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Abstract

In modern society, dense crowd detection technology is particularly important
due to the frequent occurrence of crowd scenes such as stations, shopping
malls, and event sites, which are often accompanied by safety risks, like stam-
pede accidents. Although many studies have made progress in estimating pop-
ulation density, the ability to accurately identify dense areas in multi-scale sce-
narjos still needs to be improved. To solve this problem, this paper proposed
an improved multi-scale dense crowd detection method based on YOLOv5
and improved the DBSCAN clustering algorithm to identify densely crowded
areas. Experiments show that the improved multi-scale dense crowd detection
method can identify target crowds at multiple scales, and the accuracy of its
detection results is around 70%. In addition, by calculating the crowd density
under the same scale conditions and visualising the dense areas, we were able
to solve the problem of dividing the crowded areas and visualise the dense
areas more accurately. These improvements enhanced the applicability and
reliability of the model in practical applications and provided strong technical
support for security monitoring and management.
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1. Introduction

In modern society, there are dense crowds in various scenes such as stations, shop-
ping malls, and event sites. Dense crowds can bring safety risks, such as stampede

accidents. In order to effectively prevent and control the occurrence of such risks,
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a dense crowd detection algorithm based on computer vision technology and real-
time capture and analysis of the state of the crowd in the area through the surveil-
lance cameras installed on the site came into being. Through real-time monitor-
ing, real-time processing and analysis of video streams provide strong support for
security management. Rafid [1] et al focused on the impact of using the LAB color
space on the performance of NASNetMobile for dense crowd detection through
the fine-tuning process. Liu [2] and others designed an intelligent campus security
system using image detection and IoT communication technology for crowd de-
tection and hazardous action detection. Arefin [3] et al emphasized the im-
portance of crowd density estimation for safety and public services, leading to the
development of an artificial intelligence project for this purpose. Fujii [4] ef al,
used the CrowdMAC framework to address incomplete crowd density maps,
achieving robust crowd density prediction. Li [5] et al introduced LLM Count,
which enhances the performance of fixed crowd detection in various application
scenarios using large language models. These studies have collectively advanced
the technology for detecting dense crowds in different fields, but they still cannot
accurately identify dense areas within dense crowds under multi-scale conditions.

In order to solve the problem of multi-scale dense crowd area identification in
dense crowd scenes, a multi-scale dense population detection and dense area iden-
tification algorithm through an improved clustering algorithm was proposed. On
a large scale, the YOLOV5 detection method was used to detect sparse crowd tar-
gets in the whole scene. On a small scale, the YOLOvV5 detection method was used
again to detect targets in dense populations after image segmentation. The results
of the two scales are combined by the Non-Maximum Suppression (NMS) method,
which complements each other and removes redundant results. Experiments
show that compared with the YOLOv5 detection method alone, the proposed
multi-scale detection method has a significant improvement in detection accu-
racy, and finally, the function of automatic identification of densely populated ar-

eas is realized by improving the DBSCAN clustering algorithm.

2. Background and Related Work
2.1. Improved Dense Crowd Detection Algorithm for YOLOv5

The YOLOVS5 algorithm is not accurate in multi-scale object detection when deal-
ing with complex scenarios such as dense and small targets. To address the multi-
scale issue and find a balance between detection speed and accuracy, this paper
proposes an improved YOLOV5 dense crowd detection algorithm. The improved
YOLOV5 dense crowd detection algorithm is a multi-scale detection method from
near and far, which has the ability to perceive targets at different scales and is
suitable for various complex scenarios.

Figure 1 is a flowchart of the improved YOLOV5 algorithm. First, the input
image is directly fed into the YOLOV5 network for rough detection, which is
mainly to detect large target groups at close range. Then, in order to identify the

long-distance population, the original image was divided into 9 sub-blocks for
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Figure 1. Flowchart of the improved YOLOV5 algorithm.

initial segmentation detection. The sub-blocks that need to be detected are screened
through the attention score and sent to the YOLOvV5 network for detection, and
the attention score of the sub-blocks needs to be greater than 0.55. Equation (1) is
the formula for the attention score, where edge density is the ratio of the total
number of edge pixels in the image to the total number of pixels in the image, and
colour contrast is calculated by calculating the variance of the colour image crop
over the three channels of RGB.

score = 0.1*edge density + 0.9 * color contrast (1)

In this way, medium-sized populations can be detected. Duplicate detection
frames are then removed using the Non-Maximal Suppression (NMS) algorithm
to ensure that only one detection frame is retained for each target. In this case,
when the resolution of the sub-block is greater than 50 x 50, each sub-block ob-
tained by the previous partition is divided into 9 smaller sub-blocks again. Simi-
larly, the sub-blocks that need to be detected are screened by the attention score
and sent to the YOLOV5 network for detection. This stage focuses on the detection
of smaller targets, again using the NMS algorithm to remove duplicate detection
frames to ensure the accuracy of small target detection, until the resolution of the
sub-block is less than 50 x 50 stopping the segmentation. Finally, all the segmen-
tation detection results are restored to the original image to obtain the final detec-
tion results. By integrating the segmentation block detection results, various tar-
gets in the image can be comprehensively covered to improve the overall detection
effect.

Based on the coco128 dataset, this class is deleted except for the class 0 (person),
and the hyperparameters are adjusted for training with 90 iterations. In Figure 2
a is the original figure, and b, ¢, and d are the corresponding model detection
results under the condition of confidence equal to 0.1. In Figure 2, YOLOv10
detects 10 people, while YOLOV5 detects 20 people, and the improved YOLOv5
detects more than 60 people, we can find that the detection effect of YOLOV10 is
not as good as that of YOLOV5, which is due to the fact that YOLOV10 is suitable
for detecting smaller objects or distant objects, and is not suitable for detecting
the case of a large change in scale. The improved YOLOVS5 detection effect pro-
posed in this paper is significantly better than YOLOv5 and YOLOV10. In Figure
5, the total number of people in the original figure is around 80, and from the
point of view of the accuracy rate of detecting the number of people, the accuracy
rate of the detection results of YOLOV10 is about 10% lower, and the accuracy

rate of the detection results of YOLOV5 is about 20% lower, and the accuracy rate
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(a) original figure

(c) YOLOV (d) ours

Figure 2. Comparison of crowd target recognition between YOLOv10, YOLOV5 and im-
proved YOLOV5.

of the detection results of the improved YOLOVS5 is high between 70% and 80%.
This verifies that our proposed improved YOLOVS5 algorithm is suitable for de-
tecting situations where the scale of the crowd varies greatly, and the improved
YOLOVS5 algorithm also lays the foundation for detecting aggregated areas in

dense crowds.

2.2. Improved DBSCAN Clustering Algorithm for Dense Crowd
Area Detection

With the continuous development of technology, the detection and management
of densely crowd areas have become increasingly important. To better address
scenarios with dense crowds, we have applied the improved YOLOv5 dense crowd
detection algorithm proposed in the previous section to video stream crowd de-
tection to identify dense areas within. First, when the input data is a video stream,
we apply the improved YOLOv5 dense crowd detection algorithm to each frame
of the video. For the detection results of each frame image, we calculate the center
point coordinates of each detection box and store them in the variable detection
information, which will be used as the basis for subsequent cluster analysis.

We will improve the DBSCAN (Density-Based Spatial Clustering of Applica-
tions with Noise) method to find dense areas by clustering these centre points.
DBSCAN is a density-based clustering algorithm, which is effective in discovering
clusters of arbitrary shapes and has good robustness to noisy data. DBSCAN is a
density-based clustering algorithm that can effectively find clusters of arbitrary

shapes and is robust to noisy data. For the clustering results obtained using
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DBSCAN, we will identify the dense area. To do this, we first need to define what
a dense area is. Intuitively, if a crowd forms a compact mass in space without ob-
vious gaps, it can be defined as a dense area. However, from a mathematical point
of view, an area is considered dense if the spacing between people in an area is
very small and the distance between people is less than a specific value (e.g. 0.5
m). On this basis a dense area is further defined by setting a specific threshold of
people, e.g. an area with more than a certain number of people per square metre
(e.g. 5 people/m?) is defined as a dense area [6], and the density of the crowd is
determined by calculating the ratio of the number of people within a specific range
to the area of that range. Further, it can be defined in terms of relative density,
with areas with significantly higher population density compared to surrounding
areas considered densely populated.

Using these understandings of dense areas, this paper devises a definition in the
field of dense crowd detection that conforms to what is known as a dense area.
First of all, the variable detection info found in the centre point coordinates
through the formula (2) into the same scale conditions of the coordinates, the
meaning of the formula (2) is to picture box under the bottom edge of the centre
point for the new coordinates of the origin, in the distance from the new coordi-
nates of the origin of the base of the proportional enlargement, and finally restore
the origin of the coordinates to get the coordinates under the same scale condi-

tions of the coordinates of the x; y.

W
Xo——

X=(xO—W?j* 1+T2 +W,y=2H—(H—yO)*(1+H_yOJ (2)

DBSCAN is used to obtain a series of classes for the points represented by these
newly obtained coordinates, and the ratio of the number of people in the range of
these classes to the area of the range is used to determine the density of the crowd,
at this time, if the density of the crowd in a certain area exceeds the set threshold,
then the area is called a dense area, and finally, we will reduce these dense areas to
the real picture.

In order to calculate the crowd density and reduce the dense areas to the real
picture, we will improve the DBSCAN, that is, on the basis of the previous step of
using the DBSCAN to obtain a series of classes, we will perform the following
operations to find a minimum outer rectangle for all the points in the clustered
classes, so as to obtain a minimum rectangular region that can cover all the points.
The following is the method for determining the boundaries of the minimum rec-

tangle: for all the points in these classes, use equation (3) to calculate.
Xi,min = min (Xj )7 yi,min = min(yj )! Xi,max = maX(Xj )! yi,max = max(y] ) (3)
where are the coordinates of all points, and jis traversed from 1 all the way to the

population size n, .The area of the smallest rectangle is then calculated using
Equation (4):
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Areai :(Xi,max _Xi,min)x(yi,max _yi,min) (4)

Then, the number of people density is calculated using Equation (5): assuming
that the number of people detected n, is distributed in this rectangle, then the
number of people density D, in the area can be expressed as:

n.

D =— (5)

~ Area,

After calculating the population density at the same scale, a area that is defined
as a dense area must meet the population density of the area that exceeds the set
threshold Dy .0 > @and these areas are redrawn together to create a complete
dense area, as shown in Equation (6):

True, D; > Dyyespor

. (6)
False, otherwise

Dease Area = {

Finally, the dense region is restored in the real picture to get the dense region
of the most initial picture.

This method not only improves the flexibility and accuracy of crowd density
estimation, but also helps us better understand the distribution of people in the
image. In practice, dense areas need to be given special attention and appropriate
control. Finally, we will detect and cluster each frame in the video stream and
connect the results into a smooth video stream. In this way, we can intuitively
observe the distribution of the population and the changes in the dense area,

which provide strong support for crowd management and safety assurance.

3. Results

A video of students crossing a footbridge was randomly collected for the experi-
ment, and Figure 3 shows the results of the experiment by collecting dense regions
from the video. The blue detection boxes in Figure 3 are the crowd targets we
detected, and these targets are used to find the dense regions using the improved
clustering method and are plotted with red boxes. The experimental results
demonstrate that the improved method can accurately detect the dense regions of
the crowd and successfully capture the crowd's aggregation characteristics in the

video. In addition, it can be observed from Figure 3 that the distribution of dense

Al

Figure 3. Dense area recognition experiments in the collection video.
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regions in different images is well adapted: the shapes and sizes of the dense re-
gions are highly consistent with the distribution of the crowd. This indicates that
our method is not only applicable to target clustering in static scenes, but also able
to respond dynamically to the changes of dense regions in videos. Meanwhile,
compared with traditional clustering methods (e.g., DBSCAN, K-Means), our im-
proved clustering method is able to deal with dynamic crowd density and dense
regions under multi-scale conditions, while traditional clustering methods can
only identify crowded regions and compute their crowd density for crowded tar-

gets of the same scale.

4. Conclusion

This study not only improved the performance of the YOLOvV5 algorithm under
multi-scale conditions but also successfully implemented an effective method for
crowd density assessment and dense area recognition. This method can identify
dense areas in surveillance scenarios, providing a powerful technical tool for pub-
lic safety management. This achievement will greatly enhance the monitoring and
response capabilities in the field of public safety, especially in high-risk, densely
populated situations.
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