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ABSTRACT:  Population growth has accelerated recently. Due to the population's linear increase, many individuals 

now frequent public spaces. Thus, this technique will give the number of people in a specific area's malls, 

supermarkets, etc. Some businesses exclusively depend on the timing and schedule of their customers. Therefore, by 

creating a system for counting people, our work satisfies the problem and offers a solution. Therefore, a centroid 

tracker and the single shot detector (SSD) mobile net are suggested. This model links six convolutional layers after the 

VGG16 base network for classification, replacing the base network with a Mobile Net network for improved feature 

extraction. In order to calculate the center of a bounding box, the centroid tracking algorithm uses bounding box 

coordinates from an object detector SSD. The model runs the dataset with training and testing data, as illustrated in fig. 

4, and when the centroid is calculated, it will provide each person an ID. False positive rates (FPR) are limited to 

0.08%, while the maximum true positive rate (TPR) is 95.03%. 1218 negative picture samples and 2416 positive image 

samples altogether. Next, the given data set is tested to determine the correctness of the model, which yields a 96.64% 

accuracy rate. Sometimes methods don't yield highly accurate results because of things like high traffic counting, 

people's clothing, and shadow problems. 
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I. INTRODUCTION 
 

The major goal of this approach is to raise the level of business through a people counting system. It serves as 

the basis for many common vision-based applications, including those used in intelligent transportation systems, retail 

establishments, shopping centers, and supermarkets. [1][2][10]. In this project, an overhead perspective is used to count 

the number of participants. Centroid tracker and mobile network are two distinct types of algorithms used for counting, 

with centroid tracker serving as an object tracking method and mobile network as an object detecting technique. If 

someone establishes the boundaries, they will send an alarm message any time someone crosses them.  

 

In the past, people were found and counted using first-generation devices that used infrared sensors. The next 

to be introduced are the third-generation devices, which combine computer vision and video computing, which is based 

on image processing, for improved accuracy results. After that, the second-generation devices come with thermal image 

sensors for detecting and counting people. There are various approaches used in computer vision and image processing 

for counting people, including the overhead view people detection and counting system, Real-Time People Counting, 

Face-Detection, and strategies for detecting the head and shoulders [1]. By applying these algorithms, You only look 

once (YOLO) [5], Single Shot Detection (SSD), and RGB-D (RGB plus depth) There are multiple cameras used to 

capture the image of the crowd of people using the MCNN multi-camera convolution neural network [11]. It 

synchronizes the frames from the many input cameras and outputs an image of the crowd. For each convolution layer 

of a CNN, MCNN functions independently. In a SCNN single-camera convolution neural network, a single camera is 

used to synchronize the frames. Similar to a convolution neural network, the SCNN operates. The researchers have a 

very tough time using object detection because there are so many different approaches and procedures used for person 

detection. These methods use an overhead perspective to detect the individual from a different angle.   

 
II. LITERATURE REVIEW 

 

Many image and video processing techniques have been developed in the past few years for the purpose of 

detecting individuals. In computer vision and video computing generation, some examples are the Haar Cascade, 

Convolutional Neural Networks (CNN), Single-shot detector (SSD), and You Only Look Once (YOLO) [7][5]. Due to 
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each grid having only two bounding boxes, the YOLO algorithm has a limited recall and will not adequately detect 

items that are close to it.  

  An infrared beam line parallel to the ground acts as a first-generation infrared sensor, counting each time a 

person or item passes by and breaks the beam [6]. The second generation of technology is the thermal sensor. wherein 

the sensor picks up and records infrared light that the human body emits. Then, the video computing and computer 

vision algorithms are developed for detection purposes. There are numerous techniques available that are highly 

accurate for detection [9].   

The author displays an overhead real-time RGB-D system view. In this strategy, the model first identifies the 

head-shoulder of the passing person and extracts the head-and-shoulder features before making predictions using a 

commercially available depth camera that is mounted in the primary entrance gate [11]. The primary objective of the 

foregoing discussion is often overhead view person detection using handmade feature-based algorithms [12].  

 

III. METHODOLOGY 
 

Both the SSD Mobile Net and centroid tracking algorithms were employed in this research, along with the 

deep learning object detector for people counting, OpenCV for general computer vision/image processing tasks, and the 

OpenCV. After that, correlation filters are implemented using the dlib package. Although dlib library was easier to 

work with for this project, OpenCV is used here. A deep learning network has been used to explore this SSD model for 

persons detection. Additionally, the SSD model uses the Mobile Net as its base network. This model was trained using 

a train data set and a test data set, which were both used to determine the model's correctness. Images, classes, and 

scaling the pixels by a NumPy array are all part of the model data. Once the model is trained, SSD predicts each class 

using six layers, as seen in Fig. 3. The model is then prepared to identify humans in an overhead perspective. 

 
Fig. 1.Block diagram of working model 

 
The model is composed of three parts, including setup, detection, and output. The mobile net model is trained 

using the below-mentioned Inria data set during the setup phase. Every time an object enters the field of view of the 

camera, a class is created for that object. Class then enters the detecting phase. The mobile net SSD recognizes an 

object or person in the form of a bounding box during the detection phase and extracts an object's feature. A unique ID 

is given to each person by the centroid tracker, which also tracks the individual. The model makes a forecast if the 

discovered individual is real. The prediction then proceeds on to the output phase, where it shows the overall number 

of predictions that were made. Whenever the number of persons counting surpasses the limit, a notice is issued to the 

staff if a limit has been put on the number.  
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A. Data sets: 
The dataset is the set of information used to train the algorithm and test the model's precision. The datasets 

used in this model are taken for training from this website: http://pascal.inrialpes.fr/data/human/. The model in this 

system has been flawlessly trained using train data and tested using test data. Pixels, pictures, and scaling the pixels via 

NumPy array are all part of the model data.  

 
Fig 2. Trained the model from the above Datasets. 

 

B. SSD with mobile net 

A well-known object detection algorithm is single shot detector (SSD). It is superior because it just requires one 

shot to detect humans, as opposed to two shots required by RPN-based proposals like R-CNN. The base network and 

detection network are the two categories into which the deep neural networks' network is divided. For the detection 

layer, the base networks offer a better collection of extract features. Additionally, it features six convolutional layers for 

object detection and categorization following the basic network.   

Because the Mobile Net network contains numerous weight settings, it is used in the work reported here instead of 

the VGG16 base network. As a result, the model grows large, which also results in a lengthy inference period. The 

mobile network is thirty times smaller and faster than VGG16, and for better extracting features. After the mobile 

network processes the input from the detection network to produce the output that contains the detected people 

coordinate that contains the midpoint and detected bounding boxes, which have many multiple boxes so that non-

maximum suppression chooses the best bounding box for the object, these two algorithms have similar accuracy.   
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This model is successfully detected and the number of  

the id and SSD for object detection. The accuracy of our  

TPR= TP / Positive  model is 96.64% which is tested for the above-given dataset.  

FPR = FP/ Positive The performance of the people counting system detects the TNR = TP/Negative people which are 

shown in Fig.5.  

FNR = FN/Negative  

Fig. 5. Detected and counted people on a different video  

Precision =TP/(TP+FP)  shown below.  

Recall = TP / (TP+FN)  
Accuracy = TP+TN/Total  
 

Fig.  4. Tested model output result 

 

V. CONCLUSION AND FUTURE WORK 
 

 This study attempts to concentrate on the People Counting system that the deep learning SSD model investigates. It 

was suggested that the single shot detector (SSD) might offer superior outcomes to the YOLO paradigm.  When 
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compared to SSD, the YOLO model has a lower recall and more localization error.  The VGG16 convolutional neural 

network was swapped out in this model. The primary goal is to replace the VGG16 convolutional neural network 

model, which is 30 times bigger than mobile net SSD in terms of size. Because our model needs improved extraction 

features and non-maximum suppression choices, the SSD cannot be compacted. 

 

This model was created to help interpret experimental findings, and it provides good accuracy, with a TPR of 

95.06% and an FPR of 0.08%. By using a different data set and training it in a different location, the output can be 

further improved. Due to factors like clothing, shadows, high traffic counting, etc., this method does not always provide 

results with great precision.  

In the future, various crowd detection, traffic counting, and vehicle detection algorithms can be used in conjunction 

with top-down view datasets using the same algorithm. The main drawback of SSD is the lack of deep layers in neural 

networks, which prevents them from producing accurate predictions for small objects. As a result, the SSD technique is 

incompatible with the detection of small objects. In further work, our model can be trained using a huge training dataset 

or a sophisticated dataset augmentation. 
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