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Most supermarket don’t have a crowd traffic counting systems to track and counting 
customer entering their shop lot. In practise, these methods are useful for businesses 
in managing customer flow and optimize staffing and marketing efforts. Furthermore, 
the information can be used to estimate the popularity of the shop with relation to 
people entering the shop lot. The information also useful for the shop owner in 
determining the renting value. Therefore, the paper presents a system for tracking and 
counting people in a retail store using on the edge device, a Jetson Nano board. The 
comparison of the performance of two algorithms for people detecting of YOLOv5 and 
MobileNet-SSD are used in this work, YOLOv5 is a state-of-the-art object detection 
model that is known for its accuracy, but it is computationally intensive and may not 
be suitable for running on resource-constrained devices such as the Jetson Nano. 
MobileNet-SSD is a lightweight object detection model that is designed to run 
efficiently on mobile devices and embedded systems. Next is to track people using 
SORT, SORT is a real-time multi-object tracking algorithm that is based on the Kalman 
filter and the Hungarian algorithm. The results show that YOLOv5 was able to achieve 
the highest accuracy in detecting and counting people, but it was slower than the other 
two algorithms. MobileNet-SSD was the fastest algorithm, but it had lower accuracy 
compared to YOLOv5. In conclusion, the choice of algorithm will depend on the trade-
off between accuracy and computational resources, and SORT is a good option for real-
time people counting on resource-constrained devices. 
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1. Introduction 
 

In recent years, technologies that count the number of people in a space and measure how 
crowded it is have gained increasing popularity for use in the management of shopping stores. These 
people counting and crowdedness measurement technologies can provide valuable insights into the 
behaviour of customers, which can then be used by store managers to make informed business 
decisions. 
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Counting the number of people entering and exiting a shop can provide valuable information for 
the shop owner to adjust pricing of the rent. By understanding the foot traffic in the shop, the owner 
can determine the demand for the location and adjust the rent accordingly. For example, if the shop 
is in a busy area with high foot traffic, the owner may be able to charge a higher rent. On the other 
hand, if the foot traffic is low, the owner may need to lower the rent to attract tenants. By using the 
technologies, which uses computer vision and AI to do people counting, could potentially be 
extended to include estimating the rent of shops. This could be done by using computer vision 
algorithms to detect and count the number of people in the images captured by the camera. The 
number of people could then be used as an additional feature in the machine learning model to make 
more accurate rent predictions. 

Moreover, these technologies can provide store managers with real-time information about 
changing customer demand. In addition to staffing levels, these technologies can also be used to gain 
a deeper understanding of customer movement patterns within the store. For instance, if there is a 
sudden increase in foot traffic, the store manager can use the data to respond quickly. By analysing 
this data, store managers can identify areas of the store that are particularly popular and make 
changes to the layout or product placement to optimize the shopping experience. These systems 
make use of several different algorithms to properly track the number of individuals going into and 
out of a store as well as the patterns of movement those people participate in while they are inside 
the store. By combining people counting with other relevant features such as the size of the shop, 
location, and number of windows, the owner can have a more complete picture of the demand for 
the location and make more informed decisions about adjusting the rent.  

Work in [1,2]  compare human detection models on low-cost embedded platforms like the NVIDIA 
Jetson TX2 and Nano. Their work investigates the capabilities of the NVIDIA Jetson to execute models 
such as PedNet, multiped, SSD MobileNet V1, SSD MobileNet V2, and SSD inception V2. As processing 
speed is a key factor in embedded systems, Moreover, they also conducted comprehensive 
comparisons among those deep learning techniques to find the most efficient model. Findings of this 
study can be summarized as follows: integration and optimization of people detection algorithms in 
real applications into embedded platforms, end- to-end comparisons between existing people 
detection models in terms of accuracy and performance, and datasets that can be used to detect and 
track people in the building. From this study, an embedded platform called Jetson TX2 can execute 
computer vision applications quickly and efficiently (7.5W - 15W). As a result, it offers a way to create 
real-time AI object-detecting software. Jetson Nano is less powerful (5–10W) and less expensive than 
TX2, while having a smaller size and slower performance.  

An AI Traffic Control System, in the study detected and tracked cars using a machine learning SSD 
algorithm instead of YOLO inside NVIDIA Jetson Nano [3]. This system proposes an advanced traffic 
control system consists of AI, machine learning, image processing and IoT. It represents a smart traffic 
light management prioritizing by vehicle density and a complete solution for whom breaks the traffic 
rules. For machine learning purposes, the SSD algorithm has been used instead of YOLO. Because the 
NVIDIA Jetson Nano is a small AI computer. It can only use four threads. If the YOLO algorithm is used 
and a server installed, the system will run very slowly. So, the efficiency of the system will be 
hampered. Because the NVIDIA Jetson Nano is a small AI computer. It can only use four threads.  

As the base line to if the specific model can run in the targeted hardware a study by Haogang 
Feng et al., investigate the inference workflow and performance of YOLO network [4], which is the 
most popular object detection model, in three different accelerator-based single-board computers 
(SBC), which are NVIDIA Jetson Nano, NVIDIA Jetson Xavier NX and Raspberry Pi 4B with Intel Neural 
Compute Stick2. Two versions of YOLO network across the above three SBCs to detect different video 
contents are benchmarked. By comparing the inference performance of the three SBCs, they 
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discussed and evaluated the resource characteristics of the three SBCs to give empirical 
recommendations for reference when deploying AI applications on these three types of intelligence 
edges. Table 1 shown that the memory usage of GPU-based SBC, Jetson Nano, and Jetson Xavier NX 
is much bigger than the memory usage of ASIC-based SBC, Raspberry Pi with Intel Neural Compute 
Stick2 when using a same AI model, Jetson Nano always consumes the most energy for the model 
inference. In contrast, though Jetson Xavier NX has the highest average power (reaches 15.2W when 
running YOLOv3), it is extremely high performance enables it to complete inference work in a very 
short time, so Jetson Xavier NX always consumes the least energy for model inference. In terms of 
Raspberry Pi with Intel Neural Compute Stick 2, it always has the lowest average power, no matter 
which model is running for inference, but its FPS is higher than Jetson Nano, which makes it have 
better energy consumption performance than Jetson Nano. 

 
Table 1   
Benchmarking Jetson Nano, Jetson Xavier NX and Raspberry PI with Neural Stick 2 [4] 

 Models Accelerator-
based SBCs 

Mean 
Confidence (%) 

FPS CPU 
Usage% 

Memory 
Usage (GB) 

Power(W) Time 
(s) 

Video1 YOLOv3 RPI+NCS2 99.3 2.5 4.3 0.33 6.0 690 
Nano 99.7 1.7 26.5 1.21 7.9 967 
NX 99.7 6.1 22.5 1.51 15.2 256 

YOLOv3-
tiny 

RPI+NCS2 0 18.8 15.5 0.11 6.5 121 
Nano 57.9 6.8 28.8 1.00 7.2 236 
NX 57.9 41.1 30.5 1.33 13.5 46 

Video2 YOLOv3 RPI+NCS2 85.8 2.5 9.8 0.41 6.2 496 
Nano 71.5 1.6 38.8 1.36 8.0 587 
NX 71.5 5.9 36.8 1.69 15.2 162 

YOLOv3-
tiny 

RPI+NCS2 61.5 19.0 34.8 0.18 6.8 162 
Nano 54.1 6.6 37.3 1.16 7.4 152 
NX 54.1 35.6 55.5 1.47 13.2 31 

 
YOLOV5-based DeepSORT [5] pedestrian target tracking algorithm (YOLOV5-DeepSORT), which 

introduces the high-performing YOLOV5 algorithm into the DeepSORT algorithm, which detects the 
tracking video frame by frame, and then predicts the target position using Kalman filtering while 
matching the same target using the Hungarian algorithm. To verify the performance of the YOLOv5-
DeepSORT algorithm, a comparison of it with the YOLOv3-DeepSORT algorithm experiments is 
carried out. YOLOv5-DeepSORT algorithm can detect, and track pedestrians better compared to the 
YOLOV3-DeepSORT algorithm. 

For intelligent pig monitoring applications with low-cost embedded boards, such as the NVIDIA 
Jetson Nano, light-weight object detection and tracking algorithms are being used [6,7] . By reducing 
the computational cost in TinyYOLOv4 [8] and Deep- SORT, they can detect and track pigs in real time 
on an embedded board, without losing accuracy. The accuracies of light-weight object detection and 
tracking algorithms are not perfect, the counting accuracy of 99.44%, even when some pigs pass 
through the counting zone back and forth.  

Another study by Zhongxing et al., [9] Real-Time Enumeration of Metro Passenger Volume Using 
Anchor-Free Object Detection Network on Edge Devices. They record footage from the cameras and 
create CircleDet, an anchor-free object detection network, to identify passengers' heads. Instead of 
using a conventional bounding box to locate and bind the target, CircleDet predicts a circle. After 
that, they use a straightforward yet efficient circular IoU-based approach to locate and identify the 
passengers in the movies. CircleDet can operate at 7.8 frames per second (FPS) on an NVIDIA Jetson 
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Nano device and up to 111 FPS on an NVIDIA RTX 2080 graphics card. Their proprietary metro object 
detection (MOD) dataset demonstrates an enumeration accuracy of up.  

People tracking is a crucial task in various applications such as video surveillance, traffic 
monitoring, and human-computer interaction. Tyagi et al., [10] develop automated systems that can 
detect anomalies in the diverse and complex outdoor environments, especially at public places to 
ensure safety and to avoid crowd disasters such as human stampede, mob lynching, and riots using 
deep learning to analyse the crowded areas possibility of occurrence of suspicious and violence 
activities. Abdullah et al., [11] inventing semantic segmentation on foreground extraction for 
pedestrians counting and tracking by the weighted averaging method that removes non-humans and 
non-pedestrians from the scene. Alamri et al., [12] proposed system can detect and intelligently 
analyse the pattern of crowd activity to implement contingency plans, reducing accidents, ensuring 
public safety, and establishing a smart city. An intelligent crowd-monitoring system that can monitor 
the crowd movement makes it easier to maintain social distancing safety [13-15] in small and large 
public areas. The results reveal that the proposed model can identify crowd density status in real-
time, implying that it can effectively assist crowd management tasks such as monitoring, guiding, and 
managing crowds to ensure safety. As for other application, Wang et al., [16] proposed a Crowd 
Tracking and Counting in subway passage using an Improved FairMOT Method. De Sanctis et al., [17] 
used a modular approach to detect people waiting in line. 

In recent years, advances in computer vision and deep learning have led to significant 
improvements in the accuracy and efficiency of people tracking systems. Therefore, there a few 
papers proposed a system that uses image processing to track and count people as they walk through 
a certain area [18-25]. 

This paper presents an On-Edge Crowd Traffic Counting System (OECTCS) using Deep Learning on 
Jetson Nano for counting the detected person during entering or exiting a retail store. This research 
work only covers the parts on analysing the best model for the OECTCS on Jetson Nano. The Deep 
Learning Technique used in this research is YOLOv5 and Mobilenet-SSD. The remainder of the paper 
is organized as follows. Section 2 describes the methodology of OECTCS. Next, in section 3 discussed 
the experimental result of YOLOv5 and Mobilenet-SSD human detection accuracy on different 
hardware and human counting performances for both models. Finally, section 4 provides the 
concluding remarks and points out the ideas for future extension of this work. 

 
2. Methodology  

 
The proposed system using image processing techniques to accurately detect and count the 

number of people in a shop. The system will use a camera as a video source for detection and tracking 
but will not be able to identify individual faces or bodies. The goal of the project is to build a reliable 
system that can provide useful data to shop owners on the number of customers in their store, which 
can be used to optimize staffing levels, improve the shopping experience, and respond more quickly 
to changing customer demand. 

The system will be developed specifically for usage by shop owners and will be designed to store 
data on a local storage device. The data collected by the system will only be accessible to the shop 
owner, and measures will be taken to ensure that the privacy of customers is respected. The system 
will be implemented using embedded boards and will be designed in a cost-effective manner. The 
goal is to create a system that can accurately and efficiently track the number of people in the hallway 
in real time.  
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2.1 Hardware 
 
One popular platform for implementing people counting and crowdedness measurement 

applications for shopping store management is the NVIDIA Jetson Nano. This low-cost, low-power 
computing platform is well-suited for deploying machine learning models and computer vision 
applications in real-time at the edge. The NVIDIA Jetson Nano is a popular platform for edge 
computing due to its combination of affordability and high-performance computing capabilities. 
There are several advantages to using the Jetson Nano for people counting and crowdedness 
measurement applications in shopping stores. First, Nano's compact size and low power 
consumption make it easy to integrate into a store's existing infrastructure. It can be mounted 
discreetly on a wall or ceiling or incorporated into a smart camera or another device. 

One of the primary benefits of the NVIDIA Jetson Nano is its inexpensive price, which makes it 
accessible to a variety of retail businesses. The platform is designed with robust hardware that 
enables it to handle demanding machine learning models and computer vision applications in real-
time despite its low cost. There are several advantages to using the Jetson Nano for people counting 
and crowdedness measurement applications in shopping stores. First, Nano's compact size and low 
power consumption make it easy to integrate into a store's existing infrastructure. It can be mounted 
discreetly on a wall or ceiling or incorporated into a smart camera or another device. 
 
2.2 Object Detection Techniques 

 
Both Mobilenet-SSD and YOLOv5 are object recognition techniques that will be tested in the 

person counting system [4]. Mobilenet-SSD is a single-shot object detection model that uses the 
MobileNet architecture developed by Google. This model makes predictions for each object in the 
input image in a single pass, which makes it faster and more efficient compared to other models that 
use a sliding window or region proposal method. Mobilenet-SSD is designed to be fast and 
lightweight, so it can run on devices with limited resources, making it ideal for use in the person 
counting system. 

On the other hand, YOLOv5 is an enhanced version of YOLOv3, a lightweight detection network 
presented by Utralytics in 2020. YOLOv5 consists of four components: Input, Backbone, Neck, and 
Prediction. The input component takes in the image, while the Backbone extracts features from the 
image. The Neck component processes the features, and the Prediction component outputs the 
object detections. YOLOv5 is a fast and efficient object detection model that is widely used in a variety 
of applications, including security systems and self-driving cars. 

For counting persons, we detected individual objects and keep the region of interest (RoI) for 
detection, exclusive non-RoI. The YOLOv5 and models are widely used for many object detection 
applications. In this study, YOLOv5n, which is a variant and a lightweight version of YOLOv5, is 
proposed to perform object detection on embedded boards. In addition, a multi-object tracking 
algorithm was performed based on the detection results to track individual objects. 

 
2.3 Tracking and Counting Technique 

 
For the tracking techniques, we will be using the sort tracking SORT (Simple Online and Realtime 

Tracking) is an object tracking algorithm developed by Alex Bewley, Zongyuan Ge, Lionel Ott, Fabio 
Ramos, and Ben Upcroft. It is a real-time algorithm that can track multiple objects in a video stream. 
SORT uses a combination of object detection and data association techniques to track objects as they 
move through the frame. It is based on the Kalman filter, a mathematical model used to predict the 
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future state of a system based on its past states. SORT is designed to be simple and efficient, making 
it well-suited for use in real-time applications. 

SORT works in two steps. Detections are made in the first step utilising an object detection 
algorithm, such as YOLO or Mobilenet-SSD. The detections are then correlated with the entities they 
belong to in the second step using a data association approach. This is accomplished using a mix of 
tracking by detection and tracking by prediction, in which each object's position and velocity are 
calculated and utilised to anticipate its future location. 

SORT then uses a Kalman filter to associate each detection with a specific object. The Kalman 
filter is an algorithm that estimates the state of a system over time, based on the past observations 
and a prediction of the future state. In the case of SORT, the Kalman filter is used to estimate the 
position and velocity of each object, and to associate the detections with the objects they correspond 
to. 

In conclusion, SORT is a multiple object tracking algorithm that operates in two stages: object 
detection and data association. It uses a Kalman filter to associate detections with objects and to 
estimate the position and velocity of each object over time. SORT is designed to be fast and efficient, 
making it a popular choice for real-time object tracking applications. 

 
3. Results  

 
This section discusses the results obtained for performance evaluation of object identification of 

a person using the YOLOv5 and MobileNet-SSD. Firstly, compare the accuracy of YOLOv5 and 
MobileNet-SSD, use a commonly used benchmark dataset, such as (Common Objects in Context) 
COCO in this sub section. Next, evaluates (frames per second) FPS, for running the object detection 
models on the Jetson Nano or other hardware and measure the average FPS over several frames. The 
FPS will give an idea of how fast the models can process each frame and thus how suitable they are 
for real-time applications is discussed. Then, track the number of people using YOLOv5 and 
MobileNet-SSD, use the models to detect people in a video stream and count the number of 
detections in each frame. You can then compare the results to see which model performs better in 
terms of accuracy and speed. Finally, concluded that counting of people using MobileNet-SSD with 
SORT, you can use the SORT algorithm to track the detected people over several frames.  

 
3.1 Accuracy YOLOv5 and MobileNet-SSD 

 
In Table 2 terms of accuracy, YOLOv5 has been reported to perform very well on various object 

detection benchmarks, including the COCO dataset, which is a commonly used dataset for evaluating 
object detection models. On the COCO dataset, YOLOv5 has achieved an average precision (AP) of 
44.6% at an IoU (Intersection over Union) threshold of 50% on the test-dev split. This is a relatively 
high accuracy compared to other object detection models. 

 
Table 2 
 Accuracy for YOLOv5n 
Metric Value 
mAP 44.6% 
IoU 50% 

 
Next in Table 3, MobileNet-SSD is generally considered to be a relatively fast but less accurate 

object detection model compared to some of the more complex models. On the COCO dataset, which 
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is a commonly used benchmark for object detection, MobileNet-SSD has achieved an average 
precision (AP) of 21.3% at an IoU (Intersection over Union) threshold of 50% on the test-dev split 

 
Table 3 
Mobilenet-SSD 

Metric Value 
mAP 21.3% 
IoU 50% 

 
3.2 Frame-Per-Second Comparison of YOLOv5n and Mobilenet-SSD 

 
Table 4 shown that YOLOv5 can process images at 6 FPS (frames per second), approximately one 

frame every 167 milliseconds. This means that it may be suitable for applications that require a high 
degree of accuracy but may not be suitable for real-time applications that require faster processing 
speeds. In contrast, MobileNet-SSD can process images at 30 FPS, which is approximately one frame 
every 33 milliseconds. This makes it well-suited for real-time applications where fast processing 
speeds are required. However, MobileNet-SSD may not be as accurate as YOLOv5. 

 
Table 4 
YOLOv5n and Mobilenet-SSD 
Model FPS 
YOLOv5 6 
Mobilenet-SSD 30 

 
 

3.3 YOLOv5 Performance on Different Hardware 
 
The performance of YOLOv5 may vary depending on the specific hardware configuration and the 

complexity of the input data. For example, if YOLOv5 is running on a Jetson Nano at 6 FPS, it can 
process approximately one frame every 167 milliseconds. This may be sufficient for some 
applications but may not be suitable for real-time applications that require faster processing speeds. 

On a full PC with an Intel Core i3-12100F processor and a GTX 1650 graphics card, YOLOv5 may 
be able to achieve a frame rate of 30 FPS as shown in Table 5, which is approximately one frame 
every 33 milliseconds. This may be sufficient for real-time applications and may allow YOLOv5 to 
reach its full potential in terms of accuracy and performance. 
 

Table 5 
YOLOv5 performance on different hardware 

Hardware FPS 
Jetson Nano 6 
Corei312100F/Gtx1650 30 

 
3.4 Number of People That Can Track a Given Video Clips 

  
To evaluate the effectiveness of the system under realistic conditions, a series of video clips that 

simulate a crowded hallway was used to test its performance. These clips allowed us to observe the 
system's ability to accurately track and count the number of people present in the hallway, even in 
situations where the environment is busy and crowded. 
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Fig. 1. Video Clip 1 

 

 
Fig. 2. Video Clip 2 

 

 
Fig. 3. Video Clip 3 
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From both the Table 6 and 7 the combination of YOLOv5 with SORT has been found to be more 
accurate than MobileNet-SSD for object tracking, but it comes with the cost of lower frames per 
second (FPS). YOLOv5 is a highly accurate object detection model, and when combined with SORT, it 
can further improve the accuracy of object tracking. However, YOLOv5 is a more complex model than 
MobileNet-SSD and may have a slower processing speed, resulting in lower FPS.  
 

Table 6 
Counting results in detail for each clip Mobilenet-SSD with SORT 

 The number of people Detected number of people  FPS 
Clip 1 10 10 30 
Clip 2 9 8 30 
Clip 3 41 75 20 

 
Table 7 
Counting results in detail for each clip YOLOv5 with SORT 

 The number of people Detected number of people  FPS 
Clip 1 10 10 6 
Clip 2 9 9 6 
Clip 3 41 33 5 

  
On the other hand, MobileNet-SSD is a faster and more efficient model, but it may have lower 

accuracy compared to YOLOv5 with SORT. The choice between the two will depend on the specific 
requirements of the application and the relative importance of accuracy and speed. The increased 
number of people in each frame can affect the performance of an object detection and tracking 
system. As the number of people increases, the system may have to process more data and make 
more calculations to track each person, which can potentially decrease the frame rate and increase 
the processing time. 

 
3.5 People Counting using Mobilenet-SSD with SORT 

 
The brown and green zones represent the entrance and exit areas as shown in Figure 4, 

respectively. If a person is detected in the entrance area and then walking to the exit area, the 
counting of a person is complete. 
 

 
Fig. 4. Area of detection 

 
In this case, the person was detected in the F-1 frame as shown in Figure 5, and the position of 

the person was in the entrance area.  
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Fig. 5. F-1 frame depicts a person 
detected from the entrance area 

 
The start status and end status are ‘0’. The person moves to the exit area in the F-2 frame as 

shown in Figure 6, the start and end status becomes ‘1’ increasing the (counting result) CR value by 
1 as indicate in Table 8. 

 

 
Fig. 6. F-2 frame depicts a person 
detected from the entrance exit 

 
Table 8 
Moving from entrance to exit 

Frame  F-1 F-2 
Start status 0 0 
End status 0 1 
CR - +1 

 
The person was detected in the F-1 frame and the position is in the exit area as shown in Figure 

7. The start and end states are ‘1’.  In this situation the end status value is the same as the start value, 
the CR value does not change.  

 

 
Fig. 7. F-1 frame depicts a person 
detected from the exit area 
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The person was detected in the F-2 frame and the position as shown in Figure 8 is in the entrance 
area.  

 

 
Fig. 8. F-2 frame depicts a person 
detected from the exit area 

 
However, in this frame, the CR value decreases by 1 owing to changes between the end status 

(‘0’) and the start status (‘1’) on Table 9 below. 
 

Table 9 
Moving from exit to entrance 
Frame F-1 F-2 
Start status 1 1 
End status 1 0 
CR - -1 

 
The last scenario is when the same person moves back and forth between the entrance area and 

the exit area as shown in Figure 9. First, the person is detected in the T-1 frame, and because it is in 
the entrance area, the start status and end status values are stored as ‘0’. In the T-2 frame, the CR 
value increases by 1 because the end status value is ‘1 

 

 
Fig. 9. Subject moving back and forth 

 
. The end status value of the T-3 frame is the same as the start status value, and it does not affect 

the CR value. Finally, because the end statuses of the T- 4 frames are ‘1’, the CR value increases by 1. 
 

Table 10 
Moving back and forth 
 T-1 T-2 T-3 T-4 
Start status 0 0 0 0 
End status 0 1 0 1 
CR - +1 - +1 
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4. Conclusions 
 
In this research, the paper presented a solution of an On Edge Crowd Traffic Counting System 

using deep learning model for counting the number of people entering and exiting a shop lot. 
Furthermore, this research can possibly provide the retail industry with an effective solution to the 
estimate the popularity of certain shop lot based on number of customers coming to shop. As 
mentioned above, a machine learning model for people entering and exiting a shop lot successfully 
being created. First, the YOLOv5 model is suitable and a better choice for system with better object 
detection accuracy. However, if you need to run the object detection model on a device with limited 
computational resources, such as a Jetson Nano, then MobileNet-SSD might be the better choice 
because it can run faster on these devices although with less accuracy.  The SORT object tracker can 
reduce the computational expense of feature extraction without compromising tracking accuracy. 
Even when people are repeatedly entering and leaving the counting zone, this straightforward 
identification and tracking approaches, together with an exact counting algorithm, may give results 
with high precision and real-time speed. In conclusion, the human tracking and counting system 
operate with real-time speed and acceptable counting precision on an embedded NVIDIA Jetson 
Nano board. 
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