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 In many places today, the world's overcrowding causes crowded 

conditions. Analysis of crowd activity is a developing field of study. It is 

common knowledge that mob activity can forecast what might happen 

during an event. Crowd management could be very effective if situations 

like riots, mass lynchings, traffic jams, accidents, stampedes, etc. could be 

predicted beforehand. In this paper, we propose a new multicolumn 

convolutional neural network (MCNN) based technique for predicting 

mob behavior. The features of the incoming image are first analyzed and 

extracted. The approximated number of the gathering is then established, 

and image cropping is completed. For each area of the image, low level 

characteristics are retrieved. The objects in the picture are then created as 

density images. Using our method, the gathered characteristics and their 

object density maps are then linearly mapped. At last, we forecast and 

quantify the population using the MCNN algorithm. For the ShanghaiTech 

dataset, we have evaluated our method using actual data. 

Keywords: Abnormal Activity Detection, Image Pre-Processing, Crowd 

Analysis, Machine Learning, ShanghaiTech Dataset, Rectified Linear Unit 
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I. INTRODUCTION 

 

As is common knowledge, the word "crowd" is used to 

describe a gathering or group of people. Since it has so 

many uses in video surveillance, crowd analysis and 

scene comprehension have received a lot of focus lately 

[1]. At some point, we have all seen or participated in 

a gathering.  Therefore, it is safe to state that the crowd 

plays a significant role in our existence. Most of the 

locations we go, like markets, streets, parks, arenas, 

shops, etc., are constantly crowded with people [2]. 

This profound connection to the multitude leads us to 

the most crucial job, namely crowd analysis. Many 

current technologies of detection [3], tracking, and 
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activity identification, which are only relevant to 

sparse scenes, do not perform well in congested scenes 

due to the large number of people gathered there with 

frequent and heavy occlusions [4]. As a result, 

numerous recent study projects have been conducted, 

many of which focus on crowd situations. 

 

The process of understanding a crowd's general activity 

and using that knowledge to draw significant 

conclusions, such as estimating the crowd's size or 

composition, is known as crowd analysis. Numerous 

real-world occurrences, such as mob lynchings, traffic 

gridlock, uprisings, stampedes, violence, etc., can be 

predicted with the aid of crowd analysis [5]. We can 

alert the appropriate officials in advance to take 

preventive measures using these crucial forecasts. For 

instance, if we can foresee that there will be more 

people than usual near a crossroad, the traffic officials 

can make plans to avoid any traffic jams there and, as a 

result, any likely mishaps. An image [6] or film of the 

gathering is used as the input for the analysis. The 

collective behavior of every person in the throng 

makes up the mob's behavior. To comprehend the 

behavior of the throng, we must analyze this collective 

feeling. It's important to keep in mind that crowd 

behavior or feeling is not simply the accumulation of 

individual moods [7]. In a gathering, people are 

positioned differently and frequently move in various 

directions. Finding the typical behavior of a crowd and 

then contrasting it with the present behavior is very 

challenging. 

 

Once the definition of a gathering is clear, the task of 

defining the area's boundaries arises.  For the job of 

analyzing crowd behavior, there are numerous viable 

explanations. In general, the primary objective in this 

field is to be able to comprehend how a group of people 

act using data [8] primarily retrieved from video 

sources. However, there are many diverse elements of 

crowd activity that we can find interesting. For 

instance, knowing how many people are present at a 

particular place and how their numbers change over 

time can help avoid dangerous pedestrian stampedes 

[9]. Additionally, being aware of the major flows of a 

population in motion (such as when entering a sporting 

event) can help you spot individuals whose movements 

deviate from those flows and pinpoint the reasons 

behind them. 

II. Related Work  

 

Numerous studies on crowd analysis have been 

published over the past ten years. While some of them 

concentrate on one of its subtopics, others study the 

research line as a whole. The most significant 

evaluations we found and those that caught our 

attention are presented in this part. The experts in this 

article [10] have suggested a novel method for 

conducting Motion Information Images (MII) and 

Convolutional Neural Networks (CNN) [11] for 

anomalous crowd event identification.  It begins by 

outlining the concept of feature engineering for each 

of crowd counting, crowd measuring, action tracking, 

and action identification. The study on crowd analysis 

by [12] provides a fascinating summary of the state of 

the literature as of the end of 2008. The study offers a 

broad overview of crowd analysis work, including 

crowd data and crowd behavior analysis.  This study 

uses 2D Convolutional Neural Networks (ConvNets) to 

develop a unique way for identifying crowd emotions 

[13] and behaviors. The objective of this network is to 

classify [14] the typical crowd behaviors. The 

researchers created a collection of pictures that focused 

on six different emotional states, including neutral, 

neutral, excitement, happiness, and excitement.  For 

crowd counting in actual scenes, Wang et al. [15] 

generate massive amounts of synthetic data and 

convert it into photorealistic photos.  According to the 

approach suggested by [16], changes in consistency, 

entropy, and contrast three descriptors for the co-

occurrence matrix are used to analyses crowd behavior. 

 

Highlighting how crowded and occluded 

environments prevent manual approaches from 

accurately simulating crowd dynamics [17]. The 

characteristics that are employed for crowded scene 

analysis are mentioned in their evaluation, and they 

are divided into three categories: flow-based, local 

spatiotemporal features, and trajectory/tracklets. They 

divided the examined research into three categories: 

crowd tracking, crowd behavior analysis, and crowd 

counting.  The objective of this study is to identify 

utilizing a hybrid strategy of compressed sensing and 

deep learning networks [18]. The researchers have 

developed a brand-new hybrid random matrix (HRM) 

to achieve this goal. The Restricted Isometry Property 

(RIP) is aided by this matrix. A motion heat map was 
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employed by Mostafa et al. [19] to locate the area of 

interest. Different classifiers [20] are utilized after 

determining the motion structure, and the CNN 

classifier produces good results for detecting anomalies 

[21] in crowd scenes. the analysis of movies for 

abnormalities using deep learning. It is difficult to find 

anomalies in videos [22]. The clarity of the video and 

the range of changes that might occur inside the film, 

including human motions [23] and environmental 

variables, are what make this work challenging. The 

researchers in this study learn several data mining 

techniques and enhance the precision of computer 

identification of anomalous activity in crowd footage 

[24]. In this article, a brand-new IDS video crowd is 

introduced. It performs experiments utilizing shell 

command data from Unix users. Three sections make 

up the experiment. Additionally, Lamba et al. provide 

a taxonomy for crowd analysis and feature extraction, 

whereas Grant and Flynn [25] propose one for crowd 

analysis and related datasets. In order to detect 

anomalous events from surveillance footage, the 

authors suggested [26] the Deep One-Class (DOC) 

model, which combines the one-class Support Vector 

Machine (SVM) with Convolutional Neural Network 

(CNN). Using CNN, high-level characteristics are 

retrieved. Both classification and CNN model 

parameter optimization employ a single-class SVM [27] 

layer. In order to analyse crowds in crowded settings, 

this research offers [28] an end-to-end network that is 

lightweight and minimal in complexity.  

 

Given that it only needs 0.86 M parameters, this 

network is referred to as being lightweight. 

Comparatively speaking to other neural networks, this 

is a pretty tiny number. A Bayesian model has been put 

out by Wu et al. [29] for the identification of crowd 

behavior. According on the density levels of picture 

patches, L2SM [30] attempts to forecast rescaling 

factors, which are subsequently applied to resample 

feature maps to provide the final prediction. Crowd 

analysis is studied by the author [31] and is broadly 

divided into two categories: crowd counting and crowd 

behavior analysis. It is possible to see a visualization [32] 

of the proposed taxonomy. The authors demonstrate 

that earlier research on the identification of human 

activities concentrated on specific settings. Interest in 

collective or crowd behavior emerged later.  The 

review mentions research on group analysis, the 

identification of anomalous occurrences, and crowd 

motion for crowd behavior analysis. 

 

A motion heat map was employed by Mostafa et al. [33] 

to locate the area of interest. Different classifiers are 

utilized after determining the motion structure, and 

the CNN [34] classifier produces favorable outcomes 

for detecting anomalies in crowd scenes. 

 

III.  Importance of Crowd Analysis 

 

When planning crowd management tactics for public 

gatherings, public space design, visual surveillance, and 

virtual environments, people employ crowd analysis. 

Crowd behavior analysis is a technology that can 

correctly and quickly identify anomalies and provide 

an alarm. This implies that based on trustworthy 

signals, security officers may swiftly identify 

anomalous circumstances from a variety of footage. 

Extreme significance must be given to crowd control 

[35]. Uncontrolled crowds have always led to risky 

scenarios like stampedes and accidents. We require 

some practical measures and methods to efficiently and 

successfully bring the throng under control given its 

daily growth.  These days, cameras that are positioned 

in public spaces provide us with a wealth of 

information about crowds in the form of pictures and 

movies. For instance, airports, stadiums, and train 

stations all have video surveillance equipment. By 

making the input so readily available, this provides 

crowd analysis an additional boost. We have data that 

is not only plentiful but also of diverse quality and has 

been gathered over a lengthy period of time.  However, 

despite having input at our disposal, we have not been 

able to utilise the resources to their full potential. With 

improved methodologies, there is still a lot of room for 

improvement in the fields of anomalous crowd 

detection and crowd behaviour analysis. 

 

IV. Human Conduct 

 

Each individual's behavior in the actual world is 

distinct and is influenced by a plethora of variables that 

evolve through time, as well as the experiences that 

each person has. Additionally, physiological 

considerations characterize it, and capabilities that 

restrict some segments of the population from carrying 

out particular tasks. Each agent should act differently 
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in the crowd simulations, exactly as they would in real 

life [36].  But the amount of system resources required 

for each virtual agent to display a unique behavior 

would make it impossible to simulate this process in 

real time. People's age, weight, and height were taken 

into consideration for determining the travel speed, 

step cadence, and stride length [37]. To accomplish this, 

the researcher studied men and women between the 

ages of 19 and 90 as they crossed a 12-meter footbridge 

at their typical speed. The suggests a few algorithms to 

determine how quickly people walk while engaging in 

daily tasks. The equations suggested by Samson were 

re-applied in the case study in order for the virtual 

agents to replicate these displacements with the 

characteristics that set men and women apart in the 

simulation [37]. The link between the displacement 

speeds of men and women is seen in Table 1. 

 

Table 1. Samson's Equations for Human Displacement 

Velocity in Meters Per Second 

 

Woman Man 

Speed = 1,420 Speed = 1460 

Speed = -0.003 age (*) + 

1.552 

Speed = -0.002 age (*) + 1.582 

Speed = -0.002 age (*) + 

0.618 height (*) + 0.484 

Speed = -0.002 age (*) + 0.442 

height (*) + 0.750 

Speed = -0.001 age (*) + 

0.827 height (*) - 0.003 

weight (*) + 0.316 

Speed = -0.001 age (*) + 0.486 

height (*) - 0.001 weight (*) + 

0.720 

 

V. Components of Crowd Analysis 

 

The most active field of study is crowd analysis. Crowd, 

in the broadest sense, refers to a collection of people; 

its behavior has a collective feature, such as "angry 

crowd" or "peaceful crowd."  The major crowd analysis 

[38] components, including crowd behavior 

comprehension, crowd tracking, crowd motion 

detection, and crowd density estimate, are summarized 

below as well as the state of the art for each.  

 

5.1 Crowd Behavior Understanding 

 

Recognizing crowd behavior is crucial in video 

monitoring for public spaces. Regular motion direction, 

slow (walking) pace, pausing, etc. are typical 

characteristics typical behaviors.  Fighting, bifurcation, 

deviation, and opposing crowd movement are 

examples of unusual behaviors that exhibit the 

appropriate motion properties. Therefore, crowd 

motion data conveyed by the long-term and short-

term motion vectors may be used to infer crowd 

behavior. The crowd vector's length and speed are 

exactly proportional [39]. Cameras used for video 

surveillance are typically fixed. Therefore, the vector 

length  

 

corresponding to the typical population pace may be 

calculated if the camera is calibrated, the average 

walking speed is measured, and the video frame rate is 

known.  The quantity of legitimate featured points is 

used to calculate crowd movement. The texture of a 

crowd image does not [40] vary much during a 

reasonably short time period, hence the number of 

features should remain constant. If the quantity of 

valid feature points suddenly varies, this property 

might be utilized to identify suspicious events. 

 

5.2 Crowd Tracking 

 

Many applications, including motion-based detection, 

automated surveillance, video indexing and rescue, 

human computer communication, and traffic monitor, 

among others, employ object tracking [41]. Object 

recognition, object segmentation, backdrop removal, 

object illustration, and characteristic selection for 

tracking are some of the phases that make up object 

tracking. One of the most important mechanisms in a 

wide range of computer visualization applications is 

object tracking. When people are being monitored, the 

ranking is calculated at the individual level. However, 

instead of focusing on one specific object the entire 

time, when we talk about crowd tracking, the focus is 

on the movement of a crowd as a collection of small 

elements whose organization changes continually [42]. 

Additionally, tracking is carried out by the human 

head, which is challenging when it comes to 

supervising and controlling big groups in public spaces 

like railway stations and airports [43]. With this 

method, it is hard to follow big groups of people in 

densely populated settings when most of the human 

bodies are either fully or partially occupied and the 

majority of the picture is in motion. We propose a 

method for monitoring pedestrians by detecting and 

tracking only their heads rather than their entire 
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bodies [37], as we think that the human head is the 

only body component that can be consistently 

recognized and tracked under these circumstances. 

 

5.3 Crowd Motion Detection 

 

The Background Subtraction Method can be used to 

identify crowd movements.  The Background 

Subtraction technique, as the name indicates, separates 

the foreground from the background in a series of 

video frames. A foreground item is a focus of attention 

that helps reduce the quantity of data that has to be 

processed and provides crucial information for the job 

at hand [44]. For purposes like surveillance, a group of 

methods known as background subtraction can be used 

to isolate items of interest from a scene. Calculating a 

reference image, deducting each new frame from it, 

and thresholding the outcome are all steps in the 

background removal process [45]. 

 

5.4 Crowd Density Assessment 

 

In the investigation of aberrant crowd behavior, 

assessment of crowd density is an important subject. 

Currently, the population-to-area ratio is used to 

calculate crowd density.  The safety of public events 

has long been a top issue because of the elevated danger 

of deterioration [46]. Because they are so effective at 

capturing information and need so little in the way of 

human resources, video analysis methods are becoming 

more and more common in the visual monitoring of 

public spaces. Two basic objectives of crowd density 

estimation are to estimate the approximate population 

size of the target scene. Second, provide a variety of 

crowd members, i.e., calculate the density in broad 

classifications [47]. 

 

5. Dataset 

 

The Shanghaitech dataset is a sizable dataset for crowd 

counting. It includes 1198 crowd photos with 

annotations. The dataset is split into two sections, Part-

A and Part-B, each of which contains 482 and 716 

photos, respectively [48]. In contrast to most current 

datasets, as seen in figure 1, the crowd density greatly 

fluctuates across the two groups, making accurate 

assessment of the population more difficult. The train 

and test subsets of Part-A each include 300 and 182 

pictures, respectively. The train and test subsets of 

Part-B are made up of 400 and 316 pictures, 

respectively. A location in the center of the head is 

labelled on each individual in a crowd shot. The 

collection has 330,165 annotated individuals in total. 

 

 
 

Figure 1 The ShanghaiTech Dataset 

 

VI.  Methodology 

 

This part gives a thorough explanation of our suggested 

technique. The methodology's summary is shown in 

Figure 1. Using a Multicolumn Convolutional Neural 

Network (MCNN), we have introduced a unique 

method for forecasting crowd behaviour [49]. The first 

stage is the pre-processing of the input picture. For the 

aim of pre-processing the picture, we employ OpenCV. 

The extraction of low-level characteristics is the goal 

of this pre-processing. To do so, we first obtain the 

image spectrum, filter it, and then crop it into patches 

in accordance with the frame set. We extract low level 

characteristics for each of these patches. To get the 

ground truth density of the picture, we construct 

density maps of the objects from this and linearly map 

them with the collected features. 

 

6.1 Multi-column Convolutional Neural Network 

(MCNN) 

To map the picture to its population density map, we 

propose a straightforward but efficient Multi-column 

Convolutional Neural Network (MCNN) architecture. 

Special CNNs known as multi column CNNs employ 

multiple CNNs [50] inside the same design. Different 
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resolution input photos are utilized for each CNN. The 

outputs of the several CNNs utilized are combined 

linearly to determine the final result.  

 

 
Figure 2 The Feature Extraction Module 

 

The best aspect of this CNN is that it automatically 

extracts features, as demonstrated in figure 2. In 

essence, the convolution layer is a filter that is applied 

to an input picture to produce a filtered image. A 

mapping of different filtered pictures of the same input 

that shows the intensity of the visual characteristics in 

figure 3 is produced by repeatedly applying the same 

filter. 

 

 
 

Figure 3 The Working of a Convolution Layer 

Functions 

 

The maximum element is taken from each location on 

the feature map that is covered by the filter by the max 

pooling layer. As a result, at the conclusion of the max 

pooling layer, we are left with a reduced feature map 

that only shows the key components of the input 

picture. Because it down samples feature detection in 

feature maps, we apply max pooling in CNNs. It 

benefits in two ways. One is that we capture the 

image's key elements, and two is that we lessen the 

complexity of the processing. Max pooling [51] is 

frequently employed in CNNs for tasks involving 

object identification since it aids in identifying an 

item's most distinguishing characteristics, such as its 

edges and corners see figure 4.  We have a filter that is 

2*2 in size, and the stride of the filter is 2,2. 

 

import numpy as np 
from keras.models import Sequential 
from keras.layers import MaxPooling2D 
# define input image 
image = np.array([[1, 2, 6, 2], 
                  [8, 3, 9, 7], 
                  [7, 6, 2, 4], 
                  [4, 1, 6, 1]]) 
image = image.reshape(1, 4, 4, 1) 
# define model containing just a single max pooling 
layer 
model = Sequential( 
    [MaxPooling2D(pool_size = 2, strides = 2)]) 
# generate pooled output 
output = model.predict(image) 
# print output image 
output = np.squeeze(output) 
print(output) 
 

 
 

Figure 4 The Max pooling layer 

 

Multicolumn Convolutional Neural Network (MCNN) 

is the approach we suggest. The data set is filtered 

before a training and testing data set is created. Then, 

in the following stage, we will use photos of the crowd 

to extract their characteristics, write down their 

dimensions and shapes, and use grey scaling to 

determine the density of the ground truth. Then, using 
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the MCNN algorithm [52], we will input the photos to 

determine their estimated density. To determine the 

model's final weights, we compare the estimated 

account and density with the ground truth count and 

density. Once the model has been trained, we can use 

it to determine the density ratio of the photos and 

make predictions about the crowd's normality or 

abnormality. Currently, the MCNN algorithm is used 

to estimate crowd density, or anticipate crowd density. 

A crowd density map is produced by the MCNN. These 

density maps are combined to give us the overall 

number of people present. Our MCNN model's turn to 

be trained is now. For this, we compare the estimated 

density (ED) to the previously computed ground truth 

density (GTD). We can save the model by finalizing the 

weights if the difference between the estimated 

density (ED) and the ground truth density (GTD) [53] 

is less than the predetermined threshold. However, if 

the difference exceeds the threshold, a fresh set of 

weights are used to train the model. After our model 

has been trained, we assess the density ratio to separate 

crowds [54] that are normal from those that are 

aberrant. 

 

This experiment transforms each picture in the dataset 

into grayscale images before to model training due to 

the ShanghaiTech dataset's combination of color 

photos and grayscale images and to minimize the 

influence of sample imbalance. There are two sections 

to the ShanghaiTech dataset: A and B. Part A has 300 

photos, whereas Part B contains 400 photographs. 

Since the crowd density [55] varies among the dataset's 

images, we divide each image into 9 parts before 

training, and the related density map is divided into 9 

pieces as well. Prior to the network's output density 

map, the image features should be sampled four times 

after convolution to guarantee that the features' 

dimensions matched throughout training. 

 

 
 

Figure 5 The Crowd Density Original Image Map 

 

The final output projected density map is a fourth of 

the original picture due to the usage of two up sampling 

with a scale factor of 2 and four times of maximum 

pooling across the whole model shown in figure 5 and 

6. To guarantee that the parameter dimensions match, 

the original picture is scaled to an integer multiple of 4, 

and the actual density map is scaled to 1/4 of the 

original. The activation function we employed was the 

Rectified Linear Unit (ReLU) [56].  

 

 
 

Figure 6 The Crowd Density Ground Truth Map 

 

VII. Results Evaluation 

 

There are two sections in this paragraph. In the first 

section, we'll go through the numerous measures, such 

MAE and MSE, that were employed as assessment 

indicators for our suggested technique. The outcomes 
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of our tests evaluating the precision of our suggested 

technique in comparison to models like MCNN are 

shown in the second part. 

 

7.1 Evaluation Index  

 

We used two significant assessment criteria in our 

experiment to gauge how well our suggested approach 

(MCNN) performed. They are Mean Squared Error 

(MSE) and Mean Absolute Error (MAE). The following 

definitions apply to these markers. 

 

7.1.1 Mean Absolute Error (MAE) 
 

MAE, or Mean Absolute Error The mean of all mistakes 

we receive for any given set of forecasts is known as 

the mean absolute error, or MAE [57]. Here, the 

discrepancy between the actual observations and the 

expected values is referred to as the error. The Mean 

Absolute Error is the average of this discrepancy. The 

Ground Truth Density (GTD), which is the real 

observation in our experiment, was determined for it. 

The anticipated figure is the crowd's Estimated Density 

(ED). As a result, the absolute inaccuracy is determined 

by the difference between the ED and the GTD. We 

can determine its average to get the prediction's MAE.  

 

 
 

7.1.2 Mean Squared Error (MSE)  
 

The square of the mean of the square of the mistakes is 

the mean squared error, or MSE. The direction of the 

difference is taken into account by this metric. As a 

result, MSE [58] results are always favorable. We figure 

out the square of the difference between the actual 

observation and the projected values. The Mean 

Squared Error is calculated by taking the average of this 

difference. 

 

 
 

N test photos are present. The i-th image's projected 

and actual population sizes are xi′ and xi , respectively. 

We have shown that our technique outperforms others 

after using it on the Shanghaitech dataset.  The graph 

in tables 1 and 2 compares the accuracy of various 

approaches to our suggested method (MCNN) [59]. 

This provides proof that crowd counting and crowd 

density analysis, which are illustrated in figure 7 and 8, 

are more accurately predicted by MCNN [60]. 

 

Table 1 ShanghaiTech Dataset Experimental Crowd 

Count Accuracy Results 

Crowd 

No 

Crowd 

100 

Crowd 

200 

Crowd 

500 

Crowd 

1000 

MCNN 97 93 89 85 

 

 

Table 2 ShanghaiTech Dataset Experimental Crowd 

Density Accuracy Results   

Crowd 

No 

Crowd 

100 

Crowd 

200 

Crowd 

500 

Crowd 

1000 

MCNN 98 95 93 91 

 

 

 
Figure 7 The Count Accuracy Results 

 

 
Figure 8 The Density Accuracy Results 
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VIII. Conclusion 

 

There are several locations where large crowds or 

groups of people may be seen, including airports, sports 

venues, and numerous religious, educational, and 

entertaining activities. In such busy areas, video 

surveillance may be highly beneficial for crowd 

control. Recognizing the presence of a crowd and 

counting the number of individuals present is crucial. 

To prevent riots, this can be highly helpful in 

identifying unexpected troop build-up. This research 

investigates a multicolumn convolutional neural 

network (MCNN) model for accurate counting in 

densely populated areas. The Shanghaitech Dataset, 

which is further separated into Part A and Part B, is 

utilized here. In terms of the annotated heads for 

crowd counting, this is the biggest dataset to date. The 

suggested methodology beats modern crowd counting 

techniques across all assessment datasets. The network 

functions successfully, as demonstrated by studies on 

the ShanghaiTech dataset using the evaluation 

indicators average absolute error (MAE) and mean 

square error (MSE). In next work, we'll investigate 

how to manage various image sizes and resolutions 

while generating the true picture. 
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