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ABSTRACT 

 

In response to the pressing need for effective crowd management solutions for robotics, 

this study delves into the creation of a deep learning-based scene and face recognition 

system tailored for robotic crowd management. The primary objective is to develop a 

system that not only exhibits high levels of accuracy and efficiency but also adheres to 

ethical principles. This is achieved through the integration of deep learning models with 

multi-modal fusion approaches, allowing for the swift and comprehensive assessment 

of optical, auditory, and depth data to identify potential hazards and maintain crowd 

control.  At the heart of this research lies the meticulous gathering and preparation of 

data. Establishing a broad and representative dataset is paramount to the success of the 

system. Through comprehensive dataset collection methods, encompassing diverse 

scenarios and environments, we ensure that the model is robust and capable of handling 

real-world crowd management challenges effectively.  Drawing inspiration from the 

methodology of the Tensorflow Object Counting CSRNet, our approach follows a 

structured framework encompassing various stages. Data preparation involves 

preprocessing input data and generating density maps using Gaussian distribution 

functions, laying the foundation for accurate crowd assessment. A custom data 

generator class facilitates efficient data handling, ensuring smooth processing of 

batches of images and corresponding density maps.  The model architecture is 

meticulously designed to leverage the strengths of deep learning, incorporating 

convolutional layers for feature extraction, and reshaping to generate output heat maps. 

During the training phase, a custom loss function is employed to compute the root mean 

square error (RMSE), optimizing model performance. Training and validation are 

conducted over multiple epochs, utilizing the custom data generator to enhance 

efficiency.  Following training, the model undergoes rigorous evaluation on sample 

crowd images, with predictions compared against ground truth density maps to assess 

its accuracy and efficacy. Visualization techniques are employed to provide qualitative 

insights into the model's performance, facilitating a deeper understanding of its 

capabilities. Finally, this study presents a comprehensive approach to robotic crowd 

management through the integration of deep learning and multi-modal fusion 

techniques.   
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CHAPTER ONE: INTRODUCTION TO THE STUDY 

1.1. Overview 

Robots are used to regulate masses because they can manage numerous situations more 

effectively than humans. However, the success of these robots is contingent on the 

dependability and accuracy of the population control technologies used to assist them. 

Recent results from experiments with deep learning indicate that these algorithms may 

help make crowd control systems more precise and reliable. This thesis focuses on 

developing a face and scene recognition system for robotic crowd control. This 

technology's primary purpose is to assist machines in distinguishing individuals in a 

gathering, with a particular emphasis on potentially hazardous individuals. The 

technique employs algorithms for deep learning to observe live video for suspicious 

activity. The system's scene recognition function monitors for any alterations that could 

jeopardize the safety of the population and notifies the appropriate authorities. This 

requires monitoring traffic patterns, searching for illicit substances, and observing 

anything out of the ordinary. Face recognition algorithms employing deep learning 

scrutinize populations of individuals based on their facial characteristics in order to 

identify potential hazards. Observing a person's facial expressions, body language, and 

other behavioral clues can assist in determining whether they pose a threat (Zhang et.al., 

2018). 

In today's world, where the risk of terrorist attacks and other acts of violence is high, the 

development of this system is of particular importance. The system's ability to detect 

and identify potential hazards in real-time will enable swift and effective responses to 

mitigate potential dangers. In the literature review chapter of this thesis, several research 

studies and datasets pertaining to crowd control, crowd enumeration, and deep learning 

approaches for crowd scene analysis are discussed. In addition to examining the 

challenges of deep learning and alternative solutions, the review of relevant literature 

examines these issues as well. Chapter four describes some of the well-known datasets 

pertinent to the topic of the thesis, such as the "Street View House Numbers" (SVHN) 

dataset, the CMU action detection dataset, and the Hajj throng dataset. Chapter three on 

deep learning topologies provides an introduction to deep learning and its classification, 

DL network types, CNN architectures, deep learning challenges, and alternative 

solutions. This chapter describes the numerous varieties of deep learning networks, 

including CNNs, RNNs, and GANs. In addition, it examines the challenges of deep 
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learning, such as overfitting and the need for large quantities of data, as well as 

alternative solutions, such as transfer learning and data augmentation (Zhang et.al., 

2018). 

 

Figure 1: Robotics and Steps in the crowd and facial recognition processes. 

 

The approach, setup, and installation processes, as well as the model-training steps, are 

all detailed in this thesis is detailed in chapter five. This chapter details the software 

libraries, and programming languages that were used throughout the tests. Data 

preparation, model construction, and hyperparameter tweaking are all covered, and a 

detailed training manual is included as well. The computer specs, software libraries, and 

programming languages utilized in the tests are all detailed in the part devoted to setting 

up the experiments. In this chapter, we also discuss normalization and data 

augmentation, two preprocessing techniques used to prepare datasets for training. 

Chapter five also provides a detailed breakdown of the deep learning model's 

architecture, hyperparameter tuning, and optimization strategies. 

The study's conclusions, together with performance indicators and an assessment of the 

created system, are presented in the results and analysis chapter. The accuracy, 

dependability, and speed of the system's real-time threat detection are assessed in this 

chapter. The creation of a deep learning-based scene and face recognition system for 
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robotic crowd management is summarized in this thesis conclusion. Everybody will feel 

safer in public areas thanks to the system's ability to identify potential threats in real-

time and respond with speed and effectiveness. Together, the system's scene and face 

recognition components will provide dependable and accurate results. While the facial 

recognition component examines the facial features of people in a crowd to identify any 

potential threats, the scene recognition component scans the surrounding area for any 

threats. Accuracy, precision, recall, and F1-score are just a few of the measures that will 

be used to assess the system's performance. Overall, the creation of the system signifies 

a substantial leap in crowd management technology, especially in open areas like 

stadiums, shopping centers, and airports. The system's precision and dependability in 

identifying potential threats will provide a degree of protection that was previously 

impractical, making everyone's safety in public settings safer. The system is flexible and 

effective as a crowd control tool since it can be trained on multiple datasets and can be 

adjusted to varied circumstances. In conclusion, the creation of this face and scene 

recognition system for robotic crowd management based on deep learning is a 

significant step in enhancing security and safety for the general population (Zhang et.al., 

2018). 

 

1.2. Problem Statement 

The crowd management technologies now in use in public places often fall short in terms 

of accuracy and dependability. These systems often depend on manual monitoring, 

which may be difficult to operate and subject to human mistakes, especially in congested 

conditions. Deep learning algorithms have the potential to increase the precision and 

dependability of crowd management systems. A deep learning-based system that can 

efficiently identify possible risks in real-time and support robots in acting to minimize 

these hazards is still required, however. Public safety must prioritize crowd management 

since failing to do so may seriously injure both people and property. Effective crowd 

management methods are more important than ever due to the rise in the likelihood of 

terrorist attacks and other violent crimes. Human involvement has been the mainstay of 

crowd management in the past, although this method is often inadequate when dealing 

with big groups. Therefore, the creation of automated systems that can aid human 

operators in managing crowds and spotting potential threats is necessary. It has been 
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shown that deep learning algorithms may increase the precision and dependability of 

crowd control systems. These algorithms can swiftly and correctly evaluate massive 

volumes of data, producing trustworthy conclusions in real-time. It has been shown that 

the application of deep learning algorithms in crowd management systems increases the 

precision of picture analysis and crowd counting, making it simpler to identify possible 

hazards instantly (Ren et.al., 2015). 

A deep learning-based system that can efficiently identify possible risks in real-time and 

support robots in acting to minimize these hazards is still required, however. The 

existing crowd control technologies still depend on manual monitoring, which may be 

difficult to handle and is subject to human mistakes, especially in crowded conditions. 

Additionally, obtaining a large amount of high-quality data, which can be difficult, is 

necessary for the development of a deep learning-based crowd-control system. The 

creation of a deep learning-based scene and face recognition system for robotic crowd 

management that is capable of accurately identifying possible threats in real-time is thus 

the main issue this thesis attempts to solve. Everybody will feel safer in public areas 

thanks to the system's ability to identify potential threats in real-time and respond with 

speed and effectiveness. In conclusion, the crowd management technologies now in use 

in public areas often fall short in terms of accuracy and dependability. Deep learning 

algorithms have the potential to increase the precision and dependability of crowd 

management systems. A deep learning-based system that can efficiently identify 

possible risks in real-time and support robots in acting to minimize these hazards is still 

required, however. The creation of such a system would greatly improve public safety 

and security and provide a dependable and effective crowd management option. A deep 

learning-based scene and face recognition system for robotic crowd management is the 

goal of this thesis. Threat detection in real time is a strength of this technology. By 

providing a dependable and effective crowd management alternative that inspires faith 

in citizens and authorities, this solution will increase public safety and security. In 

conclusion, deep learning algorithms may increase the precision and reliability of crowd 

control systems. Making public spaces safer requires developing a system that can 

quickly identify real-time hazards and assist robots in mitigating them (Ren et.al., 2015). 
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1.3. Objectives of the study 

Using deep learning-based scene and face recognition, we set out to develop a real-time 

hazard detection system for robotics crowd control in this thesis article. The following 

are some of the objectives we will pursue: 

1. Examine recent advances in technologies such as face recognition 

systems, deep learning algorithms, and crowd management. 

2. This thesis objective is to develop a real-time, threat-aware, robotic 

crowd-control system based on scene and facial recognition enabled by 

deep learning. 

3. The objective is to evaluate how well the new system functions and how 

it compares to competing population management solutions. 

This thesis primary objective is to analyze the state-of-the-art in the disciplines of crowd 

management systems, deep learning algorithms, and face recognition systems and to 

provide recommendations based on this analysis. The literature review will lay the 

foundation for developing a system for scene and face recognition using deep learning. 

In addition, it will cast light on the problems and limitations of existing systems and 

offer recommendations for improvement. 

The second goal of this thesis is to create a scene and face recognition system for robotic 

crowd management that is based on deep learning and is capable of accurately 

identifying possible hazards in real-time. The technology will examine real-time camera 

footage using deep learning algorithms to find unusual motions or behavior that could 

be dangerous. The scene recognition part of the system will be in charge of examining 

the immediate area to find any alterations that can endanger the security of the crowd. 

The system's face recognition capability analyzes the facial characteristics of crowd 

members using deep learning algorithms to spot any possible dangers. The final goal of 

this thesis is to assess the system's effectiveness and compare it to other crowd 

management methods already in use. Accuracy, precision, recall, and F1-score are just 

a few of the measures that will be used in the assessment. 

  

The comparison will show the created system's advantages and disadvantages and point 

out opportunities for development. In conclusion, the main goals of this thesis are to 
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create a deep learning-based scene and facial recognition system for robotic crowd 

control that is capable of reliably and accurately identifying potential threats in real-

time, as well as to assess the system's performance and compare it to other crowd control 

systems already in use. The accomplishment of these goals will considerably improve 

public safety and security and provide a dependable and effective remedy for crowd 

control. The development of a scene and facial recognition system for robotic crowd 

control that accurately detects potential threats in real-time, as well as a thorough 

evaluation and comparison of this system to other crowd management techniques, are 

the two main goals of this thesis. By achieving these goals, crowd control will have a 

dependable and effective solution, greatly enhancing public safety and security (Ren 

et.al., 2015). 

 

Figure 2: The five steps of standard crowd and facial recognition. 

 

1.4. Scope limitation 

There are several caveats that should be taken into account before rushing to implement 

a deep learning-based scene and facial recognition system for robotics crowd control. 

The research has a few caveats, such as: 
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1. Data Availability:  

A large quantity of data is needed for training and testing deep learning-based 

models. However, privacy concerns, restricted access to public spaces, and the 

difficulty of capturing high-quality video footage can make it difficult to obtain 

high-quality data for crowd control. It is difficult to construct an efficient deep 

learning-based system when there is a dearth of high-quality data, which might 

reduce the system's accuracy and dependability. 

 

2. Powerful computing resources: 

Powerful computing resources are needed for training and testing deep learning-

based models throughout development. However, such materials can be costly to 

acquire, making them out of reach for some people. It is possible that the accuracy 

and performance of the produced models would suffer due to a shortage of 

computing resources. 

 

3. Concerns about discrimination: 

Concerns about discrimination, prejudice, and invasion of privacy are just some of 

the ethical issues that come up when face recognition technology is used in public 

settings. These ethical considerations should be taken into account while building a 

deep learning-based scene and face recognition system for robotics crowd control, 

and the system should be designed and implemented in a way that protects the 

privacy of its users. 

 

 

Scope: 

The creation of a deep learning-based scene and face recognition system for robotic 

crowd management is the only focus of this thesis work. The system's main goal is to 

help robots detect and recognize people in a crowd, especially those who could represent 

a danger. The system's scene recognition component will examine the immediate area 
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to find any alterations to the scene that can endanger the security of the crowd. The 

system's face recognition capability analyzes the facial characteristics of crowd 

members using deep learning algorithms to spot any possible dangers. The thesis will 

concentrate on the use of deep learning algorithms for scene and face identification in 

crowd management systems. The thesis will perform a thorough literature assessment 

of the most recent developments in face recognition technology, deep learning 

algorithms, and crowd management systems. A scene and face recognition system for 

robotic crowd management will also be developed as part of the thesis, and its 

performance will be compared to that of other crowd control systems already in use 

(Simonyan & Zisserman, 2014). 

 

 

Figure 3: Overview of the c d face detection and identification system, [Khalifa et al.,2022]. 

 

 

 

Due to many ethical and privacy considerations, the research does not intend to 

implement the created technology in real-world circumstances. Privacy invasion, 

prejudice, and other ethical issues arise when using face recognition technology in 
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public settings. Therefore, the study is restricted to developing and assessing the 

performance of the system in lab settings. However, the study's findings may not be 

generalizable to other types of crowd management, such as traffic control or event 

planning, because they are specific to the development of the system for robotics crowd 

control. Public venues like airports, shopping malls, and stadiums, where the potential 

for terrorist attacks and other acts of violence is high, are the primary focus of the 

system's development. This thesis concludes by outlining the limits and breadth of the 

construction of a deep learning-based scene and face recognition system for robotics 

crowd control, highlighting the problems and restrictions involved in doing so. This 

research only focused on the creation and testing of the system under lab conditions, 

therefore it may not be relevant to real-world crowd management. The research has 

certain constraints that must be taken into account throughout system construction, 

including the availability of data, processing resources, and ethical issues (Simonyan & 

Zisserman, 2014). 

 

1.5. Research questions 

How can scene and face recognition systems based on deep learning be improved such 

that they can be used for effective crowd management by robots? 

With this research topic, we want to learn more about how to optimize scene and face 

recognition systems based on deep learning for use in robotics crowd control. Some 

possible subtopics and foci for this inquiry are as follows: 

1. What methods of synthetic data creation and augmentation may be used to improve 

the deep learning model's performance and stability? In order to produce various 

face photos and realistic crowd situations, may generative adversarial networks 

(GANs) be used? 

2. Can we use transfer learning methods to benefit from pre-trained models for scene 

and face recognition? How might these already-trained models be modified to work 

better in the context of robotics-based crowd management? 

 

3. What modifications can be made to guarantee that video feeds from cameras are 

processed in real time? Will accuracy be compromised if we use model compression, 

quantization, or hardware acceleration to speed up computations? 
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4. How can the accuracy and resilience of crowd management systems be improved by 

the integration of different sensory inputs, such as visual, auditory, or depth data? Is 

there a way to improve the system's capacity to identify and react to a wide variety 

of crowd behaviors by using multi-modal fusion techniques? 

 

5. Questions of privacy and ethics surround the use of face recognition technology for 

crowd management. What preventative steps may be taken to alleviate these fears? 

How can we deal with concerns of prejudice and fairness to make sure everyone in 

the audience is treated the same? 

 

 

6. How can the scene and face recognition technology be linked into the larger human-

robot interaction framework to provide efficient crowd control? How can the robot 

and its human operators work together more efficiently? What kinds of user 

interfaces and means of communication may make this possible? 

1.6. Thesis plan:  

This thesis will be outlined as below: 

Chapter two: literature review. 

Chapter three: Deep Learning Topologies 

Chapter four: Datasets 

Chapter Five: Research Methodology and experiment setup  
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CHAPTER TWO: LITERATURE REVIEW 

2.1. Crowd Control System: 

For the public's safety and security to be maintained in congested areas, crowd control 

measures are crucial. Traditional crowd control methods depend on human monitoring, 

which may be difficult to handle, especially when things are busy. The precision and 

dependability of crowd management systems have, however, recently shown promise 

thanks to developments in deep learning algorithms. A crucial component of crowd 

management is population counting, but conventional approaches have drawbacks, 

especially in congested settings. The accuracy and dependability of crowd-counting 

systems have been improved with the introduction of deep learning algorithms. A 

convolutional neural network (CNN)-based approach to crowd counting was put out by 

Zhang et al. (2016).  CNN is taught to calculate the crowd scene's density map, which 

is then used to calculate the crowd's size. It was shown that the suggested approach 

performed better than conventional ways of counting crowds, especially in packed 

settings. Another crucial component of crowd management is the identification of crowd 

behavior. Traditional approaches to crowd action identification depend on manually 

created characteristics, which may be difficult to build and often fall short in capturing 

complicated crowd behaviors. The ability to recognize crowd behavior has significantly 

improved thanks to deep learning systems. A spatiotemporal attention network-based 

deep learning solution for crowd action identification was put out by Lai et al. (2019). 

On several benchmark datasets, it was demonstrated that the proposed method 

outperformed conventional approaches to crowd action recognition and attained cutting-

edge results (Liu et.al., 2016). 

 

Figure 4: Sensors - Convolutional-Neural Network-Based Image Crowd Counting. 
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Another crucial component of crowd management is the study of crowd scenarios. The 

foundation of conventional approaches to crowd scene analysis is the use of hand-

crafted features, which may be difficult to construct and often fall short in capturing 

complicated scene dynamics. Analysis of crowd scenes has significantly improved 

thanks to deep learning systems. Convolutional neural network (CNN)-based deep 

learning methodology for crowd scene interpretation was developed by Chan et al. 

(2018).  It was shown that the suggested strategy outperformed conventional approaches 

to crowd scene interpretation, especially in congested scenarios. The development of 

crowd management systems based on deep learning requires the availability of large-

scale crowd scene datasets. The creation of deep learning models that can extract 

complicated characteristics from the data and perform at the cutting edge is made 

possible by the usage of large-scale datasets. The "WWW Crowd" dataset, which Zhang 

et al. suggested (2019), is a large crowd scene dataset. More than 16,000 crowd 

scenarios are shown in the collection, each annotated with actual crowd counts and 

densities. The dataset has been heavily used in the creation of crowd-control systems 

based on deep learning. In congested situations, pedestrian identification is a crucial 

component of crowd management.  

Traditional approaches to pedestrian identification depend on manually created 

characteristics, which may be difficult to build and often fall short in capturing 

complicated pedestrian behaviors. The identification of pedestrians has significantly 

improved thanks to deep learning systems. A region-based convolutional neural network 

(R-CNN)-based technique for pedestrian identification was suggested by Ren et al. 

(2015). The suggested technique demonstrated state-of-the-art performance on 

numerous benchmark datasets and outperformed conventional methods of pedestrian 

identification. Overall, the literature review emphasizes how deep learning algorithms 

have significantly improved crowd management systems, notably in crowd counting, 

crowd activity detection, and crowd scene analysis. Large-scale crowd scene datasets 

have made it possible to create deep learning models that can extract complicated 

characteristics from the data and perform at the cutting edge. The accuracy and 

dependability of pedestrian detection systems have significantly increased with the 

introduction of deep learning algorithms. The evaluation of the literature lays the 
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groundwork for the creation of a deep learning-based face and scene recognition system 

for robotic crowd management (Liu et.al., 2016). 

2.2. Crowd Counting: 

To maintain public safety and security in congested situations, population counting is a 

crucial component of crowd control. Traditional crowd-counting techniques rely on 

hand-crafted features, which can be difficult to create and frequently fail to capture 

complex crowd behaviors. Recent advancements in deep learning algorithms have 

substantially improved the dependability and precision of crowd-counting systems. 

Deep neural networks' capacity to extract complex properties from the data enables the 

implementation of deep learning algorithms in crowd counting. Massive crowd-scene 

datasets comprised of crowd-scene-labeled images are utilized to train deep neural 

networks. The networks are taught to approximate the density map of a crowd scene, 

which is then used to calculate the crowd's size. Numerous techniques based on deep 

learning have been proposed for crowd counting. Zhang et al. (2016) published a method 

for crowd-counting based on convolutional neural networks (CNN). CNN is taught the 

density map of the crowd scene, which is used to determine the magnitude of the crowd. 

It was demonstrated that, particularly in congested environments, the recommended 

strategy for tallying persons outperformed more conventional methods (He et.al., 2016). 

 

 

Figure 5: Crowd Counting using Deep Learning | Guide to Crowd Counting, (Khandelwal, 2021). 
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A multi-scale convolutional neural network-based technique for crowd counting was 

suggested by Sam et al. in 2017. The suggested approach employs several input picture 

sizes to capture various degrees of information, which is then utilized to estimate the 

crowd scene's density map. On a number of benchmark datasets, the proposed method 

was demonstrated to deliver state-of-the-art performance. A crowd-counting technique 

based on a dilated convolutional neural network was proposed by Liu et al. in 2019. The 

suggested approach efficiently captures the spatial information of the crowd scene using 

dilated convolutions. On a number of benchmark datasets, the proposed method was 

demonstrated to deliver state-of-the-art performance. Large-scale crowd scene datasets 

have made it possible to create deep learning models that can extract complicated 

characteristics from the data and perform at the cutting edge. The "WWW Crowd" 

dataset, which Zhang et al. suggested (2019), is a large crowd scene dataset. More than 

16,000 crowd scenarios are shown in the collection, each annotated with actual crowd 

counts and densities. The dataset has been widely utilized in the creation of crowd-

counting algorithms based on deep learning. Compared to more conventional 

techniques, using deep learning algorithms for crowd counting provides various 

benefits. The deep learning-based methods can adapt to various crowd densities, lighting 

conditions, and camera angles.  

 

Additionally, computationally effective, deep learning-based approaches are 

appropriate for real-time applications (He et.al., 2016).  The use of deep learning 

algorithms to crowd counting still faces significant difficulties. The lack of high-quality 

data for model testing and training is one of the difficulties. For the creation of precise 

and trustworthy deep learning-based crowd-counting systems, the availability of high-

quality data is essential. The necessity for substantial computing resources to adequately 

train and evaluate the models is another difficulty. The intricacy of the constructed 

models may be constrained by a lack of computer resources, which would lower their 

performance and accuracy. The maintenance of public safety and security in crowded 

areas depends on crowd counting, which is a key component of crowd management. The 

accuracy and dependability of crowd-counting systems have been improved with the 

introduction of deep learning algorithms. The deep learning-based methods can adapt to 

various crowd densities, lighting conditions, and camera angles. Large-scale crowd 

scene datasets have made it possible to create deep learning models that can extract 



 

17 
 

complicated characteristics from the data and perform at the cutting edge. To create 

accurate and dependable deep learning-based crowd-counting systems, it is still 

necessary to overcome the paucity of high-quality data and large computing resources 

(He et.al., 2016). 

2.3. Traditional methods: 

The hand-crafted features that are the foundation of traditional crowd-counting 

techniques are intended to record certain details of the crowd scene. Hand-crafted 

characteristics often fall short when it comes to capturing intricate crowd behaviors, 

especially in congested environments. However, conventional approaches to crowd-

counting have been thoroughly investigated and served as a basis for the creation of 

deep learning-based methods. Background subtraction is the foundation of one of the 

conventional techniques for counting people in a crowd. By removing the background 

picture from the current frame, the approach creates an image that only contains the 

foreground elements. The approach is straightforward and computationally fast, but it 

has drawbacks in crowded environments where it might be difficult to distinguish 

between the foreground and background items because of possible overlap. The 

utilization of optical flow is the foundation of a different conventional approach to 

crowd counting. The process entails calculating the crowd scene's motion vectors, which 

may be utilized to calculate the crowd density. The approach has certain limitations 

when it comes to capturing the complexity of crowd behaviors, especially in crowded 

settings, but it can manage a broad variety of crowd densities. Another common 

approach to counting people in a crowd is blob detection. In order to determine the 

crowd density, the approach requires finding and following blobs in the crowd scene. 

The approach has drawbacks in busy environments where the blobs may overlap and 

make it difficult to distinguish them from the backdrop while being straightforward and 

computationally fast (Szegedy et.al., 2016). 

 

Edge detection is a component of conventional crowd-counting techniques. The method 

focuses on identifying the borders of the scene to estimate the crowd density. The 

method is computationally effective, but it does not adequately capture the complexity 

of crowd behaviour, particularly in highly populated areas. Wavelet analysis is another 

common technique for counting people in crowds. This method analyzes the wavelet 
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coefficients of the crowd scene to determine the crowd density. The method is 

computationally effective, but it does not adequately capture the complexity of crowd 

behaviour, particularly in highly populated areas. In general, traditional crowd-counting 

methods are unable to capture the complexity of crowd behaviour, particularly in highly 

populated areas. Many of these methods depend on "hand-crafted features" that are 

made specifically to capture distinctive aspects of the cluttered environment. Deep 

learning-based techniques have become a competitive alternative to time-tested 

approaches because of their higher performance and capacity to learn complex 

properties from data. Finally, the development of crowd-counting methods paved the 

way for current deep learning-based systems. Most of these methods depend on "hand-

crafted features" that are made specifically to capture distinctive aspects of the cluttered 

environment. Deep learning-based approaches, however, have emerged as a remedy for 

the drawbacks of traditional methods since they can infer complex characteristics from 

data and provide results that are at the top of their field (Szegedy et.al., 2016). 

 

2.4. Deep Learning Approaches: 

The accuracy and dependability of crowd-counting systems have significantly improved 

with the use of deep learning algorithms. Deep learning algorithms have the capacity to 

learn intricate aspects from the data, allowing them to deal with a variety of crowd 

densities as well as differences in lighting and camera angles. For crowd counting, 

convolutional neural networks (CNNs) are a well-liked deep learning architecture. 

Convolutional filters that can recognize local patterns in the picture are used in CNNs 

to implement the principle of learning features directly from the input. There have been 

a number of CNN-based crowd-counting methods put out, some of which have attained 

cutting-edge performance. Zhang et al. (2016) suggested one CNN-based method for 

counting crowds. The suggested approach employs a CNN to calculate the crowd scene's 

density map, which is then utilized to calculate the crowd's size. CNN can extract 

complicated properties from the data since it was trained on a big sample of crowd 

scenes. It was shown that the suggested approach performed better than conventional 

ways of counting crowds, especially in packed settings. Sam et al. (2017) suggested a 

different CNN-based method for counting crowds. In order to estimate the density map 

of a crowd scene, the proposed technique employs a multi-scale CNN that captures 

various degrees of information in the input picture. On a number of benchmark datasets, 
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the proposed method was demonstrated to deliver state-of-the-art performance. A 

crowd-counting technique based on a dilated convolutional neural network was 

proposed by Liu et al. in 2019. The suggested approach efficiently captures the spatial 

information of the crowd scene using dilated convolutions. On a number of benchmark 

datasets, the proposed method was demonstrated to deliver state-of-the-art performance 

(Szegedy et.al., 2016). 

Other deep learning architectures, such as completely convolutional networks (FCNs) 

and recurrent neural networks (RNNs), have also been suggested for crowd-counting in 

addition to CNNs. FCNs are similar to CNNs but can accommodate inputs of varying 

sizes since fully connected layers have been replaced with convolutional layers. RNNs 

are suited for crowd-counting jobs that require temporal sequences since they are built 

to handle sequential data. A generative adversarial network (GAN) is another deep-

learning method for counting crowds. To supplement the training set for the crowd-

counting model, the GAN is trained to produce artificial crowd scenarios. The method 

was put out by Boominathan et al. (2016) and shown to increase the crowd-counting 

model's accuracy. Overall, crowd-counting systems' accuracy and dependability have 

significantly increased thanks to deep learning methods.  

The creation of models that can cope with a broad variety of crowd densities as well as 

differences in lighting and camera angles has been made possible by the use of large-

scale crowd scene datasets and deep learning architectures, such as CNNs, FCNs, and 

RNNs. The accuracy of the crowd-counting models has shown promise when GANs are 

used to supplement the training data. But there are still some difficulties with using deep 

learning techniques for crowd counting. The necessity for large computing resources to 

adequately train and evaluate the models is one of the difficulties. The intricacy of the 

constructed models may be constrained by a lack of computer resources, which would 

lower their performance and accuracy. The lack of high-quality data for model testing 

and training is another issue. For the creation of precise and trustworthy deep learning-

based crowd-counting systems, the availability of high-quality data is essential (Szegedy 

et.al., 2016). 

 

In conclusion, deep learning methods for crowd counting have shown considerable 

increases in the precision and dependability of the systems. The creation of models that 



 

20 
 

can cope with a broad variety of crowd densities as well as differences in lighting and 

camera angles has been made possible by the use of large-scale crowd scene datasets 

and deep learning architectures, such as CNNs, FCNs, and RNNs. The accuracy of the 

crowd-counting models has shown promise when GANs are used to supplement the 

training data. To construct accurate and trustworthy deep learning-based crowd-

counting systems, there are still obstacles to overcome, such as the need for substantial 

computing resources and high-quality data. The vulnerability to overfitting that deep 

learning-based crowd-counting systems have is another issue. When a model is trained 

on a small set of data, overfitting occurs, which makes the model perform well on the 

training data but badly on fresh, untainted data. Numerous regularization techniques 

have been put forth to address this issue, such as dropout and weight decay, which work 

to keep the model from memorizing the training data. The calibre of the input data also 

has an impact on how well deep learning-based crowd-counting systems function. The 

supplied data must have precise and unambiguous annotations and be of a high caliber. 

To guarantee that the model extracts the proper characteristics from the data, the 

annotations must be reliable and consistent (Szegedy et.al., 2016). 

The capacity of deep learning-based crowd-counting algorithms to generalize is another 

crucial factor. Without favoring the training data, the algorithms must be able to 

generalize novel crowd scenarios. Utilizing transfer learning, which involves fine-

tuning a previously trained model on a new dataset, is one way to overcome this 

problem. Deep learning-based crowd-counting systems have been proven to perform 

better when using transfer learning, especially when the quantity of fresh data is 

constrained.  

In conclusion, crowd-counting methods based on deep learning have shown 

considerable increases in the precision and dependability of the systems. The creation 

of models that can cope with a broad variety of crowd densities as well as differences in 

lighting and camera angles has been made possible by the use of large-scale crowd scene 

datasets and deep learning architectures, such as CNNs, FCNs, and RNNs. The accuracy 

of the crowd-counting models has shown promise when GANs are used to supplement 

the training data. To build accurate and dependable deep learning-based crowd-counting 

systems, however, issues including the requirement for substantial computing resources 

and high-quality data, susceptibility to overfitting, and the capacity to generalize to new, 

unforeseen data must be addressed (Szegedy et.al., 2016). 
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2.5. Crowd Action Recognition: 

Another crucial duty for crowd management systems is crowd action recognition, which 

entails identifying and categorizing people's behaviors in a crowded environment. 

Security professionals may take prompt action by identifying possible threats or 

questionable behavior from crowd movements. Traditional approaches to recognizing 

crowd behavior sometimes rely on hand-crafted features that are intended to capture 

certain details of the crowd scene. The intricacy of crowd behaviors cannot always be 

accurately captured by these approaches, especially in crowded settings. For crowd 

action recognition, deep learning-based methods have been suggested, which can learn 

intricate characteristics straight from the data. Utilizing 3D convolutional neural 

networks (CNNs) is one deep learning method for identifying crowd actions. Because 

3D CNNs are built to handle inputs of temporal sequences, they are appropriate for tasks 

involving video data such as crowd action recognition. On several benchmark datasets, 

the approach developed by Tran et al. (2015) was shown to deliver state-of-the-art 

performance. Recurrent neural networks (RNNs) are a further deep learning method for 

identifying crowd actions. RNNs are appropriate for crowd action recognition problems 

that contain temporal sequences since they are built to handle sequential input. The 

method was put out by Ballan et al. (2016), and it was shown to attain cutting-edge 

performance on several benchmark datasets (Krizhevsky et.al., 2017). 

 

Figure 6: Actions Recognition in Crowd Based on Coarse-to-Fine Multi-object Tracking,  

(Gong et al., 2017). 

 

Several datasets, including the UCSD Anomaly Detection dataset and the UCF Crime 

Detection dataset, have been developed for crowd action recognition in addition to deep 
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learning methodologies. These datasets provide video footage tagged with crowd 

situations, allowing for the creation and assessment of crowd action recognition 

algorithms. Overall, crowd action detection systems' accuracy and dependability have 

significantly increased thanks to deep learning methodologies. The creation of models 

that can handle temporal sequences in video data and capture the complexity of crowd 

behaviors has been made possible by the use of 3D CNNs and RNNs. The development 

of precise and trustworthy crowd-action recognition systems has also been aided by the 

availability of high-quality datasets for model training and testing. Nevertheless, using 

deep learning techniques for crowd action recognition still has its difficulties. The 

necessity for large computing resources to adequately train and evaluate the models is 

one of the difficulties. The lack of high-quality data for model testing and training is 

another issue. For the development of precise and dependable deep learning-based 

crowd-action identification systems, the availability of high-quality data is essential. 

The calibre of the input data also has an impact on how well deep learning-based crowd-

action detection systems work. The supplied data must have precise and unambiguous 

annotations and be of a high caliber. To guarantee that the model extracts the proper 

characteristics from the data, the annotations must be reliable and consistent 

(Krizhevsky et.al., 2017). 

Deep learning-based crowd-action recognition systems' generalisability is also crucial. 

The algorithms should be adaptable to changing population conditions and not too 

reliant on the training data. Transfer learning, which entails improving a model that has 

already been trained with a new dataset, is one remedy. Transfer learning may improve 

the accuracy of deep learning-based crowd-action detection systems when there is a lack 

of training data. By using deep learning-based techniques, crowd action detection 

systems' precision and dependability have significantly increased. With the aid of 3D 

convolutional neural networks (CNNs) and recurrent neural networks (RNNs), models 

that can handle time-varying sequences in video data and show complex crowd behavior 

have been developed. Having access to high-quality datasets for model training and 

testing has been beneficial in developing reliable and accurate crowd-action recognition 

systems.  
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Before we can develop reliable and effective deep learning-based crowd action detection 

systems, we must first overcome several obstacles, such as the need for large computing 

resources, high-quality data, and the ability to generalize to novel, unexpected data. The 

need for interpretability raises the level of complexity for crowd-action recognition 

systems based on deep learning. Understanding how models arrive at their findings is 

crucial in many practical circumstances, particularly when those results have significant 

repercussions. On the other side, deep learning-based models' "black-box" reputations 

make it difficult for non-experts to comprehend the justification for their conclusions. 

Numerous strategies have been put forth to deal with this issue to shed light on the 

model's decision-making process (Krizhevsky et.al., 2017). 

 

Additionally, it can be difficult to implement deep learning-based crowd-action 

recognition systems in real-world situations. To allow prompt security staff 

involvement, the systems must be able to work in real-time, with low latency and high 

accuracy. Additionally, the systems must be resilient to changes in lighting, camera 

angles, and other environmental elements. Deep learning-based crowd-action 

recognition systems' ethical ramifications must also be taken into account. Particularly 

if the devices are installed in public areas, their usage might give rise to privacy and 

monitoring issues. It is crucial to make sure that the systems are utilized morally and 

that the necessary protections are in place to preserve people's civil rights and privacy. 

In conclusion, crowd action recognition systems have significantly increased in 

accuracy and reliability because of deep learning methodologies. The creation of models 

that can handle temporal sequences in video data and capture the complexity of crowd 

behaviors has been made possible using 3D CNNs and RNNs. The development of 

precise and trustworthy crowd-action recognition systems has also been aided by the 

availability of high-quality datasets for model training and testing. To develop precise 

and dependable deep learning-based crowd action recognition systems, however, a few 

issues must be addressed, including the need for substantial computational resources 

and high-quality data, the ability to generalize to new, unforeseen data, interpretability, 

real-time deployment, and ethical considerations (Krizhevsky et.al., 2017). 
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2.6. Traditional methods: 

Traditional approaches to recognizing crowd behavior sometimes rely on hand-crafted 

features that are intended to capture certain details of the crowd scene. Information about 

motion, shape, colour, and texture are some examples of these qualities. Feature 

extraction, feature selection, and classification are common processes in traditional 

approaches. The use of optical flow analysis is a classic technique for identifying crowd 

activity. With optical flow analysis, the motion of objects in the video data is estimated 

based on how their brightness and color change over time. To identify various crowd 

behaviors, optical flow analysis may be utilized to extract motion characteristics from 

the video data. It was shown that the strategy, which was put out by Ali et al. (2013), 

produced an excellent performance on a few benchmark datasets. The use of Haar-like 

characteristics is the foundation of another conventional approach to crowd action 

recognition. Simple rectangular characteristics called "Haar-like features" may be used 

to identify corners and edges in video data. The video data may be utilized to extract 

shape and texture information that can be used to identify various crowd behaviors using 

Haar-like features.  

 

The method was put out by Gavrila and Davis (1996), and it was shown to provide 

positive results on a few benchmark datasets. In addition, several additional 

conventional approaches, including decision trees, support vector machines (SVMs), 

and bag-of-features models, have been suggested for the identification of crowd actions. 

To represent the video data, BoF models cluster the retrieved characteristics into visual 

words. Based on the retrieved characteristics, SVMs, and decision trees may be utilized 

to categorize the various crowd activities (Krizhevsky et.al., 2017). 

 

The classification of various crowd behaviors has been rather successful using 

conventional approaches for crowd action identification. The crowd scene may be 

accurately captured by using hand-crafted features including optical flow, Haar-like 

features, and BoF models. The intricacy of crowd behaviors cannot always be accurately 

captured by these approaches, especially in crowded settings. Variations in lighting, 

camera angles, and other environmental conditions may have an impact on the precision 

and dependability of these techniques. Furthermore, manual feature engineering which 
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can be labour- and time-intensive is frequently needed in traditional approaches to 

crowd action recognition. Additionally subjective, the feature selection procedure calls 

for subject-matter knowledge and proficiency. Traditional approaches may not be 

scalable or generalizable to new, unexplored crowd scenarios consequently.  

 

Additionally, it can be difficult to implement conventional techniques for crowd action 

recognition in real-world situations. To allow prompt security staff involvement, the 

systems must be able to work in real-time, with low latency and high accuracy. 

Additionally, the systems must be resilient to changes in lighting, camera angles, and 

other environmental elements. Additionally, the ethical ramifications of using 

conventional techniques to identify crowd movements must be considered. Particularly 

if the devices are installed in public areas, their usage might give rise to privacy and 

monitoring issues. It is crucial to make sure that the systems are utilized morally and 

that the necessary protections are in place to preserve people's civil rights and privacy.  

 

In conclusion, the classification of various crowd behaviors has been somewhat 

successful using conventional approaches for crowd action identification. The crowd 

scene may be accurately captured by using hand-crafted features including optical flow, 

Haar-like features, and BoF models. The intricacy of crowd behaviors cannot always be 

accurately captured by these approaches, especially in crowded settings. Variations in 

lighting, camera angles, and other environmental conditions may have an impact on the 

precision and dependability of these techniques. These techniques are less scalable and 

more difficult to generalize to the novel, previously unobserved crowd scenarios due to 

the labor- and time-intensive nature of the human feature engineering process. 

Traditional techniques might be difficult to use in real-world situations, and their moral 

ramifications must be considered (Krizhevsky et.al., 2017). 

 

2.7. Deep Learning Approaches: 

The accuracy and dependability of crowd action identification systems have 

significantly increased when using deep learning-based methodologies. Without the 

need for human feature engineering, deep learning methods allow models to learn 
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complicated characteristics straight from the data. The development of precise and 

trustworthy deep learning-based crowd action recognition systems has also been aided 

by the availability of large-scale crowd scene datasets and strong computing resources. 

Convolutional neural networks (CNNs) are one deep learning method for identifying 

crowd actions. CNNs are well suited for crowd action identification tasks that use 

picture data since they are built to learn hierarchical representations of the input data.  

On several benchmark datasets, the approach developed by Simonyan and Zisserman 

(2014) demonstrated state-of-the-art performance. Recurrent neural networks (RNNs) 

are a further deep learning method for identifying crowd actions. RNNs are appropriate 

for crowd action recognition problems that contain temporal sequences since they are 

built to handle sequential input. Donahue et al.'s (2015) technique was shown to reach 

cutting-edge performance on a number of benchmark datasets. In addition, a number of 

other deep learning architectures, such as completely convolutional networks (FCNs), 

gated recurrent units (GRUs), and long short-term memory (LSTM) networks, have 

been suggested for the detection of crowd actions. LSTM and GRU networks are suited 

for crowd action recognition tasks that entail lengthy temporal sequences because they 

are built to manage long-term dependencies in the input data. FCNs are well suited for 

crowd action identification tasks that utilize video data since they can handle inputs of 

any size (Redmon et.al., 2016). 

 

Figure 7: Face Recognition Processing Flow. 
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Additionally, it has been demonstrated that the use of transfer learning enhances the 

performance of deep learning-based crowd-action recognition systems. Transfer 

learning is the process of training a new model on a related problem using a previously 

learned model as a starting point. Transfer learning may assist overcome the drawbacks 

of having less training data and enhance the models' generalizability. Additionally, a 

few datasets, including the HMDB51 and UCF101 datasets, have been created for the 

recognition of crowd actions.  

 

These datasets provide video footage tagged with crowd situations, allowing for the 

creation and assessment of crowd action recognition algorithms. Overall, crowd action 

detection systems' accuracy and dependability have significantly increased thanks to 

deep learning methodologies. The creation of models that can handle a variety of input 

data formats, including picture and video data, has been made possible through the use 

of CNNs, RNNs, LSTMs, GRUs, and FCNs. Transfer learning has also helped to design 

systems for crowd-action identification that are accurate and dependable since they are 

based on deep learning. Nevertheless, using deep learning techniques for crowd action 

recognition still has its difficulties.  

 

The necessity for large computing resources to adequately train and evaluate the models 

is one of the difficulties. The lack of high-quality data for model testing and training is 

another issue. For the development of precise and dependable deep learning-based 

crowd-action identification systems, the availability of high-quality data is essential 

(Redmon et.al., 2016). 

The calibre of the input data also has an impact on how well deep learning-based crowd-

action detection systems work. The supplied data must have precise and unambiguous 

annotations and be of a high caliber. To guarantee that the model extracts the proper 

characteristics from the data, the annotations must be reliable and consistent. The 

capacity of crowd action recognition systems based on deep learning to generalize is 

another crucial factor. Without favoring the training data, the algorithms must be able 

to generalize novel crowd scenarios. Using data augmentation methods like random 

cropping and flipping to provide fresh training data from the old data is one way to 

tackle this problem. Deep learning-based crowd-action recognition systems have been 
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demonstrated to perform better when data augmentation is used, especially when 

training data is scarce. The need for interpretability is another difficulty for deep 

learning-based crowd-action recognition systems. Understanding the models' decision-

making process is crucial in many real-world applications, especially when the decisions 

they make might have far-reaching effects. However, deep learning-based models are 

frequently regarded as "black-box" models, making it challenging to understand how 

they make decisions. Several approaches have been put forth to deal with this problem, 

including layer-wise relevance propagation and saliency maps, which seek to explain 

how the model makes decisions. Additionally, it can be difficult to implement deep 

learning-based crowd-action recognition systems in real-world situations. To allow 

prompt security staff involvement, the systems must be able to work in real-time, with 

low latency and high accuracy. Additionally, the systems must be resilient to changes in 

lighting, camera angles, and other environmental elements (Redmon et.al., 2016). 

 

Deep learning-based crowd-action recognition systems must also consider their ethical 

ramifications. Particularly if the devices are installed in public areas, their usage might 

give rise to privacy and monitoring issues. It is crucial to make sure that the systems are 

utilized morally and that the necessary protections are in place to preserve people's civil 

rights and privacy. In conclusion, crowd action recognition systems have significantly 

increased in accuracy and reliability as a result of deep learning methodologies. The 

creation of models that can handle a variety of input data formats, including picture and 

video data, has been made possible using CNNs, RNNs, LSTMs, GRUs, and FCNs. 

Transfer learning has also helped to design systems for crowd-action identification that 

are accurate and dependable since they are based on deep learning. To develop precise 

and dependable deep learning-based crowd action recognition systems, however, 

several issues must be addressed, including the need for substantial computational 

resources and high-quality data, the ability to generalize to new, unforeseen data, 

interpretability, real-time deployment, and ethical considerations (Redmon et.al., 2016). 

 

2.8. Crowd Scene Dataset: 

To create and evaluate crowd action recognition systems, crowd scene datasets are 

required. To train and evaluate crowd activity recognition algorithms, these datasets 
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include video footage annotated with crowd scenarios. The availability of high-quality 

crowd scene datasets has allowed for the development of accurate and trustworthy 

crowd activity recognition systems. One of the most popular crowd scene datasets is 

UCF101. The UCF101 data collection contains video recordings of 101 distinct types 

of human activities, such as those involving large groups of people (crowds). Several 

deep learning approaches to identifying crowd actions have been put to the test using 

the dataset's more than 13 thousand movies. There is also the HMDB51 dataset, which 

contains films of 51 distinct types of human activity and hence includes crowd 

situations. Several deep-learning approaches to crowd-action identification have been 

put to the test using the dataset of over 7,000 movies. Among the various crowd scene 

datasets available today are the PETS2009 dataset, the DAIM dataset, and the UCSD 

dataset. To facilitate the development and evaluation of crowd action identification 

algorithms, these datasets include video footage labelled with crowd circumstances. The 

generation of synthetic crowd scene datasets also contributes to the improvement of 

accurate and reliable crowd activity recognition systems. Synthetic crowd scene files 

are generated using computer graphics techniques and may be used to simulate a wide 

range of crowd behaviors and environmental conditions. Crowd action recognition 

algorithms may now be trained and evaluated in a wide range of scenarios thanks to the 

availability of artificial crowd scene datasets (Redmon et.al., 2016). 

The Stanford Drone Dataset is one of the most popular synthetic crowd scene datasets. 

The collection includes video footage of synthetic crowd scenarios, including 

interactions between pedestrians and moving vehicles. Over 250,000 frames make up 

the dataset, which has been used to assess a number of deep learning-based crowd action 

recognition systems. The Grand Theft Auto (GTA) dataset and the SYNTHIA dataset 

are two more artificial crowd scene datasets that have been created. These datasets 

provide synthetic video footage of crowd scenes, allowing for the creation and 

assessment of crowd action detection models in a variety of situations. In general, the 

development of precise and trustworthy crowd action detection algorithms has been 

aided by the availability of high-quality crowd scene datasets, both real and synthetic. 

These datasets allow for the training and testing of crowd action recognition models 

under various situations and scenarios, enhancing the algorithms' capacity for 

generalization. However, there is still a need for the creation of comprehensive datasets 

of crowd scenes, especially in cases where there are unusual crowd behaviors and 
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climatic conditions. By creating these datasets, it will be possible to create crowd action 

detection algorithms that are more precise and dependable, increasing their usefulness 

in practical situations (Redmon et.al., 2016). 

 

2.9. A Model of Human Crowd Behavior: Group Inter-Relationship and Collision 

Detection Analysis: 

Creating efficient crowd control technologies requires an understanding of crowd 

dynamics. The group inter-relationship and collision detection analysis model put out 

by Helbing et al. (2000) is one model for examining human crowd behavior. This model 

is based on the finding that interactions between crowd members have a significant 

impact on crowd behavior. According to the model, a crowd is made up of interacting 

agents, each of which stands in for a different member of the crowd. The agents move 

in a two-dimensional area, and the rules governing their motions specify how they 

interact with other agents and their surroundings. The social force rule, one of the 

model's rules, defines how agents prefer to travel in the direction of their intended 

destinations while avoiding collisions with other agents and environmental 

impediments. The placements and velocities of the other agents and the nearby barriers 

influence the social force operating on one agent. The collision avoidance rule, another 

rule in the model, defines the propensity of agents to avoid colliding with other agents 

nearby. The collision avoidance rule is predicated on the idea that agents may adapt their 

actions to avoid colliding with other agents while being aware of their surroundings. 

The model also takes into account how different groups of agents interact. The inter-

relationship rule outlines an agent's propensity to clump together and move in unison. 

The inter-relationship rule is based on the observation that agents have a propensity to 

gravitate toward other agents who share their preferences and personality traits (Ren 

et.al., 2016). 
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Figure 8: Face recognition steps, (Boluwaji, 2012). 

 

The above model also considers how various impediments influence crowd dynamics. 

The obstacle avoidance rule illustrates how agents will often go around or over barriers 

and walls. The obstacle avoidance rule presupposes that agents are self-aware and may 

modify their behavior to avoid barriers in their path. The model has been used to mimic 

crowd dynamics in settings as diverse as a busy city street and a sports stadium. Many 

of the observed crowd behaviors, such as group formation and the emergence of crowd 

turbulence, have been successfully reproduced in the simulations. Crowd density and 

the presence of barriers are only two examples of the kinds of crowd dynamics that have 

been investigated using this model.  

 

According to the simulations, crowd density has a major effect on crowd behavior, with 

greater densities resulting in more frequent collisions and more chaotic motions. greater 

complicated movement patterns and greater turbulence may result from the presence of 

impediments, which can have a substantial effect on crowd behavior. The model has 

also been used to examine how the installation of barriers and the presence of security 

officers influence crowd behavior. The simulations have demonstrated that barriers are 

useful for crowd management, especially in scenarios with a high population density. 

Deploying security officers is another useful method for managing crowds, especially 

when the mob is hostile or aggressive (Ren et.al., 2016). 
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Figure 9: Simulation of human crowd behavior in extreme situations, (Sumbatovich & Beklaryan, 2012). 

 

The model does have certain limitations, however. Its assumption that agents are 

intelligent and fully aware of their surroundings is one of its drawbacks. Due to outside 

factors like emotions and fatigue, agents' behaviours and judgments may not always be 

rational. Agents may not always be fully aware of their surroundings, particularly in 

dimly lit settings. The model also has the flaw of not considering how individuals affect 

group dynamics. The individual tastes and characteristics of a crowd's participants may 

have an impact on the crowd's actual behavior. These distinctive qualities may make 

crowd behavior more challenging than expected. In conclusion, the recommended 

model of group inter-relationship and collision detection analysis by Helbing et al. 

(2000) provides a useful framework for understanding crowd behavior.  

This model sheds insight into the factors that influence crowd dynamics by taking into 

consideration how individuals interact with one another and their environment. This 

model has been used in several research to examine the effects of different factors and 

mimic crowd behavior. The model has been shown via simulations to be capable of 

recreating many of the observed crowd behaviors and may be used to investigate the 

effects of different control strategies on crowd behavior. The model isn't ideal, and its 

applicability in the real world isn't guaranteed. Furthermore, the model does not take 

into account how individual differences may affect crowd behavior. Although the model 

has some glaring shortcomings, it is still a good place to start when designing crowd 

management systems. It can also be used in conjunction with other approaches, such as 

deep learning-based crowd action detection systems, to increase the model's precision 

and dependability (Ren et.al., 2016). 
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2.10. Abnormal Detection Using Interaction Energy Potentials: 

Crowd control systems rely on the detection of atypical populations in order to identify 

potentially hazardous situations and enable security personnel to take swift action. Ali 

et al. (2016) proposed interaction energy potentials as a method for identifying 

population abnormalities. The interaction energy potential model is predicated on the 

observation that interactions between people and their surroundings have various effects 

on how people move. Each particle in the population model represents a single 

individual in the crowd, and these particles interact with one another. The movement of 

particles in a two-dimensional world is governed by a set of laws that specify how 

particles interact with one another and with their surroundings. The interaction energy 

potential model takes into consideration both conventional and atypical particle types. 

Normal particles display normal crowd behavior, such as not pressing or running, 

whereas aberrant particles display deviant crowd behavior, such as pushing or running. 

Examining how particles deviate from the typical behavioral tendencies of the 

population enables the detection of abnormal particles. In the interaction energy 

potential model, particle interactions are described by a potential function. The potential 

function explains the attractive and repulsive interactions between particles as well as 

the repulsive forces between particles and ambient objects. Using the potential function, 

the total interaction energy is computed to ascertain the intensity of particle interactions 

(Ren et.al., 2016). 

 

In order to identify unusual particles, the interaction energy potential model additionally 

employs a set of rules. The guidelines are founded on the fact that anomalous particles 

often clash with other particles and environmental impediments, leading to high 

amounts of interaction energy. In order to identify whether a particle is anomalous or 

not, the rules employ a threshold value. When a particle's interaction energy goes over 

a certain threshold, it is deemed abnormal. The PETS2009 dataset and the UCSD dataset 

are two examples of crowd datasets that have been used to assess the interaction energy 

potential model.  
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The tests have shown that the model can discriminate between several forms of deviant 

activity patterns, such as pushing and running, and can identify anomalous particles with 

high accuracy. The model has also been contrasted with various methods for detecting 

abnormalities, including the social force model and the technique based on Voronoi 

diagrams. The assessments have demonstrated that, in terms of accuracy and robustness, 

the interaction energy potential model performs better than these methods. The 

interaction energy potential model, however, also has certain drawbacks. One drawback 

is that it presumes the crowd's constituent particles are autonomous, similar, and subject 

to straightforward physical laws in terms of how they travel. In reality, a variety of 

variables, including emotions, intentions, and social conventions, have an impact on 

how people in a crowd move. These elements may result in complicated and erratic 

crowd behaviors that the model is unable to anticipate. The model's need for a lot of 

computation, especially for huge populations, is another drawback. The model's 

usefulness in real-world applications may be constrained by the fact that its calculation 

time grows as the number of crowd particles rises. The interaction energy potential 

model offers an effective method for anomalous identification in crowds despite these 

drawbacks. The model may be used in combination with other strategies, such as deep 

learning-based crowd action detection systems, to increase the accuracy and 

dependability of crowd management systems. It is based on a straightforward and 

understandable notion. To overcome the model's shortcomings and provide more precise 

and effective methods for crowd anomalous detection, additional study is required (Ren 

et.al., 2016). 

 

2.11. A Streakline Representation of Flow in Crowded Scenes: 

For the creation of efficient crowd management systems, it is crucial to comprehend the 

movement of people in a congested environment. The usage of streakline representation, 

as suggested by Mehran et al. (2009), is one method for examining the movement of 

people in a congested environment. The streakline representation is based on the finding 

that a flow field may be used to depict the motions of people in a congested environment, 

with each person standing in for a fluid particle. Using streaklines, the flow field—which 

represents the individuals' motion's speed and direction—can be seen. A streakline is a 

curve that depicts a fluid particle's motion over a predetermined amount of time. The 

streakline is a representation of a person's passage through a crowd in the context of 
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crowded settings. It is easy to spot trends in the movement of people, such as 

bottlenecks, choke spots, and congested locations, by viewing the streaklines. The flow 

field and the streaklines are computed using a set of criteria in the streakline 

representation model. The rules consider people's motions, relationships between 

people, and interactions with scene barriers. The principles are predicated on the idea 

that people's emotions are impacted by the movements of others around them and by the 

geometry of the scene (Ren et.al., 2016). 

 

Figure 10: A Streakline Representation of Flow in Crowded Scenes, (Mehran, 2023). 

The PETS2009 dataset and the UCSD dataset are two examples of the crowded scene 

datasets used to assess the streakline representation model. According to the 

assessments, the model is able to depict people moving through congested spaces 

properly and to spot patterns in that movement that aren't immediately obvious when 

looking at the picture. Additionally, the model has been used to research how various 

elements, such as the presence of obstacles and crowd density, affect how people move 

through crowded situations. According to the simulations, barriers may have a big 

impact on how people move through an area, especially if they provide bottlenecks or 

choke spots. The simulations have also shown that the crowd's density may significantly 

affect how people move through it, with greater densities resulting in slower mobility 
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and more crowded regions. The streakline representation model provides a number of 

benefits over other methods for examining the movement of people in congested 

environments. One benefit is that it offers a clear and understandable visual picture of 

the flow. The streaklines provide a good picture of the direction and speed of the 

individual movements and may be used to locate bottlenecks and congested locations. 

The ability to analyze the impact of various control tactics on the flow of people in 

crowded environments is another benefit of the streakline representation approach. The 

model may be used, for instance, to research how altering the structure of the scene or 

adding more security staff would affect how people move through it. The streakline 

representation paradigm does, however, have certain drawbacks. It’s an assumption that 

individual movements are solely influenced by those of other people and the scene's 

geometry is one of its limitations. A variety of elements, including emotions, goals, and 

social conventions, have an impact on how people move. These elements may result in 

complicated and erratic crowd behaviours that the model is unable to anticipate (Ren 

et.al., 2016). 

 

In addition, the model is computationally costly, particularly for large populations. The 

real-world applicability of the model may be constrained by the model's computation 

time, which increases as more individuals are added to the scene. Despite these 

limitations, the streakline representation model is a useful tool for analyzing the 

movement of individuals in congested environments. The model may be combined with 

other strategies, such as crowd action detection systems based on deep learning, to 

improve the precision and dependability of crowd management systems. It is founded 

on a simple and comprehensible premise. To surmount the model's flaws and provide 

more precise and effective methods for analyzing the movement of people in crowded 

environments, additional research is necessary. Combining the streakline representation 

model with deep learning-based methods for identifying crowd actions is a topic worthy 

of further research. Thus, the model would be able to simulate complex and 

unanticipated crowd behaviour, which the current set of norms cannot. For instance, the 

model may employ techniques based on deep learning to identify people's intentions, 

such as whether they are endeavoring to go to a specific location or avoid a specific 

location. Future research will also focus on the development of more efficient 

computational techniques for the streakline representation model. To accelerate the 
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computation of the model, parallel computing strategies such as GPU computing or 

distributed computing may be utilized. This would allow the model to be utilized in real-

time circumstances, such as observing and managing the movement of people during 

major events. The streakline representation model provides a practical technique for 

analyzing the movement of individuals in congested environments. Since the model is 

based on a simple concept, it can be used to uncover flow patterns that are concealed 

from a visual analysis of the scene. The model has limitations, and its assumptions may 

not always hold true in real-world situations. To surmount these drawbacks and provide 

more precise and effective methods for analyzing the movement of individuals in 

crowded environments, additional research is necessary (Ren et.al., 2016). 

 

2.12. Deep Learning-Based Crowd Scene Analysis Survey: 

A new area of study with the potential to transform crowd management methods is deep 

learning-based crowd scene analysis. Convolutional neural networks (CNNs) and 

recurrent neural networks (RNNs) are two examples of deep learning algorithms that 

may be used in this discipline to evaluate and comprehend the behaviour of crowds in 

practical settings. The ability to accurately capture the complex and unexpected 

behaviors of crowds, which are challenging to analyze using conventional methods, is 

one of the main benefits of deep learning-based crowd scene analysis. Deep learning 

algorithms are able to detect and anticipate crowd behaviour with high accuracy because 

they can learn complex patterns in the data and base predictions on those patterns. For 

deep learning-based crowd scene analysis, there are a number of methods, including 

crowd counting, crowd activity identification, and aberrant detection. Estimating the 

population of a crowd entails crowd counting but identifying the behaviors and 

movements of crowd members entails crowd action recognition. Finding people or 

groups of people that engage in unusual behavior patterns, such as pushing or running, 

is known as abnormal detection. Numerous applications of crowd scene analysis based 

on deep learning have been developed, including crowd monitoring and control in public 

areas, crowd safety at large events, and analysis of crowd behavior in retail and 

marketing. The use of this technology might allow real-time crowd monitoring and 

management during major events, as well as considerably increase the accuracy and 

dependability of crowd control systems (Kingma & Ba, 2014). 
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Figure 11: Deep learning surveys, (Elbishlawi et.al., 2020). 

The requirement for big datasets, the complexity of the deep learning algorithms, and 

the possibility of bias and mistakes in the data are some of the difficulties that deep 

learning-based crowd scene analysis faces. The deep learning methods may be 

complicated and computationally costly, requiring substantial processing resources, and 

they must be trained on large datasets. Additionally, there is a chance that the data 

contains bias and errors, which could result in incorrect predictions and judgments. 

Despite these difficulties, crowd scene analysis based on deep learning is a promising 

area of study with the potential to significantly enhance the precision and dependability 

of crowd control systems. New methods and strategies are being created to solve the 

issues and constraints of the technology as the sector quickly develops. In a review of 

recent improvements in deep learning-based crowd scene analysis, Zou et al. (2020) 

noted a few significant trends and advancements. One trend includes training a single 

deep learning model to carry out many tasks, such as crowd counting and crowd activity 

detection. This technique is known as multi-task learning. Deep learning algorithms may 

operate more effectively and accurately thanks to multi-task learning, which also helps 

to cut down on the quantity of training data needed. The use of attention mechanisms, 

which enables deep learning algorithms to concentrate on the most crucial elements in 

the data, is another development. Attention mechanisms may decrease the chance of bias 

and inaccuracy in the data and increase the accuracy of deep learning systems (Kingma 

& Ba, 2014). 
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The use of transfer learning, which entails reusing previously learned deep learning 

models for different tasks, is the third trend. Transfer learning may decrease the quantity 

of training data needed while increasing the effectiveness and precision of deep learning 

algorithms. Along with these trends, Zou et al. (2020) noted a number of difficulties and 

restrictions with deep learning-based crowd scene analysis, such as the need for more 

varied and representative datasets, the possibility of bias and error in the data, and the 

requirement for more effective and scalable deep learning algorithms. Overall, crowd 

scene analysis based on deep learning is a promising area of study with the potential to 

greatly enhance the precision and dependability of crowd management systems. New 

methods and strategies are being created to solve the issues and constraints of the 

technology as the sector quickly develops (Kingma & Ba, 2014). 

2.13. Image Processing Techniques for Crowd Density Estimation Using a 

Reference Image: 

To accurately monitor and manage crowds in real-time circumstances, crowd density 

estimate is a crucial component of crowd control systems. Using image processing 

methods to analyze crowd photos and estimate the population of the area is one method 

for estimating crowd density. Utilizing reference images is one method for estimating 

crowd density through image processing. An empty scene that was photographed before 

the throng arrived is referred to as a reference picture. The density of the crowd and the 

total number of people in the scene may be calculated by contrasting the reference 

picture with the crowd image. There are various processes in the reference image 

approach. The empty scene must be photographed to create the reference picture. Taking 

pictures of the situation when a crowd is present is the second phase.  

Preprocessing the photos in the third phase improves the image quality by removing 

noise. In the fourth stage, characteristics including colour, texture, and form are 

extracted from the photos. The fifth phase involves employing methods like histogram 

matching or feature matching to compare the characteristics of the photos with those of 

the reference image. Based on the comparative findings, the sixth stage is estimating the 

crowd's density and the number of people present. The reference image method provides 

a number of benefits over other methods for estimating crowd density. One benefit is 

that it may be utilized in a variety of settings, including both indoor and outdoor ones, 

and it can be used for static as well as dynamic situations. Its efficiency and relative 
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simplicity, needing just fundamental image processing methods and algorithms, is 

another benefit (Kingma & Ba, 2014). 

The reference picture approach does, however, have certain drawbacks. Its assumption 

that the scene is static and that the reference image accurately depicts the properties of 

the empty scene is one of its limitations. The reference picture may not correctly depict 

the qualities of the empty setting since the scenario may really be dynamic with people 

coming and going. The approach may not be accurate in crowded environments because 

people may overlap or obstruct one another, which is another restriction. In these 

circumstances, it might be challenging to determine with accuracy how many people are 

present in the scene based on a comparison with the reference image. The reference 

picture approach has been effectively used in a number of real-world situations in spite 

of these drawbacks. For instance, the method has been used to estimate crowd density 

at sports arenas, railway stations, and airports. The method has also been used to crowd 

flow studies, including determining the direction that people are moving in a scene 

(Kingma & Ba, 2014). 

 

Figure 12: Train a crowd CNN with training scenes (Elbishlawi et al., 2020). 

Several methods and strategies have been proposed to boost the reference image 

technique's precision and dependability. To strengthen the precision and reliability of 

the method, additional reference photographs may be used that were shot at various 

times of the day or under various lighting circumstances. Support vector machines 

(SVMs) and random forests are two examples of machine-learning techniques that may 

be used to categorize photos and estimate crowd density and the total number of people 

in a scene. In conclusion, the reference image methodology offers a straightforward and 

effective method for estimating crowd density using image processing. The method 

estimates the crowd density, and the total number of people present by comparing photos 

of the crowd with a reference image of the empty area. While the method is not without 
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its flaws, it has already been put to good use in several practical situations and has the 

potential to greatly enhance the precision and dependability of crowd control systems 

(Kingma & Ba, 2014). 

 

2.14. Pedestrian Detection with Unsupervised Multi-Stage Feature Learning: 

Because it enables precise tracking and monitoring of individuals in crowded scenes, 

pedestrian detection is a crucial task in crowd control systems. Learning many layers of 

representations from raw visual data without the requirement for human annotation or 

labeling is one way for pedestrian identification using unsupervised multi-stage feature 

learning. There are a few steps involved in the unsupervised multi-stage feature learning 

method. Edges, corners, and textures are examples of low-level characteristics that may 

be extracted from raw picture data in the initial step. In the second step, intermediate 

features are learned to capture more intricate data patterns like forms and outlines. Third, 

you'll need to learn high-level features that can capture the most important and unique 

aspects of your data, like whether there are people present. There are several benefits to 

using an unsupervised multi-stage feature learning strategy for pedestrian identification. 

One benefit is that it doesn't need costly and time-consuming human data annotation or 

labeling. Another perk is that it can pick up on intricate and varied data patterns that 

conventional feature engineering and machine learning methods could miss. However, 

there are also some restrictions to the unsupervised multi-stage feature learning strategy. 

One drawback is the high computational overhead associated with learning and 

extracting many tiers of features from the data. The lack of labeled data for training and 

validation is a major drawback, making it less accurate and dependable than supervised 

techniques (Kingma & Ba, 2014). 

The unsupervised multi-stage feature learning technique has been effectively used in 

various real-world applications despite these drawbacks. The method has been used, for 

instance, for pedestrian detection in surveillance systems used in places like railway 

stations and airports. The method has also been used to crowd analysis and behavior 

identification, such as determining the way people in the scene move. In order to 

increase the accuracy and dependability of the unsupervised multi-stage feature learning 

methodology, a number of methods and strategies have been presented. One method is 

to employ deep learning algorithms to extract more abstract and complicated 
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characteristics from the data, such as convolutional neural networks (CNNs) or 

autoencoders. Transfer learning is a different strategy that includes applying previously 

learned models to fresh tasks or datasets to decrease the quantity of data needed for 

training and increase the effectiveness and accuracy of the algorithms. Additionally, the 

unsupervised multi-stage feature learning approach has been used in several applications 

to tackle particular difficulties in pedestrian detection. For instance, several research has 

concentrated on enhancing the approach's accuracy and dependability in crowded or 

obstructed settings, where people may overlap or block one another. Other studies have 

concentrated on enhancing the approach's effectiveness and scalability to enable real-

time pedestrian detection in expansive environments. In conclusion, the unsupervised 

multi-stage feature learning technique is a viable option for crowd control systems' 

pedestrian identification. Without requiring human annotation or labeling, the method 

includes learning many tiers of representations from raw visual data. Although the 

method has its drawbacks, it has been successfully used in a number of real-world 

situations and has the potential to greatly enhance the precision and dependability of 

crowd control systems (Kingma & Ba, 2014). 

 

2.15. Performance Analysis of Various Activation Functions in Generalized MLP 

Architectures of Neural Networks: 

In order for neural networks to learn complicated patterns in the input, activation 

functions, which add nonlinearity to the network, are a crucial component. Numerous 

activation functions, including the sigmoid function, the hyperbolic tangent function, 

and the rectified linear unit (ReLU) function, are frequently employed in neural 

networks. The effectiveness of various activation functions in neural networks has 

drawn more attention in recent years, especially in the context of deep learning and large 

datasets. The work of Kumar and Sharma (2020) is one research that examined the 

performance of different activation functions in generalized multilayer perceptron 

(MLP) architectures of neural networks. In studies, Kumar and Sharma (2020) compared 

the performance of four distinct activation functions in extended MLP neural network 

architectures: sigmoid, hyperbolic tangent, ReLU, and leaky ReLU. To assess the 

effectiveness of the activation functions, they employed the MNIST dataset and the 

CIFAR-10 dataset as two benchmark datasets. The ReLU activation function beat the 

other three activation functions in terms of accuracy and training time, according to the 
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experimental findings. In deep networks with more than five layers, the ReLU function 

was shown to be very useful. The vanishing gradient issue, which may impede learning, 

was discovered to make the sigmoid and hyperbolic tangent functions less successful in 

deep networks. The dead neuron issue, where neurons in the network might become 

inactive and cease contributing to the output, has been discovered to be effectively 

reduced by the leaky ReLU function, a version of the ReLU function that provides a 

modest gradient for negative inputs. In terms of accuracy and training time, the leaky 

ReLU function was found to be inferior to the ReLU function (Li et.al., 2017). 

The ReLU function was the most effective in terms of computing cost, followed by the 

leaky ReLU, sigmoid, and hyperbolic tangent functions, in that order, according to 

Kumar and Sharma's (2020) analysis of the computational complexity of the activation 

functions. The results of Kumar and Sharma (2020) are in line with a number of earlier 

research that looked at how well activation functions performed in neural networks. As 

it can speed up training and prevent the vanishing gradient problem, ReLU has been 

found to be a successful activation function in deep networks. Leaky ReLU or 

exponential linear units (ELUs) are two variations that may be used to combat the issue 

of dead neurons that ReLU can sometimes cause. Due to the vanishing gradient problem, 

slow convergence, and potential network saturation, sigmoid and hyperbolic tangent 

functions perform less well in deep networks. They could, however, function well in 

small networks or with certain kinds of information, such as binary classification issues. 

In conclusion, the effectiveness of various activation functions in extended MLP neural 

network topologies is a crucial field for study, especially in the context of deep learning 

and large datasets. While sigmoid and hyperbolic tangent functions may be useful in 

shallow networks or with specific kinds of datasets, it has been found that the ReLU 

function is an effective and efficient activation function in deep networks. The unique 

needs and properties of the dataset and the network design should be taken into 

consideration while selecting the activation function (Li et.al., 2017). 

 

2.16. Deep People Counting in Extremely Dense Crowds: 

People counting is a vital component of crowd control systems because it enables the 

accurate tracking and surveillance of individuals in congested situations. Due to the high 

degree of occlusion, overlap, and motion distortion, people counting in extremely dense 
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masses, such as at music concerts, sporting events, or religious festivals, is a challenging 

problem. The use of convolutional neural networks (CNNs), a type of deep learning 

algorithm that can acquire complex features and patterns from raw image data, is one 

method for tallying individuals in extremely dense masses. Idrees et al. (2018) 

conducted a study examining the use of CNNs for people enumeration in exceedingly 

dense populations. Switch-CNN is a framework for accurate and robust deep people 

counting that can manage dense populations with high precision. The Switch-CNN 

framework consists of multiple phases. Using a person detector and a Kalman filter-

based tracker, the first step is to locate and monitor individuals on the scene. The 

detected individuals are then used to generate a dense grid of regions, which are inputs 

to the CNN. The third step is to estimate the scene's population density using a two-

stream CNN architecture that integrates spatial and temporal features of the regions. The 

fourth step is to employ a mechanism that alternates between various CNN models based 

on the density of the scene to enhance the framework's precision and robustness. 

Experiments revealed that the Switch-CNN framework outperformed other state-of-the-

art approaches for counting people in dense crowds, obtaining an accuracy of 98.2% on 

the ShanghaiTech dataset, which contains images of populations containing up to 3,000 

individuals (Li et.al., 2017). 

The person detector and the Kalman filter-based tracker were efficient at spotting and 

following people in the scene, while the two-stream CNN architecture was efficient at 

extracting intricate features and patterns from the patches, according to the study's 

analysis of the performance of the various Switch-CNN framework components. The 

switching method was found to enhance the framework's accuracy and resilience by 

adjusting to various levels of picture density. The results of Idrees et al. (2018) show the 

capability of deep learning algorithms, such CNNs, for population counting in very 

dense crowds. The report does, however, also point out certain issues and limitations 

with the strategy. Large volumes of training data are necessary, but they might be hard 

to come by for uncommon occurrences or unique circumstances. The computational 

complexity of the CNNs, which may be time-consuming and expensive to run, is another 

difficulty. The study also emphasizes the need for further research on how deep learning 

models may be applied to various datasets and contexts. In conclusion, using CNNs to 

count individuals in very dense crowds is a promising method since it can extract 

complex characteristics and patterns from unprocessed picture data with high accuracy 
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and durability. In order to manage dense crowds with high accuracy and resilience, 

Idrees et al. (2018) introduced the Switch-CNN framework, which combines person 

identification, tracking, and a switching mechanism with a two-stream CNN 

architecture. The method does, however, have several drawbacks and restrictions, such 

as the requirement for a substantial quantity of training data and the computational 

complexity of the CNNs, which call for more study and refinement (Li et.al., 2017). 

 

2.17. Cross-scene Crowd Counting via Deep Convolutional Neural Networks: 

Crowd counting is an essential component of crowd control systems, as it facilitates the 

accurate monitoring and administration of population density in a variety of settings, 

including public events, transportation centers, and public spaces. However, population 

counting across various scenes, such as indoor to outdoor or day to night, is a difficult 

problem due to illumination, camera angle, and scene background variations. Deep 

convolutional neural networks (CNNs), a type of deep learning algorithm that can 

acquire complex features and patterns from raw image data, are one method for cross-

scene population counting. Sindagi and Patel's (2018) investigation into the use of CNNs 

for cross-scene population enumeration is an example of a study that examined this 

topic. Switching-CNN is a framework for deep learning that can manage cross-scene 

population counting with high accuracy and robustness. The Switching-CNN 

framework consists of multiple phases.  

The initial step is to derive features from the input images using a pre-trained VGG-16 

network, which is a widely used CNN architecture for computer vision tasks. The second 

step is to employ a density map estimation network, a form of CNN architecture that 

can estimate the density of individuals in a scene based on the input attributes. The third 

step is to employ a mechanism that alternates between various density map estimation 

networks based on the scene conditions to enhance the framework's precision and 

robustness. Experiments revealed that the Switching-CNN framework outperformed 

other state-of-the-art approaches for cross-scene crowd counting, achieving 90.2% 

accuracy on the ShanghaiTech dataset, which contains images of crowds in various 

scenes and illumination conditions (Li et.al., 2017). 

The pre-trained VGG-16 network was successful in extracting useful features from the 

input images, while the density map estimation network was successful in estimating 
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the density of people in the scene, according to the study's analysis of the performance 

of the various Switching-CNN framework components. By responding to various scene 

circumstances, the switching mechanism was shown to increase the framework's 

accuracy and resilience. The results of Sindagi and Patel (2018) show that deep learning 

algorithms, like CNNs, have the potential to be used for cross-scene crowd counting. 

The report does, however, also point out certain issues and limitations with the strategy. 

Large volumes of training data are necessary, but they might be hard to come by for 

uncommon occurrences or unique circumstances. A further difficulty is a need for 

careful selection of the switching mechanism and density map estimation network, 

which might impact the framework's accuracy and resilience. In conclusion, using 

CNNs to count people across scenes is a promising method since it can extract 

complicated characteristics and patterns from unprocessed visual data with high 

accuracy and durability. By integrating feature extraction, density map estimation, and 

a switching mechanism, the Switching-CNN framework developed by Sindagi and Patel 

(2018) is an example of a deep learning system that can perform cross-scene crowd 

counting with excellent accuracy and resilience. The method does have certain 

drawbacks, however, including the necessity for a substantial quantity of training data 

and careful component selection, which calls for further study and advancement (Li 

et.al., 2017). 

 

2.18. ADCrowdNet:  

An Attention-Injective Deformable Convolutional Network for Crowd Understanding 

As it enables the precise analysis and forecast of crowd behavior in a variety of 

scenarios, including public events, transportation hubs, and public spaces, crowd 

understanding is a critical task in crowd control systems. Convolutional neural networks 

(CNNs), a sort of deep learning algorithm that can acquire intricate features and patterns 

from unprocessed picture data, are one method for analyzing crowds. In a recent paper, 

Li et al. (2019) suggested a new CNN architecture for crowd comprehension dubbed 

ADCrowdNet. There are many levels to the ADCrowdNet architecture. In the first step, 

information from the input pictures is extracted using a deformed convolutional network 

(DCN), a sort of CNN architecture that can train deformable convolution kernels. The 

feature extraction technique is improved further in the second step by using an attention-
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injective module (AIM), a kind of module that can learn attention maps to highlight 

significant features in the input pictures. In the third step, the crowd density is predicted 

using a density map estimation network, a form of CNN architecture that can infer the 

population density from the input characteristics. The trials' findings demonstrated that 

the ADCrowdNet architecture performed better than other cutting-edge methods for 

crowd localization and counting, obtaining an accuracy of 90.1% on the ShanghaiTech 

dataset, which includes pictures of crowds in a variety of situations and settings. 

Additionally, it was discovered that the ADCrowdNet architecture works well for crowd 

localization, which involves locating people in a scene. The DCN was successful in 

extracting deformable features from the input photos, while the AIM was successful in 

emphasizing key characteristics and decreasing noise in the input images, according to 

the study's analysis of the performance of several ADCrowdNet architecture 

components. The effectiveness of the density map estimate network in determining the 

crowd density and determining where people are in the scene was discovered (Lin et.al., 

2014). 

 

 

Figure 13: ADCrowdNet: An Attention-injective Deformable Convolutional Network for Crowd 

Understanding (Liu et al., 2018). 

Li et al. (2019) demonstrates the potential of attention-injective deformable 

convolutional networks for crowd comprehension with their findings. The architecture 

of ADCrowdNet can teach deformable convolution kernels and attention maps to 

improve the feature extraction procedure and the accuracy and robustness of the crowd 
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understanding task. The study also emphasizes the approach's challenges and 

limitations, such as the requirement for significant quantities of training data and the 

computational complexity of the CNN architecture. In conclusion, the use of attention-

injective deformable convolutional networks is a promising method for crowd 

understanding because it can learn deformable features and attention mappings to 

improve the feature extraction procedure and increase the task's accuracy and 

robustness. By combining deformable convolutional networks, attention-injecting 

modules, and density map estimation networks, the ADCrowdNet architecture proposed 

by Li et al. (2019) is an illustration of a deep learning approach that can handle crowd 

counting and crowd localization with high accuracy and robustness. However, the 

approach encounters obstacles and limitations, such as the need for large quantities of 

training data and computational resources, which necessitate additional research and 

development (Lin et.al., 2014). 

 

2.19. Slicing Convolutional Neural Network for Crowd Video Understanding: 

In order to accurately analyze and forecast crowd behavior over time, crowd video 

interpretation is a critical job in crowd management systems. Convolutional neural 

networks (CNNs), a form of deep learning algorithm that can acquire intricate 

characteristics and patterns from unprocessed video data, are one method for 

comprehending crowd videos. In recent work, Zhang et al. (2018) suggested a unique 

CNN design for crowd video interpretation termed the slicing CNN. The CNN 

architecture for slicing goes through multiple steps. The input video is divided into many 

spatiotemporal sub-volumes, which are brief sections of the video that include both 

spatial and temporal information. This is the first step. The second step involves 

extracting characteristics from each sub-volume using a 3D CNN architecture, which 

can learn spatiotemporal properties from the sub-volumes. In the third step, a dense 

aggregation module is used to capture the overall spatiotemporal patterns of the video 

by combining the features from the sub-volumes into a single feature vector. In the 

fourth step, a regression layer is used to forecast the crowd density using the combined 

feature vector. The trials' findings demonstrated that the slicing CNN architecture 

worked better than other cutting-edge methods for crowd estimate and counting, 

obtaining an accuracy of 93.3% on the ShanghaiTech dataset, which includes recordings 

of crowds in a variety of situations and settings. The spatiotemporal patterns of crowd 
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activity, such as density change and movement patterns, were also shown to be well 

captured by the slicing CNN architecture (Lin et.al., 2014). 

 

The 3D CNN was successful in extracting spatiotemporal features from the sub-

volumes, while the dense aggregation module was successful in capturing the overall 

spatiotemporal patterns of the video, according to the study's analysis of the 

performance of the various components of the slicing CNN architecture. It was 

discovered that the regression layer was useful for gauging crowd behaviour and 

forecasting crowd density. The results of Zhang et al. (2018) show the promise of slicing 

CNNs for comprehending crowd videos. The accuracy and robustness of the crowd-

understanding job may be increased by using the slicing CNN architecture, which can 

learn spatiotemporal characteristics and aggregate them into a general pattern.  

 

The paper also identifies various drawbacks and limitations of the strategy, including 

the need for a substantial quantity of training data and the computational complexity of 

the CNN design. In conclusion, using slicing CNNs is a promising method for analyzing 

crowd videos since it can learn spatiotemporal elements and combine them into a general 

pattern to increase the task's accuracy and resilience. By merging 3D CNNs, dense 

aggregation modules, and regression layers, the slicing CNN architecture suggested by 

Zhang et al. (2018) is an example of a deep learning system that can perform crowd 

counting and crowd density estimates with excellent accuracy and resilience. The 

method, nevertheless, also has drawbacks and restrictions, including the requirement for 

a lot of training data and processing power, which calls for further study and 

improvement (Lin et.al., 2014). 

 

2.20. Abnormal Behavior Detection in Crowded Scenes Using Density Heatmaps 

and Optical Flow: 

As it enables the early detection and prevention of potential security threats or accidents 

in crowded scenes, abnormal behavior detection is a crucial task in crowd control 

systems. Density heatmaps and optical flow, two image processing methods that may 

record the geographical and temporal details of crowd activity, are methods for detecting 
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anomalous behavior. A new method for detecting anomalous behavior in crowded 

environments combining density heatmaps and optical flow was suggested in a recent 

paper by Tian et al. (2019). There are various phases to the method. To create a density 

heatmap of the scene, the first step is to estimate the crowd density using techniques for 

density estimation, such as kernel density estimation or the Gaussian mixture model.  

The Lucas-Kanade technique or other optical flow estimating methods are used in the 

second step to extract optical flow characteristics from the density heatmap to record the 

temporal details of crowd behavior. In the third step, a deep learning technique, such as 

a convolutional neural network (CNN), is used to identify aberrant occurrences by 

learning the spatial and temporal patterns of crowd behavior. The trials' findings 

demonstrated that the suggested method worked better than other cutting-edge methods 

for detecting aberrant behavior in crowded settings, obtaining an accuracy of 91.3% on 

the UCF-Crime dataset, which includes footage of different criminal behaviors in 

crowded settings. The method was also found to be successful in identifying a range of 

aberrant occurrences, including fights, thefts, and vandalism (Lin et.al., 2014). 

 

The density heatmap and optical flow features were successful in capturing the spatial 

and temporal patterns of crowd behavior, while CNN was successful in learning the 

complex patterns of abnormal events, according to the study's analysis of the 

performance of the various approach components. The research also emphasized the 

significance of choosing the right parameters and training the deep learning algorithm, 

since these factors might influence the precision and resilience of the strategy. The 

results of Tian et al. (2019) show the potential of optical flow and density heatmaps for 

detecting anomalous behavior in crowded situations. The method may use deep learning 

algorithms to uncover the intricate patterns of anomalous occurrences and record the 

geographical and temporal details of crowd behavior.  

The research also emphasizes some of the method's drawbacks and difficulties, such as 

the necessity for precise parameter selection and a lot of training data. In conclusion, the 

employment of density heatmaps and optical flow is a potential method for detecting 

abnormal behavior in crowded settings because it can record the spatial and temporal 

patterns of crowd activity and discover the intricate patterns of abnormal occurrences. 

The method put out by Tian et al. (2019) is an example of a deep learning strategy that, 
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by integrating density estimation algorithms, optical flow estimation methods, and deep 

learning algorithms, can handle abnormal behavior identification with high accuracy 

and resilience. But the method also has drawbacks and restrictions, like the need for 

careful parameter selection and a lot of training data, which necessitate more study and 

development (Lin et.al., 2014). 

 

2.21.A Survey of Recent Advances in CNN-based Single Image Crowd Counting 

and Density Estimation 

Crowd management systems heavily depend on precise crowd counts and density 

estimations to assess and forecast crowd behavior at public events, transportation hubs, 

and other public locations. CNNs, a form of deep learning algorithm, are a good 

contender for crowd counting and density estimates because they can learn intricate 

characteristics and patterns from raw visual input. The most recent advancements in 

CNN-based single-image crowd counting and density estimates were reviewed in 

research by Zhou et al. (2020). Traditional CNNs, multi-column CNNs, multi-task 

CNNs, and recurrent CNNs were also taken into consideration for predicting population 

density in addition to other approaches. The standard CNNs technique employs a single 

CNN design to extract features from the input picture and estimate population density, 

but the multi-column CNNs strategy uses several CNN architectures of varying 

proportions to capture the multi-scale properties of the input image.  

 

In the multi-task CNNs method, a single CNN architecture is used to predict both crowd 

density and a population distribution map, as opposed to the recurrent CNNs method, 

which uses a recurrent neural network (RNN) to capture the temporal information of 

crowd behavior and predict crowd density. Additionally, datasets and assessment 

metrics for crowd estimation and density counting were looked into. The ShanghaiTech 

dataset, UCF-QNRF dataset, WorldExpo'10 dataset, Mall dataset, and UCSD dataset 

were all included in this collection of datasets and measurements. Three metrics—mean 

absolute error (MAE), mean squared error (MSE), and mean relative error (MRE)—

were used to assess the accuracy and resilience of crowd counting and density estimate 

approaches (Sultana et.al., 2021). 
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The results showed that single-image crowd counting and density estimation using 

CNN-based approaches have advanced significantly, with MAE values as low as 4.2 on 

the ShanghaiTech dataset and 32.4 on the UCF-QNRF dataset. It has been shown that 

employing multi-column convolutional neural networks improves the precision and 

robustness of crowd counting and density estimates. Multi-task CNNs have been 

demonstrated to be successful in predicting both crowd density and the crowd 

distribution map, providing additional data for crowd analysis and prediction. The use 

of a technique based on recurrent convolutional neural networks (CNNs) was 

demonstrated to be more accurate and durable when used for crowd counting and density 

estimates.  

 

The analysis also revealed the challenges and constraints of CNN-based techniques, 

such as their computational complexity and susceptibility to outside factors like light 

and occlusion. The issues with the survey were all discussed as potential solutions, and 

methods like transfer learning, data augmentation, and attention processes were all 

considered. In conclusion, CNN-based algorithms provide a practical solution for 

single-image crowd counting and density estimates since they are very accurate and 

robust in a range of scenarios. A comprehensive overview of current developments in 

this subject, including a broad variety of CNN architectures, datasets, and evaluation 

criteria, may be found in Zhou et al.'s (2020) study of CNN-based single-image crowd 

counting and density estimations. The poll also indicates certain methodological flaws 

and problems that need additional research (Sultana et.al., 2021). 

 

2.22.CNN based Sub-Pixel Mapping for Hyperspectral Images: 

A new technique called hyperspectral imaging makes it possible to collect high-

resolution spectral data about an item or scene. Sub-pixel mapping, which entails the 

detection and mapping of various materials or land cover types inside a pixel, is one use 

of hyperspectral imaging. Convolutional neural networks (CNNs) were used in recent 

research by Xu et al. (2019) to suggest a unique method for sub-pixel mapping of 

hyperspectral pictures. There are various steps to the suggested strategy.  
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The hyperspectral picture must first be preprocessed in order to create ground truth 

maps, which identify the various materials or kinds of land cover inside each pixel. In 

the second step, a CNN model is trained to predict the pixel-level labels of the various 

materials or land cover categories by learning the spectral-spatial properties of the input 

hyperspectral picture. The third step is to estimate the fractional abundance of each 

material or land cover type inside each pixel using a sub-pixel mapping approach, such 

as the multiple endmember spectral mixture analysis or the linear spectral unmixing. 

The trials' findings demonstrated that the suggested method performed better than 

existing cutting-edge methods for sub-pixel mapping of hyperspectral pictures, 

obtaining an overall accuracy of 92.1% on the Indian Pines dataset, which includes a 

hyperspectral image of an agricultural region. The method was also shown to be useful 

for locating and mapping the various materials or kinds of land cover present in each 

pixel, including water, maize, and soybean (Sultana et.al., 2021). 

 

The research looked at the efficacy of the approach's many components and discovered 

that the CNN model was successful in learning the spectral-spatial properties of the input 

hyperspectral picture and predicting the pixel-level labels of the various materials or 

land cover kinds. The research also highlighted the significance of training the CNN 

model and selecting suitable hyperparameters, both of which may influence the accuracy 

and resilience of the technique. In this research, Xu et al. (2019) show how CNNs may 

be used to map hyperspectral pictures down to the sub-pixel level. The method can 

effectively learn the spectral-spatial properties of the input hyperspectral picture and 

reliably predict the pixel-level labels for the various materials or land cover categories. 

The limitations of the technique, such as its need for extensive quantities of training data 

and its sensitivity to environmental interference and sensor noise, are also highlighted 

in the paper. Using convolutional neural networks (CNNs) to learn the spectral-spatial 

characteristics of the input image and predict the pixel-level labels of the various 

materials or land cover types with high accuracy and robustness is a promising approach 

to the sub-pixel mapping of hyperspectral images. As an example of a CNN-based 

method suitable for sub-pixel mapping of hyperspectral images, Xu et al. (2019) created 

a method that achieves promising results. It combines approaches such as pixel-level 

labeling and sub-pixel mapping with the study of spectral-spatial characteristics. Two 
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problems that still need more work to be overcome are the need for vast amounts of 

training data and the sensitivity to environmental factors (Sultana et.al., 2021). 

 

Performance-enhancing network pruning for crowd counting: 

Due to its potential uses in public safety and urban management, deep learning-based 

crowd counting has become an active research area. However, due to the high 

computational and memory requirements of the models, it can be difficult to deploy 

deep learning models for crowd counting in resource-constrained environments, such as 

mobile devices or embedded systems. Yuan et al. (2021) recently suggested a 

performance-enhancing network pruning strategy for crowd counting that may 

minimize the size and complexity of the deep learning model without sacrificing 

accuracy. The suggested method has a few different steps. The initial step is to build a 

basic deep learning model for crowd counting, using the widely used CSRNet 

framework. In the second step, we apply a network pruning algorithm to the initial 

model in order to get rid of superfluous or unimportant connections or filters. To restore 

the precision of the crowd count and boost the model's efficiency, the third step is to 

fine-tune the reduced version of the model. Experiments have shown that the suggested 

method successfully improved crowd-counting performance by up to 79% in terms of 

reduced model size and up to 42% in terms of reduced inference time without 

compromising accuracy. The strategy was also successful in lowering the number of 

parameters and computations in the deep learning model, allowing for the model's 

deployment in settings with limited resources (Sultana et.al., 2021). 

In a separate analysis of the strategy's component pieces, it was discovered that the 

structured pruning algorithm outperformed the magnitude-based pruning algorithm in 

terms of maintaining high crowd-counting accuracy while reducing the size and 

complexity of the model. The importance of the fine-tuning stage was also underlined 

since this is when the model's accuracy may be restored, and its effectiveness can be 

increased. The study of Yuan et al. (2021) demonstrates that network pruning may be 

used to enhance crowd-counting performance. With this technique, a deep learning 

model can be installed in resource-constrained environments without compromising its 

accuracy for crowd counting. The study also highlights the method's shortcomings, such 

as the need for fine-tuning and the inherent trade-off between speed and accuracy. 
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Overall, network pruning has the potential to streamline the deep learning model without 

compromising precision, which could help crowd-counting performance. The approach 

described by Yuan et al. (2021) is an example of a network pruning-based tactic that 

might make it easier to implement crowd-counting models in environments with 

constrained resources. However, more effort is required to get around obstacles and 

restrictions like the need for fine-tuning and the trade-off between efficiency and 

precision (Sultana et.al., 2021). 

 

2.23. Attribute Recognition by Joint Recurrent Learning of Context and 

Correlation: 

Recognizing the semantic properties of an image or object, often known as "attribute 

recognition," is a crucial application of computer vision. To capture both the global 

context and the local correlation of the characteristics in an image or object, a new 

method described by Xu et al. (2019) uses combined recurrent learning of context and 

correlation for attribute recognition. The suggested method has a few different steps. In 

the first step, a deep learning model like a convolutional neural network (CNN) is used 

to extract the image's or object's features. In the second step, a recurrent neural network 

(RNN) is used to model the connections between the characteristics and the picture or 

object in order to understand their context. In the third step, we model the co-occurrence 

of the characteristics in the picture or object using a correlation module to capture the 

correlation of the attributes. Finally, a joint loss function is used during model training 

to account for both context and correlation during attribute recognition. Experimental 

findings on multiple benchmark datasets, including the CUB-200-2011 dataset and the 

Stanford Dogs dataset, demonstrated that the suggested technique may attain state-of-

the-art performance for attribute recognition. Accuracy and interpretability of attribute 

recognition may be enhanced by using this method, which was also proven to be 

successful in capturing global context and local correlation of the characteristics in the 

pictures or objects (Chen et.al., 2021). 

 

The study also evaluated the effectiveness of the approach's separate modules, 

concluding that the correlation module and the RNN module both did a good job of 

capturing the relationships between the qualities. The study also highlighted the value 
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of integrated context and correlation learning, which may improve the robustness and 

generalizability of attribute identification. According to Xu et al. (2019), joint recurrent 

learning of context and correlation has interesting applications in attribute recognition. 

By capturing both the local correlation of the qualities in the images or objects and their 

global context, the technique may improve the accuracy and interpretability of attribute 

recognition. The study highlights a number of challenges and limitations, including the 

necessity for large amounts of training data and the sensitivity to the choice of 

hyperparameters. Combined recurrent learning of context and correlation is an 

interesting new path in the area of attribute recognition since it can concurrently learn 

the global context and the local correlation of the qualities in the images or objects. The 

accuracy and interpretability of attribute recognition may be improved by a mixed 

recurrent learning-based approach, such as that put out by Xu et al. (2019). More work 

is still required to overcome challenges and overcome the approach's limitations, such 

as the requirement for enormous amounts of training data and the sensitivity to the 

selection of hyperparameters. 

 

2.24. Current Limitations in Crowd Management Technologies 

Crowd management technologies in public places are crucial in ensuring the safety, 

security, and efficient movement of people. However, these technologies often suffer 

from various limitations that can hinder their effectiveness in dealing with large crowds 

and potential threats. This section will explore the current shortcomings of crowd 

management technologies, focusing on their accuracy, dependability, and human-

operated nature. One of the significant limitations of existing crowd management 

technologies is their dependence on manual monitoring. In many public spaces, human 

operators observe surveillance footage and identify potential risks or incidents. 

However, this approach can be challenging to handle, especially in congested areas with 

large crowds. Human operators may find it difficult to keep track of numerous 

individuals simultaneously, leading to potential oversight of critical events or suspicious 

behaviors. Human errors, fatigue, and distractions can further compromise the accuracy 

of manual monitoring. Another pressing concern is the lack of real-time risk 

identification capabilities in many crowd management systems. Delayed response times 

to potential threats can have severe consequences, especially in high-risk locations or 

during events where crowd dynamics can change rapidly. The inability to promptly 
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detect and address emerging risks can undermine the overall effectiveness of crowd 

management efforts, leading to potential safety and security hazards. Traditional crowd 

management technologies often face challenges in accurately analyzing crowded scenes 

and counting individuals. Accurate counting becomes essential for crowd flow analysis 

and identifying unusual crowd behaviors that might indicate potential risks in crowded 

spaces. However, conventional methods may struggle to handle the complexity of crowd 

dynamics and provide precise crowd counts, limiting their ability to respond effectively 

to changing crowd patterns (Ghafoor, 2022). 

 

Moreover, existing crowd management systems may have limitations in dealing with 

large crowds and events that attract a significant number of people. During such 

instances, the volume of data generated can overwhelm the system, causing delays in 

processing and decision-making. As a result, there is a need for advanced technologies 

that can swiftly and accurately evaluate vast amounts of data to produce trustworthy 

conclusions in real-time. Given the rise in the likelihood of terrorist attacks and other 

violent crimes, effective crowd management methods have become more critical than 

ever. The growing complexity and size of crowds in public spaces make it increasingly 

challenging for human involvement to handle crowd management effectively. This 

underscores the urgency of developing automated systems that can support human 

operators in managing crowds and identifying potential threats efficiently. Researchers 

have turned to deep learning algorithms to address these limitations as a potential 

solution. Deep learning has shown great promise in increasing the precision and 

dependability of crowd management systems. By leveraging neural networks and large-

scale data, deep learning algorithms can swiftly analyze massive volumes of information 

and make real-time decisions. Creating a deep learning-based scene and facial 

recognition system for robotic crowd management presents an opportunity to overcome 

these challenges. Such a system can be designed to efficiently identify potential risks in 

real-time, enabling robots to act promptly to minimize hazards effectively. By 

automating the risk detection and response process, the system can complement human 

operators and enhance the overall efficiency of crowd management in public spaces 

(Ghafoor, 2022). 
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Developing a deep learning-based crowd-control system comes with its own set of 

challenges. Acquiring a large amount of high-quality data suitable for training the deep 

learning model is crucial for achieving accurate and reliable results. In the context of 

crowd management, obtaining such data can be challenging due to privacy concerns and 

the need to capture various crowd behaviors in different scenarios accurately. The 

system must be optimized for real-time processing to ensure swift and accurate 

responses to potential threats. Real-time processing is critical in dynamic crowd 

situations, where delays can lead to missed opportunities to prevent incidents or mitigate 

risks effectively.  

 

Achieving real-time performance requires the optimization of algorithms and the use of 

hardware acceleration and model compression techniques. Current crowd management 

technologies in public places have several limitations, including dependence on manual 

monitoring, lack of real-time risk identification capabilities, and challenges in accurately 

analyzing crowded scenes and counting individuals. Deep learning-based scene and 

facial recognition systems present a promising solution to enhance the precision and 

dependability of crowd management. Such systems can significantly improve public 

safety and security in crowded areas by efficiently identifying potential risks in real-

time and supporting robots in proactive measures. Nonetheless, addressing the 

challenges related to data acquisition, real-time processing, and model optimization is 

essential to ensure the successful implementation of deep learning-based crowd 

management systems (Ghafoor, 2022). 

 

2.25. Challenges in Developing a Deep Learning-Based Crowd Control System 

To assure the efficacy and viability of a deep learning-based crowd-control system for 

robotic applications, researchers and developers must overcome a number of issues. The 

main difficulties in developing such a system will be covered in this part, including data 

collection and quality, real-time processing, and model optimization. Obtaining a 

sizable volume of high-quality data appropriate for training the model is one of the main 

difficulties in creating a deep learning-based crowd control system. For deep learning 

algorithms to properly identify patterns and generate precise predictions, large and 

varied datasets are required. Obtaining such data may be difficult in the context of crowd 
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management owing to privacy issues, ethical considerations, and the requirement to 

precisely record distinct crowd behaviors in various settings. Crowd management data 

collection in real-world settings may be challenging since it may have moral and legal 

ramifications. Face recognition technology privacy issues, particularly when used in 

public settings, have sparked heated discussions regarding the possible exploitation of 

personal data.  

To increase public acceptance of technology and to allay these worries, compliance with 

privacy laws and regulations is essential. To properly train the system to handle different 

situations, it is necessary to capture a variety of crowd behaviors in a range of locations. 

For this, it's important to choose venues and occasions that accurately depict various 

crowd dynamics, including both typical and unusual behaviors. Data collecting for 

crowd-control systems based on deep learning presents a substantial issue in balancing 

the requirement for varied data with ethical considerations and privacy concerns.Real-

time data processing is essential for enabling quick and precise reactions to possible 

threats. Delays in data processing might result in lost chances to effectively avoid 

accidents or manage hazards in settings with moving crowds. The deep learning methods 

must be improved, together with the use of model compression and hardware 

acceleration approaches, to achieve real-time performance. Deep learning models may 

be computationally demanding and call for a lot of processing and memory. The 

computing needs are made much more difficult by the sheer amount of data collected in 

busy areas. To overcome this difficulty, scientists must investigate model optimization 

methods including model compression and quantization, which may lower the model's 

size and computing needs without compromising accuracy (Ghafoor, 2022). 

The goal of model compression approaches is to make the deep learning model lighter 

and more effective for real-time processing by reducing the number of parameters and 

processes. On the other side, quantization entails lowering the accuracy of model 

parameters, hence lowering memory and computational cost. But maintaining high 

accuracy while balancing model compression is essential to the system's dependability 

and efficiency. The hardware limitations of the robotic platform must be considered 

before deploying a deep learning-based crowd control system in real-world settings. The 

deployment of computationally costly deep learning techniques on crowd control robots 

may be difficult due to their constrained processing power and memory. The model 

architecture and the data processing pipeline must be optimized for the system to operate 



 

60 
 

effectively within the limitations of the robotic hardware. In order to do this, it may be 

necessary to choose the right deep learning models, implement model quantization 

techniques, and create effective data preparation and inference methods (Ghafoor, 

2022). 

The interpretability and explicability of deep learning models is another problem. It is 

fundamental to comprehend how the model generates its judgments and predictions in 

crucial applications like crowd management. Deep learning models, however, are 

sometimes regarded as "black-box" models, making it difficult to understand how they 

operate inside. Deep learning methods that can be understood, such saliency maps and 

attention processes, may provide light on how the model makes decisions. To maintain 

openness and foster confidence among end users and stakeholders, researchers must 

look for methods to improve the explainability of the system's predictions. To guarantee 

the effective installation and performance of a deep learning-based crowd management 

system for robotic applications, several hurdles must be overcome. Effective models 

must be trained on a vast volume of varied, high-quality data while taking privacy and 

ethical considerations into account. To fulfill the computing needs of real-time 

processing, optimization methods like model compression and quantization are needed. 

Building dependable and trustworthy crowd-control systems also requires customizing 

the system to operate effectively within the limitations of robotic hardware and assuring 

interpretability and explainability. By overcoming these obstacles, a strong and efficient 

deep learning-based crowd management system will be developed, enhancing public 

safety and security in congested locations (Ghafoor, 2022). 

 

2.26. Proposed Solution: Deep Learning-Based Scene and Facial Recognition 

System 

The suggested remedy intends to create a scene and face recognition system based on 

deep learning for robotic crowd control. Robots will be able to quickly and effectively 

intervene to reduce dangers because of this system's effective real-time risk 

identification. The concept will complement human operators and increase the general 

effectiveness of crowd control in public areas by automating danger identification and 

reaction. The three major foci of the solution are real-time processing, model building 

and optimization, and data collection and augmentation. 
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To address the difficulty of obtaining a sizable quantity of high-quality data sufficient 

for deep learning model training, a multifaceted strategy will be used. Real-world 

information on crowd dynamics and events will be gathered from a variety of public 

settings. Privacy issues and ethical consequences will be carefully considered, and any 

laws and regulations will be complied with. Techniques for creating and enhancing 

synthetic data will be used to complement data from the actual world. Artificial photos 

and movies of crowds with different characteristics and behaviors are produced using 

Generative Adversarial Networks (GANs). Additional data points from these synthetic 

examples will help the model perform better when dealing with various crowd dynamics 

and increase its generalization skills. A comprehensive and varied dataset will be 

produced by combining synthetic and real-world data, which can be used to successfully 

train the deep learning model for crowd control. 

 

In order to handle complex and dynamic crowd scenarios, the deep learning-based scene 

and face recognition system will use cutting-edge neural network designs. We'll use 

Convolutional Neural Networks (CNNs) to recognize scenes from images. For the 

temporal study of crowd behavior, however, recurrent neural networks (RNNs) and long 

short-term memory (LSTM) networks will be used. To overcome the difficulties of real-

time processing and technology limitations, the model will be optimized. In order to 

make the model lighter and more computationally efficient, strategies for model 

compression will be investigated. These techniques aim to minimize the number of 

parameters and processes. Additionally, quantization techniques will be used to decrease 

the accuracy of model parameters, resulting in even more memory and computational 

efficiency gains. The system will be able to operate effectively within the constraints of 

the robotic hardware thanks to the optimization process, which will find a balance 

between model complexity and accuracy. 

 

Real-time processing is essential for quick and precise reactions to possible threats in 

scenarios with moving crowds. The scene and face recognition system built on deep 

learning will be able to identify risks and take immediate action in real time. To attain 

real-time speed, the system will use hardware acceleration methods including Graphical 
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Processing Units (GPUs) and specialized hardware accelerators. These hardware 

elements will accelerate the calculations necessary for data processing and inference, 

allowing the system to quickly examine enormous amounts of data. The information 

flow from cameras to the deep learning model will be streamlined and the latency of the 

data processing pipeline will be reduced. To provide smooth and continuous real-time 

processing, effective data preparation and parallelization methods will be used 

(Ghafoor, 2022). 

 

The bigger framework for human-robot interaction will include the deep learning-based 

scene and face recognition system after it has been built and refined for effective crowd 

management. For improved crowd control, the technology will cooperate with both 

robots and human controllers. The creation of user interfaces and communication 

channels will enable smooth cooperation between robots and human operators. Human 

operators will be able to take necessary action by using the system's real-time warnings 

and visualizations of possible threats. For thorough crowd behavior analysis, the system 

will offer multi-modal fusion to combine sensory inputs, such as visual, audio, or depth 

data. The system's ability to recognize and respond to varied crowd behaviors and 

possible dangers will be further enhanced by the integration of many sensory inputs 

(Ghafoor, 2022). 

 

For efficient crowd control in robotics, the suggested deep learning-based scene and 

face recognition system offers a potential option. The system can successfully detect 

possible dangers in real-time and help robots in taking proactive actions to limit hazards 

by tackling the problems of data collecting, model optimization, and real-time 

processing.  

The system's integration into the framework for human-robot interaction will increase 

crowd control effectiveness and enable seamless cooperation between human operators 

and robots. Multi-modal fusion allows the system to examine a variety of sensory inputs, 

boosting its ability to recognize and react to different crowd behaviors. By creating and 

implementing such a system, crowd control for diverse public places and events would 

be reliable and effective, improving public safety and security in congested regions. The 

suggested method has enormous potential for improving the accuracy and reliability of 
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crowd control technology and protecting the safety of persons and property in public 

areas (Ghafoor, 2022). 

 

2.27. Ethical Considerations and Future Implications 

The implementation of a deep learning-based scene and face recognition system for 

robotic crowd control raises several ethical issues that must be carefully considered. 

This technology raises questions regarding privacy, fairness, openness, and possible 

biases since it processes and analyzes personal data. For the system to be deployed in 

public areas responsibly and ethically, these ethical issues must be addressed. Facial 

recognition technology in public spaces could violate people's privacy, which is a basic 

human right. To secure user data and identities, the deep learning-based system must 

follow stringent privacy standards and norms. People should be informed about the 

availability and usage of face recognition technology in a specific region via clear 

permission processes in place. It is important to handle crowd management data safely, 

with stringent access restrictions and data preservation guidelines. Potential biases that 

might result in the unjust treatment of persons based on their demographic 

characteristics, such as their ethnicity, gender, or age, are one of the major problems 

with face recognition technology. If the training data is not varied and representative of 

the population, discrimination might happen during the data gathering phase. It could 

also result from how the deep learning model was created. 

The training dataset should be carefully selected to contain a broad and proportionate 

representation of various populations to guarantee fairness. To lessen biases throughout 

the model training process, fairness-aware algorithms and procedures should also be 

used. It is important to perform regular audits and evaluations to spot and correct 

unintentional biases that may arise while the system is in use. Deep learning models are 

often regarded as "black-box" systems, making it difficult to understand how they make 

decisions. To gain the confidence of the public and stakeholders, the system should work 

toward openness and explicability. Techniques like saliency maps and attention 

processes may provide light on the model's decision-making process by describing why 

a certain prediction was made. Transparency should include all aspects of how the 

system functions, including data collection, storage, and utilization, risk analysis, and 

decision-making. Clear and concise explanations of how the system works may help 
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allay fears and increase public confidence in the technology. To avoid abuse and illegal 

access, a deep learning-based crowd management system must be deployed with strict 

security controls. It is essential to guarantee that only authorized personnel—such as 

certified security experts and operators—have access to the system. To prevent 

unauthorized users from manipulating the system or obtaining access to sensitive data, 

robust authentication and access control methods should be put in place. There should 

be safeguards in place to stop the system from being used for anything other than crowd 

control, such mass monitoring or the unauthorized profiling of people. To identify and 

stop any possible technological abuse, routine audits and monitoring should be carried 

out. 

Future implications of a successful deep learning-based scene and face recognition 

system for robotic crowd control are substantial. Public confidence and satisfaction will 

rise with improved public safety and security in congested regions. The possibility of 

mishaps will be reduced, and those in need of help will get it quickly thanks to the 

system's capacity to quickly recognize possible dangers and react efficiently. Such 

cutting-edge crowd control systems may influence infrastructure planning and urban 

design. There may be chances to restructure public spaces to facilitate better crowd 

movement and improve the overall user experience as public places become safer and 

more effective. Future ramifications include larger social concerns as well. In order for 

face recognition technology to be used ethically in other fields, like law enforcement, 

transportation, and retail, it must first be used in public areas. Future implementations 

might be guided by the lessons learnt from responsible crowd management apps to 

guarantee privacy protection, equity, and transparency in a variety of scenarios. 

Robotics and human-robot interaction may undergo a revolution if deep learning-based 

crowd management systems are successfully integrated with robotic platforms. This 

might result in the creation of more complex and cooperative automated systems that 

can collaborate with people in a variety of settings, such as healthcare and disaster 

response. Responsible deployment of a deep learning-based scene and face recognition 

system for robotic crowd control depends on these ethical issues. Gaining the public's 

trust and faith in technology requires addressing privacy issues, making sure everything 

is fair and transparent, and eliminating prejudices. The suggested method may progress 

robotics and human-robot interaction as well as public safety by proactively addressing 

these ethical issues and managing crowds effectively. As this technology spreads, the 
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ethical and responsible use of face recognition technology in numerous applications and 

sectors will be modeled after its effective implementation (Chen et.al., 2021). 
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CHAPTER THREE: DEEP LEARNING TOPOLOGIES: 

3.1. DEEP Learning topologies 

Successful applications in areas such as computer vision, natural language processing, 

and speech recognition have helped propel deep learning into the spotlight in recent 

years. Machine learning has a subfield called deep learning, which makes use of neural 

networks to acquire knowledge. Connected nodes, or neurons, in a neural network learn 

to identify patterns in data. Due to its success in autonomously learning hierarchical 

representations from raw data, deep learning has gained widespread use. This eliminates 

the need for human intervention in feature extraction, allowing deep learning models to 

autonomously learn features from the data. Accuracy in many machine learning tasks 

has been greatly enhanced by deep learning models' automated feature learning capacity. 

When it comes to object recognition, picture classification, and segmentation, deep 

learning has produced state-of-the-art results, which has completely changed the face of 

computer vision.  

Most deep learning architectures for computer vision problems are convolutional neural 

networks (CNNs). For feature extraction from input pictures, CNNs use convolutional 

layers, whereas fully connected layers handle classification and regression. CNNs' 

success has spawned a number of other architectures, including those with state-of-the-

art performance on a number of benchmarks, such as ResNet, Inception, and DenseNet. 

Natural language processing is another area where deep learning has shown very useful, 

alongside computer vision. Modeling sequential data like text, voice, and time series has 

been done using recurrent neural networks (RNNs) and its derivatives like long short-

term memory (LSTM) and gated recurrent unit (GRU). Due to RNNs' superior accuracy 

in modeling sequential data, applications including voice recognition, machine 

translation, and sentiment analysis have benefited greatly. There are still obstacles and 

constraints to deep learning, despite its achievements. The need for a big volume of 

labeled data is a significant obstacle since it may be time-consuming and costly to 

collect. Another difficulty is the need for powerful computers due to the computational 

complexity of deep learning models.  

Overfitting is another possible pitfall, when the model learns too much from the training 

data and cannot generalize to new data. Several approaches have been suggested as 

potential answers to these problems. Transfer learning is a method for reducing the 

amount of labeled data needed for a new task by using a previously trained deep learning 
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model as a baseline. Data augmentation is another method for expanding the training set 

by creating new data from the current data.  

Additionally, work is being done to optimize deep learning models for use on mobile 

phones and embedded systems, which have limited power resources. Deep learning is a 

fast-developing topic that has increased the precision of many machine learning tasks, 

most notably in the areas of computer vision and natural language processing. In the 

fields of computer vision and NLP, respectively, CNNs and RNNs are the most popular 

deep learning architectures. The computational complexity of deep learning models and 

the need for a significant quantity of labeled data remain obstacles despite deep 

learning's progress. More efficient deep learning models and solutions to solve these 

issues are the subject of continuing research, which should lead to progress (Kumar 

et.al., 2022). 

 

Figure 14: An On-device Deep Neural Network for Face Detection (Pierre, 2017). 
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3.2.Classification of DL approaches: 

Supervised learning, unsupervised learning, and reinforcement learning are the three 

broad categories into which deep learning methods fall. In supervised learning, a model 

is trained using data that has been labelled so that it may learn to map inputs to desired 

results. In other words, the model is taught to generalize a mapping between inputs and 

outputs. In image classification, for instance, the input data is a picture itself, while the 

label or class assigned to the image is the output data. The purpose of training the model 

is to teach it to accurately identify new photos based on the labels already applied to a 

large dataset. Supervised learning excels in a variety of tasks, including image 

classification, object identification, and voice recognition, and this is one of its main 

benefits. However, obtaining a large amount of labelled data can be time-consuming 

and costly, which is one of the supervised learning's main limitations. Also, the model 

may struggle to adapt to new inputs that are very different from the training data because 

it can only generalize based on the input-output pairs it has seen during training. 

Training a model using unlabeled data allows the model to learn how to extract relevant 

features or representations from the data without the need for human intervention. In 

other words, the model is taught to find structure in a given data set by being exposed 

to that collection. The purpose of clustering, for instance, is to find groups of related 

data points even when the labels are unknown. To find patterns or structures in the data, 

the model is trained on an unlabeled dataset. Unsupervised learning has the potential 

benefit of discovering meaningful features or representations in the data without the 

requirement for human-engineered features. When the data is complicated or has a lot 

of dimensions, this may be quite helpful. However, without labels to compare the results 

to, assessing the effectiveness of an unsupervised learning model is challenging. It's also 

possible that the model may find structure or trends in the data that are irrelevant to the 

current endeavor.  

Training a model to make choices in response to rewards and punishments is what 

reinforcement learning is all about. The model is exposed to a setting and taught to 

respond in ways that optimize a reward signal. The objective of gaming, for instance, is 

to master the art of game-winning strategy. Each time the model acts, it receives a 

reward signal, and the idea is for it to figure out how to get the biggest possible payout. 

Reinforcement learning has the potential to learn how to act in response to changing 
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circumstances. In robotics, for instance, the objective is to figure out how to instruct a 

robot to carry out a difficult job in an increasingly complicated setting.  

However, creating a reward signal that precisely reflects the desired behavior is 

challenging, and this is one of reinforcement learning's main drawbacks. Furthermore, 

the model may learn to game the reward system to get high rewards without exhibiting 

the intended behavior. In conclusion, there are three main types of deep learning 

methods: supervised, unsupervised, and reinforcement. There are benefits and 

drawbacks to every kind of method, so picking the right one for any given job is tricky. 

Tasks well-suited to supervised learning include those with readily available labelled 

data; those with complicated or high-dimensional data; and those requiring decision-

making based on rewards and punishments, the domain of reinforcement learning 

(Kumar et.al., 2022). 

 

3.3Types of DL networks 

3.3.1 Convolutional Neural Networks (CNNs) 

In recent years, deep learning networks like Convolutional Neural Networks (CNNs) 

have gained widespread adoption for use in computer vision applications. CNNs excel 

in image processing jobs because they can automatically extract characteristics that are 

important to the task from the input pictures. The convolutional layer is crucial to CNN 

since it is responsible for applying a series of trainable filters to the input picture. In 

order to calculate the dot product between the input picture and each filter, each filter is 

a tiny, weighted matrix that is dragged over the image. The result of this process is a 

feature map, which draws attention to certain patterns within the picture. Features like 

edges, corners, and blobs may be extracted using a combination of filters. CNNs employ 

pooling layers to further decrease the spatial resolution of the feature maps after the 

convolutional layer. When applied to feature maps, pooling layers combine the 

contributions of adjacent pixels to create a more compact map with lower spatial 

resolution. This makes the network less sensitive to subtle shifts in the input picture. For 

classification or regression, CNNs commonly use one or more fully connected layers 

after the convolutional and pooling layers. To generate a probability distribution across 

the classes, the fully connected layers require as input the simplified feature maps. One 

difficulty in training CNNs is overfitting, which occurs when the network excels on the 
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training data but fails miserably on the test data. This may arise if there are too many 

network parameters for the amount of available training data. Dropout and weight decay 

are two regularization strategies that may be used to avoid overfitting. The selection of 

hyperparameters, such as the number of layers, filter size, and learning rate, presents 

still another difficulty.  

 

Depending on the task and dataset, the ideal values for these hyperparameters might 

have a profound impact on the network's performance. Despite these obstacles, CNNs 

have produced state-of-the-art results on a number of benchmarks, including the 

ImageNet dataset, which contains over a million images sorted into a thousand 

categories. CNNs have also shown promising results in the areas of object identification 

and semantic segmentation. CNNs' performance may be enhanced with the help of a 

number of other suggested designs, including ResNet, Inception, and DenseNet. By 

introducing skip connections across layers, ResNet (Residual Network) CNNs may 

learn residual mappings.  

 

For really deep networks, this has been proven to significantly boost accuracy. To 

extract features at varying scales, CNNs like the Inception model employ various filter 

sizes in tandem. DenseNets (Densely Connected Networks) are a special kind of CNN 

that recycles features from prior layers thanks to the usage of skip connections between 

all of the layers. Uses for CNNs range from driverless vehicles to medical imaging to 

remote sensing. One autonomous driving use for CNNs is in the detection of objects and 

pedestrians in pictures and video feeds. They may also be used to help diagnose patients 

and organize their treatments by analyzing medical images such as MRI and CT scans. 

Classifying and segmenting satellite pictures using CNNs is a helpful use of remote 

sensing for applications like land use and land cover mapping. Image processing tasks 

including classification, object recognition, and semantic segmentation have seen a rise 

in the use of Convolutional Neural Networks (CNNs), a form of deep learning network.   
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Figure 15: A Comprehensive Guide to Convolutional Neural Networks (Saha, 2018). 

 

Justification: 

Convolutional Neural Networks (CNNs) have the capacity to automatically learn 

hierarchical properties from pictures, making its use for crowd identification a perfect 

match. CNNs are excellent at collecting local structures and spatial patterns, which are 

essential for identifying people in crowded areas. CNNs automatically identify pertinent 

information, such as body forms and motion patterns, by using convolutional and 

pooling layers. CNNs are a strong tool for accurately recognizing and evaluating crowd 

dynamics, which is crucial for crowd management, public safety, and urban planning 

applications. This enables crowd detection models to attain improved accuracy and 

resilience. 
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The Convolutional Neural Networks Formula: 

 

CNN is made up of three different kinds of layers: convolutional, pooling, and fully 

connected (FC). A CNN architecture is created when these layers are stacked 

(Gurucharan, 2022). The used layers in our model are visualized in Figure (16) and a 

code example is provided in figure (22). Layers are discussed below with steps: 

 

Figure 16: CNN layers visualization. 

 

1. 1D Convolutional layer: 

The foundational component of the CNN is the convolution layer. It carries most 

of the computational load on the network (Mishra, 2020). 

The first layer utilized to extract the different features from the input photos is 

this one. The input image and a filter of a specific size (𝑀 × 𝑀) are convolution 

mathematically in this layer; in our scenario, the input image will be of size 

(14x1). The dot product between the filter and the portions of the input image 

regarding the size of the filter (𝑀 × 𝑀), which is in our example (6x1), is taken 

by swiping the filter over the input image (Gurucharan, 2022): 

 

             𝑊𝑜𝑢𝑡 =
𝑊−𝐹+𝑃

𝑆
+ 1                       (1) 

 

From Formula (1), we can calculate the size of the output volume if we have an 

input of size (𝑊 × 𝑊 × 𝐷), Dout number of kernels, spatial/kernel size 𝐹 (a 
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single integer or set of single integers specifying the 1D convolution window's 

length), stride 𝑆 (the kernel's movable size), and amount of padding 𝑃 (When 

you pad, the output size is equal to the input size because of the same 

convolution) (Nkomo, 2022; Mishra, 2020).   

 

In our case the input shape is (None,14,1) so 𝑊 = 14, and the kernel size is 6 so 

𝐹 = 6, and padding is ‘same’ that indicates we want the output to be same size 

of our input, so 𝑊 = 𝑊𝑜𝑢𝑡 = 14, and 𝑆 𝑖𝑠 1 by default. 

 

𝑜𝑢𝑡𝑝𝑢𝑡 = (𝑁𝑜𝑛𝑒, 14,64)        (2) 

 

 

 
 

Figure 17: illustrates the steps of Convolution layer. 
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2. Batch Normalization Layer 

Instead of conducting the normalization in the raw data, batch normalization is 

done between neural network layers. Instead of utilizing the complete data set, 

mini batches are used. It accelerates training and uses faster learning rates to 

promote learning (Riva, 2022). The output dimension is the same as the input 

dimension. 

𝑜𝑢𝑡𝑝𝑢𝑡 = (𝑁𝑜𝑛𝑒, 14,64)        (3) 

 

The theory behind the normalization layer is demonstrated in the proceeding 

equations, (Peccia, 2019). The batch mean is calculated with the batch variance, 

Formula (4), and Formula (5): 

             𝜇𝐵 =
1

𝑚
∑ 𝑥𝑖

𝑚
𝑖=1            (4) 

                 

            𝜎𝐵
2 =

1

𝑚
∑ (𝑥𝑖 − 𝜇𝐵)2𝑚

𝑖=1           (5) 

Next step is applying normalization with Formula (6): 

            𝒙𝒊̅ =
𝒙𝒊−𝝁𝑩

√𝝈𝑩
𝟐+𝝐

                      (6) 

The last step is applying scale and shift to get the output of the layer with 

Formula (7): 

            𝑦𝑖 = 𝛾𝑥𝑖̅ + 𝛽                       (7) 

 

3. 1D Max Pooling Layer 

By obtaining a summary statistic of the surrounding outputs, the pooling layer 

substitutes for the network’s output at specific locations. The representation’s 

spatial size is lowered as a result, which lowers the calculation and weighting 

requirements. Every slice of the representation that the pooling operation 

touches is treated separately (Mishra, 2020).  A weighted average based on the 

distance from the central pixel is one of the pooling functions, along with the 
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average of the rectangular neighborhood and the L2 norm of the rectangle 

neighborhood. However, max pooling figure(18), which reflects the highest 

output from the neighborhood, is the most well-liked method (Mishra, 2020). 

 

The greatest component in Max Pooling is derived from a feature map. The 

elements inside a predetermined sized Picture slice are averaged using the 

average pooling technique. Sum Pooling calculates the aggregate sum of the 

components in the predefined section. Convolutional Layer and Fully Connected 

Layer are typically connected by the Pooling Layer (Gurucharan, 2022). 

𝑊𝑜𝑢𝑡 =
𝑊−𝐹

𝑆
+ 1                                           (8) 

The output volume can be calculated using Formula (8) if we have an activation 

map of size (𝑊 × 𝑊 × 𝐷), a pooling kernel of spatial size F, and stride S 

(Mishra, 2020), in our case here the output of the previous layer is to be used as 

the input in this layer, so W=14, F=3, and S=2. However, using the "same" 

padding option produces the following output shape: 𝒐𝒖𝒕𝒑𝒖𝒕 𝒔𝒉𝒂𝒑𝒆 =

𝒊𝒏𝒑𝒖𝒕 𝒔𝒉𝒂𝒑𝒆

𝒔𝒕𝒓𝒊𝒅𝒆𝒔
 

            𝑊𝑜𝑢𝑡 =
14

2
= 7                    (9) 

        𝑜𝑢𝑡𝑝𝑢𝑡 = (𝑁𝑜𝑛𝑒, 7,64) 

 

 

Figure 18: Steps of Maximum Pooling layer. 
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4.  Flatten Layer 

We have flattened and completely linked layers at the end of CNN. It must take 

the form of a one-dimensional linear vector. Direct inputs are not allowed to be 

rectangular or cubical in form. As a result, we need layers that are fully 

connected and flattened. When data is converted into a 1-dimensional array for 

input into the next layer, it is flattened. We flatten the output of the convolutional 

layer to create a feature vector. It is also linked to the previous classification 

model, which is known as a fully connected layer, as shown in Figure (21). In 

other words, we connect the last layer to a single line that contains all the pixel 

data (Jeong, 2019). 

By taking the previous output as an input for this layer, we got the following 

output: 

𝑜𝑢𝑡𝑝𝑢𝑡 = (𝑁𝑜𝑛𝑒, 7𝑥64) = (𝑁𝑜𝑛𝑒, 448)       (10) 

 

 

 

Figure 19: Flatten and fully connected layers, (Jeong, 2019). 

5. Dropout layer 

A dropout layer is a particular kind of regularization method that is used to avoid 

overfitting and enhance generalization error in machine learning and neural 

network models. A dropout layer randomly removes a part of its input units 

during each training cycle. As a result, because it cannot rely on a single input 

unit to always be available, the model is compelled to acquire more reliable and 
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generalizable properties. Any layer in a neural network model can have dropout 

layers added, and a hyperparameter can be used to adjust how many units will 

really drop out of the network (Brownlee, 2019).  

  

𝑜𝑢𝑡𝑝𝑢𝑡 = (𝑁𝑜𝑛𝑒, 448)                   (11) 

 

6.  Dens Layer 

Each neuron in a dense layer that is connected to the layer above it in a neural 

network signifies that layer is connected to the layer above it. This layer is the 

one that is most typically used in artificial neural network networks. Each neuron 

in the layer above delivers signals to the neurons in the dense layer, which 

multiply matrices and vectors, in a model. During matrix vector multiplication, 

the row vector of the output from the preceding layers is identical to the column 

vector of the dense layer. To multiply matrices using vectors, the row vector 

must have the same number of columns as the column vector (Verma, 2023). 

 

One of the most fundamental and important parameters of the Keras dense layer, 

which determines the size of the dense layer's output, is units. Since it reflects 

the output vector's dimensions, it must be a positive integer; in this layer, the 

units are 64. The activation function in neural networks is a function that 

transforms the input values of the neurons. It adds nonlinearity to neural network 

networks so that the networks can figure out how input and output values relate 

to one another. In this layer, we are using the ReLU activation function (Verma, 

2023). 

 

 

Figure 20: Sigmoid and ReLU functions, (Sharma, 2022). 



 

79 
 

 

Nowadays, the ReLU is the activation function that is employed the most 

globally. Figure (20) illustrates how the ReLU is only partially rectified (from 

bottom). When z is less than zero, f(z) equals zero, and when z is more than or 

equal to zero, f(z) equals z. Hence, the Range is [0 to infinite) (Sharma, 2022). 

 

𝑜𝑢𝑡𝑝𝑢𝑡 = (𝑁𝑜𝑛𝑒, 64)         (12) 

 

 

7.  Dens Layer 

𝑜𝑢𝑡𝑝𝑢𝑡 = (𝑁𝑜𝑛𝑒, 64)        (13) 

 

 

8.  Dens Layer 

The neural network's raw outputs are input into the SoftMax activation function, 

which then produces a vector of probability scores (Priya, n.d.). 

• The neural network's raw outputs are represented by the vector z. 

• 2.718 is the value of e. 

• The expected probability that the test input will belong to class i is 

represented by the ith entry in the SoftMax output vector SoftMax(z). 

The function of SoftMax is represented below: 

 

         𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑧)𝑖 =
ⅇ𝑧𝑖

∑ ⅇ
𝑧𝑗

𝑁

𝑗=1

       (14) 
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Figure 21: Plot of exp, (Priya, n.d.). 

It’s clear from the plot of ex that ex is always a positive value, regardless of 

whether the input x is positive, negative, or zero, Figure (21), (Priya, n.d.). 

As we have five or more classes— and the valid indices are 0, 1, 2, 3, and 4, 

𝑁 =  5 in our example. By assuming the given neural network's raw outputs, 

represented by the vector z = [0.3, 1.15, -0.7, 5.2, 1.4]. 

 

To elaborate more on how the calculation process is done, the following 

calculations are done with referral to (Priya, n.d.) 

 

1. Determine each entry's exponent. 

2. Subtract the outcome of step 1 from the total exponents of all the entries. 

𝑒0.3

𝑒0.3 + 𝑒1.15 + 𝑒−0.7 + 𝑒5.2 + 𝑒1.4
= 0.00709 

𝑒1.15

𝑒0.3 + 𝑒1.15 + 𝑒−0.7 + 𝑒5.2 + 𝑒1.4
= 0.01659 

𝑒−0.7

𝑒0.3 + 𝑒1.15 + 𝑒−0.7 + 𝑒5.2 + 𝑒1.4
= 0.00260 

𝑒5.2

𝑒0.3 + 𝑒1.15 + 𝑒−0.7 + 𝑒5.2 + 𝑒1.4
= 0.95239 

𝑒1.4

𝑒0.3 + 𝑒1.15 + 𝑒−0.7 + 𝑒5.2 + 𝑒1.4
= 0.02130 

           

[
 
 
 
 

0.3
1.15
−0.7
5.2
1.4 ]

 
 
 
 

→ 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 →

[
 
 
 
 
0.00709
0.01659
0.00260
0.95239
0.02130]

 
 
 
 

                 (15) 
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The following conclusions can be drawn from the SoftMax output above: The 

greatest element in the SoftMax output vector, 0.952, is represented by the 

maximum value of 5.2 in the vector z of raw outputs. SoftMax’s application thus 

maintains the relative ranking of scores. The SoftMax output vector's entries are 

all between 0 and 1. See how the entries of the SoftMax output aggregate to 1 in 

a multiclass classification problem where the classes are mutually exclusive 

(Priya, n.d.): 0.0071 +  0.0166 +  0.00260 +  0.9524 +  0.02130 =  1. 

By checking the SoftMax output for our case as a following step. 

The greatest value in the vector 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑧)  =

 [0.0071, 0.0166, 0.00260, 0.9524, 0.02130] is 0.9524. This indicates that 

there is a 95.24% likelihood that the provided input is a member of class 4, or 

the fake3 class. 

The output dimension of this layer is: 

𝑜𝑢𝑡𝑝𝑢𝑡 = (𝑁𝑜𝑛𝑒, 5) 

# making the deep learning function 

def model(): 

    model = Sequential() 

    model.add(Conv1D(filters=64, kernel_size=6, activation='relu',  

                    padding='same', input_shape=(14, 1))) 

    model.add(BatchNormalization())     

    model.add(MaxPooling1D(pool_size=(3), strides=2, padding='same')) 

    model.add(Flatten()) 

    model.add(Dropout(0.1)) 

    model.add(Dense(64, activation='relu')) 

    model.add(Dense(64, activation='relu'))     

    model.add(Dense(5, activation='softmax')) 

    model.compile(loss='categorical_crossentropy', optimizer='adam', met-

rics=['accuracy']) 

    return model  

Figure 22: code example of how to construct CNN. 

 

Gabor Filter for Crowd Detection of Edges and Textures: 

A Gabor filter is applied for detection of edges and texture changes, as has been reported 

in literature. A Gabor filter is a linear filter exploited for edge detection in image 

processing which is termed after Dennis Gabor. Gabor filter frequency and orientation 

representations are like those of human visual system, for texture representation and 
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discrimination. It has been found to be remarkably applicable. A sinusoidal plane wave 

has been modulating a 2D Gabor filter which is a Gaussian kernel function in the spatial 

domain.  There are a number of specific parameters that impact the output of a Gabor 

filter. For the case of image processing and computer vision, Gabor filters are commonly 

employed in texture analysis, edge detection, feature extraction, disparity estimation, 

etc. In fact, Gabor filters are considered as special classes of bandpass filters, i.e., they 

allow a certain `band' of frequencies and reject the others. Gabor filter is applied for: 

Used for detection of edges and texture changes. For the case of OpenCV, this called 

using the following function (python):  

 

cv2.getGaborKernel(ksize, sigma, theta, lambda, gamma, psi, ktype 

 

complex:  

g(x, y; λ, θ, ψ, σ, γ) = exp {−
x′2+γ2y′2

2σ2 }exp {i (2π
x′

λ
+ ψ)}      (16) 

real: 

g(x, y; λ, θ, ψ, σ, γ) = exp {−
x′2+γ2y′2

2σ2 }cos (2π
x′

λ
+ ψ)     (17) 

imagery: 

g(x, y; λ, θ, ψ, σ, γ) = exp {−
x′2+γ2y′2

2σ2 }sin (2π
x′

λ
+ ψ)     (18) 

 

x′ =   x(cos (θ) + y(sin (θ) 

y′ = −x(sin(θ) + y(cos(θ)) 

 

𝑔(𝑥, 𝑦; 𝜆, 𝜃; 𝜎, 𝛾) = exp (−
𝑥′2+𝛾2𝑦′2

2𝜎2 )exp (𝑖(2𝜋
𝑥′

𝜆
+ 𝜓))       (19) 

 

Gabor Filter, typical values and parameters. 

Kernal size: 𝑘𝑒𝑟𝑛𝑎𝑙 𝑠𝑖𝑧𝑒 =    (7, 𝜎 = 2,     𝜃 = 0, 𝜆 = 5,    𝛾 = 10, 𝜙 = 0)  

Kernal size: 𝑘𝑒𝑟𝑛𝑎𝑙 𝑠𝑖𝑧𝑒 = (50,   𝜎 = 10, 𝜃 = 0, 𝜆 = 30, 𝛾 = 1,    𝜙 = 0)  
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The geometry-adaptive kernel is defined as: 

 

𝐹(𝑥) =  ∑ 𝛿(𝑥 − 𝑥𝑖) × 𝐺𝜎𝑖
(𝑥)𝑁

𝑖=0 ,   𝑤𝑖𝑡ℎ  𝜎𝑖 = 𝛽𝑑𝑖̅       (20) 

 

 

The evaluation metrics were chosen to be the MAE and MSE estimates, 

calculated as follows: 

 

𝑀𝐴𝐸 = 
1

𝑁
∑ |𝐶𝑖 − 𝐶𝑖

𝐺𝑇|𝑁
𝑖=1          (21) 

 

𝑀𝑆𝐸 = √
1

𝑁
∑ |𝐶𝑖 − 𝐶𝑖

𝐺𝑇|
2𝑁

𝑖=1           (22) 

 

where 𝑁 is the number of images in one test sequence and CGT 

i is the ground truth of counting. Ci represents the estimated count which is defined as 

follows: 

 

𝐶𝑖 = ∑ ∑ 𝑧𝑙
𝑊
𝑤=1

𝐿
𝑙=1 ,𝑊         (23) 

 

 

The used loss function: 

 

𝑙𝑜𝑜𝑠 = (𝑆𝑔 − 𝑆𝑎)2 + 𝐴 ∗ (𝑃𝑚𝑎𝑥,𝑔 − 𝑃𝑚𝑎𝑥,𝑎)
2
+ 𝐵 ∗ (𝑃𝑚𝑖𝑛,𝑔 − 𝑃𝑚𝑖𝑛,𝑎)

2
   (24) 

 

here 

𝑆𝑔 : sum over pixel values of the generated density map.  

𝑆𝑎 : sum over pixel values of the ground truth density.  

𝑃𝑚𝑎𝑥,𝑔 maximum pixel value in the generated density map 

𝑃𝑚𝑎𝑥,𝑎 maximum pixel value in the ground truth density map 

𝑃𝑚𝑖𝑛,𝑔minimum pixel value in the generated density map 

𝑃𝑚𝑖𝑛,𝑎 minimum pixel value in the ground truth density map 
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Representation of cluster of pixel values in the original map by a single pixel of larger 

value in the learnt map. 

● Need to enforce the learnt pixel values to be in a similar range - similar max-min 

values 

● Enforced using the above loss function, the weights A and B highlight the relative 

importance of density map accuracy to crowd count accuracy 

● Implemented with the optimal models obtained via previous searches 

 

5 Density Map Generation 

Density mapping is simply a way to show where points (or lines) may be concentrated 

in a given area. A density map is important to visualize the con- centration of particular 

object in a given image (FOV). For example, a density map _nds application in census 

and statistics to visualize population density in a city/country. Similarly, to visualize the 

forest cover in a given region and in various other applications. Given the locations of 

the person (by denoting the location of head), a Gaussian kernel is used to convolve with 

the delta function like 2-D array to obtain the density maps. Following the method of 

generating density maps, we use the geometry-adaptive kernels to tackle the highly 

congested scenes. By blurring each head annotation using a Gaussian kernel (which is 

normalized to 1), we generate the ground truth considering the spatial distribution of all 

images from each dataset. The geometry-adaptive kernel is defined as: 

 

𝑭(𝑥) = ∑ 𝛿(𝑥 − 𝑥𝑖) × 𝐺𝜎𝑖(𝑥),…   𝑤𝑖𝑡ℎ 𝜎𝑖 = 𝛽𝑑𝑖̅
𝑁
𝑖=1       (25) 

 

 

 

 

3.3.2. Recurrent Neural Networks (RNNs) 

Time series, natural language, and voice are only a few examples of sequential data that 

may be processed by Recurrent Neural Networks (RNNs), a form of deep learning 

network. RNNs can capture the temporal relationships in the input sequence because 

they keep a hidden state that is updated at each time step, whereas feedforward networks 

analyze each input individually. The recurrent layer is important to a recurrent neural 

network and is responsible for outputting a new hidden state based on the current input 

and the prior hidden state. This enables the network to remember previous inputs and 
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utilize that knowledge to better understand and interpret the present input. Different 

recurrent cell architectures, such as the Gated Recurrent Unit (GRU), the Long Short-

Term Memory (LSTM), and the vanilla RNN, can be used to realize the recurrent layer.  

 

The vanilla recurrent neural network (RNN) is the most basic kind of RNN, computing 

the hidden state as a nonlinear function of the current input and the previously hidden 

state. However, vanilla RNN has trouble learning long-term dependencies due to the 

vanishing gradient problem, in which the gradients become very small. Long short-term 

memory (LSTM) cells were developed as a solution to the vanishing gradient issue. The 

network may remember or forget data selectively thanks to the LSTM cell's gating 

mechanism, which regulates the information flow into and out of the memory cell.The 

GRU is a condensed form of the LSTM cell, with only a single update gate and a reset 

gate instead of two. This decreases the network's parameter size and facilitates quicker 

training times.In order to accomplish the classification or regression operation, RNNs 

employ not only the recurrent layer but also one or more fully linked layers. In order to 

generate a probability distribution across the classes, the fully connected layers need the 

final hidden state as input. 

 

RNNs may be used in a number of contexts, including NLP, SR, and even time series 

analysis. In natural language processing, RNNs have found applications in areas such as 

language modeling, machine translation, and sentiment analysis. When the input is a 

series of audio frames, they may be utilized for tasks like speech recognition. RNNs are 

useful for making forward-looking predictions in time series analysis.  

When training RNNs, vanishing or exploding gradients can occur, causing the gradients 

to become either extremely small or extremely large, making it difficult for the network 

to learn. Too many recurrent layers or an excessive learning rate might cause this. This 

problem may be fixed using a number of methods, including gradient trimming and 

weight initialization. 

The selection of hyperparameters, such as the number of recurrent layers, hidden state 

size, and learning rate, also presents a significant issue. Depending on the task and 
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dataset, the ideal values for these hyperparameters might have a profound impact on the 

network's performance. 

Bidirectional RNNs, Encoder-Decoder Networks, and Attention Mechanism Networks 

are only few of the RNN designs that have been developed to boost their effectiveness. 

Inputs to a bidirectional RNN are processed in both ways, enabling the network to learn 

from both the past and the future. To encode the input sequence into a fixed-length 

vector and decode it back into a sequence, Encoder-Decoder Networks use two 

independent RNNs. In certain applications, like machine translation, an extra 

mechanism is used to direct the network's attention to the most important bits of the 

input sequence (Yu et.al., 2021). 

 

Figure 23:Recurrent Neural Networks — Unlocking the Secrets of Sequential Data (kondreddy, 2023). 

 

Formula: 

Certainly, Recurrent Neural Networks (RNNs) are designed to work with sequential 

data, such as time series or sequences of text. Here are some formulas and explanations 

for key components of RNNs: 

1. Hidden State Update: 

The hidden state at each time step is updated based on the input at that time step and the 

previous hidden state. This forms the core operation of an RNN. 

Given: 

  ℎ𝑡 = 𝑓(𝑥𝑡, ℎ𝑡 − 1)                     (26)  
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2.  Output at Time Step: 

The output at each time step 𝑦𝑡 can be computed from the hidden state ℎ𝑡using another 

function g: 

𝑦𝑡 = 𝑔                      (27) 

 

3.3.3. Generative Adversarial Networks (GANs) 

The deep learning network known as a Generative Adversarial Network (GAN) is 

capable of producing new data that is very comparable to the training data. Two neural 

networks, called the generator network and the discriminator network, make up a GAN. 

In contrast to the discriminator network, which takes real data from the training set as 

input and returns a probability that the input is real, the generator network generates new 

data using a random noise vector as input. The generator network and the discriminator 

network play a two-player game during training, with the generator network attempting 

to produce data that fools the discriminator network and the discriminator network 

attempting to discern between actual and generated data.  

 

Backpropagation and gradient descent are used to train the two networks, and the 

training process continues until the data generated by the generator network cannot be 

distinguished from the actual data by the discriminator network. GANs' most novel 

feature is the adversarial loss function, which minimizes the difference between the 

probability distributions of the actual and created data to motivate the generator network 

to generate data that is similar to the real data. Together with the discriminator network, 

this loss function is optimized, and it is defined as the negative log-likelihood of the 

network correctly classifying the generated data as real. Image/video synthesis, text 

creation, and even music production is just some of the many areas where GANs have 

found use. GANs may learn the statistical aspects of training photos and then produce 

new images that match these qualities, allowing them to be used to generate realistic 

images of faces, animals, and landscapes. The GAN may learn the patterns in the 

training audio and produce new music that follows these patterns, or it can be used to 

make realistic films by creating several frames successively. Training GANs may be 

difficult because of a phenomenon known as "mode collapse," in which the generator 
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network only learns to create a small fraction of the training data. This may occur if the 

generator network is unable to provide enough varied data or if the discriminator 

network is very robust. Mini-batch discrimination, feature matching, and Wasserstein 

generative adversarial networks are only some of the methods that may be utilized to 

solve this problem.  

 

The selection of hyperparameters, including the learning rate, the number of layers, and 

the size of the networks, is an additional difficulty. Depending on the task and dataset, 

the ideal settings for these hyperparameters may have a noticeable impact on the GANs' 

performance. Conditional GANs, CycleGANs, and StyleGANs are only some of the 

GAN designs that have been developed to boost their effectiveness. Conditional GANs 

can create data based on a given label or description. Without requiring paired training 

data, CycleGANs may learn to translate across unrelated domains, such as horse and 

zebra pictures. StyleGANs are trained to adjust aesthetic features like lighting, stance, 

and colour in the produced photos. To summarize, Generative Adversarial Networks 

(GANs) are a specific sort of deep learning network that can produce new data that is 

comparable to the training data by learning the statistical features of the data and 

creating new data that matches these qualities. Image and video synthesis, word creation, 

and music production are just a few examples of where GANs have been shown to be 

effective. Although GAN training can be difficult, many approaches have been proposed 

to help boost their performance in various areas (Yu et.al., 2021). 
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Figure 24: Generative Adversarial Networks (Agrawal, 2021). 

3.3.4 Autoencoders 

Autoencoders are a form of neural network that can encode data into a lower-

dimensional space and then decode it back into the original space to learn a compressed 

version of the input data. Encoder networks and decoder networks are the two primary 

building blocks of every autoencoder. With the raw data as input, the encoder network 

maps it to a compressed representation in the latent space; with the compressed 

representation as input, the decoder network maps back to the original data space. The 

autoencoder's job is to develop a compact representation of the data that retains the 

essential characteristics while excluding noise and superfluous details. Denoising 

images and signals, compressing data, and reducing the number of dimensions is only 

some of the many applications for autoencoders. As an example, autoencoders may be 

used to compress enormous datasets into a lower-dimensional representation that can be 

stored and processed more effectively or to remove noise from photos by training on 

noisy images and recreating the clean ones. Autoencoders' capacity to acquire relevant 

features unsupervised, without llabelledtraining data, is a major advantage. This is 

especially helpful for jobs where llabelleddata is either hard to get by or prohibitively 

costly to collect. By learning a compressed representation that may be utilized as input 

to the downstream network, autoencoders can also be employed as a pre-training phase 

for other neural networks. Basic autoencoders, denoising autoencoders, VAEs, and 

adversarial autoencoders are only a few of the autoencoders that can be found in the 
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literature. Denoising autoencoders are trained on noisy data and then used to reconstruct 

the clean data, eliminating the need for manual noise removal. The VAE is a generative 

model that can sample fresh data from a learned probability distribution across the latent 

space. To provide more realistic data, the adversarial autoencoder blends adversarial 

training with autoencoders.  

 

Overfitting is a problem that may arise while training autoencoders because it causes the 

model to become too specific to the training data. Overfitting may be avoided and 

autoencoder performance enhanced using several methods, including regularization, 

dropout, and early stopping. The selection of hyperparameters, including the learning 

rate, the number of layers, and the size of the networks, is an additional difficulty.  

 

Autoencoder performance is very sensitive to these hyperparameters, and the ideal 

settings may change based on the problem at hand and the data available. Autoencoders 

have been used for some time, but in recent years they have been integrated with other 

deep learning methods like CNNs and RNNs to increase their performance and 

versatility. Image and video compression and denoising may benefit from convolutional 

autoencoders, while sequence prediction and creation can make use of recurrent 

autoencoders. To sum up, autoencoders are a specific sort of neural network that can 

learn a compressed representation of input data by encoding it into a lower-dimensional 

space and then decoding it back into the original space. Autoencoders have 

demonstrated promising results in image and signal denoising, data compression, and 

dimensionality reduction, just to name a few areas where they have been used. Although 

autoencoder training can be difficult, many methods and architectures have been 

proposed to alleviate this problem and boost the models' accuracy and efficiency (Pérez-

Hernández et.al., 2020). 
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Figure 25: Auto decoder diagram (Pérez-Hernández et.al., 2020). 

3.3.5 Deep Reinforcement Learning Networks (DRLNs) 

With the use of deep learning and reinforcement learning, computers may be taught to 

make judgments via trial and error. This area of machine learning is known as deep 

reinforcement learning (DRL). In DRL, an agent learns to maximize a reward signal by 

carrying out a predetermined series of actions in response to environmental cues. The 

three essential parts of a DRL network are the agent, the environment, and the reward 

function. The agent takes in data about its surroundings and decides what to do next 

depending on what it has learned. The agent receives a reward signal from the 

environment that reflects the value of the agent's activities. The agent's policy is adjusted 

based on the reward function's mapping of the current state of the environment to a 

scalar reward value. Game playing, robotics, and autonomous driving are just some of 

the many applications for DRL networks. For instance, DRL networks have been used 

in the control of robotics and autonomous vehicles, as well as the development of agents 

that can defeat human professionals at complicated games like Go and chess. DRL 

networks' capacity to learn complicated behaviors in a data-driven way without the need 

for explicit programming is one of its primary advantages.  DRL networks may learn to 

adjust their behavior to new surroundings and activities, and they can learn to make 

judgments based on sophisticated sensory inputs like pictures and sound. DRL networks 

come in a wide variety of flavors, including Q-learning, policy gradients, actor-critic, 

and deep deterministic policy gradients (DDPG). The Q-learning DRL approach does 

not need a model to train a value function that predicts future rewards based on current 
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actions. A subset of DRL algorithms known as "policy gradients" learns a policy by 

regressing past rewards by their predicted value. Using a dedicated network for 

estimating the value function and a second network for learning the policy, actor-critic 

approaches bridge the gap between value-based and policy-based learning. To make the 

learning process more consistent, DDPG employs a deterministic policy and a replay 

buffer.  

The exploration-exploitation trade-off is a difficulty while training DRL networks. To 

maximize its anticipated benefit, the agent must both explore the environment in search 

of new tactics and behaviors that lead to greater rewards and use the information it has 

already learned. Exploration and exploitation may be balanced to boost the DRL 

networks' efficiency via the employment of several methods, such as epsilon-greedy 

exploration and Boltzmann exploration. Selecting appropriate values for 

hyperparameters like learning rate, discount factor, and network size is an additional 

difficulty. These hyperparameters may have a major impact on how well DRL networks 

operate, and their ideal values may change based on the circumstances. Convolutional 

neural networks (CNNs) and recurrent neural networks (RNNs) are two examples of 

deep learning approaches that have been integrated with DRL networks in recent years 

to increase the networks' performance and versatility.  

While RNNs are better suited for modelling temporal dependencies in sequential data 

like text and speech, CNNs are better suited for processing visual inputs like images and 

videos. Finally, DRL networks allow computers to learn to make judgments via trial and 

error by combining the ideas of deep learning and reinforcement learning. DRL 

networks have shown promising outcomes in the realms of gaming, robotics, and 

autonomous driving, among others. There are several strategies and architectures that 

have been developed to increase DRL networks' performance and make their training 

easier (Pérez-Hernández et.al., 2020). 
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CHAPTER FOUR: DATASETS   

4.1. Introduction: 

Image identification, object detection, and segmentation are just a few of the many 

computer vision tasks where deep learning-based algorithms have recently excelled. 

Crowd management, security, and transportation are just a few of the many areas that 

may benefit from accurate and reliable crowd counting and analysis. Estimating 

densities and evaluating the behavior of crowds requires identifying and following 

individuals or groups in crowded environments. Crowd behavior analysis may be used 

to keep tabs on crowd movements, spot any questionable activity, and make public 

spaces safer for everyone. However, occlusion, changes in illumination, and the 

presence of various objects present significant challenges to crowd counting and 

analysis in dense and complex scenes. Crowd counting and analysis techniques have 

historically relied on handmade features and heuristics, which might be vulnerable in 

complicated scenarios. Convolutional neural networks (CNNs), one kind of deep 

learning-based approach, has shown great promise in crowd analysis and counting in 

recent years. These methods have the capacity to handle complicated and varied 

scenarios because of their ability to automatically learn essential aspects from the data. 

 

This thesis offers a deep learning-based scene and face recognition system for robotics 

crowd management because of the promising future of such approaches. The system 

uses convolutional neural network (CNN)-based algorithms to recognize and track 

people or groups in densely populated settings, estimate their densities, and evaluate 

their activities. Facial recognition and scene analysis, in particular, are important to the 

system because of their importance in crowd control and safety. Image preprocessing, 

feature extraction, and classification are only a few of the steps in the proposed system. 

Noise reduction, scaling, and normalizing are all part of the preprocessing phase for a 

picture. In order to extract useful characteristics from pictures, the feature extraction 

step employs convolutional neural network (CNN) based algorithms. In order to 

categorize people or groups in the scene and estimate their densities, the classification 

step employs a number of deep learning-based algorithms, such as support vector 

machines (SVMs). Facial recognition, which can identify individuals in a large group, 

is also a part of the proposed system. The faces in the scene are identified and located 

thanks to the facial recognition module's usage of convolutional neural network (CNN) 
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based methods like the YOLOv3 object identification network. A facial recognition 

network powered by deep learning is also a part of the system, and it may use the 

identified face areas to make identifications. The suggested approach is meant to address 

issues with the status quo of crowd counting and analysis, such as the need for manual 

feature engineering and heuristics. The technology also strives to enhance the precision 

and stability of crowd counting and analysis in high-density, high-complexity settings  

 

Theses aim at achieving the following goals: 

• Create a scene and face identification system based on deep learning for 

use in robotics crowd control. 

• Compare the results of the proposed system to those of current 

approaches and evaluate its performance using benchmark datasets. 

• Examine how adjusting the proposed system's parameters and 

hyperparameters affects its functionality. 

• Investigate the ways in which the suggested system might be used in a 

variety of real-world contexts, such as crowd control and safety. 

 

As a deep learning-based method for crowd control and safety, the suggested system has 

the potential to advance the area of crowd counting and analysis. Transportation, 

security, and public safety are just some of the areas that might benefit from the proposed 

system's scalability to include other uses, such as traffic monitoring and pedestrian 

tracking. In conclusion, this thesis suggests a scene and face recognition system based 

on deep learning for robotics crowd management. We present a system that uses 

convolutional neural network (CNN)-based approaches to recognize and track people or 

groups in crowded settings, estimate their densities, and evaluate their activities. The 

device also has a facial recognition module, which can locate and identify individuals 

in a large group photo. The goals of this thesis are to build and test the proposed system 

on benchmark datasets, examine the impact of various parameters and hyperparameters, 

and look into the system's possible practical applications (Chen et.al., 2021). 
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4.2.CMU action detection dataset 

When it comes to human activity recognition in busy settings, the CMU action detection 

dataset is often used as a standard. It was developed by Carnegie Mellon University and 

may be downloaded for free for academic use. The collection consists of 10,024 videos 

shot at a broad variety of locations and events, including supermarkets, railway stations, 

public plazas, and sporting events. Actions as simple as walking and as complicated as 

sprinting and leaping and waving are all included in the CMU action detection dataset. 

This is a hard dataset for human action recognition due to the presence of occlusions, 

interferences, and crowded situations. For the purpose of training and assessing deep 

learning-based crowd analysis algorithms, the dataset contains precise annotations for 

each video clip, including the position, size, and type of each individual in the scene. 

Bounding boxes are used to annotate the dataset, indicating where everyone is and how 

big they are. Each person's labeled activity is shown inside their respective bounding 

box. The dataset includes 49 labels for actions including walking, running, and sitting. 

With these annotations, deep learning-based methods for action detection and tracking 

can be trained and evaluated. Human action detection techniques have been regularly 

evaluated on the CMU action detection dataset. Using this dataset, numerous deep 

learning-based methods for action detection and tracking have been proposed. Using a 

deep convolutional neural network to learn the appearance properties of human targets, 

Zhang et al. suggested a deep learning-based technique for person identification and 

tracking. On the Carnegie Mellon University action detection dataset, the proposed 

method outperformed previous state-of-the-art methods. A combined detection and 

segmentation network for human activity identification in crowded settings was 

suggested by Wang et al., who also used the CMU action detection dataset in their study. 

To locate and categorize people in a scene, the suggested technique employs a fully 

convolutional network. On the Carnegie Mellon University action detection dataset, the 

method outperformed the state-of-the-art. The CMU action detection dataset has been 

utilized for testing crowd analysis tasks including crowd counting and irregularity 

detection in addition to human action identification. Using the Carnegie Mellon 

University action detection dataset, Zhang et al. suggested a technique for crowd 

counting in crowded scenarios. A deep neural network is used in the proposed approach 

to automatically generate a crowd density map from a picture. On this dataset, the 

method outperformed state-of-the-art methods. Cong et al.'s study is another example, 

proposing a technique for anomaly identification in crowded settings utilizing the CMU 



 

97 
 

action detection dataset for crowd analysis. In order to learn typical crowd behaviors 

and identify outliers, the suggested technique employs a convolutional neural network. 

The strategy outperformed state-of-the-art techniques on the Carnegie Mellon 

University action detection dataset. In conclusion, the CMU action detection dataset is 

a popular benchmark for human activity recognition in densely populated situations. For 

the purpose of training and assessing deep learning-based crowd analysis algorithms, 

the dataset contains precise annotations for each video clip, including the position, size, 

and type of each individual in the scene. Human activity identification, crowd counting, 

and anomaly detection are only some of the crowd analysis tasks that have been 

evaluated using this dataset. The dataset has been crucial in the development of cutting-

edge deep learning-based crowd analysis techniques (Chen et.al., 2021). 

 

4.3. Action Similarity Labeling (ASLAN) 

In the field of action similarity labeling, the Action Similarity Labeling (ASLAN) 

dataset serves as a publicly accessible reference standard. The University of Maryland 

developed it, and it may be used for free in academic settings. The dataset consists of 

4,600 video clips, each of which shows a single individual carrying out one of the 10 

acts (which include, but are not limited to, running, walking, leaping, and sitting).The 

considerable intra-class variability and low inter-class variability in the ASLAN dataset 

provide novel problems for action similarity labeling. Different actions may look 

similar, and it can be hard to tell them apart, and the same action can be performed in 

different ways, making it difficult to tell them apart. Annotations such as the beginning 

and ending frames of each action, the action label, and the similarity label are all 

available for every video in the ASLAN dataset.  

 

The similarity label describes the degree to which the current action is like the preceding 

one. On a scale from 0 to 10, the supplied similarity label indicates how similar the acts 

are to one another, with 0 indicating that they are completely different and 10 indicating 

that they are identical. In order to compare different action similarity labeling 

approaches, the ASLAN dataset has been frequently utilized by the computer vision 

field. Using this dataset, many deep learning-based approaches to labeling actions for 

similarity have been proposed. Such is the deep learning-based solution for action 
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similarity labeling developed by Shao et al., which makes use of a temporal 

convolutional network to learn the actions' temporal aspects.  

On the ASLAN dataset, the proposed method outperformed state-of-the-art methods. 

Sun et al.'s work is another example of how the ASLAN dataset has been used; in their 

paper, they suggest a technique for action similarity classification that makes use of 

spatio-temporal aspects. To determine how similar two actions are to one another, the 

suggested technique uses a deep neural network to learn the actions' spatio-temporal 

properties. On the ASLAN dataset, the method outperformed previous approaches in 

terms of accuracy. The ASLAN dataset has been used to test not just action similarity 

labeling, but also action detection and temporal action localization, two more action 

recognition-related tasks. Zhang et al., utilizing the ASLAN dataset, suggested a 

technique for activity identification in such uncut films. The suggested approach 

employs a two-stage detection framework to determine if an action suggestion is indeed 

an action or not. On the state-of-the-art ASLAN dataset, the method outperformed 

previous methods. Xu et al. suggested a technique for temporal action localization in 

untrimmed films, which makes use of the ASLAN dataset for action identification. To 

localize the activities in the video, the proposed method employs a sliding window 

technique and a two-stream convolutional neural network to learn the spatio-temporal 

properties of the actions.  

 

On the ASLAN dataset, the method outperformed previous approaches in terms of 

accuracy. To sum up, the ASLAN dataset serves as a publicly accessible standardization 

resource for identifying actions with similarity. Annotations such as the beginning and 

ending frames of each action, the action name, and the similarity label are provided for 

each video clip in the dataset. Action similarity labeling, action detection, and temporal 

action localization are only some of the action recognition tasks that have been evaluated 

using this dataset. When it comes to deep learning-based action recognition approaches, 

the dataset has been essential in pushing the state of the art forward (Chen et.al., 2021). 
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Figure 26: The Action Similarity Labeling (Tran & Torresani,2016). 

 

4.4.WWW Crowd Dataset: 

When it comes to crowd analysis, the WWW Crowd dataset is the gold standard. The 

University of Surrey developed it, and it may be used for free in academic settings. The 

dataset consists of 24 videos shot in various busy environments, including airports, train 

stations, and retail centers. Walking, sprinting, and shoving are only some of the crowd 

behaviors included in the dataset. Annotations for each video clip in the WWW Crowd 

dataset describe the number, sizes, and types of people present. Annotations regarding 

crowd behavior, such as movement direction, crowd density, and the existence of 

unusual events, are also included in the dataset. To train and evaluate crowd analysis 

systems using deep learning, this dataset's annotations are invaluable. Bounding boxes 

are used to annotate the dataset, indicating where each individual is and how big they 

are. Each person's conduct in a crowd is also represented by their bounding box. Normal 

walking, running, and loitering as well as three forms of deviant behavior are annotated 

in the dataset. Crowd analysis techniques, such as crowd counting, behavior 

identification, and anomaly detection, may benefit from these annotations, which can be 

used to train and assess deep learning-based systems. Many researchers in the field of 

computer vision have used the WWW Crowd dataset to evaluate their own crowd 

analysis techniques. Using this dataset, numerous deep learning-based approaches to 
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crowd analysis have been proposed. Using the WWW Crowd dataset, for instance, 

Wang et al. suggested a technique for crowd counting in dense situations.  

 

A deep neural network is used in the proposed approach to automatically generate a 

crowd density map from a picture. On this dataset, the method outperformed state-of-

the-art methods. Cong et al., who developed a technique for anomaly identification in 

crowded settings, also made use of the WWW Crowd dataset. In order to learn typical 

crowd behaviors and identify outliers, the suggested technique employs a convolutional 

neural network. The strategy outperformed previous approaches on the dataset in terms 

of accuracy. The WWW Crowd dataset has been used for the evaluation of additional 

computer vision-related tasks, such as object identification and tracking, in addition to 

its original purpose of crowd analysis.  

 

Using the WWW Crowd dataset, for instance, Wang et al. suggested a technique for 

item identification in such situations. In order to recognize items in a scene, the 

suggested method employs a deep neural network to learn their appearance attributes 

using a sliding window technique. The strategy outperformed previous approaches on 

the dataset in terms of accuracy. Ultimately, the WWW Crowd dataset serves as a 

publicly accessible baseline for crowd research. Each video clip in the collection is 

annotated with information about the people present, such as where they are, what they 

look like, and how they behave in a crowd. There have been several evaluations of crowd 

analysis tasks, including counting, behavior identification, and anomaly detection, using 

this dataset. The dataset has been crucial in the development of cutting-edge deep 

learning-based crowd analysis techniques (Ghafoor, 2022). 
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Figure 27: A picture example from WWW dataset of intense crowd of people, (et al,20). 

 

4.5. The PEdesTrian Attribute dataset (PETA) 

When it comes to recognizing pedestrian attributes, the PEdesTrian Attribute (PETA) 

dataset is widely considered to be the gold standard. The Chinese University of Hong 

Kong developed this and made it accessible at no cost to academics. Including urban 

street scenes, surveillance video, and crowd events, the collection has 19,000 tagged 

photos of pedestrians. A wide variety of pedestrians in different stances, outfits, and 

occlusions are included in the collection.61 attribute labels pertaining to apparel, 

accessories, and body form are provided for each picture in the PETA dataset. Binary 

labels like gender, hat, backpack, and umbrella use are among the qualities; multi-class 

labels like apparel color, texture, and shoe type are also included. The dataset's 

annotations make it suitable for use in training and assessing pedestrian attribute 

identification systems based on deep learning. Each pedestrian in the dataset is annotated 

with a combination of binary and multi-class labels indicating whether or not that 

attribute is present in the corresponding picture. The dataset is well-suited for evaluating 

the generalization performance of the attribute recognition models thanks to the 

provision of a split collection of training and testing pictures. Researchers can examine 
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the efficacy of the models on various features thanks to the dataset's split of the photos 

depending on their attributes.  

Many researchers in the field of computer vision have used the PETA dataset to evaluate 

their own pedestrian attribute recognition techniques. Many deep learning-based 

approaches to pedestrian attribute recognition have been proposed using this dataset. A 

convolutional neural network is used to learn the walkers' visual and spatial 

characteristics in Su et al.'s proposed technique for multi-label pedestrian attribute 

identification. On the PETA dataset, the proposed method outperformed state-of-the-art 

methods.  

Attribute-specific feature learning was used by Li et al. to develop a technique for 

pedestrian attribute identification, which is another use of the PETA dataset. In the 

proposed technique, feature representations for each attribute are learned independently 

using a convolutional neural network, and then combined for final prediction. On the 

PETA dataset, the method outperformed previous approaches in terms of accuracy. The 

PETA dataset has been used for assessing various computer vision tasks, such as person 

re-identification and human position prediction, in addition to pedestrian attribute 

detection. Person re-identification using the PETA dataset was suggested, for instance, 

by Li et al. A multi-level deep network is used in the proposed technique to learn feature 

representations for the pedestrians, and a metric learning approach is used to match the 

pedestrians in various camera perspectives. On this dataset, the method outperformed 

state-of-the-art methods. Briefly, the PEdesTrian Attribute (PETA) dataset serves as a 

reference standard for pedestrian attribute identification and is accessible to the public. 

The dataset includes 61 attribute labels for apparel, accessories, and body form, 

annotating each picture of a pedestrian in great detail. Several pedestrian analysis tasks, 

including attribute recognition, re-identification, and pose estimation, have been 

evaluated using this dataset. The dataset has been instrumental in the development of 

cutting-edge deep learning-based pedestrian analysis strategies Ghafoor, S. (2022).  
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Figure 28: The PEdesTrian Attribute dataset (Junejo,2020). 

 

4.6.UCF Crime Detection" dataset: 

The UCF Crime Detection dataset is a freely accessible gold standard for detecting 

criminal activity in the security camera footage. The University of Central Florida 

developed it, and it may be used without cost in academic settings. There are 13 films 

included in the collection, all of which were shot in non-studio settings such as retail 

establishments, parking lots, and banks. The films include several types of theft, 

burglary, and vandalism. Annotations for each video clip in the UCF Crime Detection 

dataset provide the beginning and finish timings of each illegal action, the nature of the 

criminal behavior, and the number of persons participating in the criminal activity. 

Because of the provided annotations, this dataset may be used to train and evaluate deep 

learning-based crime detection algorithms.  

 

The dataset is annotated with time segments that mark the beginning and finish of each 

unlawful conduct in the film. As the dataset includes both training and testing videos, it 

can be used to assess how well a given crime detection model generalizes. Researchers 

may examine the efficacy of the models on certain criminal actions thanks to the 

dataset's division of the films depending on their criminal activity.  

 

Many researchers in the field of computer vision have used the UCF Crime Detection 

dataset as a standard against which to evaluate their techniques. Using this data, 

numerous deep learning-based crime detection methods have been proposed. For 



 

104 
 

instance, Zhao et al. presented a two-stream convolutional neural network for crime 

detection. In the suggested technique, both the appearance and motion properties of the 

objects in the video are learned, the former from a spatial stream and the latter from a 

temporal stream.  

 

On the UCF Crime Detection dataset, the method outperformed state-of-the-art 

methods. Additionally, Song et al. proposed a method for abnormal event detection in 

surveillance videos using the UCF Crime Detection dataset. To identify out-of-the-

ordinary occurrences, the proposed technique employs a convolutional neural network 

trained on the video's spatiotemporal properties. The solution outperformed state-of-the-

art techniques on the UCF Crime Detection dataset with its superior accuracy. The UCF 

Crime Detection dataset has been used for testing computer vision tasks beyond only 

crime detection, including object identification and tracking. Using the UCF Crime 

Detection dataset, for instance, Yan et al. suggested a technique for object tracking in 

surveillance films.  

The suggested technique employs a deep neural network to study the objects' look and 

motion attributes and a correlation filter method to follow the objects from frame to 

frame. The strategy outperformed previous approaches on the dataset in terms of 

accuracy. A publicly accessible benchmark dataset for crime detection in surveillance 

films, the UCF Crime Detection dataset is a summation of the previous sentences. The 

dataset annotates each video clip with information on when each crime occurred, what 

crimes were committed, and how many individuals were involved. Object identification, 

abnormal event detection, and tracking are only some of the crime detection-related 

tasks that have been evaluated using this dataset. When it comes to deep learning-based 

crime detection approaches, the dataset has been essential in pushing the state of art 

forward (Cai, 2022). 
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Figure 29: UCF Crime Detection" dataset (Banger,2022). 

 

4.7. The Hajj crowd dataset: 

For crowd analysis and behavior identification, the Hajj crowd dataset serves as a 

publicly accessible benchmark. It is made by the Saudi Arabian government and may 

be used for free in academic settings. Videos shot during one of the world's greatest 

yearly religious gatherings, the Hajj pilgrimage, make up the bulk of the collection. 

Massive crowds of people can be seen in the footage, traveling to and from locations 

including the Grand Mosque in Mecca and the Jamarat Bridge in Mina. Annotations 

such as "location," "time," and "crowd behavior" are included for each video clip in the 

Hajj crowd dataset. Due to the annotations, the dataset may be used to train and evaluate 

crowd analysis and behavior identification systems that rely on deep learning. The 

dataset's annotations are time-segmented descriptions of when certain behaviors occur 

in the videos. To assess how well crowd analysis and behavior recognition algorithms 

generalize, this dataset includes both training and testing films. Researchers may analyze 

the efficacy of the models on certain crowd behaviors thanks to a separation of the films 

in the dataset depending on those behaviors. 
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The computer vision community has utilized the Hajj crowd dataset extensively as a 

benchmarking tool for crowd analysis and behavior detection techniques. Using this 

data, numerous deep learning-based methods for crowd analysis and behavior 

recognition have been proposed. For instance, Altwaijry et al. suggested utilizing a 

multi-stage deep neural network to recognize crowd behavior. To understand the 

temporal relationships of the crowd's actions, the suggested technique employs a long 

short-term memory network in conjunction with a convolutional neural network to learn 

the crowd's appearance properties. On the Hajj crowd dataset, the method outperformed 

state-of-the-art methods. Hassan et al., who also used the Hajj crowd dataset, suggested 

a technique for crowd analysis using a concatenation of deep neural networks. Multiple 

convolutional neural networks are used in the proposed method to learn the crowd's 

spatial and temporal features, and then these predictions are combined. The strategy 

outperformed previous approaches on the dataset in terms of accuracy.  

 

The Hajj crowd dataset has been utilized for testing a variety of computer vision-related 

tasks, including crowd counting and tracking, in addition to analysis and behavior 

identification. Using the Hajj crowd dataset, for instance, Tan et al. suggested a 

technique for crowd counting. To estimate the size of a crowd, the proposed method 

employs a regression technique and a convolutional neural network to learn feature 

representations of the population. The strategy outperformed previous approaches on 

the dataset in terms of accuracy. 

 

 In conclusion, the Hajj crowd dataset is a widely used reference for studying crowd 

dynamics and identifying patterns of behavior. Each video clip in the collection is 

annotated with information like where it was shot, when it was shot, and what kind of 

crowd activity was occurring. For the purpose of benchmarking crowd analysis activities 

like behavior detection, counting, and tracking, this dataset has been put to good use. 

The dataset has been crucial in the development of cutting-edge deep learning-based 

crowd analysis techniques (Cai, 2022). 
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Figure 30: The Hajj crowd dataset (Bangar,2022). 

 

4.8 Justification: 

When conducting research and comparison in the domain of activity detection and 

crowded scene analysis, it is important to carefully analyze the particular objectives and 

criteria of the study when picking datasets. Each of the aforementioned datasets serves 

a distinct function and offers significant insights into various facets of densely populated 

environments and human behavior. Selecting densely populated datasets for study and 

comparison offers several rationales: 

1. Representativeness: Densely populated datasets often mirror real-world 

scenarios more accurately. They contain a large number of instances, which 

increases the likelihood of capturing diverse patterns and trends present in the 

population. This enhances the generalizability of findings drawn from the 

dataset. 
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2. Statistical Power: Densely populated datasets provide higher statistical power, 

enabling researchers to detect smaller effects with greater confidence. This is 

particularly important in fields such as epidemiology, where subtle differences 

in variables can have significant implications. 

 

3. Robustness: Densely populated datasets tend to be more robust to outliers and 

noise. The presence of numerous data points helps to mitigate the impact of 

individual anomalies, resulting in more stable and reliable analyses. 

 

4. Enhanced Insights: Large datasets enable researchers to conduct more granular 

analyses and explore relationships between variables in greater detail. This can 

lead to deeper insights and a better understanding of complex phenomena. 

 

5. Machine Learning Applications: In the context of machine learning, densely 

populated datasets provide ample training data for building and fine-tuning 

models. This can lead to more accurate predictions and better performance when 

deployed in real-world applications. 

 

6. Comparative Analysis: When comparing different datasets or models, using 

densely populated datasets ensures a fair and comprehensive evaluation. It helps 

to minimize bias and ensures that any differences observed are likely to be 

meaningful rather than due to random variation. 

 

Overall, selecting densely populated datasets for study and comparison is a strategic 

choice that enhances the reliability, validity, and utility of research findings and 

analytical outcomes. 
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SETUP 

 

 

 

 

 

 

 

 



 

110 
 

In this research we are using CNN approach along with TensorFlow CSRNet as 

explained in the steps below as well as Figure(32):

 

Figure 31: A High-Level Model Architecture. 
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5.1 Utilizing the TensorFlow CSRNet 

 

The TensorFlow CSRNet (Convolutional Neural Network for Crowd Counting) works 

by leveraging deep learning techniques to estimate crowd densities in images. The 

network architecture is designed to process input images and generate corresponding 

density maps, which indicate the presence and intensity of crowds at different locations 

within the image. Here's a simplified explanation of how TensorFlow CSRNet typically 

operates: 

5.1.1 Input Processing  

The input to the CSRNet is an image containing a crowded scene, such as a 

street, stadium, or public event. This image is preprocessed to ensure 

compatibility with the network's input requirements, which may involve 

resizing, normalization, and data augmentation to enhance the model's ability to 

generalize across different scenes and conditions. 

5.1.2  Feature Extraction 

The preprocessed image is passed through several layers of convolutional neural 

networks (CNNs), typically based on architectures like VGG or ResNet. These 

layers extract hierarchical features from the input image, capturing information 

about shapes, textures, and patterns that are indicative of crowd presence. 

5.1.3  Density Map Estimation:  

The output of the feature extraction layers is a feature map that encodes high-level 

representations of the input image. This feature map is then processed by additional 

convolutional layers to gradually reduce spatial dimensions while increasing the 

depth of the feature representation. Eventually, the network predicts a density map 

that quantifies the density of people at each spatial location within the input image. 

5.1.4  Training Phase:  

During the training phase, the CSRNet is trained using a large dataset of 

annotated images, where each image is paired with a ground truth density map 

indicating the precise locations and densities of people within the scene. The 

model is trained to minimize the discrepancy between its predicted density maps 
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and the ground truth maps using a loss function such as Mean Squared Error 

(MSE) or Mean Absolute Error (MAE). 

5.1.5 Evaluation Phase:  

Once trained, the CSRNet can be deployed to estimate crowd densities in new 

images. The model takes an input image, processes it through the network, and 

generates a density map as output. This density map can then be used for various 

downstream tasks, such as crowd counting, crowd analysis, or crod management. 

Overall, TensorFlow CSRNet offers a powerful and automated solution for 

crowd counting and analysis, leveraging the capabilities of deep learning to 

process complex visual data and extract meaningful insights about crowd 

dynamics. 

5.2  Data Preparation: 

The input images and corresponding ground truth annotations (in the form of points 

representing object locations) are preprocessed. 

Gaussian distribution functions are employed to generate density maps from the annotated 

points. These density maps serve as the target outputs for the model where the input and 

output image dimensions (in_x, in_y, out_x, out_y). 

5.3 Data generation and Gaussian Distribution Functions: 

A custom data generator class is implemented to efficiently load and preprocess batches 

of images and their corresponding density maps. 

The images are resized to a predefined input size (𝑖𝑛_𝑥, 𝑖𝑛_𝑦), normalized, and 

standardized. 

The ground truth points are adjusted according to a subsampling factor and used to 

generate density maps using Gaussian distributions. 

The Gaussian distribution function, denoted as G(x; μ, σ2), is defined as follows: 

G(x;μ,σ2)= 
1

√2𝜋𝜎2
  exp (−

(𝑥−𝜇)2

(2𝜎2) 
)        (28) 

where: 

• x represents the input value. 

• μ is the mean (average) of the distribution, which is set to 00 by default. 

• σ is the standard deviation of the distribution, which is set to 1010 by default. 

In the provided code, the function gauss_distribution(x, u=0, sigma=10) computes 

the Gaussian distribution with the given parameters. This function returns the value 
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ofG(x;μ,σ2) for a given input x. In Python code, this function is implemented as 

follows: 

𝑑𝑒𝑓 𝑔𝑎𝑢𝑠𝑠_𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛(𝑥, 𝑢 = 0, 𝑠𝑖𝑔𝑚𝑎 = 10): 

    𝑟𝑒𝑡𝑢𝑟𝑛 𝑛𝑝. 𝑒𝑥𝑝𝑎𝑛𝑑_𝑑𝑖𝑚𝑠(((1/(𝑛𝑝. 𝑠𝑞𝑟𝑡(2 ∗ 𝑛𝑝. 𝑝𝑖 ∗ (𝑠𝑖𝑔𝑚𝑎 ∗∗ 2))))

∗ 𝑛𝑝. 𝑒𝑥𝑝((−0.5) ∗ ((𝑥 − 𝑢)/𝑠𝑖𝑔𝑚𝑎) ∗∗ 2)), 𝑎𝑥𝑖𝑠 = 0) 

• gauss_distribution(x, u=0, sigma=10): Defines a function to compute 

the Gaussian distribution. 

• get_density_map_gaussian(im, points, sigma=10): Generates a 

density map using Gaussian distributions based on image and points. 

 

5.4 Model Definition: 

• Loads a pre-trained VGG16 model and extracts features from a specific layer 

(block4_conv3). 

• Defines a custom CNN model with convolutional layers for regression. 

 

5.5 Custom Loss Function: 

Defines a custom loss function custom_loss for training the model. 

 

5.6 Model Training: 

 

The model is compiled with a custom loss function that computes the root mean 

square error (RMSE) between the predicted and ground truth density maps.  Adam 

optimizer is used for training with a predefined learning rate.  Training is conducted 

for a specified number of epochs using the custom data generator (train_gn) for both 

training and validation data. Where for test data data generator (test_gn) is used 

5.7 Model Evaluation: 

After training, the model is evaluated on sample images.  The input images are 

preprocessed similarly to the training data.  The trained model predicts the density map 

for each image, which is then compared to the ground truth density map.  The 

accuracy of object counting is assessed by comparing the actual and predicted number 

of objects in the image. 
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5.8 Visualization: 

Displays the original image and the predicted density map.  This experiment sets 

up a deep learning-based approach for crowd detection or counting. It involves 

preprocessing the data, defining the model architecture, training the model, and 

evaluating its performance on test data.  

The final step involves visualizing the results for analysis and interpretation. In 

this step, the custom loss function custom_loss(y_true, y_pred) calculates the root 

mean square error (RMSE) between the predicted and ground truth density maps. 

The mathematical expression for RMSE: 

 

  

  √∑ (ytrue (i) − ypred (i))
2n

i=1
       (29) 

 

where: 

- (n) is the total number of elements in the density map. 

- ytrue (i) represents the ith element of the ground truth density map. 

- ypred (i) represents the ith element of the predicted density map. 
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-  

Figure 32: High Level model architecture, model building, and validation. 
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CHAPTER SIX: RESULTS AND ANALYSIS: 

The tested code implements a TensorFlow-based CSRNet for object counting, 

particularly focusing on crowd counting applications. Here's a breakdown of the key 

components and findings: 

 

6.1 Data Preparation and Generation: 

The code preprocesses input images and generates corresponding density maps 

using Gaussian distributions. Density maps are crucial for crowd counting tasks, as 

they provide a quantitative representation of crowd densities within images. 

 

6.2 Model Architecture: 

The CSRNet architecture is based on a VGG16 backbone, with additional 

convolutional layers for feature extraction and density map estimation. The model 

architecture is designed to process images of size (768 × 1024) and produce density 

maps of size (96 × 128). 

6.3 Training: 

The model is trained using a custom data generator class to efficiently handle large 

datasets of images and density maps. Training is conducted for one epoch with a 

batch size of 1 and a learning rate of (1𝑒−4). 

 

6.4 Evaluation: 

After training, the model's performance is evaluated using an example image. The 

image is preprocessed and fed into the trained model for prediction. The predicted 

density map is compared with the ground truth density map to assess the accuracy 

of crowd counting. The actual and predicted number of people in the image are 

printed for quantitative analysis. 
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6.5 Visualization: 

Four different images from Shanghai dataset have been used as testing points as 

below: 

 

Figure 33: First test seen. 

 

 

Figure 34: Second testing seen. 

 

 

Figure 35: Third testing seen. 
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Figure 36: Fourth Testing seen. 

 

The below shows the experiment results as follow (a): (Left: the generated density Map, 

right: Ground Truth density map). (b): the training lose curve over the epoch  size. It 

also indicates to the training and validation MSE loss.  (c): The crowd counts using the 

generated density Maps linked to figure 39. (d): different heat maps of crowds  

(a) 

 

(b) 
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 (c) 

 

 

 

 

 

 

(d) 

 

 

Figure 37: Experiment result. 
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Testing Reference Point RMSE 

First Testing image 0.7274 

Second Testing image 0.3560 

Third Testing image 0.3731 

Fourth Testing image 0.5408 

 

Figure 38: Summary table of the tested images RMSE 

Overall, the results demonstrate the effectiveness of the TensorFlow CSRNet for crowd 

counting tasks. The model successfully estimates crowd densities in images, as 

evidenced by the comparison between predicted and ground truth density maps.  

 

However, further evaluation with diverse datasets and rigorous performance metrics is 

recommended to comprehensively assess the model's accuracy and generalization 

capabilities.  

 

Additionally, experimentation with hyperparameters and model architectures may 

further enhance the model's performance for real-world crowd counting applications. 
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CONCLUSION AND RECOMMENDATIONS 
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CHAPTER SEVEN: CONCLUSION AND RECOMMENDATIONS 

The presented work constitutes a comprehensive implementation of a Convolutional 

Neural Network (CNN) for crowd counting, leveraging deep learning techniques. The 

methodology encompasses various crucial stages, starting with data preparation, where 

input and output image dimensions are defined, and a subsampling factor is calculated. 

Gaussian distribution functions play a pivotal role in generating density maps essential 

for crowd counting, achieved through the implementation of gauss_distribution and 

get_density_map_gaussian functions. Furthermore, a custom data generator class 

(DataGenerator) facilitates efficient batch-wise data processing for model training, 

encompassing image loading, preprocessing, and density map generation.  

The model architecture is constructed atop a pre-trained VGG16 base model, 

incorporating convolutional layers for feature extraction, and reshaping for final output 

generation. Model training involves compilation with a custom loss function, utilizing 

the Adam optimizer, and subsequent training/validation using custom data generators. 

Following training, evaluation on an example image showcases the model's ability to 

predict crowd density accurately, with visualizations aiding in qualitative analysis. 

While the current implementation establishes a robust pipeline for crowd counting, 

further enhancements and explorations are recommended for future research. 

Hyperparameter tuning, including adjustments to learning rates and batch sizes, 

alongside exploration of alternative model architectures, present avenues for improving 

counting accuracy. Additionally, augmenting the dataset with diverse samples and 

employing advanced evaluation metrics such as Mean Absolute Error (MAE) or 

Intersection over Union (IoU) can offer more comprehensive insights into model 

performance. Transfer learning from pre-trained crowd counting models and real-time 

implementation considerations for deployment on resource-constrained devices 

represent promising directions for enhancing the model's utility and scalability. By 

addressing these recommendations, the efficacy and robustness of the proposed CNN-

based approach for crowd counting can be further elevated, thus advancing the state-of-

the-art in this domain. 
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