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Abstract: Finding the count of people, gender count, 

and abnormal activities in the crowd is a very 

difficult task for a normal human. Nowadays it is 

very difficult for computer applications to find the 

abnormality of the human in crowed. Here, 

abnormality refers to suddenly running in the crowd, 

shouting, beating, fighting, etc. Based on the gender 

classification system, it is necessary to identify the 

classification of genders, and analyzing the actions, 

activities, and expressions is a big task. Previously 

many existing approaches work on abnormality 

activity detection of humans from various crowded 

places. But due to the lack of accuracy, many systems 

are not detected the human count and activities. In 

this paper, deep learning algorithms are used to apply 

various human count activity detection datasets to 

find the activities. Comparative performance is also 

shown in this. 

Keywords: Deep Learning (DL), Gender 

Classification (GC), gender count.  

Introduction 

Crowd counting is essential to serve many real-world 

applications, such as resource management (such as 

water, food supply), traffic control, security, disaster 

management etc. The traditional methods for crowd-

counting such as manual counting, using registers to 

maintain records of each person, and counting 

through use of sensors are time consuming and 

tedious, and may produce fallible results due to 

dynamic movements. This has led to the evolution of 

crowd-counting methods which rely on CCTV video 

feeds. The major benefit of using counting methods 

on video feed is that the dynamism of people’s 

movement cannot be incorporated in any of the 

previous ways of crowd counting. This requires a 

modern outlook into the problem. An accurate crowd 

counting system provides solutions for emergency 

situations such as fire outbreaks, earthquakes and 

many other disaster situations. In these conditions, an 

estimate of the crowd would allow the concerned 

authorities to make the correct decisions regarding 

supplies of resources. Recent solutions to the problem 

of an accurate estimate of crowd count have brought 

up techniques such as crowd counting using 

detection, density and regression [1][2][3]. 

Age identification and gender classification play a 

pivotal role in our social lives. Every language in the 

world reserves different salutations for men and 

women, and very often different vocabularies are 

used when addressing elders compared to young 

people. These customs are largely dependent on one’s 

ability to estimate these individual traits of a person: 

age and gender, which are obtained from the facial 

appearances. A vast number of application 

developers, especially after the growth in social 

media and social networks, are indulging themselves 

with automatic age identification. Age and gender are 

the most fundamental facial qualities in social 

interaction. Human’s face contains features that 

determine identity, age, gender, emotions, and the 

ethnicity of people. 

Literature Survey 

Lazaros Lazaridis. [4] proposed new techniques for 

the detection and characterization of unusual 

behavior in dense crowd for example the approach 

used to create the crowd density heat-maps, the 

extraction of the related optical flow. But when 

talking about Abnormal behavior detection it should 

cover the weather condition, lightning condition and 

camera angle but it is difficult to gather genuine 
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information with abnormal behavior in dense crowds 

and that’s why it will not give the more accurate 

results.  

Vishwa Patel. [5] used object based behavior 

reorganization method which is transfer on the 

information on the people that structure the group, 

which was trying for denser situations. It is just 

reasonable for low and moderately crowded scenes. 

So they additionally utilized the second methodology 

that is all holistic approach regards the crowd as a 

solitary element, with the goal that the tracking issue 

is not a challenge. This subsequent methodology is 

progressively suitable for denser scenes, yet it can’t 

identify abnormal behavior effectively.  

Krutika Rohit. [6] presents behavior label distribution 

method, that can be used for solving problems of 

mixed behavior. By using behavior label distribution 

archived public security and safety. But this 

technique contains so many steps like giving 

sequence numbers and labels to every behavior and 

then analyzing the abnormal behavior. This process is 

time consuming and this system is not real time so 

that it is not much efficient to handle critical 

situations.  

Swathi H Y. [7] discussed the various techniques 

utilized for recognizing unusual crowd behavior viz., 

crowd density estimation, tracking, motion detection 

and behavior recognition/understanding. They 

likewise examined the issues in crowd analysis and 

the answers for these issues. This work is their initial 

phase in the research of crowd behavior analysis, 

there are a few issues despite everything being 

confronted in regards to the efficiency, effectiveness, 

robustness of the automated surveillance systems for 

crowd analysis.  

Dongping Zhang. [8] proposed another technique for 

crowd motion behavior detection that is SIFT flow 

innovation is used for identifying the movement data 

from the two adjacent frames in the video 

arrangements, at that point the weighted direction 

histogram which assumes the job of a factual 

estimation for the SIFT flow is taken as the 

contribution for the HMM model.  

Marc Van Droogenbroeck. [9] presented a 

widespread sample based background subtraction 

algorithm, called ViBe, which consolidates three 

creative strategies i.e. classification model, 

background pixel model, neighboring pixel model. 

Yong Shean Chong. [10] Used a novel system for 

representing video information by a lot of basic 

highlights, which are implied naturally from a long 

video film through a deep learning approach. In 

particular, a deep neural network made out of a 

measure of convolutional autoencoders was utilized 

to process video frames that caught uncommon 

structures in information, which gathered, make the 

video representation. This representation is taken care 

of into a measure of convolutional brief autoencoders 

to become familiar with the regular temporal patterns. 

Right now, neural network in that, all data sources 

and yields are autonomous from one another.  

R. Mehran. [11] Proposed another algorithm for 

discovery and confinement of abnormalities present 

in crowded scenes recordings by utilizing the SFM 

association power in blend with the Particle crowd 

Optimization. This work lies in presenting the 

enhancement of the social force and performing 

molecule shift in weather conditions to acquire the 

improved association power as per the fundamental 

optical flow field. The entire irregularity 

detection/localization process is completed with no 

learning stage. This infers the proposed strategy is 

very appropriate for genuine situations.  

Weiming Hu. [12] introduced a review of ongoing 

improvements in visual reconnaissance inside a 

general handling structure for visual observation 

frameworks. The best in class of existing strategies in 

each key issue is depicted with the emphasis on the 

following errands: recognition, following, 

comprehension and depiction of practices, individual 

recognizable proof for visual reconnaissance, and 

intelligent observation utilizing numerous cameras. 

With respect to the discovery of moving items, it 

includes ecological demonstrating, movement 

division and article grouping. Three systems for 

movement division are tended to: foundation 

subtraction, fleeting differencing, and optical stream. 
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Deep Learning Algorithms 

Deep learning has gained massive popularity in 

scientific computing, and its algorithms are widely 

used by industries that solve complex problems. All 

deep learning algorithms use different types of neural 

networks to perform specific tasks. Deep learning 

uses artificial neural networks to perform 

sophisticated computations on large amounts of data. 

It is a type of machine learning that works based on 

the structure and function of the human brain. Deep 

learning algorithms train machines by learning from 

examples. Industries such as health care, eCommerce, 

entertainment, and advertising commonly use deep 

learning. 

Types of DL algorithms 

 Convolutional Neural Networks (CNNs) 

 Long Short Term Memory Networks 

(LSTMs) 

 Recurrent Neural Networks (RNNs) 

 Generative Adversarial Networks (GANs) 

 Radial Basis Function Networks (RBFNs) 

 Multilayer Perceptrons (MLPs) 

 Self Organizing Maps (SOMs) 

 Deep Belief Networks (DBNs) 

 Restricted Boltzmann Machines( RBMs) 

 Auto-Encoders 

Deep learning algorithms work with almost any kind 

of data and require large amounts of computing 

power and information to solve complicated issues. 

Convolutional Neural Networks (CNNs)  

The other name for CNN is ConvNets, this consists 

of multiple layers that are mainly used for human 

counting, gender classification and finding the 

abnormal activities. 

Convolution Layer 

CNN has a convolution layer that has several filters 

to perform the convolution operation. 

Rectified Linear Unit (ReLU) 

CNN's have a ReLU layer to perform operations on 

elements. The output is a rectified feature map. 

Pooling Layer 

The rectified feature map next feeds into a pooling 

layer. Pooling is a down-sampling operation that 

reduces the dimensions of the feature map.  

The pooling layer then converts the resulting two-

dimensional arrays from the pooled feature map into 

a single, long, continuous, linear vector by flattening 

it.  

Fully Connected Layer 

A fully connected layer forms when the flattened 

matrix from the pooling layer is fed as an input, 

which classifies and identifies the human count, 

gender classification and abnormal activities. 

Long Short Term Memory Networks (LSTMs) 

LSTMs are a type of Recurrent Neural Network 

(RNN) that can learn and memorize long-term 

dependencies. Recalling past information for long 

periods is the default behavior.  LSTMs retain 

information over time. They are useful in time-series 

prediction because they remember previous inputs. 

LSTMs have a chain-like structure where four 

interacting layers communicate in a unique way.  

 Working of LSTM. 

 First, they forget irrelevant parts of the 

previous state.  

 Next, they selectively update the cell-state 

values. 

 Finally, the output of certain parts of the cell 

state. 

Recurrent Neural Networks (RNNs) 

RNNs have connections that form directed cycles, 

which allow the outputs from the LSTM to be fed as 

inputs to the current phase.  

The output from the LSTM becomes an input to the 

current phase and can memorize previous inputs due 

to its internal memory. RNNs are commonly used for 

image captioning, time-series analysis, natural-

language processing, handwriting recognition, and 

machine translation. 
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Working of RNN 

 The output at time t-1 feeds into the input at 

time t.  

 Similarly, the output at time t feeds into the 

input at time t+1. 

 RNNs can process inputs of any length.  

 The computation accounts for historical 

information, and the model size does not 

increase with the input size. 

Generative Adversarial Networks (GANs) 

GANs are generative deep learning algorithms that 

create new data instances that resemble the training 

data. GAN has two components: a generator, which 

learns to generate fake data, and a discriminator, 

which learns from that false information. 

The usage of GANs has increased over a period of 

time. They can be used to improve astronomical 

images and simulate gravitational lensing for dark-

matter research. Video game developers use GANs to 

upscale low-resolution, 2D textures in old video 

games by recreating them in 4K or higher resolutions 

via image training. 

GANs help generate realistic images and cartoon 

characters, create photographs of human faces, and 

render 3D objects. 

Working of GAN 

 The discriminator learns to distinguish 

between the generator’s fake data and the 

real sample data. 

 During the initial training, the generator 

produces fake data, and the discriminator 

quickly learns to tell that it's false. 

 The GAN sends the results to the generator 

and the discriminator to update the model. 

Multilayer Perceptrons (MLPs) 

MLPs are an excellent place to start learning about 

deep learning technology.  

MLPs belong to the class of feedforward neural 

networks with multiple layers of perceptrons that 

have activation functions. MLPs consist of an input 

layer and an output layer that are fully connected. 

They have the same number of input and output 

layers but may have multiple hidden layers and can 

be used to build speech-recognition, image-

recognition, and machine-translation software. 

Working of MLP 

 MLPs feed the data to the input layer of the 

network. The layers of neurons connect in a 

graph so that the signal passes in one 

direction. 

 MLPs compute the input with the weights 

that exist between the input layer and the 

hidden layers. 

 MLPs use activation functions to determine 

which nodes to fire. Activation functions 

include ReLUs, sigmoid functions, and tanh. 

 MLPs train the model to understand the 

correlation and learn the dependencies 

between the independent and the target 

variables from a training data set. 

Self Organizing Maps (SOMs)  

Professor Teuvo Kohonen invented SOMs, which 

enable data visualization to reduce the dimensions of 

data through self-organizing artificial neural 

networks.  

Data visualization attempts to solve the problem that 

humans cannot easily visualize high-dimensional 

data. SOMs are created to help users understand this 

high-dimensional information. 

Working of SOM 

 SOMs initialize weights for each node and 

choose a vector at random from the training 

data. 

 SOMs examine every node to find which 

weights are the most likely input vector. The 

winning node is called the Best Matching 

Unit (BMU). 

 SOMs discover the  BMU’s neighborhood, 

and the amount of neighbors lessens over 

time. 
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 SOMs award a winning weight to the sample 

vector. The closer a node is to a BMU, the 

more its weight changes. 

 The further the neighbor is from the BMU, 

the less it learns. SOMs repeat step two for 

N iterations. 

Deep Belief Networks (DBNs) 

DBNs are generative models that consist of multiple 

layers of stochastic, latent variables. The latent 

variables have binary values and are often called 

hidden units. 

DBNs are a stack of Boltzmann Machines with 

connections between the layers, and each RBM layer 

communicates with both the previous and subsequent 

layers. Deep Belief Networks (DBNs) are used for 

image-recognition, video-recognition, and motion-

capture data.  

Working of DBNs 

 Greedy learning algorithms train DBNs. The 

greedy learning algorithm uses a layer-by-

layer approach for learning the top-down, 

generative weights. 

 DBNs run the steps of Gibbs sampling on 

the top two hidden layers. This stage draws a 

sample from the RBM defined by the top 

two hidden layers. 

 DBNs draw a sample from the visible units 

using a single pass of ancestral sampling 

through the rest of the model. 

 DBNs learn that the values of the latent 

variables in every layer can be inferred by a 

single, bottom-up pass. 

Restricted Boltzmann Machines (RBMs) 

Developed by Geoffrey Hinton, RBMs are stochastic 

neural networks that can learn from a probability 

distribution over a set of inputs.  

This deep learning algorithm is used for 

dimensionality reduction, classification, regression, 

collaborative filtering, feature learning, and topic 

modeling. RBMs constitute the building blocks of 

DBNs. 

RBMs consist of two layers: 

 Visible units  

 Hidden units 

Each visible unit is connected to all hidden units. 

RBMs have a bias unit that is connected to all the 

visible units and the hidden units, and they have no 

output nodes. 

Working of RBMs 

 RBMs have two phases: forward pass and 

backward pass. 

 RBMs accept the inputs and translate them 

into a set of numbers that encodes the inputs 

in the forward pass. 

 RBMs combine every input with individual 

weight and one overall bias. The algorithm 

passes the output to the hidden layer. 

 In the backward pass, RBMs take that set of 

numbers and translate them to form the 

reconstructed inputs. 

 RBMs combine each activation with 

individual weight and overall bias and pass 

the output to the visible layer for 

reconstruction. 

 At the visible layer, the RBM compares the 

reconstruction with the original input to 

analyze the quality of the result. 

Autoencoders 

Autoencoders are a specific type of feedforward 

neural network in which the input and output are 

identical. Geoffrey Hinton designed autoencoders in 

the 1980s to solve unsupervised learning problems. 

They are trained neural networks that replicate the 

data from the input layer to the output layer. 

Autoencoders are used for purposes such as 

pharmaceutical discovery, popularity prediction, and 

image processing. 

Working of Autoencoders 

 An autoencoder consists of three main 

components: the encoder, the code, and the 

decoder. 
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 Autoencoders are structured to receive an 

input and transform it into a different 

representation. They then attempt to 

reconstruct the original input as accurately 

as possible.  

 When an image of a digit is not clearly 

visible, it feeds to an autoencoder neural 

network.  

 Autoencoders first encode the image, and 

then reduce the size of the input into a 

smaller representation. 

 Finally, the autoencoder decodes the image 

to generate the reconstructed image. 

Dataset Description 

UCF-CC-50 is a dataset for crowd counting and 

consists of images of extremely dense crowds. It has 

50 images with 63,974 head center annotations in 

total. The head counts range between 94 and 4,543 

per image. The small dataset size and large variance 

make this a very challenging counting dataset. 

Crowd counting dataset is composed by RGB images 

of frames in a video (as inputs) and the object 

counting on every frame, this is the number of 

pedestrians (object) in the image. The images are 

480x640 pixels at 3 channels of the same spot 

recorded by a webcam in a mall but it has different 

number of person on every frame, is a problem of 

crowd counting. 

 

Figure 1: Crowd counting dataset sample 

Results 

Experiments are conducted by using python 

programming language. Confusion matrix is used to 

analyze the performance of deep learning models. 

Two bench mark datasets are used to detect the 

human activities. Accuracy is the parameter used to 

show the detection rate. 

Accuracy: This parameter plays the major role in 

showing the overall accuracy. 

           
     

           
               

 

Table 1: Performance of DL algorithms 

 

Models CNN LSTM RNN GAN MLP SOM DBM RBM Autoencoders 

 

Accuracy 87.34% 84.23% 78.12% 70.12% 68.3% 69.% 78.9% 81.23% 75.8% 

 

 

 

Conclusion 

This paper mainly focused on finding the human 

count, gender classification, activities of the human 

present in the crowed. The performances of the DL 
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algorithms are analyzed by using the confusion 

matrix. The DL algorithms solve the issue based on 

local correlation of image is ignored and the ability of 

multi-scale feature extraction is limited to crowd 

counting, a crowd counting model based on multi-

scale network is proposed in this paper. 
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