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Abstract

With the rapid growth of the world’s population and the rapid development of urbanization, the issue of crowd

gathering safety has aroused widespread concern in society. Extensive video surveillance systems provide rich

data support for dense crowd management. Video-based crowd counting and density estimation methods are

the core technologies to ensure the safety of crowd gathering. Different from single-view video analysis,

cross-source multi-view multi-granularity video contains more cross-information. The complementary sharing of

information is of great help to solve the problems such as occlusion in the current crowd counting. Therefore,

this article proposes a crowd counting method based on cross-source multi-view and multi-granularity video

distributed information fusion. By establishing a distributed structure from different cameras that matches

low-altitude and high-altitude views, it uses fine-grained from low-altitude images. The high-resolution local

information corrects and supplements the global information from high-altitude images, so as to calculate a

more accurate and global number and density of people. This method is actually applied to the landmark

building of Suzhou Life City Square. The changes in the number of people and the movement situation during

the evacuation are analyzed and evaluated, and good results are obtained.

Keywords: Crowd gathering safety; Computer vision; Multi-granularity data fusion; Distributed computing

1 Introduction
In recent years, with the rapid growth of the world
population and the rapid development of urbaniza-
tion, frequent sports events, entertainment rallies, cul-
tural exchanges and other activities have led to the
actual number of people being much larger than the
capacity of the venue. This causes a series of sudden
safety issues and becomes a social focus [1]. In this
case, the safety of places can only be improved by ac-
curate crowd counting and density estimation. Tradi-
tional crowd counting often relies on the help of ar-
tificial experience, whose estimation results lack ac-
curacy and real-time performance. At present, due to
the rapid development of the Internet of Things tech-
nology [2], especially the widespread use of ubiquitous
video surveillance systems, interconnected video cap-
ture devices have been able to provide a full range of
dynamic coverage capabilities of perspectives, provid-
ing more data support abilities for crowd density esti-
mates [3], which makes it possible to accurately count
the crowds in dense places.
Crowd counting and density estimation based on

continuous video frames are widely used in various
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fields [4], such as city planning, traffic monitoring, pub-
lic safety and so on. The design of large-scale urban
complexes and crowd gathering infrastructure often in-
volves the concept of ”humanization”, and the pattern
and density of crowds have become one of the crite-
ria for site design [5]. Some public places such as bus
station also need real-time crowd counting [6] to on-
line monitoring and early warning [7]. Some scholars
are also dedicated to the development of automated
systems or solutions for crowd counting [8], making
public safety towards intelligent development. Com-
pared with these works about crowd counting, the
simulation design of crowd evacuation also focuses on
the density distribution and accurate counting of the
crowd. Ji et al. [9] aimed at the characteristics of high
density crowd evacuation, proposed a new triangular
mesh cellular automaton model and more accurately
simulated the evacuation process of high-density peo-
ple. Ben et al. [10] developed an agent-based cellular
automaton (CA) environment model method, which
simulated four different evacuation scenarios and ef-
fectively guided crowd evacuation.
Recent researches about crowd counting and density

estimation are various. But we can see that there are
still some core challenges:
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Figure 1 Challenges in crowd density estimation. Images are from NWPU-Crowd datasets [11].

• Crowd occlusion: Normally, occlusion has al-
ways been the main difficulty. Because the crowd
is highly concentrated, the camera cannot ac-
curately identify overlapping human bodies. It
would reduce the estimation accuracy, as shown
in Figure 1 (a).

• Video perspective and depth of field (DOF): Per-
spective can be described that the farther away
from the camera, the larger the body size in the
lens, and vice versa. It makes individual models
not be measured with the same scale. DOF can be
described as a distance in the field of view of the
camera. The human body in the distance range is
clear, and the human body outside the range is
blurred, which is not conducive to the extraction
of human characteristics, as Figure 1 (b) and (c).

• Affected by the content and form of the event, ter-
rain and other factors, the crowd tends to gather
in areas that are conducive to participating in ac-
tivities, such as at outdoor music festivals, the
crowd usually likes to gather on steps near and
far from the stage. Because these places have bet-
ter viewing horizons, see Figure 1 (e). This phe-
nomenon is in stark contrast to the uniform ar-
rangement shown in Figure 1 (d).

• Non-uniform illumination of the environment:
The change of ambient light in a short time may
increase more interference noise, make the tar-
get features complicated and fuzzy, and greatly
reduce the counting accuracy, as Figure 1 (f).

These challenges make crowd counting extremely dif-
ficult and hard to apply effectively in real-world sce-
narios.
We found that there is cross-information between

multiple cameras with the same granularity across
sources, that is, multiple cameras in the same global
environment share some local information, which com-
plement each other. This is the crowd in a single cam-
era. Problems such as occlusion provide new solutions.
In addition, the current research methods and imple-
mentation methods calculate the number of people
from video data perceived from camera equipment in-
stalled at low altitude (near the ground), which cannot
meet the requirements for calculating the global num-
ber or density of public places in large cities. This is
because the global camera equipment video data in-
stalled at high altitude (away from the ground) can-
not provide the rich and specific crowd characteristics
contained in the low-altitude video data. As shown in
the first line in Figure 2, the crowd characteristics in
the low-altitude video are very obvious. It is good for
extraction calculations. The global picture shown in
the second line in Figure 2 shows that the crowd is
highly concentrated and the features are extremely in-
significant. However, the global picture can provide the
spatial and temporal flow trend of the crowd, which
cannot be achieved by low-altitude video. For estimat-
ing the density of a wide-area population, if the multi-
granular global camera and local camera information
can be complementary, this allows the global popula-
tion distribution to be decomposed into a multi-scale
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Figure 2 Comparison of crowd situation in local viewing angle and global viewing angle. Images are from NWPU-Crowd datasets
[11] and Shanghaitech dataset [21].

fusion of all local information, which is likely to make
up for the uneven population distribution. The prob-
lem is that the estimation accuracy is inaccurate due
to the uneven illumination with the environment.

In response to the above problems, this paper pro-
poses a distributed cross-source multi-granularity col-
laborative real-time dynamic monitoring information
fusion crowd counting method. By establishing a dis-
tributed structure of low-altitude perspective and
high-altitude perspective, the integrity of low-altitude
information is used to supplement the high-altitude in-
formation. To count the final global numbers. Among
them, the estimation of the number of local people
at low altitudes is based on a multi-column convolu-
tional neural network model (MCNN), which extracts
head features of different sizes, and finally normalizes
to obtain the actual number of people. After several
experiments, it proves that its accuracy is within the
range of error tolerance. Crowd situational awareness
at high altitudes uses a hybrid Gaussian model (GMM)
to extract foreground images as key moving points,
considers moving point spacing and assigns density
values. Finally, the fusion analysis is performed in the
actual video of multiple periods and multiple angles,
and compared with the actual situation, the effect is
significant.

The structure of the article is as follows: Section 2
introduces the related work of crowd density detection
and multi-angle fusion from the field of machine vision.
Section 3 describes a multi-column convolutional neu-
ral network model and a hybrid Gaussian model. Based
on this, a multi-angle distributed information fusion
model is established. Section 4 applies our model in

actual scenes, gives the experimental results, and con-
ducts a comparative analysis; We discuss the results
in Section 5.

2 Related work
2.1 Research on crowd density detection

In the field of machine vision, scholars have reviewed
the methods of crowd counting and crowd density de-
tection. Saleh et al. [12] summarized two methods of
crowd density estimation and crowd counting, includ-
ing object-based target detection and feature extrac-
tion (pixel, texture, corner) analysis. Yogameena et
al. [13] analyzed various methods for studying crowd
anomalies in crowded scenes, and made a further sup-
plement on the basis of Saleh to propose crowd count-
ing and density methods including direct and indirect
methods.
The direct method based on target detection is to la-

bel the individuals in the image and finally add up. Lin
et al. [14] used wavelet transform to extract the fea-
ture regions of beaded contours, and then used support
vector machines to distinguish the features into head
contours or non-head contours. Finally, they used per-
spective transformation technology to accurately esti-
mate the number of people. Zhao et al. [15] proposed
a model-based method to explain the observation re-
sults of multiple partially occluded human hypothe-
ses in a Bayesian frame, using a data-driven Markov
chain Monte Carlo method to integrate knowledge of
human shapes, camera models, and image cues into
the framework to estimate the number of people. Sidla
et al. [16] introduced a vision-based pedestrian detec-
tion and tracking system that extracts shape informa-
tion from video frames to detect individuals and count
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people in very crowded situations. The main disad-
vantage of this method is that although individuals
can be counted correctly by segmenting the individu-
als correctly based on the markers, it is not possible to
accurately estimate the number of people in a densely
populated high density crowd.
The indirect method based on feature extraction is

to extract human features as training parameters, and
finally normalize to get the total number of people.
Liang et al. [17] proposed a statistical method of crowd
flow based on feature points to obtain the character-
istics of crowd flow in the scene, including crowd ori-
entation and number counting. Support vector regres-
sion machine was used to train data and provide a
higher accuracy of crowd flow statistics. Marana et al.
[18] introduced a new crowd density estimation tech-
nique based on the Minkowski fractal dimension, which
is used to characterize a large number of data tex-
tures in physical and biological sciences, and also re-
flects the crowdedness of people in crowd images. Kok
et al. [19] learned to distinguish crowd characteristics
from particles, which conform to the contour between
the crowd and the background (ie, non-population) re-
gions for density estimation. Fradi et al. [20] proposed
a new crowd density measurement method in which
pixel-level local information replaces the global crowd
level or the number of people per frame, and used lo-
cal features as observations of the probability density
function to generate an automatic crowd density map.
Zhang et al. [21] proposed a multi column convolu-
tional neural network (MCNN) structure to map the
image to its crowd density map. Zhang et al. [22] pro-
posed a multi-resolution attention convolution neural
network (MRA-CNN) to estimate the population den-
sity. In the training process, the density level classifi-
cation task was added, combined with the character-
istics of multi-scale and multi context, to respond to
the uneven distribution of the crowd. Due to the lack
of detailed extraction of human features, such meth-
ods cannot distinguish human features from environ-
mental noise well in complex changing scenes, causing
inevitable estimation errors.
In recent years, deep learning has become the main-

stream of feature extraction methods [4], including
convolutional neural networks (CNN), Contextual
Pyramid CNNs (CP-CNN) [23], CSRNet [24] et al. Fu
et al. [25] designed two ConvNet cascaded classifiers to
improve the accuracy and speed of the classifier, and to
optimize the crowd density by optimizing the convolu-
tional neural network. Hu et al. [26] used the ConvNet
structure to extract crowd characteristics from static
images such as video images, and then used two types
of monitoring signals: crowd count and crowd den-
sity to learn crowd characteristics and estimate spe-
cific numbers. Jiang et al. [27] increased the diversity

of deep neural networks with additional multi-scale
labels, and achieved high-performance crowd density
map estimation. Zhang et al. [28] introduced a label
distribution learning strategy based on the regression
model when training video data, which made up for
the shortcomings of insufficient training data in the
regression model and improved the estimation accu-
racy. Miao et al. [29] proposed a spatio-temporal con-
volutional neural network ,which considers the inher-
ent temporal correlation between adjacent frames of
video, and uses the advantages of spatiotemporal in-
formation for crowd counting. Song et al. [30] proposed
a method for estimating the crowd density of a video
scene invariant crowd using a geographic information
system (GIS) to monitor large-scale crowd sizes, which
strengthened the adaptiveness of the camera’s estima-
tion model. In fact, with the widespread popularity
of surveillance cameras, dynamic surveillance videos
from different viewing angles at high and low altitudes
can not only meet the requirements of model marking
on human details, but also meet the needs of feature
extraction on group textures. Therefore, the research
center is shifting to the fusion of the two technical
methods.

2.2 Research on multi-view video fusion

At present, the video analysis of single device, single
view and single dimension no longer meets the work re-
quirements, and the actual situation is more inclined to
multi view video joint analysis. Xu et al. [31] et al. clas-
sified fusion into primary, intermediate and advanced
multi viewing angle fusion according to the hierarchi-
cal classification of fusion information.

The first type is primary fusion. The idea is to start
with the video image of a single camera. When the
system predicts that the video at the current viewing
angle does not meet the analysis needs, it switches to
a camera with another viewing angle. Cai et al. [32]
proposed a framework for simultaneous gray-scale im-
age tracking of moving human body in indoor envi-
ronment, which was used for multiple fixed cameras
to shoot, automatically switched the camera equip-
ment with different viewing angles, selected the cam-
era that provided the best viewing angle and needed
the least switching to continue tracking, and finally
gave the experimental results to evaluate the perfor-
mance of the tracking system. Mehrube et al. [33] used
two synchronous cameras to obtain independent video
streams, detected moving objects from two different
viewing angles, and improved the robustness of track-
ing process. Because there are no related features be-
tween different cameras, this type of fusion information
is very limited and is in the primary fusion stage.
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Figure 3 Spatial relationship between local viewing angle and global viewing angle.The blue area is a high-altitude global field of
view and fully covers the crowd space, and the red area is a low-altitude local field of view that is still within the global field of vision.

The second type is intermediate-level fusion. The
idea is to extract the features of all individual cam-
era devices and fuse them into a global feature sum.
Kang et al. [34] proposed a method for multiple cam-
eras to continuously track moving objects, which can
process video streams from still and pan tilt zoom
cameras at the same time, allow more accurate mo-
tion measurement of objects watched by two cameras
at the same time, and automatically handle occlusion,
detection error and camera switching. Xu et al. [35]
proposed a system structure and method for track-
ing people, which solved the problem of single view
background adaptive and multi view data fusion accu-
racy respectively, and was verified in calculating the
real-time position of football players in the game. Cao
et al. [36] proposed a video-based crowd density anal-
ysis and prediction system for wide-area surveillance
applications. The cumulative mosaic image difference
method is used to extract crowd areas with irregular
motion, and a multi-camera network is used to predict
crowd density. Although this fusion method attempts
to solve the occlusion problem, it is still not ideal be-
cause these features are extracted from multiple cam-
era views and there is great difference.
The third type is advanced fusion. The idea is that

a single camera no longer extracts features, but pro-
vides foreground bitmap information to the fusion
center. Xu et al. [37] proposed a depth information-
guided crowd counting (DigCrowd) method to deal
with crowded scenes for crowded scenes with unbal-
anced crowd distribution. Firstly, the scene was di-

vided into a distant view area and a near view area
using depth information of the image. The distant view
area was then mapped to its crowd density map, and
the detection method was used to count the crowd
in the near scenic area. Mousse et al. [38] proposed
a crowd counting system based on overlapping cam-
eras, which integrated all single view foreground infor-
mation to locate everyone in the scene, and verified
the real-time performance of the system on the public
data set, improving the detection accuracy of crowd
estimation. This type of method utilizes foreground
bitmap information from multiple cameras to reduce
occlusion interference. However, there will be unavoid-
able losses when mapping the foreground image, in-
cluding: the network bandwidth performance may not
meet the real-time requirements; the processing speed
is too slow during mapping. Real-time monitoring sys-
tems may be less suitable.
For the above problems, we adopt a distributed ap-

proach. The multi-column convolutional neural net-
work model is trained on the local video provided by
the low altitude camera equipment to extract the head
features of different sizes, and then the number of peo-
ple is normalized, which greatly reduces the problem
of inaccurate estimation accuracy caused by video an-
gle; In the global video provided by the high-altitude
camera, we use the Gaussian mixed model to extract
the foreground image of the moving crowd, calculate
the crowd density based on the key moving points in
the foreground image, and establish a mapping rela-
tionship with the field of vision of the low-altitude
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Figure 4 The structure of multi-column convolutional neural network model (MCNN).

camera in the global crowd situation to calculate the
global headcount. Because the number of local crowds
and the global crowd situation are processed in a dis-
tributed manner, the load on the network is reduced,
and the operating speed is also increased. in addition,
only the camera position needs to be fixed to meet the
requirements of real-time monitoring.

3 Methodology
In the section, we will introduce the distributed local
view counting method and global view density sensing
method, and from the perspective of multi-view video
fusion, the high and low viewing angle information is
complementary, and finally the total number of people
in the global viewing angle is obtained. The spatial
relationship is shown in Figure 3.

3.1 Crowd counting from a local viewing angle

Due to the phenomenon of different sizes in the visual
field of the crowd, the training target using a uniform
scale neural network has a large deviation. Therefore,
the head features of each individual are divided into
three types: large, medium, and small. Convolution
analysis is performed on each type of head feature,
which determines that we use a multi-column convo-
lutional neural network to calculate the number of peo-
ple, as shown in Figure 4.
The input of the model is the original video image.

Three columns of convolution kernel networks of dif-
ferent sizes extract the head features of different sizes
in parallel. Among them, the first column is taken as

an example. The original image passes through three
filters of sizes 5×5, 7×7 and 9×9 to extract the head
features under the convolution kernel, then passes the
2× 2 maximum pooling layer, reducing the resolution
of the upper layer image to the original 1/4, to reduce
the number of parameters. The activation function is
a linear rectification function. Finally, a three-column
feature is linearly weighted through a 1 × 1 filter and
normalized. The density values are added to obtain
the total number of people. The standardization pro-
cess mainly depends on the gaussian kernel function:

F (x) =

M
∑

i=1

δi ∗G(x, σi) (1)

where δi represents the impulse function of the i-
th personal head, M represents the total number of
heads, σi represents the adaptive average head dis-
tance within a certain range, and σi = α ∗ arg(di,j)
where α is the weight value of the adaptive range. The
loss function is the adjusted euclidean distance loss
function:

L(β) =
1

2N

N
∑

i=1

||F (Xi, β)− Fi||
2

2
. (2)

where β is the target parameter, N is the total number
of pictures, Xi represents the i-th image of the input,
Fi is the truth map of the density map corresponding
toXi, F (Xi, β) represents the normalized density map.
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Figure 5 Multi-granularity distributed data fusion structure diagram.

3.2 Crowd density from a global viewing angle

Due to the global video comes from the camera equip-
ment installed at a high altitude, the individual’s body
size in the global viewing angle is very small, and even
the individuals with large motion range appear point
or columnar in the video. The problem of crowd den-
sity also pays more attention to group behavior, and
no longer focuses on the characteristics of people them-
selves. This means that we can approximate an indi-
vidual as a number of pixels, the individual’s motion
can be approximated as the change of position of the
pixels, and the density of the crowd can be approxi-
mated as the distance between pixels.
The characteristic pixel points of the crowd can be

obtained by extracting the foreground image of the
global video. The extraction process uses a mixed
Gaussian model. Assuming that the mixed Gaussian
model consists of K Gaussian models, its probability
density function is as follows:

p(w) =

K
∑

k=1

p(k)p(w|k) =

K
∑

k=1

πkN(w|πk,
∑

k) (3)

where p(w|k) = N(w|πk,
∑

k) is the probability den-
sity function of the k-th Gaussian model. That is, af-
ter selecting the k-th model, the probability that the
model produces w. p(k) = πk is the weight of the k-th
Gaussian model, that is, the prior probability of se-
lecting the k-th model, and

∑K

k=1
πk = 1. Then the

model result is morphologically denoised, and finally
the foreground image is obtained, which is the set of
feature pixels.
The next step is to perform density classification pro-

cessing on the acquired feature pixels. Assume that
there are Ld pixels in total, and (mj , nj) is the j-th
pixel coordinate. We can calculate the distance be-
tween the remaining points and the j-th pixel point,

d =
√

(mj −ml)
2
+ (nj − nl)

2
, where j 6= l, l ∈

[1, Ld]. If only pixels with a distance less than the pre-
set value r are retained, the density at that point is
D = dd/pi ∗ r2, where dd is the number of pixels with
a distance less than r.

3.3 Multi-granularity distributed data fusion

We have performed feature analysis on local and global
videos separately. However, if we want to get the final
global population, we also need to perform information
fusion on the distributed results of these two parts.
The specific framework is shown in Figure 5. The video
data comes from the same cloud server, and the videos
from different perspectives are in a synchronized state
to ensure the convergence of the video.
The distributed information fusion process is as fol-

lows: Assume that there are three low-altitude cam-
era devices in the crowd gathering place, denoted as
A1, A2, A3, and one high-altitude camera device B1.
At time t, all camera equipment videos are selected
simultaneously. The low-altitude video is calculated
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Figure 6 Gray-scaled training and validation sets.

Figure 7 The result picture after the original picture is input into the model.

by the MCNN, and the actual number is recorded
as n1, n2 and n3. For high-altitude video, the den-
sity of the crowd pixels in the high-altitude video is
obtained through the GMM and density grading algo-
rithms. Through the field calibration method, we can
mark the position and shape of the low-altitude field
of view in the high-altitude video, and then obtain the
density distribution of the three local fields of view un-
der the global field of view. Assuming that the three
local density values are d1, d2, and d3, there is an ND
proportionality coefficient that can be calculated using

αi =
ni

di
, (4)

where i = 1, 2, 3. Here it represents the mapping rela-
tionship between the number of people and the density
of people in this perspective. Finally, by assigning the
weights of the three ND proportional coefficients, we

can calculate the global population

G =
∑

δ ∗ α ∗D =

L
∑

j=1

d

3
∑

i=1

ǫiαi ∗Dj (5)

where δ represents the weight coefficient, α is the ND
scale factor, D is the pixel density value, i is the low-
altitude view number, j is the j-th pixel, and Ld is
the number of pixels, ǫ1 is the weight coefficient of
the first camera device, which is determined by the
distance between the pixel point and the center points
of the three perspectives,

ǫ1 =
dj1

(dj1 + dj2 + dj3)
, (6)

where dj1 represents the j-th The distance from the
pixel to the center of the field of view A1, dj2, dj3 is
the same.



Bai et al. Page 9 of 12

Figure 8 Model training and comparative results. The left figure is the of convergence trends MAE and MSE. The right figure is
the numerical comparison of actual numbers and model estimated numbers.

Figure 9 Original video frame image and density map after density classification.

4 Results and Discussion

We have applied and verified our proposed global

crowd calculation method in real scenes. The City Life

Square, located next to Jinji Lake in Suzhou, Jiangsu

Province, China, has a total area of 4, 300 square me-

ters. During the musical fountain show, the crowd

gathered at a large scale, which once attracted the

attention of relevant security departments. Our data

comes from surveillance videos covering multiple an-

gles of the square, including about 40 low viewing angle

videos and 2 high viewing angle videos. The video was
collected on October 1, 2018, from 18 : 00 to 21 : 00.
We first marked more than 500 video frames con-

taining clear human bodies for videos at low viewing
angles. In order to ensure the richness of the training
set, we cut each picture into 8 images of equal size
and grayed it out, including 3500 as the training data
set and 500 as the verification data set, as shown in
Figure 6. We selected the trained model and take the
video frames of low-altitude views as input, and get
the result picture shown in Figure 7, which shows the
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Figure 10 Correspondence of low viewing angle in global viewing angle.

Table 1 Related parameters of multi-granular distributed fusion method.

Time Frame n1 n2 n3 d1 d2 d3 α1 α2 α3

20 26 11.7 43.94 69.40 30.93 115.08 0.374 0.378 0.381

21 23.58 13.97 36.44 57.88 50.25 118.07 0.407 0.278 0.308

22 20.56 9.74 42.55 37.73 33.95 118.37 0.545 0.287 0.359

23 28.74 7.32 28.47 23.60 31.10 88.01 1.218 0.235 0.323

24 31.26 7.98 28.66 55.86 24.38 43.47 0.560 0.327 0.660

25 25.81 8.93 34.34 48.21 24.24 52.5 ∼ ∼ ∼

denseness of the head. The convergence trend of MAE
and MSE during training is shown in the left figure of
Figure 8. We applied it to more than 500 low-altitude
actual video frame pictures, and compared the actual
number of true value people with the estimated num-
ber of people in the model, as shown in the right figure
of Figure 8. We found that when the low altitude local
field of vision is large, the number of people is large,
then, the model has a large error. However, when the
field of vision is small, it maintains a high accuracy.
This is because when the local viewing angle reaches a
certain height, the human characteristics are no longer
obvious, which is why we have always mentioned that
the overall crowd estimation problem needs the fusion
of local viewing angle and global viewing angle. There-
fore, in practical applications, it should be ensured
that people in the field of vision at a local viewing an-
gle maintain clear human characteristics, that is, the
installation height of the camera equipment at a local
viewing angle should be within a reasonable range.
We select a high-altitude camera device, numbered

B1, as the research object of global viewing angle, and
select 3 near-ground cameras as local viewing angle,
which are numbered A1, A2, A3, and the unified video

segment time is 20 : 30 ∼ 21 : 00. The Gaussian
mixed model is used to extract the foreground image
of the global image, and the density distribution of the
moving pixel points of the crowd is obtained through
density classification, as shown in Figure 9. The video
frame images at 20 : 30 and 20 : 58 are selected, which
are the time when the crowd starts to evacuate and
the time when the evacuation is about to end. After
eliminating the environmental interference, the den-
sity grading processing is carried out. It can be seen
that the density change is very obvious, which is also
in line with the actual situation. Calculate the number
of people in three low-altitude video frames and their
positions in the global viewing angle, as shown in Fig-
ure 10. The red area in the picture in the last column
of the figure is the corresponding location marked.
We select a time period of 20 : 53 : 20 ∼ 20 : 53 : 24

video segment, and use the multi-granular distributed
fusion method to calculate the mapping relationship
between the actual number of people at low altitude
and the density at high altitude. The relevant param-
eters are shown in Table 1. n1, n2, and n3 are the
actual numbers of people at the three angles, and d1,
d2, and d3 are the total density values of the three
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Figure 11 Multi-granularity distributed fusion results. (a) Comparison of actual number of people and estimated number of fusions
of A1 viewing angle; (b) Comparison of actual number of people and estimated number of fusions of A2 viewing angle; (c)
Comparison of actual number of people and estimated number of fusions of A3 viewing angle; (d) Global crowd change tends.

angles at the global viewing. We use the average of
the 5s ND scale factor to predict the actual number of
people in the 6-th second. That is, at 25 seconds, the
estimated number of people in the A1 viewing angle is:
(0.374+0.407+0.545+1.218+0.560)/5×48.21 = 29.93,
and the actual number at 25 seconds is 25.81. The
calculation method of the other viewing angles is the
same. We test multiple times and performed statisti-
cal analysis, as shown in Figure 11. The changes in the
number of people from the three angles from 20 : 33 to
20 : 53 are consistent, the estimated number and the
actual number also maintain a high degree of match-
ing. This verifies that our multi-granular distributed
fusion method has high accuracy and practicability.
Finally, we estimate the number of people in the

global viewing angle based on the three-part weights
determined by the ND scale factor and pixel distance
after the fusion, and count the total number of people
every 2 minutes from 20 : 33 to 20 : 53, as shown in
Figure 11 (d). Since this is the time after the fountain
show ended, the crowd continue to evacuate, showing
a downward trend, basically in line with the actual
situation of the crowd in the video.

5 Conclusions
This article discusses the social focus of crowds safety
with potential hazards, introduces the application and

techniques of crowd density detection in various fields,
and summarizes crowd density detection methods from
the perspective of machine vision. It also addresses
the problem of crowd detection from an aerial per-
spective, and summarizes current multi-view fusion
methods. Based on these, this article proposes a cross-
source multi-view multi-granularity distributed fusion
crowd counting method, which calculates the actual
number of low-altitude and high-altitude crowds in
a distributed manner, fuses low-altitude and high-
altitude crowd information to complement and share
their knowledge, and completes the accurate estima-
tion of the global population. Finally, our method was
successfully applied at the City Life Square in Suzhou
City. Through the acquisition of video images with
high-precision camera equipment, we analyze the num-
ber of people and the flow of the square when the crowd
is evacuated, which provides rich data support for se-
curity control on crowd gathering places.
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Figures

Figure 1

Challenges in crowd density estimation. Images are from NWPU-Crowd datasets [11].

Figure 2

Comparison of crowd situation in local viewing angle and global viewing angle. Images are from NWPU-
Crowd datasets [11] and Shanghaitech dataset [21].

Figure 3

Spatial relationship between local viewing angle and global viewing angle. The blue area is a high-
altitude global  �eld of view and fully covers the crowd space, and the red area is a low-altitude local  �eld
of view that is still within the global  �eld of vision.



Figure 4

The structure of multi-column convolutional neural network model (MCNN).

Figure 5



Multi-granularity distributed data fusion structure diagram.

Figure 6

Gray-scaled training and validation sets.

Figure 7

The result picture after the original picture is input into the model.



Figure 8

Model training and comparative results. The left  �gure is the of convergence trends MAE and MSE. The
right  �gure is the numerical comparison of actual numbers and model estimated numbers.

Figure 9

Original video frame image and density map after density classi�cation.

Figure 10

Correspondence of low viewing angle in global viewing angle.



Figure 11

Multi-granularity distributed fusion results. (a) Comparison of actual number of people and estimated
number of fusions of A1 viewing angle; (b) Comparison of actual number of people and estimated
number of fusions of A2 viewing angle; (c) Comparison of actual number of people and estimated
number of fusions of A3 viewing angle; (d) Global crowd change tends.


