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Abstract—The importance of real-time vehicle detection
tracking and counting system based on YOLOvV7 is an
important tool for monitoring traffic flow on highways.
Highway traffic management, planning, and prevention rely
heavily on real-time traffic monitoring technologies to avoid
frequent traffic snarls, moving violations, and fatal car
accidents. Three crucial duties include the detection, tracking,
and counting of cars on urban roads and highways as well as
the calculation of statistical traffic flow statistics (such as
determining the real-time vehicles flow and how many
different types of vehicles travel). Important phases in these
systems include object detection, tracking, categorizing, and
counting. The YOLOV7 identification method is presented to
address the issues of high missed detection rates of the
YOLOV7 algorithm for vehicle detection on urban highways,
weak perspective perception of small targets, and insufficient
feature extraction. This system aims to provide real-time
monitoring of vehicles, enabling insights into traffic patterns
and facilitating informed decision-making. In this paper,
vehicle detecting, tracking, and counting can be calculated on
real-time videos based on modified YOLOv7 with high
accuracy.

Keywords—YOLOv7, detection, tracking, counting, Google
Colab, MS COCO dataset

I. INTRODUCTION

Detecting tracking and counting vehicles on urban roads
and highways (such as cars, trucks, buses, motorcycles, or
ambulance) and calculating statistical traffic flow
information are three important tasks. The development of
real-time vehicle detection, tracking, and counting systems
has revolutionized traffic management and surveillance. Our

research focuses on implementing an efficient and accurate
system using YOLOV7, a state-of-the-art object detection
algorithm. Object detection, tracking, and counting are all
important steps in computer vision systems that aim to
identify and quantify objects within an image or video
stream. Detection involves identifying the presence of
objects in an image or video frame. Tracking involves
following the detected objects across successive frames in a
video. Counting involves determining the number of objects
of a specific class that have been detected and tracked
within an image or video.

By accurately detecting tracking and counting objects
computer vision systems can make informed decisions and
take appropriate actions based on the information gathered
from the detected objects. These techniques can be applied
in various applications, such as surveillance, robotics, and
autonomous vehicles, to enable these systems to operate
efficiently and effectively. YOLOV7 is a popular algorithm
for object detection due to several reasons such as speed and
accuracy, flexibility, easy to use. However, there are other
algorithms for object detection that may be more suitable for
certain applications. For example, Faster R-CNN may be
better suited for applications that require higher accuracy at
the cost of speed, while SSD may be better suited for real-
time applications that require low latency. Ultimately, the
choice of algorithm for object detection depends on the
specific requirements of the application, such as the desired
speed, accuracy, and object categories to be detected. It is
important to evaluate the performance of different
algorithms on the target dataset and application
requirements to make an informed choice.
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A significant contribution to tools for urban/highway
traffic analysis and planning [1]. A common research area in
computer vision is vehicle detection and recognition, which
has several potential applications in automated driving.
Unfortunately, camera angles and the distance between
bodies have an impact on the real-time image collection
process for road vehicle onboard cameras; this results in
issues including block, blur, dim light, and the tiny size of
the target item. As a result, there is little acknowledgment.
To increase the rate of recognition [2]. However, in this
modern era of expanding technology and population, urban
regions have a difficult problem with real-time highway
traffic flow monitoring. Traffic rule infractions, frequent
traffic jams, and fatal traffic accidents are all effects of poor
road/highway traffic management. Traditional methods (such
as RADAR, LiDAR, RFID, or LASAR) are time-consuming,
expensive, and labor-intensive ways to solve this issue [4].
However, they fall short when it comes to classifying
vehicles or gathering data on things like the number of
vehicles broken down by kind and direction of travel [5].

The initial concept of such algorithm is based on the R-
CNN algorithm [7]. Its fundamental design enhances the
YOLO method and borrows Faster-anchor RCNN's
mechanism. Similar to YOLOV3, an anchor is formed on the
feature map at various scales, and a prior box is generated on
the feature map for prediction [8]. The YOLO method is
currently the most popular target identification technique and
is used extensively in industrial manufacturing. As a result,
the YOLO algorithm is the application algorithm framework
employed in this paper. As stated by Wang et al. in 2022 [9],
this algorithm now has the best YOLOvV7 performance. Yet,
there is still opportunity for advancement in the algorithm's
detecting precision. On the basis of the characteristics of
memory access cost, Ma et al. [10] also examined the impact
of the input-output channel ratio, the number of architecture
branching, and operation by element on the network
reasoning speed. While scaling the model, Dollar P et al. [11]
devoted more thought to activation than they did to the
quantity of elements in the output tensor of the convolution
layer. Some of the previous studies may lack an in-depth
evaluation of the proposed systems, particularly in real-world
scenarios with diverse lighting and environmental conditions.
Certain studies might have focused primarily on vehicle
detection and lacked comprehensive tracking and counting
components. The literature review may reveal limitations in
terms of handling occlusions, scale variations, or robustness
to complex traffic scenarios.

The study aims to address the identified gaps and
limitations in previous research by developing a real-time
vehicle detection, tracking, and counting system based on
YOLOv7. It proposes to incorporate novel techniques or
enhancements to improve the system's performance and
robustness in real-world scenarios. The study intends to
provide a comprehensive solution that integrates accurate
detection, robust tracking, and reliable counting of vehicles
in real-time video. The proposed system has the potential to
contribute to various domains, including transportation
management, traffic  monitoring, and surveillance
applications. It can provide real-time insights into vehicle
movement patterns, traffic congestion, and accurate vehicle
counts, enabling better decision-making and resource
allocation. Accurate detection and tracking assist in
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identifying potential traffic violations and enhancing overall
road safety. The study's outcomes may help improve the
efficiency of traffic management systems, enhance safety
measures, and facilitate urban planning.

By critically assessing the literature review and
identifying the gaps and limitations in previous research,
your study aims to contribute to the field of real-time vehicle
detection, tracking, and counting based on the YOLOV7
algorithm. The proposed enhancements, novel techniques,
and comprehensive evaluation of the system can potentially
address the identified limitations and provide a more
accurate and robust solution for real-world scenarios.

II. VEHICLE DETECTION TRACKING AND COUNTING

A. Vehicle detection

Traditional machine learning algorithms for vehicle
detection completely rely on hand-crafted and manually
retrieved object features [12]. The look or motion
characteristics of pixels in a picture are used to obtain the
feature vector [13]. The recognition algorithms, which
identify cars based on their visual characteristics and shape,
essentially take a three-step approach. By erasing the
background, they first do background modeling or
background subtraction. The remaining blobs and their
locations are found in the second stage, which follows the
removal of the background. In the third stage, classification
techniques are used to determine the different types of
vehicles using the observed blobs and extracted data. For
offline videos with a consistent background and favorable
weather, these algorithms work effectively. However,
particularly vulnerable to rapid background changes, unique
weather, and issues with color and shape [14].

However, it is challenging to manually build a
comprehensive feature descriptor that can accurately
characterize all varieties of vehicles due to the range of
partial or full occlusions, slowness, appearances,
illumination, and backdrop changes. Robust and precise
vehicle recognition solutions have been created as a result of
the recently discovered deep learning field, resolving the
problems that machine learning-based detection algorithms
had in the past. Artificial neural networks (ANN), deep
neural networks (DNN), and convolutional neural networks
are the three main models used in these algorithms (CNN).
These techniques use automatically retrieved deep and
hidden properties to find automobiles. Many research
projects based on the CNN architecture have been carried
out. For instance, the most effective and extensively used
techniques are region-based (RCNN) [15], faster region-
based (FRCNN) [16], SSD (Single Shot Detector) [17],
ResNet, RetinaNet, and YOLO ( v1, v2, v3).

Although RCNN, FRCNN, SSD, ResNet, and RetinaNet
have somewhat higher detection and classification accuracy
than YOLO, only YOLO can be utilized in real-time video
analysis tools like traffic monitoring due to its fast detection.
While YOLO can achieve a minimum of 20 FPS and a
maximum of 150 FPS, other approaches have a maximum
frame rate of 8 [19]. However, YOLO accomplishes the
object localization and classification tasks on an input image
with a single neural network just once, hence the algorithm's
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car classification accuracy is less than 57%. As a result, the
categorization accuracy is so low. On urban roads and
highways, 57% categorization accuracy is insufficient for
traffic flow extraction methods. Hence, by incorporating a
reliable classifier layer within the algorithm, YOLO-based
vehicle detection algorithms' classification accuracy should
be increased.

B. Tracking

Traffic flow information such as vehicle speed, motion
direction, total and categorical numbers, duration between
entry and exit points of vehicles, and other desired
parameters are highly valuable when the trajectories of
vehicles (X and Y trajectory vectors) are extracted from a
roadway video scene for the specific time interval or in real-
time. These traffic data make it simple to keep an eye on
and control the flow of traffic in any desired section of a city
or urban area. Although though there are a number of
vehicle tracking techniques that make use of pixel and
bounding-box features, including optical flow, particle filter,
and Kalman filter, none of these methods are adequate for
accurately solving the vehicle tracking problem in real-time
on highways [18]. Tracking algorithms, such as Kalman
filtering or deep association methods, can be applied to track
objects across consecutive frames based on their detected
bounding boxes.

C. Counting

Object counting involves determining the number of
objects of a specific class that have been detected and
tracked within an image or video. This can be achieved by
using object detection, tracking, and classification to count
the number of objects that meet specific criteria. For example,
an object counting system in a traffic video could use object
detection, tracking, and classification to count the number of
cars on a road. Overall, object detection, tracking, classifying,
and counting are important steps in computer vision systems
that can be used in a variety of applications, such as
surveillance, robotics, and autonomous vehicles. Object
counting can be performed by tracking the number of unique
objects detected or by analyzing the flow of objects across
predefined boundaries. The detection, tracking, and accurate
counting will be expeditious on highways are speedy
vehicles. By accurately detecting, tracking, classifying, and
counting objects, these systems can make informed decisions
and take appropriate actions based on the information
gathered from the detected objects.

III. EXPERIMENTS AND RESULTS ANALYSIS

We carry out experiments and validate our object
detection approach using the Google colaboratory on our
modified MS COCO dataset. That dataset has five classes as
['Ambulance', 'Bus', 'Car', 'Motorcycle', "Truck'] using this
dataset we pre-trained the 627 images the annotations were
1194, average image size of 0.72mp and the median ratio of
1024x751. Implementing counting techniques to accurately
estimate vehicle numbers in specific regions. As shown in
Fig. 1, the metrics of training improvement results on
TensorBoard are increasing and loss functions are
decreasing.
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Fig. 1. Improvement training results on TensorBoard (a)
metrics mAP_0.5; (b) metrics mAP_0.5_0.95; (c) metrics_precision; (d)
metrics_recall; (e) train_box_loss; (f) train_cls_loss.

Also, we have developed the dectect.py model that can be
detected, tracked, counting images objects, or real-time
videos. Fig. 2 shows our training images test results and Fig.
3.shows the Original model training data results. As shown
in Fig. 4. Our developed model results also show Fig. 5
trained image curves. Real-time showing on the screen each
FPS how many buses, cars, motorcycles, etc. Finally, we
demonstrated the object detection best performance compare
to the original model results on our developed model.

Workflow Diagram

The system takes real-time video feed as input,
usually from cameras placed at strategic
locations.

—_—

The video frames undergo preprocessing steps,
i i izi ization, and i

video to prepare them for object detection.

Preprocessing/ Video
Collecting
through the YOLO+7 model for vehicle detection.

V -
“Vehicle Detection —* | The model predicts bounding box coordinates
—

and class probabilities for potential vehicle
Non The system applies non-maximum suppression to
Sup;

Video Input
‘The preprocessed video frames are passed

objects.
eliminate duplicate or overlapping bounding box
predictions and retain the most confident ones

The system performs vehicle tracking using
algorithms like Kalman filtering or the Hungarian
algorithm.

—

The system tracks vehicle movement across
predefined regions of interest (ROIs). It counts
the mumber of vehicles for each FPS and shows
the vehicle's name.

The system provides real-time visualization of the
video frames with bounding boxes around
detected vehicles, tracks, and vehicle counts.

Fig. 3. Training images test results.
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Fig. 5. Developed model training data results.
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IV. CONCLUSIONS

In this paper, we proposed a real-time vehicle detection,
tracking, and classifying system based on the YOLOv7
algorithm. The proposed system can accurately detect, track,
and classify different types of vehicles in real-time, and can
be used for monitoring traffic flow on highways. Also we are
developed the dectect.py model that can be detect, tracked,
counting the images objects or real time videos. The system
can provide valuable insights into the traffic flow on
highways, which can help transportation authorities make
better decisions to improve the efficiency and safety of the
transportation system. Future work includes improving the
accuracy of the system by incorporating additional features
such as speed estimation and lane detection.

In summary, the research on "Real-time Vehicle
Detection, Tracking and Counting System Based on
YOLOvV7" aims to contribute to the field by addressing the
limitations of previous studies and developing an enhanced
solution for accurate and efficient vehicle analysis. The
proposed system, leveraging YOLOv7 and incorporating
novel techniques, has the potential to provide real-time
insights and impact various domains, including
transportation management, traffic monitoring, and
surveillance applications. By improving the accuracy and
robustness of vehicle detection, tracking, and counting, this
research can make significant strides in advancing the field
of real-time vehicle analysis.
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