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Abstract: This work presents a vision-based approach for people counting and proximity-
based risk analysis using deep learning and computer vision techniques. The proposed system
utilizes YOLO (You Only Look Once) to accurately detect and localize individuals in an image
by generating bounding boxes. The number of detected persons is computed to estimate crowd
size, while centroid-based distance calculation is employed to analyze spatial relationships
between individuals. A threshold-based mechanism identifies proximity violations, enabling the
system to detect unsafe interactions within the scene.In addition to detection and distance
analysis, the system evaluates key metrics such as the number of violations, the number of
people at risk, and the violation percentage to classify the overall risk level into categories such
as low, medium, and high. A density heatmap is also generated to provide a visual
representation of crowd distribution. The system is implemented with a user-friendly graphical
interface that enables easy image input and real-time analysis. Experimental results

demonstrate that the proposed approach effectively performs people detection, counting, and
risk assessment across different crowd scenarios. However, limitations such as pixel-based
distance measurement and sensitivity to perspective distortion are acknowledged. The proposed
method offers a practical and efficient solution for applications in surveillance, public safety,
and smart city environments.
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I.LINTRODUCTION

In recent years, the need for intelligent and automated systems for monitoring human activity has increased
significantly, particularly in applications such as surveillance, crowd management, and public safety. Accurate people
counting and proximity analysis are essential for understanding crowd behavior, preventing overcrowding, and ensuring safe
environments. Traditional monitoring methods that rely on manual observation are often inefficient, error-prone, and
unsuitable for large-scale or real-time applications. This has led to the development of vision-based systems that utilize image
processing and machine learning techniques for automated analysis. Early research in this domain focused on object detection
and tracking techniques using classical image processing methods. Studies such as Nalwa et al. (2022) [1] explored various
people tracking methodologies across different scenarios, emphasizing the importance of reliable tracking for crowd analysis.
Similarly, Fareed et al. (2022) [3] provided an overview of object tracing techniques in images and videos, highlighting their
role in maintaining object identity over time. These approaches, although effective in controlled environments, often struggle
in complex scenes with occlusion, varying illumination, and dynamic backgrounds.

Vision-based people-counting frameworks have also been developed to automate the estimation of crowd size.
Nalwa et al. (2022) [2] proposed a webcam-based system for counting people, demonstrating the feasibility of real-time
monitoring using computer vision techniques. Supporting processes such as image enhancement and preprocessing play a
crucial role in improving detection accuracy, as discussed by Attri et al. (2022) [4], who analyzed image sharpening and
smoothing methods. Furthermore, image segmentation techniques are essential for isolating objects from the background, as
highlighted by Jain et al. (2024) [6], enabling more accurate detection and analysis.

With advances of machine learning, modern systems have transitioned toward automated feature learning, leading
to improved classification performance. Jain et al. (2024) [5] reviewed various object detection and tracking techniques,
emphasizing the shift from traditional methods to more advanced approaches. Additionally, studies by Singh et al. (2025)
[71[8] demonstrated the effectiveness of integrating image processing with machine learning models, such as Support VVector
Machines (SVMs), for classification tasks, indicating the potential of such approaches for visual analysis systems.

Despite these advancements, accurately analyzing spatial relationships between individuals, particularly for
proximity-based risk assessment, remains a challenging task. Existing methods often focus solely on detection or counting,
without addressing the need for distance evaluation and risk classification. Therefore, there is a need for an integrated system
that not only detects and counts people but also analyzes their spatial proximity to identify potential risks. In this work, a
vision-based approach is proposed that combines people detection, counting, and proximity-based risk analysis into a unified
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framework. The system aims to provide an efficient, practical solution for real-time crowd monitoring by leveraging modern
computer vision techniques and augmenting them with distance-based analysis and visualization.

II.RESEARCH BACKGROUND

People counting and crowd analysis have been extensively studied across multiple domains, including computer
vision, signal processing, and wireless sensing. Early research in this area focused on vision-based human detection in
challenging environments. For instance, Hou and Pang (2010) [9] investigated people detection techniques under difficult
conditions such as cluttered backgrounds and varying illumination, highlighting the limitations of traditional methods in
complex scenarios. With the evolution of real-time systems, embedded object detection approaches were introduced to enable
efficient detection and measurement in practical applications (Othman et al., 2018) [10].

In recent years, deep learning has significantly improved the performance of vision-based people counting systems.
YOLO-based approaches have attracted considerable attention for their real-time detection capabilities and accuracy. Ali et
al. [11] proposed a YOLOvV5-based framework for detecting and counting people in crowded scenes, demonstrating
enhanced feature representation and detection performance. Similarly, Ren et al. [12] introduced a squeeze-YOLO-based
method that achieves efficient, real-time people counting with reduced computational complexity. These methods highlight
the growing importance of lightweight and high-speed models for practical deployment in surveillance systems.

In addition to detection-based approaches, density estimation and flow-based methods have been explored to handle
complex crowd scenarios. Liu et al. [13] proposed a people-counting method based on estimating crowd flows, providing
insights into movement patterns and crowd size. Furthermore, density-based techniques, such as sparse head detection, have
been shown to perform effectively in dense crowds, where individual detection becomes difficult [14]. Chen [15] provided
a comprehensive overview of crowd counting and density estimation techniques, emphasizing their role in addressing
challenges such as occlusion and scale variation. Beyond vision-based systems, non-image-based approaches have also been
developed for people counting. Radar-based methods, such as those proposed by Choi et al. [16] and Choi et al. [17], use IR-
UWB and deep learning to estimate the number of people in a given area. Similarly, wireless sensing approaches based on
channel state information (CSI) have been explored for device-free crowd counting in indoor environments (Liu et al., [18];
Hayajneh et al., [19]). RF-based counting techniques have also been applied to estimate the number of individuals in queues
without the need for cameras in [20]. A broader overview of such non-image-based approaches is provided by [21], which
highlights their advantages for privacy-preserving applications.

111.PROPOSED METHODOLOGY

Figure 1 presents the complete workflow of the proposed vision-based people-counting and proximity-based risk-
analysis system, illustrating how an input image is transformed into meaningful crowd-safety insights. The process begins
with image acquisition, which involves obtaining an image from a dataset, a camera, or a user upload. This raw input is then
passed through image preprocessing, where operations such as resizing and normalization are performed to standardize the
image and make it suitable for further analysis.

Next, the system performs object detection using YOLO, which identifies multiple objects in the scene and generates
bounding boxes along with confidence scores. From these detections, only the relevant “person” class is filtered, ensuring
that the system focuses exclusively on human subjects. The resulting bounding boxes represent the location and size of each
detected individual in the image. Following detection, the system computes the centroid of each bounding box, which serves
as a representative point for each person. These centroids are then used in the people-counting stage, where the total number
of individuals is calculated by summing the detected bounding boxes. To analyze interpersonal proximity, the system
computes distances using the Euclidean distance between every pair of centroids.

Based on a predefined threshold, the system identifies violations, marking pairs of individuals whose distance falls
below the safe limit. These violations are visually represented using colored lines, typically red for unsafe and green for safe
distances. The system then performs risk analysis, calculating key metrics such as total people, number of violations, number
of people at risk, and violation percentage. Using these values, the overall risk level is categorized into low, medium, or high.
Additionally, the system generates a density heatmap that visually highlights areas of high and low crowd density using color
gradients. This helps in understanding crowd distribution patterns.

Step 1. Image Acquisition: The process begins by acquiring an input image I(x,y) from a dataset, a camera, or a user upload.
The image represents a spatial distribution of pixel intensities, where each pixel is defined as I(x, y) € [0, 255] for grayscale
images or as a 3-channel vector for RGB images. This image serves as the raw input for further processing.

Step 2. Image Preprocessing
The input image is preprocessed to improve quality and ensure compatibility with the model. This includes resizing

and normalization. If the image is resized from (H, W) to (H', W), then:

I'y) =165 )

Normalization scales pixel values:

1(xy)
Lyorm (%, y) = % 2

This step ensures consistent input for the neural network.
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Figure 1: Outline of Proposed Methodology

Step 3. People Detection using YOLO
The YOLO model divides the image into a grid and predicts bounding boxes and class probabilities. Each bounding
box is represented as:
B = (x,y,w, h) 3)
where (X,Y)(X,y)(x,y) is the top-left coordinate and w,hw, hw,h are width and height. The model outputs a confidence
score:
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P(obj)XIoU 4
Only boxes with confidence above a threshold are retained.

Step 4. Class Filtering
From all detected objects, only the “person” class is selected:

Byerson = { Bil label; = person} (5)
All other object classes are discarded to focus only on human detection.

Step 5. Bounding Box Generation
Final bounding boxes for each detected person are obtained. Each person is represented as:

B = (xilyil_Wi:_hi)_ ) ) ) (6)
These boxes localize individuals in the image.

Step 6. Centroid Extraction
The centroid (center point) of each bounding box is computed to represent each person spatially:

€=+ +D %
This simplifies distance calculations by reducing each person to a single point.

Step 7. Counting of People
The total number of people is calculated by counting detected bounding boxes:

N=XYN 1=n (8)
where n is the number of detected persons.

Step 8. Distance Computation
Pairwise Euclidean distance is computed between all centroids: for all pairs (i, j):

dij = ||(C; = CII ©)
This gives the spatial distance between individuals.

Step 9. Violation Detection
A threshold distance T is defined. If:

dij<T (10)
The pair is then marked as a violation. Otherwise:

Total violations are counted as:

Step 10. Risk Analysis

The system evaluates crowd safety using multiple metrics:

o People atrisk: R = unique individuals involved in violations
¢ Violation Percentage

Risk % == X 100 (13)

Risk levels are defined as:
o Low: <20%, Medium: 20%—50% and High: >50%

Step 11. Density Heatmap
A density heatmap is generated using Gaussian filtering:

D(x,y) = Gy *1(x,y) (14)
And
_x2+y?
G(,y) = e a0t (15)

This highlights regions with higher crowd concentration.

The system transforms an input image into meaningful crowd insights by combining detection, spatial analysis, and
visualization. It not only counts people but also evaluates safety through distance-based risk analysis and density
visualization.
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IV.SIMUALATION OUTPUTS
We have simulated the proposed work using MATLAB 2024a.
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Figure 2: Single Person Detection and Risk Analysis Output

Figure 1 illustrates the output of the proposed people counting and proximity-based risk analysis system when
applied to an image containing a single individual. On the left side, the system uses the YOLO (You Only Look Once) model
to detect the person in the image. The detected individual is enclosed within a yellow bounding box labeled as “Person,”
indicating successful detection and localization. The system reports a people count of 1, demonstrating accurate
identification. Since only one person is present in the scene, no pairwise distance computations are required, so no violations
are detected. As a result, the number of people at risk is 0, and the violation percentage is 0%, leading the system to classify
the situation as “LOW RISK.” This confirms that the environment is safe and there is no possibility of proximity-based
violations. On the right, a density heatmap is displayed, providing a visual representation of the intensity distribution in the
image. Warmer colors, such as red and yellow, indicate higher-intensity regions, while cooler colors, such as blue, represent
lower- intensity regions. In this case, the heatmap primarily highlights the region around the person, and it is used solely for
visualization and does not affect the counting or risk analysis results.
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Figure 2: Two-Person Detection and Safe Distance Analysis

Figure 2 demonstrates the output of the proposed people-counting and proximity-based risk analysis system for an
image containing two individuals. On the left side, the system applies the YOLO (You Only Look Once) model to detect and
localize both persons in the scene. Each detected individual is enclosed within a yellow bounding box labeled as ‘“Person,”
indicating successful identification. The system reports a total people count of 2, confirming accurate detection. After
detection, the system computes the centroids of both bounding boxes and calculates the Euclidean distance between them.
In this case, the distance between the two individuals exceeds the predefined threshold, indicating they are maintaining a
safe separation. As a result, no violations are detected, and the number of people at risk is zero. Consequently, the violation
percentage is 0%, and the system classifies the scenario as “LOW RISK.” This shows that the environment is safe with no
proximity-based concerns.
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4] People Counting + Distance System
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Figure 3: Multi-Person Detection with High-Risk Social Distance Violations

Figure 3 illustrates the performance of the proposed people-counting and proximity-based risk analysis system in a
moderately crowded real-world scenario. On the left side, the system uses the YOLO (You Only Look Once) model to detect
multiple individuals in the scene. Each detected person is enclosed within a yellow bounding box labeled “Person,” and the
system correctly identifies a total of 6 people. After detection, the centroids of all bounding boxes are computed, and pairwise
Euclidean distances between individuals are calculated. The connecting lines between people represent these distances, with
red lines indicating violations (distances below the threshold) and green lines indicating safe distances. In this scenario, the
system detects 5 violations, meaning several individuals are standing too close to each other. As a result, all detected
individuals are considered at risk, bringing the total to 6. The violation percentage is 100%, indicating that every individual
is involved in at least one unsafe proximity interaction. Based on this high violation percentage, the system classifies the
situation as “HIGH RISK.”

Figure 4 demonstrates the performance of the proposed people-counting and proximity-based risk analysis system
in a dense crowd scenario. On the left side, the system applies the YOLO (You Only Look Once) model to detect individuals
in the image. Each detected person is highlighted with a yellow bounding box labeled “Person.” The system successfully
identifies a total people count of 9, indicating its ability to handle moderately dense environments. After detection, centroids
are computed for each bounding box, and pairwise Euclidean distances are calculated between all individuals. The connecting
lines between people represent these distances, with red lines indicating violations (distances below the threshold) and green
lines indicating safe distances. In this case, the system detects 9 violations, indicating that many individuals are standing too
close together. Out of the 9 detected people, 8 individuals are identified as being at risk, meaning they are involved in at least
one unsafe interaction. This results in a violation percentage of 89%, which is significantly high. Based on this value, the
system classifies the scenario as “HIGH RISK.” This indicates a crowded, unsafe environment where social distancing is not
being observed.

4 People Counting + Distance System
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Figure 4: Crowded Scene Analysis with Multiple Social Distance Violations
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Figure 5: Comparison of Total People and At-Risk Individuals in Crowd Analysis

The figure presents a bar chart illustrating the relationship between the total number of people detected in a scene
and the number of individuals identified as being at risk based on proximity analysis. The chart contains two bars: one
representing the total number of detected people, and the other representing the number of people at risk, i.e., individuals
involved in at least one social distance violation. From the graph, it can be seen that 9 people were detected, of whom 8 are
classified as at risk. This indicates that a large proportion of the crowd is engaged in unsafe interactions, with the distance
between individuals falling below the predefined threshold. The small difference between the two bars suggests that nearly
all individuals in the scene are affected by proximity violations. This visualization helps in quickly understanding the severity
of the situation. A higher number of people at risk relative to the total population indicates poor adherence to safe distancing
norms and reflects a high-risk environment. Such graphical representations are useful for decision-making, allowing
authorities or system users to assess crowd safety at a glance without analyzing detailed numerical outputs.

VV.CONCLUSION

This paper presented a vision-based approach for people counting and proximity-based risk analysis using deep
learning and computer vision techniques. The proposed system effectively integrates YOLO (You Only Look Once) for
accurate human detection with centroid-based distance computation to analyze spatial relationships among individuals. By
combining detection, counting, distance evaluation, and visualization within a single framework, the system provides a
practical solution for real-time crowd monitoring. The experimental results demonstrate that the system performs reliably
across different scenarios, including sparse, moderate, and dense crowd environments. It accurately detects individuals,
computes pairwise distances, identifies violations, and classifies the overall risk level into meaningful categories such as low,
medium, and high.

The inclusion of additional metrics such as number of violations, people at risk, and violation percentage enhances
interpretability and supports informed decision-making. Furthermore, the graphical user interface (GUI) improves usability
by enabling easy interaction and real-time visualization, including annotated images and density heatmaps. However, the
system also has certain limitations. The use of pixel-based distance measurement may lead to inaccuracies due to perspective
distortion and variations in camera angle. Additionally, performance may be affected in highly dense scenes with severe
occlusion or under challenging environmental conditions such as poor lighting. Despite these limitations, the proposed
approach provides a solid foundation for practical deployment in applications such as surveillance, crowd management,
public safety, and smart city systems.
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