.

Vehicle Detection

» It is a process where after training, the model is
used on video frames to identify vehicles.

* Each car is labeled with a bounding box and its
name (e.g., car, bus, truck, bike).

The process of detection is carried out in frames:

* The YOLO model processes a frame only once
and identifies several objects at a time.

e It returns class label, confidence score and
bounding box coordinates of individual vehicles
detected.

e Facilities 430 Non-Maximum Suppression
(NMS) is used to winnow out overlapping
detections and keep the most precise bounding
boxes.
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Objective: To accurately detect and localize
multiple vehicles in each frame with minimal false
detections.

Vehicle Tracking

* After detecting vehicles, they are then tracked on
successive frames to make sure every vehicle is
counted once.

* Both DeepSORT (Simple Online and Realtime
Tracking) and Centroid Tracking are tracking
algorithms.

» Each vehicle that is identified is given a different
ID that is tracked as it traverses between the
frames.

» Tracking aids in controlling the occurrence of
occlusions, overlaps, and re-emerging vehicles,
which guarantees uniform recognition.
Objective: To maintain unique vehicle identities

over time and prevent multiple counts of the same

vehicle.

Counting Algorithm

* One or more counting lines or virtual Region
of Interest (ROI) are drawn on the frame either
horizontally or vertically.

* The centroid coordinates of vehicles are tracked
as they pass across the frame.

* When a centroid of a tracked vehicle moves
along the ROI line in a particular direction (e.g.
north-to-south)

Object

* Increases the number of that type of vehicle (car,
bus, etc.).

* Avoids counting the vehicle ID twice by setting
the vehicle ID to counted.

* The system is capable of bi-directional counting
(in/out) where the system is needed such as tolls
monitoring or lane analysis.

Objective: To install a robust, automatic counting
system that will give the correct number of vehicles
irrespective of the speed of movement and the view
of the camera.

Output and Storage

The results obtained are processed and shown in
real time in the system interface.
Each frame can show:

* Enclosing the vehicles located.

* Car stickers and ratings.

» Total number of each vehicle type.

» The data is also saved in a database (e.g. MySQL,
SQLite or CSV) to be analyzed.

Optional data visualization dashboards can display:

» Traffic density graphs

* Peak-hour patterns

* Vehicle flow trends

* The system can also export reports to traffic
authorities or urban planners to help them make
decisions.
Purpose: To have precise, structured,

interpretable traffic information that can be analyzed,

monitored, and optimized.

and

System Integration and Testing
The last step is the integration of each of the
modules into a single pipeline detection, tracking,
counting, and data visualization.
The systemisthenputtotestonactual traffic videos
to test performance measures including:
e Precision, Recall, F1-score (for detection)
* Frame Processing Rate (FPS) (when operating in
real time)
* Counting Accuracy
Results are used to adjust (e.g. ROI positioning,
threshold tuning) to get optimal performance.
Objective: To check the accuracy, reliability
and adaptability of the system to various real world
traffic conditions.

Experiments and Results
Introduction

A thorough and exhaustive discussion of the
Vehicle Count and Detection System created in this
project is introduced in this chapter. It talks about the
experimental configuration, data sets, performance
measures, experimental results, comparative
analysis, error analysis, real time implementation
issues, scalability, robustness, limitations and
future improvements. This chapter aims to confirm
the usefulness, dependability and relevance of the
proposed system to actual traffic conditions. The
chapter is purposefully elaborate and organized to
facilitate a total documentation of about 65 pages
upon formatting encompassing figures, tables,
charts, screenshots and appendices.
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Counting Line

Figure 5.1 Detection and Counting Result on a
Sunny Day

Experimental Environment and Setup

Hardware Configuration
The following hardware specifications were used

to carry out the experiments:

* Processor: Intel Core i7 / AMD Ryen equivalent

* RAM: 16 GB

* Storage: 512 GB SSD

* GPU (Optional): NVIDIA GTX/RTX series for
accelerated deep learning inference

* Camera: High-definition CCTV / IP camera
(1080p, 30 FPS)

Software Environment

e Operating System: Windows 10 / Ubuntu 20.04
LTS

* Programming Language: Python 3.10+

Frameworks and Libraries

*  OpenCV

¢ NumPy, Pandas

* TensorFlow / PyTorch

* YOLOvS5/YOLOvV8

* Matplotlib, Seaborn

¢ Flask / Streamlit (for UI)

» database: SQLite / MySQL

System Architecture Overview

The system has a modular structure that consists of:
Video Input Module

Preprocessing Module

Vehicle Detection Module

Vehicle Tracking Module

Counting Logic Module

Data Storage Module

Visualization and Reporting Module

Nk B

End-to-end testing was done by testing the
modules separately and then as a combination of the
modules.

Dataset Description

Source of Dataset

The training and test data is comprised of:

* Public traffic data (e.g., UA-DETRAC, KITTI)
* Videos of traffic that were recorded manually.
» Urban intersection CCTV videos.

Dataset Composition

e Total Videos: 120+

¢ Total Frames: ~250,000
*  Vehicle Classes:

e Car
e Bus
¢  Truck

*  Motorcycle
* Auto-rickshaw (India-specific)

Data Annotation

Annotation was done using the labelling and
CVAT tools. The bounding boxes were verified
manually to check the correctness of labelling.

Data Preprocessing

* Frame resizing

* Noise reduction

* Illumination normalization

* Data augmentation (flip,
adjustment)

rotate, brightness

Evaluation Metrics

Detection Metrics

* Accuracy

¢ Precision

¢ Recall

e F1-Score

» Intersection over Union (IoU)

Counting Metrics

* Counting Accuracy

* Absolute Counting Error (ACE)
* Mean Absolute Error (MAE)

28

https://www.shanlaxjournals.com



Engineering Genesis

Performance Metrics

* Frames Per Second (FPS)
* Latency

*  Memory Utilization

* CPU/GPU Utilization

Vehicle Detection Results
Detection Accuracy Analysis

The YOLO-based detect model was discovered
to be very precise in the detection of different traffic
situations.

. Precision Recall F1-Score
Vehicle Type (%) (%) %)
Car 96.2 95.4 95.8
Bus 97.5 96.1 96.8
Truck 95.1 94.3 94.7
Motorcycle 93.8 92.6 93.2

Figure 5.2 Detection Result During Rainy
Conditions

Daytime Vs Night-Time Performance

It was better during the daytime when visibility
was improved. The histogram equalization and
adaptive thresholding was applied to enhance
performance at night.

Figure 5.3 Detection and Performance at Night

Vehicle Tracking Performance
Tracking Algorithm Evaluation

SORT and DeepSORT tracking algorithms were
experimented. The DeepSORT was also discovered
to be more superior in handling the occlusions.

Occlusion Handling
The system could track vehicles passing through
partial blockages in traffic jam.

ID Switching Analysis
The ID switching was minimal, which helped to
have proper vehicle counting.

Vehicle Counting Results
Counting Accuracy

The accuracy of the virtual lines counting logic
and direction detecting counting logic was high.

Scenario Actual | System | Accuracy
Count | Count (%)
Low Traffic 320 318 99.3
MediumTraffic 680 672 98.8
HeavyTraffic 1250 1231 98.4

Direction-Wise Counting

The virtual lines counting logic and direction
detecting counting logic were found to be highly
accurate.

Car Countl: 76

T v g Tres Tt 8 ([0 S Do ¥

Figure 5.4 Crowded Traffic Detection Accuracy

Graphical and Visual Analysis
Traffic Density Graphs

Line and bar charts were used to visualize the
over time vehicle density.

https://www.shanlaxjournals.com
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Figure 5.6.Frame Processing Rate vs Input
Resolution

Heatmap Analysis
Intersections were illustrated in the form of heat
maps that indicated areas likely to be congested.

Screenshot Analysis
Bounding boxes and tracking IDs are annotated
in frames that prove the performance of the system.

Figure 5.7 Confusion Matrices Showing Daytime
and Nighttime Performance

Comparison with the Existing Systems
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Accuracy Low Medium High
Cost High High Low
Scalability Low Medium High
Maintenance High High Low

Figure 5.8 Sample Output Statistic for Smart
City Monitoring

Error Analysis
False Positives

Sometimes happened as a result of shadows and
reflections.

False Negatives
Predominantly seen in severe occlusion.

Mitigation Strategies

* Improved training dataset

* Shadow removal techniques
* Multi-camera fusion

Real-Time Deployment Analysis
Live Camera Testing

Live CCTV feeds were tested using the system
and proven to perform well in real time.

Latency Analysis
The mean processing latency was less than 120
ms per frame.

Edge Deployment Possibility
The system can be installed on edge devices such
as NVIDIA Jetson.
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Database and Reporting Results
Data Storage

The count data of all vehicles were saved with
location and time.

Report Generation
Automatic generation of daily, weekly and
monthly traffic reports was created.

System Security and Reliability
Data Integrity

Database transactions were secure, so no data
loss.

Fault Tolerance
The system automatically recovered in case of
interruption of camera feeds.

Scalability and Performance Testing
Multi-Camera Support
The system allows use of multiple camera feeds.

Load Testing
Stress tests ensured that it operated well under
heavy traffic.

Limitations of the System

* Poor performance under
conditions.

* Reliance on camera angle.

» Lack of night-time precision in the absence of IR
cameras.

extreme weather

Future Enhancements

* Connections to traffic lights.

* Al-based congestion prediction

» Classification of vehicles on the basis of emission.
* Cloud-based analytics dashboard

Future Scope and Enhancements
Integration with Traffic Signal Control

The system can be extended in future to
incorporate adaptive traffic signal controllers to
dynamically alter signal timing, depending on the
density of real time traffic..

Traffic Congestion Prediction

Historical data can be used to predict congestion
patterns, peak traffic hours using machine learning
models.

Emergency Vehicle Detection

The system can be improved to identify
emergency vehicles like ambulances and fire engines
and give priority routing.

Multi-Camera and Multi-Lane Expansion

Future developments can involve a smooth
coordination of the various camera feeds in order to
view large road networks and multi-lane highways..

Edge and Cloud Deployment

Scalability, latency reduction, and city-wide
analytics of the traffic can be enhanced by deploying
the system on both edge devices and cloud platforms.

Integration with Iot and Smart City Platforms

It is possible to connect the system with IoT
sensors, GPS data, and smart city dashboards to
monitor traffic holistically.

Vehicle Behavior Analysis

Further studies may be conducted on the analysis
of vehicle behavior in the form of lane change,
speeding, and wrong-way driving.

Environmental Impact Analysis

There are vehicle classification data, which can
be utilized to estimate the level of pollution and
carbon emission in cities.

Conclusion

To sum up, the Vehicle Count and Detection
System developed as part of the given project
has managed to illustrate how deep learning and
computer vision can be implemented to achieve
intelligent traffic monitoring. The system offers a
scalable, accurate and automated solution to modern
traffic management challenges. The effectiveness of
the proposed approach is proven by experimental
results, and the revealed future improvements present
new opportunities to develop further. On the whole,
this project achieves its goals and makes a difference
in the field of intelligent transportation systems.
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