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ABSTRACT 

Automatic abnormal event detection and recognition in a surveillance scene is very 

significant because of more consciousness about public safety. Because of usefulness and 

complexity, currently, it is an open research area. Automatic abnormal event detection is a 

challenging task because the definition of abnormality is subjective. A normal event in one 

situation can be considered an abnormal event in another case. In the surveillance video with 

a dense crowd, automatic anomaly detection becomes very difficult because of clutter and 

severe occlusion. 

As per situation, supervised and unsupervised both types of approaches are applicable to 

detect anomalous behaviour. As many researchers are doing work in this domain, various 

benchmark datasets are publicly available. In this work we have used six different datasets 

namely, UMN, Airport-WrongDir, UCSDPed1, Violent Flows, Subway Entrance and 

UCFCrime2Local. The detected abnormal events are running, moving in opposite direction, 

vehicle entry at restricted place, Violent behaviour of a crowd, avoiding payment at entry 

gate etc. We have also classified various abnormal events like Arrest, Assault, Burglary, 

Robbery, Stealing, and Vandalism. 

 In this research work, supervised machine learning algorithms and supervised and 

unsupervised deep learning algorithms are proposed to detect abnormal events in a crowd 

scene. The performance is measured by accuracy and Area Under the Curve (AUC). The 

experimental results determine the efficacy of the proposed approaches.  

Based on supervised machine learning algorithms, two methods are proposed. In the first 

one, a combination of Histogram of Oriented Gradients (HOG) and Optical flow features is 

used with Neural Network and Support Vector Machine classifiers. As the HOG features 

represent shape information and optical flow represents motion, the hybrid features provide 

higher accuracy compared to individual features using both classifiers. The second method 

uses features extracted by autoencoder and optical flow features with the Neural Network 

classifier. As the encoder component of autoencoder  extracts important features from an 



xi 

image, when it is combined with optical flow it provides higher accuracy compared to 

individual features. 

Based on supervised deep learning algorithms, three approaches are proposed, namely 

Stacked Autoencoder based approach, Convolutional Neural Network (CNN) based 

approach and Convolutional Neural Network and Long Short Term Memory network (CNN-

LSTM) based approach. For Stacked autoencoder based approach, two encoders are stacked 

with softmax layer. It provides adequate results using various datasets. For the CNN based 

approach, the new CNN architecture is  developed which performs better than the pretrained 

GoogLeNet architecture. The developed CNN architecture is evaluated using different 

partitions of data. The experiments are also done using the combined dataset which includes 

all images of four different datasets, for which the achieved accuracy is 99.79% and AUC 

value is 1. We have also applied SVM classifier with deep features extracted using the 

proposed CNN architecture, for which the achieved accuracy is 99.88% and AUC value is 

0.99 using the combined dataset. CNN-LSTM architecture is developed using the proposed 

CNN architecture. LSTM network uses temporal information with spatial features, so CNN-

LSTM approach gives better performance on challenging weakly labelled UCFCrime2Local 

dataset. The CNN and CNN-LSTM based approaches are applied for classification of 

various abnormal events in which CNN-LSTM performs better. 

Although supervised learning based approaches provide excellent results using various 

datasets, unsupervised learning based approaches are also important because every time at 

every situation the labelled data may not be available. For every type of anomalous 

behaviour labels cannot be generated, so  two unsupervised deep learning architectures are 

presented, i.e. Convolutional Autoencoder for spatial domain and Long Short Term Memory 

(LSTM) Autoencoder for spatiotemporal domain. For LSTM autoencoder based approach, 

features extracted by CNN architecture are used, for that experiments are done using the 

proposed CNN architecture and GoogLeNet architecture. LSTM autoencoder provides 

adequate results using various datasets. 
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1 

CHAPTER - 1      

Introduction 

1.1  Overview 

Nowadays, the demand for security of people and personal properties is constantly 

increasing, so video surveillance has become major daily anxiety. The prominence of this 

demand has led to the placement of cameras widely, which produce a large quantity of 

video. Most existing video surveillance systems are fully supervised by humans. Video 

monitoring is a very cumbersome and time-consuming task. A human can’t find out the 

abnormal events from large size videos. However, even one small mistake could cause an 

unacceptable loss. Thus, it is essential to develop a system dealing with many video frames 

and alert people for a punctual and functional response when an abnormal event occurs. 

So, considerable research on automatic video surveillance is going on. The major 

applications of automatic abnormal event detection and recognition in surveillance scenes 

are building security, traffic analysis, video monitoring etc.  

In this research, a crowded environment is considered for surveillance scene, and the focus 

is to detect an abnormal event in a crowd scene. A crowd is a unique group of individuals, 

or something involves a community or society [1]. Crowd scenes can be categorized into 

two types: structured crowd scenes and unstructured crowd scenes. The term structured 

crowd scene can be described as the crowd moving coherently in a common direction, and 

motion direction does not vary with time. Each spatial location of the scene supports only 

one dominant crowd behaviour over time, for example, marathon race, queues of people 

and traffic on the road. Meanwhile, the term unstructured crowd scene represents the 

random crowd motion; different participants move in various directions at different time. 

Each spatial location supports multi-model crowd behaviour, for example, people walking 

on a zebra crossing in the opposite direction, exhibition, railway station and airport. An 

immense amount of research is done and going on for crowd analysis in the computer 
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vision field because of its applications like Crowd Management, Public Space Design, 

Virtual Environments, Visual Surveillance and  Intelligent Environments. Crowd analysis 

can be represented with four modules: People detection and tracking, People counting, 

Behavior analysis and Abnormality detection. Figure 1.1 shows the amount of research 

work done in each module. Abnormal event detection is considered as one module of 

crowd analysis. Zitouni et al. [2] have done a comparative study of the research work done 

for the different modules of crowd analysis and reported that 30% of the research work of 

complete crowd analysis is done in the abnormality detection module. 

 

 
FIGURE 1.1 Crowd analysis modules [3] 

 

Automatic abnormal event detection is challenging because the definition of abnormal is 

subjective or context-dependent. The event which occurs rarely can be considered as an 

abnormal event. Abnormality detection in a crowd scene is the problem of intricate 

sequential visual patterns’ recognition, as the crowd scene contains occlusion and clutter. 

 

Different researchers have used supervised and unsupervised learning based approaches. It 

is impossible to generate labels of all types of abnormal behaviours, so general-purpose 

abnormality detection may not be possible using supervised learning. However, as per 

requirements at a particular place, it is possible to generate labels of abnormal events and 

supervised learning can be used. For example, only pedestrians are allowed in some areas, 

so vehicle entry is abnormal. Access without making a payment is considered deviant 

behaviour at some paid entry points. Robbery can be viewed as an abnormal event at some 
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places like banks or shops. For surveillance cameras positioned on the road, the events like 

suddenly running, fighting, accident, crowd formation can be considered abnormal. In an 

examination hall, talking or copying the other student’s answer sheet is abnormal 

behaviour. So, as per the situation, it is possible to generate labels of abnormal events and 

supervised learning can be used. For an unsupervised learning based approach, only 

normal event videos are used in training. If any abnormal event exists in the test videos, it 

can be detected based on a logic that if it differs from the training video, it contains an 

abnormal event. But, any new normal event in test data, which is not available in the 

training set, can also be considered abnormal. An unsupervised learning-based approach 

can be applied in any real-world situation where labels are not available. As both 

supervised and unsupervised techniques have their limitations, both types of approaches 

are proposed in this research, giving a comparable performance with state-of-the-art 

methods. 

 

1.2  Motivation 
 

Currently, abnormal event detection and classification is an open research area. A fully 

automatic system is not available to detect and recognize various abnormal events in 

surveillance videos specially in crowded environment. Many real-world benchmark 

datasets are publicly available for research. CCTV (Closed-circuit television) cameras are 

available at almost all places, and video surveillance is a basic need to consider the security 

of people. The generation of a tremendous amount of surveillance videos and increasing 

concern about security and safety is the primary source of inspiration to work on  

automatic detection and classification of abnormal events in surveillance scenes.  

 

1.3  Objective and Scope of Work 
 

This work intends to implement various methods to detect and classify anomalous events  

in  surveillance scenes. The research work proposes to achieve the following objectives. 

• To propose the approaches based on various handcrafted features and machine 

learning algorithms for abnormal event detection. 

• To propose the efficient supervised deep learning architecture for abnormal event 

detection and classification. 
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• To propose unsupervised deep learning approaches for abnormal event detection. 

The scope of the research work is as follows. 

• This research work is done to detect and classify abnormal events in a crowded 

environment. 

• In this work, supervised and unsupervised learning based approaches are proposed. 

• This research work is carried out on six different benchmark publicly available 

datasets. 

 

1.4  Dataset Description 
 

In this work, six publicly available challenging datasets are used, namely UMN, 

UCSDPed1, Violent Flows, Subway Entrance, Airport-WrongDir and  UCFCrime2Local. 

In all these datasets, ground truth and a sufficient amount of abnormal images are 

available. The UMN [4] dataset is developed by University of Minnesota. It contains two 

outdoor and one indoor video samples with 320 × 240 pixels image resolution. Each video 

consists of an initial part of walking as a normal state and ends with sequences of running 

as an abnormal state.  

 

The UCSDPed1 [5] is developed by University of California and San Diego. It is a real-

world dataset that contains 34 training video samples and 36 testing video samples. Both 

train and test samples have 200 frames of dimension 238 x158. In this dataset, pedestrians 

walking on the walkway is considered normal behaviour. Commonly occurring anomalies 

include bikers, skaters, small carts, and people walking across a walkway or in the grass 

surrounding it. 

 

 Violent Flows Dataset [6] is real-world, video footage of crowd violence, along with 

standard benchmark protocols. It mainly presents the crowd violence behaviour, and most 

of the scenes are dynamic, which significantly increase the detection difficulty. This 

dataset contains 246 video clips with 123 violent samples and 123 nonviolent ones. The 

resolution for video frames is  320 × 240. 

 

The real-world dataset Subway is provided by A. Adam et al. [7]. This dataset contains two 

videos. One video monitors the entrance gate, which is 1 hour 36 minutes long and the 
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second monitors the exit gate, which is 43 minutes long. In this research work, the video 

sample of the entrance gate is used, which contains 384 × 512 pixels image resolution. 

People moving in the wrong direction and avoiding payment at the entry gate are abnormal 

events. The number of anomalies is less in this dataset.  

 

The Airport-WrongDir dataset [8] contains one video sample with 300 ×  300 pixels image 

resolution, in which people moving in a specific direction is considered a normal event and 

anyone moving in the opposite direction is considered an abnormal event. Different 

researchers do not widely use this dataset, so in this research also, it is used for only one 

approach. 

 

    
Normal: Walking Abnormal: Running Normal: Pedestrian Abnormal: Vehicle 

UMN  UCSDPed1  

  
  

Normal: Nonviolent 

crowd 

Abnormal: Violent 

crowd 

Normal: Making 

payment at entry 

Abnormal: Avoiding 

payment at entry 

Violent Flows  Subway Entrance  

  
Normal: Moving in 

specific direction 

Abnormal: Moving in 

opposite direction 

Airport-WrongDir  

FIGURE 1.2 Normal and abnormal sample images of various datasets 
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The UCFCrime2Local dataset [9] is subset of UCFCrime dataset. It contains 300 videos of 

seven different categories: Arrest, Assault, Burglary, Normal, Robbery, Stealing, and 

Vandalism. From these 300 videos, 200 videos are of regular activities and 100 videos are 

of six different categories’ abnormal events. This dataset contains a train-test split. The 

training set includes 141 normal event videos and  69 abnormal event videos. The test set 

contains 59  normal event videos and 31 abnormal event videos. This dataset contains 

weakly labelled videos. Video level labelling is available, i.e. video is normal or has an 

anomaly somewhere. In our research, this dataset is used for abnormal event detection and 

classification.  

 

Except for UCFCrime2Local dataset, all datasets contain only two categories Normal and 

Abnormal. Figure 1.2 represents the normal image and abnormal image of each dataset. 

Figure 1.3 represents the images of seven different categories of the UCFCrime2Local 

dataset. The implementation is done with MATLAB-2019a, 16 GB RAM, i9 Processor 

CPU machine. 

 

1.5  Original Contribution by the Thesis 
 

The objective of the proposed work is to implement efficient methods for abnormal event 

detection and classification in  crowd scenes. In this research, supervised and unsupervised  

learning based approaches are presented as follows. 

    
Arrest Assault Burglary Normal 

   
Robbery Stealing Vandalism 

FIGURE 1.3 Sample images of UCFCrime2Local dataset 
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Supervised Machine Learning Based Approaches 

Two methods based on handcrafted features and machine learning algorithms are 

implemented to detect abnormal events i.e. (1) HOG and Optical flow based approach and 

(2) Autoencoder and Optical flow based approach.

• HOG and Optical Flow Based Approach

§ In this approach, HOG features are extracted for person’s shape information

and optical flow features are extracted for motion information.

§ Neural Network and SVM are used as classifiers.

§ Experiments are done using only HOG, only optical flow features and a

combination of both.

§ The combined features give higher accuracy compared to the individual one

using both classifiers.

§ The achieved accuracy is 94.48% using Neural Network and 99.35% using

SVM classifier on UMN dataset.

• Autoencoder and Optical Flow Based Approach

§ As encoder component of autoencoder extracts meaningful features from an

image, in this approach features extracted by autoencoder are used with

optical flow features.

§ Neural Network is used as a classifier.

§ Experiments are done using only features extracted by autoencoder, only

optical flow features and a combination of both.

§ The combined features give higher performance compared to the individual

one. The achieved accuracy is 100 % and AUC value is 1 using UMN

dataset.

 Supervised Deep Learning Based Approaches 

Three methods based on supervised deep learning algorithms are implemented i.e. Stacked 

Autoencoder based approach, CNN based approach and CNN-LSTM based approach. 

Among these three approaches CNN and CNN-LSTM based approaches are also applied 
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for classification of various events. 

• Stacked Autoencoder Based Approach

§ This approach works on spatial domain. The encoder component of

autoencoder is used for feature extraction.

§ In the proposed architecture, two encoders are stacked with softmax layer

and back propagation  is applied for fine tuning.

§ This approach gives  96.9%, 98.6%, 93.1%, 99.6% and 81.4% accuracy on

UMN, UCSDped1, Violent-Flows, Subway Entrance and UCFCrime2Local

datasets, respectively.

• CNN Based Approach

§ The pre-trained image classification network GoogLeNet is retrained and

evaluated using UMN dataset. The achieved accuracy is 86.21% and AUC

value is 0.9487.

§ A small CNN Architecture1 consisting of 14 layers has been proposed

which gives good performance on small and simple datasets. It gives

99.64% accuracy and 0.99 AUC value using UMN dataset and 97.28%

accuracy and 0.98 AUC value using Airport-WrongDir dataset.

§ The other CNN Architecture2 consisting of 20 layers has been proposed

which gives excellent performance on various complex datasets with

different partitions of data. It gives 99.5%, 99.89%, 99.86%, 99.99% and

74.38% using UMN, UCSDPed1, Violent Flows, Subway Entrance and

UCFCrime2Local datasets respectively.

§ SVM is trained with deep features extracted using the proposed CNN

Architecture2 which also gives excellent performance on various complex

datasets with different partitions of data. It gives 99.43%, 99.89%, 99.95%,

99.99% and  71.16% using UMN, UCSDPed1, Violent Flows, Subway

Entrance and UCFCrime2Local datasets respectively.

§ The proposed CNN Architecture2 is applied on combined dataset which

includes all images of UMN, UCSDPed1, Violent Flows and Subway

Entrance. It gives 99.79% accuracy and AUC value 1.

§ The proposed CNN Architecture2 is applied for classification of various

events using complex weakly labelled UCFCrime2Local dataset and
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provides adequate AUC value for each class with various partitions of data. 

It gives 71.79% and 70.20% classification accuracy using CNN and SVM 

classifiers respectively. 

• CNN-LSTM Based Approach

§ To consider temporal domain with spatial domain, a CNN-LSTM integrated

architecture based approach is proposed for event detection and

classification.

§ This architecture is formed using the proposed CNN Architecture2.

§ This approach gives 100%, 100%, 98%, 96.77% and 73.33% accuracy

using UMN, UCSDPed1, Violent Flows, Subway Entrance and

UCFCrime2Local datasets respectively for abnormal event detection.

§ The achieved overall classification accuracy is 73.86% using

UCSFCrime2Local dataset. This approach gives higher AUC values for

various events compared to CNN based approach.

Unsupervised Deep Learning Based Approaches 

The labelled data are not available every time for each type of event. In this  situation, 

unsupervised learning based approach is required to be  applied to detect anomalous 

behaviour. In this research work two such architectures are proposed, one is convolutional 

autoencoder and the other is LSTM autoencoder.  

• Convolutional Autoencoder Based Approach

§ This approach works on spatial domain.

§ In this method,  a simple convolutional autoencoder architecture consisting

of 10 layers has been proposed.

§ This approach gives 0.86, 0.70, 0.66, 0.82 and 0.59 AUC values for UMN,

UCSDPed1, Violent-Flow, Subway Entrance and UCFCrime2Local

datasets respectively.

• LSTM Autoencoder Based Approach

§ This approach works on spatiotemporal domain.

§ In this method,  a simple LSTM autoencoder architecture consisting of 9
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layers has been proposed.  

§ The LSTM autoencoder reconstructs the input feature sequence. The pre-

trained GoogLeNet Architecture and the proposed CNN Architecture2 are 

used to extract feature sequences from input video. 

§ This approach gives 1, 0.75, 0.48, 0.83 and 0.52 AUC values for UMN, 

UCSDPed1, Violent-Flows, Subway Entrance and UCFCrime2Local 

datasets respectively with the proposed CNN Architecture2. 

§ This approach gives 1, 0.93, 0.5, 0.82 and 0.63 AUC values for UMN, 

UCSDPed1, Violent-Flows, Subway Entrance and UCFCrime2Local 

datasets respectively with the GoogLeNet architecture. 

Based on all the proposed methods, three research papers are published in different reputed 

peer-reviewed international journals, as mentioned at the end of the thesis. 

 

1.6  Organization of the Thesis 
 

The thesis is organized as follows. Chapter 2 presents a literature review of abnormal event 

detection and classification in surveillance crowd scenes. In this chapter, various methods 

implemented by different researchers based on machine learning and deep learning 

algorithms are discussed. 

 

Chapter 3 presents the implemented methods based on handcrafted features and machine 

learning algorithms for abnormal event detection.  

 

Chapter 4 presents the developed supervised deep learning architectures for abnormal 

event detection and classification. Implementation details and experimental results using 

the various partitions of different datasets are discussed in this chapter.  

 

Chapter 5 presents the developed unsupervised deep learning architectures for abnormal 

event detection. The comparison of all the proposed approaches with state-of-the-art 

methods on a specific dataset is also shown in this chapter. 

  

Chapter 6 presents the conclusion and future scope of this thesis.  
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CHAPTER - 2 

Literature Review 

This chapter describes existing methods for abnormal event detection and recognition, 

which represent all crucial work proposed in this area. The various performance evaluation 

metrics used to evaluate the proposed approaches are also discussed here. 

To detect any abnormality, feature extraction from images is a necessary step. Feature 

descriptors can be classified as handcrafted features and deep learning based features. 

Handcrafted features relate to properties derived using various algorithms using the 

information present in the image itself like edge, corner, HOG, optical flow etc. These 

features are extracted and given as input to any machine learning algorithm. Deep learning 

based features are the feature descriptors extracted by the deep learning model. The images 

are provided as input, and the deep learning model automatically extracts features as per 

tuned parameters and hyperparameters. Various handcrafted features based and deep 

learning based approaches proposed by different researchers are as follows. 

2.1  Handcrafted Features Based Approaches 

Mehran R et al. [10] have used the social force model to estimate interaction force between 

moving individuals. Then, this force is mapped into the image plane to get force flow for 

each pixel in every frame. Spatiotemporal volumes of force flow is used to represent 

normal crowd behaviour. They have classified frames as normal and abnormal using a bag 

of words approach. Generally, abnormal activity contains higher social interaction, which 

is detected by locating high force flow. The authors have achieved an AUC value of 0.96 

on the UMN dataset. The authors have also experimented with pure optical flow, for which 

the achieved AUC value was 0.84. 
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S. Wu et al. [11]  tried to find out crowd escape behaviour in surveillance scenes to detect 

an anomalous situation in time. They used potential destinations and divergent centres to 

characterize the presence and absence of escape events. They have proposed a Bayesian 

model for crowd behaviour recognition. 

 

S. Wu et al. [12] have used particle trajectories for modelling arbitrarily complicated 

crowd flows. They have introduced chaotic dynamics to represent crowd motion. This 

chaotic feature set is used to train the probabilistic model. The reported AUC value for this 

method is 0.99 on the UMN dataset. 

CemDirekoglu et al. [13] have considered the angle difference between the optical flow 

vectors in the current frame and the former frame at each pixel location which improves 

accuracy over pure optical flow features. This angle difference value is combined with 

pure optical flow magnitude. They have used one-class SVM to learn normal behaviour. If 

the test sample crucially varies from normal behaviour, it is considered an abnormal one. 

The reported accuracy is 96.46% on the UMN dataset. They have also done experiments 

with Bayesian Model (BM) [11], Sparse Reconstruction Cost (SRC) [14], Chaotic 

Invariants (CI) [12], the Social Force model (SF) [10], and the Force Field model (FF) 

[15].  

D. Chen and P. Huang [15] used optical flow to cluster human crowds into groups in an 

unsupervised manner using the method of Adjacency-Matrix based Clustering 

(AMC).  The behaviours of cluster crowd with attributes - orientation, position and crowd 

size are characterized by a force field model. They have achieved 94% accuracy on the 

UMN dataset. 

Y. Cong et al. [14] have proposed the Sparse Reconstruction Cost (SRC) over the standard 

dictionary to measure the normalness of the testing sample.  They introduced a large scale 

dictionary selection method using the concept of traditional convex optimization. They 

achieved 0.487 AUC using the UCSDPed1 dataset. Halbe M. et al. [17] used optical flow 

for the computation of crowd motion energy. The crowd motion energy is further modified 

by Crowd Motion Intensity (CMI). The peaks in the CMI characteristics are indicators of 

abnormal activity. In this method, the proper threshold plays a significant role in abnormal 

activity detection.  
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Hu et al. [18] have used contextual gradients between two local regions and then have 

constructed a Histogram of Oriented Contextual Gradient (HOCG) descriptor for abnormal 

event detection based on the contextual gradients. The compositional context of events is 

described efficiently because of the representation of the distribution of contextual 

gradients of subregions in different directions by the HOCG descriptor. Authors have 

employed online dictionary learning and a sparse reconstruction framework for 

abnormality detection. The event for which SRC is higher than a specific threshold is 

considered abnormal. As learning is online, the threshold is set based on the best previous 

performance of the method. The attained AUC value is 0.993 using the UMN dataset. 

In the method proposed by Xuguang Zhang et al. [19], the modification of energy level 

distribution in an image is considered a critical factor to detect abnormal crowd behaviour. 

They have used optical flow to extract velocities of pixels. Motion foreground is extracted 

using a crowd motion segmentation method based on flow field texture representation. 

Linear interpolation is computed to find the distance between the camera and the 

pedestrian’s foreground. In this method, the crowd behaviour is analyzed according to the 

change of the consistency, entropy and contrast - three descriptors for co-occurrence 

matrix. Here Threshold judgement of three descriptors is critical to get an accurate result.  

 

Yong Yin et al. [20] generated a feature vector of crowd density and crowd dynamic 

information. They utilized the Local Binary Pattern Co-occurrence Matrix (LBPCM) for 

crowd density estimation. They have adopted high accuracy optical flow Histograms of the 

Orientation of Interaction Force (HOIF) to extract the crowd dynamic information. Then 

SVM is used to detect an abnormal event. The attained AUC value is 0.99 for the UMN 

dataset.  

 

Y. Benabbas et al. [27] have used an optical flow field with block clustering to identify an 

unusual event in a crowd. Gao, Y. et al. [28] have used Violent Flows (ViF) and Oriented 

Violent Flows (OViF) to detect violence in a crowd scene. Oriented Violent Flows 

consider modification in motion information. The combined features are used with 

AdaBoost and linear SVM classifiers. The achieved AUC value is 0.9484 for the Violent 

Flows dataset. 
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Except for these features, different authors have used various traditional features like 

motion structure, Spatiotemporal features, Mixture of Probabilistic Principal Component 

Analyzers (MPPCA), Mixture of Dynamic Textures (MDT), Local Statistical Aggregates, 

Sparse Cuboids  (SC), Local Trinary Patterns (LTP), Simplified Histogram of Oriented 

Tracklets (SHOT), Interaction Force (IF), Improved Fisher Vectors, Gaussian Process 

Regression (GPR) etc.  

 

2.2   Deep Learning Based Approaches 
 

Tahjid Ashfaque Mostafa et al. [26] have analyzed local spatial-temporal motion patterns 

in video frames. They have used a motion heat map to find the region of interest. After 

identifying the motion structure, different classifiers are used like SVM, Naive Bayes, 

Neural Network and CNN. The CNN classifier gives a good result to detect anomalies in a 

crowd scene. The achieved accuracy is 96.74% and 94.28% on UMN and UCSD datasets, 

respectively.  

 

Ravanbakhsh et al. [25] employed a Fully Convolutional Network as a pre-trained model 

and plugged an effective binary quantization layer as the final layer to the net. The authors 

captured temporal CNN patterns to denote motion in a crowd. Sabokrou et al. [29] have 

used transfer learning. The authors have used pre-trained CNN, i.e. Alexnet.  

 

Feng et al. [30] have extracted appearance and motion features using the PCANet. The 

deep Gaussian Mixture Model (GMM) is constructed with observed regular events. The 

authors have got a 0.925 AUC value for the UCSDPed1 dataset. Zhou et al. [31] have used 

a Spatial-temporal CNN to detect features like appearance and motion from spatial and 

temporal dimensions. The achieved AUC values are 0.9963 and 0.927 using UMN and 

Subway Entrance datasets, respectively.  

 

Smeureanu, S et al. [32] have used the VGG pre-trained CNN model to extract features, 

and then one class SVM classifier is used to learn normal event patterns. They have got 

0.85 AUC value for the UMN dataset. In [33], the authors have proposed the Deep One 

Class (DOC) model in which CNN is used to extract features, and One-class SVM is used 

to learn decision function for abnormal event detection from the given normal event 
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images. They have done experiments using SVM with linear kernel and RBF kernel. With 

linear kernel, the achieved AUC value is 0.808, and for RBF kernel, it is 0.914 using the 

UCSDPed1 dataset. Hinami et al. [34] have used a fast R-CNN model to detect an 

abnormal event. R-CNN is a Region-based Convolutional Neural Network in which region 

proposals are used during training and testing, so algorithm’s performance slows down 

significantly. 

 

In [35], authors have proposed a two-stream R-convolutional Variational Autoencoder (R-

convVAE). They have done experiments with unsupervised learning-based approaches like 

a convolutional autoencoder, convolutional variational autoencoder, recurrent 

convolutional autoencoder, recurrent convolutional variational autoencoder. They have 

used appearance and motion features to describe the probabilistic distribution. The 

achieved AUC value using two-stream R-ConvVAE is 0.75 for UCSDPed1 dataset. Yong 

Shean Chong et al. [36] proposed a spatiotemporal autoencoder that includes two main 

components, one for spatial feature representation and the other for learning the temporal 

evolution of the spatial features. The achieved AUC values are 0.899 and 0.847 for 

UCSDPed1 and Subway Entrance datasets respectively.  

 

Vu, H et al. [37] have used denoising Autoencoder and Conditional Generative Adversarial 

Networks to detect an anomaly from video. Federico Landi et al.[9] have used a 3D 

convolutional network with a  regression network to find out anomaly scores. They have 

done two experiments. In the first one, they have used the whole frame as input. In the 

second experiment, the authors extracted a spatiotemporal tube that locates abnormal 

events and is given as input. Here UCFCrime2Local dataset is used. For the whole frame, 

the obtained AUC value is 0.5612, and for the spatiotemporal tube, the obtained AUC 

value is 0.7413. 

 

In [38], authors have developed a UCFCrime challenging multiclass dataset and 

experimented with two existing approaches for events classification. In the first one, they 

have used a 3D convolutional network for feature extraction and the nearest neighbour 

classifier for classification. The achieved accuracy for classification is only 23%. In the 

second one, they have used Tube Convolutional Neural Network (TCNN), which includes 

a tube of interest pooling layer. It combines all clips' features and generates one feature 

vector for one video. The reported classification accuracy is 28.4%. 
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2.3 Performance Evaluation Metrics 
 

In this research work, the performance of the proposed approaches is measured by 

confusion matrix, accuracy and Area Under the Curve (AUC). Different researchers have 

used accuracy or AUC value to represent the performance of various methods in literature.  

 

2.3.1 Confusion Matrix 

 

The confusion matrix is one of the widely used metrics for the performance evaluation of a 

classifier. The confusion matrix represents the ability of the classifier to correctly 

recognize data samples of different classes. The confusion matrix for the binary 

classification problem is given in Table 2.1.  

                               
         TABLE 2.1 Confusion matrix for binary classification 

Tr
ue

 c
la

ss
 

 Predicted class 

Negative Positive 

Negative True Negative False Positive 

Positive False Negative True Positive 

 

The meaning of True Positive is that the tested sample data is a part of positive class and 

predicated as positive, while the term False Positive means that the sample data is a part of 

the negative class, but it is classified as positive. The term True Negative indicates the 

sample is taken from negative class and classified as negative. Similarly, the term False 

Negative implies the sample is a part of the positive class but classified as Negative. With 

many categories, it is very problematic to visualize the entire confusion matrix. Still, the 

details provided by it can be used for another performance measurement parameter like 

accuracy that better represents the performance of the classifier model.  

 

2.3.2 Accuracy 

 

Classification accuracy summarizes the performance of a classification model as the 

number of correct predictions divided by the total number of predictions. The classification 

accuracy can be calculated from the confusion matrix as follows. 
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Accuracy =
(TP + TN)

(TP + TN + FP + FN) 

 

Where 𝑇𝑃 = True Positive 

𝑇𝑁 = True Negative 

𝐹𝑃 = False Positive 

𝐹𝑁 = False Negative 

 

2.3.3 Area Under the Curve  

 

The Receiver Operating Characteristic (ROC) curve is a graph showing the performance of 

a classification model at all classification thresholds. The ROC curve represents the 

relation between the True Positive Rate (TPR) and the False Positive Rate (FPR) of the test 

dataset. True Positive Rate and False Positive Rate can be calculated as follows. 

 

TPR = !"
!"#$%

 

 

FPR = $"
$	"#!%

 

 

 

 
FIGURE 2.1. TP vs FP rate at different classification thresholds [51] 
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The ROC curve plots TPR vs FPR at different classification thresholds. If the classification 

threshold is low, more data items are classified as positive and false positives and true 

positives increase. Figure 2.1 represents a typical ROC curve. The curve closer to the top-

left corner indicates a better performance. The curve closer to the 45-degree diagonal of 

the ROC space represents poor performance.  
 
 

“Area Under the Curve" is shortly known as AUC. Figure 2.2 shows AUC for the ROC 

curve shown in Figure 2.1. It measures the entire two-dimensional area under the whole 

ROC curve from (0,0) to (1,1). It is the performance metric whose value lies between 0 and 

1. A value less than 0.5 is the worst, and a value near 1 indicates the best performance. 

AUC value 0.5 suggests that the classifier cannot differentiate between positive and 

negative classes. AUC is widely used for performance evaluation of classifiers because of 

its following characteristics. 

• AUC is scale-invariant. It measures how effectively predictions are categorized 

rather than their absolute values. 

• AUC is classification-threshold-invariant. It measures the quality of the model's 

predictions irrespective of what classification threshold is set. 

 

 
 

FIGURE 2.2.  Area under the ROC curve [51] 
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2.4 Definition of the Problem 

 
As analysis done so far of literature review, it is observed that detecting abnormal event 

from the video is a very challenging task because of the subjective definition of 

abnormality. Specifically, it becomes more complex when the crowded environment is 

considered because of severe occlusion and clutter. Different researchers use both 

supervised and unsupervised learning based approaches, but major work is done using 

unsupervised learning based approaches which fail when a new normal event occurs. The 

process for abnormal event detection still needs improvement. Existing deep learning 

techniques give  poor performance for classifying events using challenging dataset. Hence, 

it is essential to develop novel algorithms for detecting and classifying abnormal events in 

surveillance scenes with improved performance. 
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     CHAPTER - 3 

     Approaches Based on     

Machine Learning Algorithms 

As discussed in the literature review, handcrafted features and deep learning features can 

be used to detect an abnormal event in a surveillance scene. In this chapter, two supervised 

learning based approaches are presented. In the first approach, Histogram of Oriented 

Gradients (HOG) and Optical flow handcrafted features are used with Neural Network and 

Support Vector Machine classifiers. To use machine learning algorithms, it is required to 

extract meaningful features from images, so that accurate classification can be possible. 

For abnormal event detection in a surveillance scene, a person and his movement 

information play an important role. Here, HOG features are used to detect pedestrians, 

optical flow is used to represent motion, and both are combined to detect abnormal events. 

In the second one, optical flow and features extracted by autoencoder are used with Neural 

Network classifier because the encoder component of autoencoder extracts essential 

features from the image precisely. Optical flow represents apparent motion between two 

consecutive frames, and it can be applied to the continuous scene, so experiments of both 

approaches are done using only the UMN dataset, which contains three different 

continuous scenes. 

3.1 HOG and Optical Flow Based Approach 

Figure 3.1 represents the block diagram of the proposed approach based on Histogram of 

Oriented Gradients and optical flow. A detailed explanation of every step of the proposed 

algorithm is given in the following subsections. 
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3.1.1 Foreground Extraction 

First, RGB colour images (video frames) are converted into grayscale images. Then the 

background is generated by taking an average of all frames of the video. This background 

image is subtracted from each frame for foreground extraction. Figure 3.2 represents the 

extracted foreground of a sample image of each of the three scenes of the UMN dataset.  

 FIGURE 3.1 HOG and optical flow based approach 
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(a) (b) 

Scene - 1 

(a) (b) 

Scene - 2 

(a) (b) 

Scene - 3 

    FIGURE 3.2  (a) Input frame (b) Extracted foreground 

3.1.2 Corner Detection 

For corner detection, Harris corner detection [55] method is used. The Harris corner 

detector is a mathematical operator that finds features in an image. The Harris corner 

detector is a mathematical way of determining which windows produce significant 

variations when moved in any direction. This is translated mathematically by following 

equation 3.1 

E(u,v) = ∑ w(x, y)!,# [I(x + u, y + v) - I(x,y)]2           (3.1) 

Where E = difference between the original and the moved window 

u = window’s displacement in the x-direction

v = window’s displacement in the y-direction

w(x, y) = window at position (x, y), which acts as a mask

I = intensity of the image at a position (x, y)
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 I(x + u, y + v) = intensity of the moved window 

I(x, y) = intensity of the original image 

 

The interest is to find windows that produce a large E value, so the following term should 

be maximized. 
							∑ [I(x + u, y + v)!,#  – I(x,y)]2                            

 

This term is expanded using the Taylor series: 

 
∑ [I(x, y)	!,# + uIx + vIy - I(x,y)]2                         

 

                          So, E(u,v) ≈∑ u!,#
2 Ix 2 +2uvIxIy + v2Iy 2                   (3.2) 

 

Now this messy equation 3.2 can be tucked up into a neat little matrix form like following 

equation 3.3. 
 

E(u,v) ≈ [u,v] ( ∑.
I!$ I!I#
I!I# I#$

/)0uv1             (3.3) 

 

Now, the summed matrix is renamed with M: 
 

                             M = ∑ .
I!$ I!I#
I!I# I#$

/                    (3.4) 

 

                           E(u,v) ≈ [u v] M 0uv1								          (3.5) 

 

The matrix's eigenvalues can help to determine the suitability of a window. Score, R, is 

calculated for each window: R = det M - k(trM)2 , Where det M is the determinant of a 

matrix, trM is the trace of a matrix, k is experience value, λ1 λ2  are the two characteristic 

values of the matrix, which reflect the surface curvature of two principal axes in the image. 

Therefore, detM = l1l2, trM = l1+l2. All windows with a score R greater than a certain 

value are corners. They are good tracking points. Figure 3.3 represents detected corners in 

the extracted foreground. 
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Scene - 1 Scene - 2 Scene - 3 

     FIGURE 3.3 Detected corners 

 

3.1.3 Histogram of Oriented Gradients 

 

Histogram of Oriented Gradients (HOG) is a feature descriptor used to detect objects from 

an image. The HOG descriptor technique counts occurrences of gradient orientation in 

localized portions of an image detection window or Region of Interest (ROI). By using 

HOG descriptor, local object appearance and shape information within an image can be 

defined by the distribution of intensity gradients or edge direction. Implementation of the 

HOG descriptor algorithm is as follows [56][59]: 

 

§ First of all, the input image is divided into 8×8 cells. 

§ The gradient of this patch contains two values per pixel, magnitude and direction. 

So, the image patch contains 64 values of magnitude and 64 values of direction. 

§ Now the direction is represented by 0 to 180 degrees. By a span of 20, the direction 

is represented using nine bins. Magnitude values are inserted into nine direction 

bins. So, nine bins histogram is generated for one 8*8 cell, which can be stored as a 

9×1 array. 

§ In the previous step, a histogram is created based on the gradients of an image that 

are sensitive to lighting. Ideally, the descriptor should be independent of lighting 

variations. Therefore, the histogram should be normalized to not be affected by 

lighting variations. Now four 8×8 patches are combined, and Normalization is done 

over a block of 16×16. A 16×16 block has four histograms. These four histograms 

are concatenated to form a 36 x 1 vector, and these 36 x 1 elements are normalized 

by dividing every 36 value by its norm. Then window is moved by 8 pixels, and the 

36×1 vector is calculated over this window. This process is repeated. 

§ To calculate the final feature vector for the whole image, all the vectors of size 

36×1 are concatenated into 1xN vector where N is HOG features length. 
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In this approach, to represent HOG features 16x16 block is moved 15 horizontal and 15 

vertical positions, So the number of HOG features for a single image is 15x15x36=8100. 

Instead of finding HOG features of the whole image, features are extracted around corners, 

so feature vector length is small and execution time can be reduced. Figure 3.4 represents 

the HOG features around the detected corners. 

 

   
Scene - 1 Scene - 2 Scene - 3 

                           FIGURE 3.4 HOG features around corners 

 

3.1.4 Optical Flow  

 

Optical flow is the distribution of the apparent velocities of objects in an image. By 

estimating optical flow between video frames, the velocities of objects in the video can be 

measured. The optical flow methods try to calculate the motion between two video frames, 

taken at time t and t + ∆t. There are many methods available in the literature to compute 

optical flow. Among them, two are widely used. One is the Horn-Schunck [57] method, 

and the other is the Lucas-Kanade [84] method.  In this approach, the Horn–Schunck 

method is used for optical flow computation because it is a global method and yields dense 

flow fields.  

 

3.1.4.1 Optical Flow Equation 

 

Three following significant constraints are considered for optical flow estimation. 

• Brightness constancy:  projection of the same point looks the same in every frame. 

• Small motion:  points do not move very far.  

• Spatial coherence: points move like their neighbours. 
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2D Motion Equation 

 Assume I(x, y, t) is the centre pixel in (n × n) neighbourhood and moves by δx, δy, in time 

δt to (x + δx, y + δy, t + δt). Since I(x, y, t) and I(x + δx, y + δy, t + δt) are the images of the 

same point so, 

 
I(x, y, t) = I(x + δx, y + δy, t + δt)             (3.6) 

 

The provided local translations δx, δy, δt are not too large, so equation 3.6 can be expanded 

by Taylor Series as follows. 

 

I(x + δx, y + δy, t+ δt) = I(x, y, t) + %&
%'
	δx +

%&
%#
	δy +

%&
	%)
	δt   + Higher Order Terms     (3.7) 

 

Higher-Order Terms are small terms so that they can be ignored. Using the equations 3.6 

and 3.7, the following equations can be obtained: 

 
%&
%'
	δx +

%&
%#
	δy+

%&
%)
	δt = 0                 (3.8) 

 
%&
%'

*!
*)

 + %&
%#

*#
*)

+%&
%)
*)
*)

 = 0              (3.9) 

 

and finally,  

 
%&
%'
		u  +   %&

%#
 v   +    %&

%)
 = 0        (3.10) 

 

Where u =  !"
!#

   and v = !$
!#

    are the x and y components of optical flow and %&
%"
, %&
%$

, %&
%#

 

are image intensity derivatives at x, y and t, respectively. These partial derivatives can be 

written as:    Ix = %&
%"
								Iy = 	%&

%$
        and       It = 

%&
%#

 

So, the optical flow equation can be written like following: 

 
          Ix u + Iy v + It =0                      (3.11) 

 

Where, (Ix, Iy) = Image brightness derivative and (u, v) = Optical flow or image velocity at 

pixel (x, y) at time t. 
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3.1.4.2 Horn–Schunck Method 

 

     Horn and Schunk have represented optical flow by the following expression. 
 

∬{(Ix u + Iy v + It)$	+ λ (ux2 + uy2 + vx2 + vy2) } dx dy           

 

The above expression represents brightness constancy and smoothness constraint. Double 

integration represents optical flow for each pixel in a 2D image. To minimize the term, the 

second-order derivation is used as follows. 
(Ix u + Iyv + It ) Ix + λ (∇$u) = 0 

(Ix u + Iyv + It )Iy + λ (∇$v) = 0    where 

∇$u = uxx + uyy 

∇$v = vxx + vyy 

The second-order derivative can be represented by Laplacian so	∇(u and 	∇(v are replaced 

with u - uav  and v - vav, respectively. 
(Ix u + Iyv + It) Ix + λ (u - uav) = 0 

(Ix u + Iyv + It) Iy + λ (v - vav) = 0 

So, finally u and v can be computed as  
u = uav– Ix P/D 

v = vav – Iy P/D 

Where P = Ix uav+ Iyvav+ It 

D= λ + Ix2+Iy2 

 

Figure 3.5 represents computed optical flow for one frame of each scene of the UMN 

dataset. 

 

   

Scene - 1 Scene - 2 Scene - 3 

FIGURE 3.5 Optical flow representation 
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3.1.5 Principal Component Analysis 

 

Principal Component Analysis (PCA) [58] is a dimensionality reduction method that 

reduces the dimensionality of large datasets without significant loss of information. The 

first step for PCA is to standardize the range of continuous initial variables so that equal 

contribution of each variable can be considered. This can be done by following equation 

3.12.  

 

Z =  +,-./01/,2
3),24,54	4/+6,)672

           (3.12) 

 

The equation represents that, from every value, the mean is subtracted and then divided by 

standard deviation. In the second step, covariance matrix is computed to understand the 

relationship between variables. It summaries the correlations between all the possible pairs 

of variables. If any entry in the covariance matrix is positive, then two variables are 

correlated, i.e. both increase or decrease together. If any entry is negative, two variables 

are inversely correlated, i.e. one increases when the other decreases. Then, the eigenvectors 

and eigenvalues of the covariance matrix are computed to identify the principal components. 

Eigenvectors represent the directions of the axes where there is the most variance, i.e. 

Principal Components. Eigenvalues are the coefficients attached to eigenvectors, i.e. 

the amount of variance carried in each principal component. 

 

The principal components are generated in such a way that the first principal component 

represents the largest possible variance in the dataset. Because of this type of organization, 

the components with low information can be discarded, and dimensionality can be reduced 

without losing much information. The optical flow features represent two values, 

magnitude and direction per pixel, so to use all features for training and testing is very time-

consuming. Therefore, PCA is applied to reduce dimensionality so that training and testing 

become easy.  
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3.1.6 Neural Network and Support Vector Machine 

3.1.6.1 Neural Network 

An Artificial Neural Network (ANN) is a computational model with interconnected nodes 

inspired by the biological nervous system. An ANN is configured through a learning 

process for specific applications, such as pattern recognition or data classification.  

An ANN is based on a collection of connected nodes called neurons, as shown in Figure 

3.6. Each connection between artificial neurons can transmit a signal from one to another. 

The artificial neuron that receives the signal can process it and then pass it to the other 

neurons connected to it. 

FIGURE 3.6 Biological neuron and basic ANN architecture [60] 

Learning in biological systems involves adjustments to the connections that exist between 

the neurons. With their remarkable ability to derive meaning from complicated or 

imprecise data, neural networks can be used to extract patterns and detect trends that are 

too complex to be noticed by either humans or other computer techniques. 

Various ANN architectures have been developed over the years: the simplest one is 

Feedforward Neural Network (FNN), where each neuron is connected to all the neurons in 

the previous layer, defining a directed graph without any loops. Figure 3.7 shows the 

simple FNN with one hidden layer between the input and output layers.  
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                                 FIGURE 3.7 Simple feedforward neural network [61] 

 

ANNs provide an approximation function given by the following equation 3.13 of an 

arbitrary complex continuous function f, where x and y correspond to input and output 

data, respectively. 
y = f (x; θ)            (3.13) 

 

Function f parametrized by a set of coefficients θ, i.e. matrices and biases. Matrices are 

generally inputs with their weights, and biases represent threshold. The creation of the 

predictive model thus requires the estimation of the parameters θ that better approximate 

the desired output; this is achieved by minimizing a cost function defined according to the 

output layer properties; common choices are Mean Squared Error (MSE) for regression 

and cross-entropy for classification [62].  

 

3.1.6.2 Support Vector Machine 

 

“Support Vector Machine” (SVM) is a supervised machine learning algorithm used for 

classification and regression problems. Each data item is plotted as a point in space. Then, 

SVM classifies data by finding the best hyperplane that separates all data points. 

 

Figure 3.8 shows the plotting of 2-D data, which is linearly separable. Multiple lines could 

be drawn, but the best one can be found to minimize classification error. Generalizing to n-

dimensional data, the best ‘hyperplane’ can be found. Hyperplane refers to the decision 

boundary. SVM approaches this problem by searching for the maximum marginal 

hyperplane. 
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FIGURE 3.8  Two dimensional linearly separable data [62] 

 

 
FIGURE 3.9 Optimal hyperplane [63] 

 

Figure 3.9 shows the Maximum marginal hyperplane, by which the data can be 

differentiated. Support vectors are the data points closer to the optimal hyperplane. If there 

are n training data points z𝑖 𝜖 𝑅𝑑, 𝑖 = 1,2, . . ., n, which can be divided into two different 

classes and their respective class labels are given by 𝑦𝑖 𝜖 {−1, 1}, i = 1, . . ., n, Generally, a 

linear support vector machine creates a hyperplane in feature space Z, as represented in the 

following equation 3.14.  

 
w. z + b = 0               (3.14) 

 

The research [79] shows that the weights w for the optimal hyperplane in the feature space 

can be written as some linear combination of support vectors as given in equation 3.15. 
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w = ∑ α6z63.8875)	+/9)753               (3.15) 

 

The linear decision function I in the feature space will accordingly be of the form given by 

equation 3.16, 

 
							I(z) = sign	(∑ α6z6. z3.8875)	+/9)753 + b)                   (3.16) 

 

Equation 3.16 represents the dot-product of support vectors denoted by zi and vector z in 

feature space [79]. SVM can also be applied to nonlinear data. SVM uses various kernel 

functions, which are mathematical operations. Kernel functions map low dimension 

samples into a high-dimension feature space, such that an optimum hyperplane can be 

found to deal with the nonlinear data. The various kernel functions like linear, polynomial, 

radial basis function, and sigmoid are used as per characteristics of data. 

 

In SVM, prediction of unseen data is made by considering only the Support Vectors and 

hence the presence of outliers in the training set may not influence the generalization 

accuracy of SVM. It works more effectively in high dimensional spaces. SVM is 

considered an admirable approach for easily divisible classes. SVM performs well for 

binary and multiclass both types of classification. 

 

SVM is not appropriate for the classification of large datasets because its training 

complexity depends on the size of the dataset. SVM doesn’t give satisfactory performance 

in the case of overlapping classes. It is determinant to select optimal values of 

hyperparameters for effective performance.  

 

3.1.7 Experimental Results 

 

Experiments are done on three different scenes of the UMN dataset.  In the experiment 

using a neural network classifier, a feed-forward neural network with one hidden layer 

containing ten nodes is used. The following Figure 3.10 represents the generated pattern 

recognition network for scene - 3. 
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FIGURE 3.10 Generated pattern recognition network for the UMN dataset scene - 3 

The optical flow represents the magnitude and direction for each pixel. Here, the image 

size is 128x128, so the number of optical flow features for a single image is 

16384+16384=32718. After Applying PCA, the number of optical flow features for single 

image is 4282. As mentioned in section 3.1.3 the number of HOG features for a single 

image is 8100. The number of HOG features around detected corners is 792. The total 

number of features given for training is 4282+792=5074. Table 3.1 and Table 3.2 show 

experimental results on the UMN dataset using neural network and linear SVM classifiers, 

respectively with 70% training data and 30% test data. Experiments are done using only 

optical flow, only HOG features, and a combination of both. Whenever HOG and Optical 

flow both features are combined the accuracy is improved.  

TABLE 3.1 Experimental results using neural network 

UMN dataset 
Number of 

images 
HOG Optical flow 

HOG + Optical 

flow 

Scene1  1453  90.9  98.4  98.8 

Scene2  4144  93.24  93.81  94.13 

Scene3  2142  90.34  88.94  90.50 

Average Accuracy  91.49  93.72  94.48 

TABLE 3.2 Experimental results using SVM 

UMN dataset 
Number of 

images 
HOG Optical flow 

HOG + Optical 

flow 

Scene1  1453  79.83  84.36  98.35 

Scene2  4144  97.83  100  100 

Scene3  2142  95.79  99.84  99.69 

Average Accuracy  91.15  94.73  99.35 
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FIGURE 3.11 Performance of HOG and optical flow features using NN and SVM classifiers 

 

Figure 3.11 shows the performance of HOG, optical flow and a combination both features 

using neural network and SVM Classifiers. In the figure, horizontal axis represents features 

and vertical axis represents accuracy percentage. Figure shows that the optical flow 

features give higher accuracy compared to HOG features using both classifiers and 

accuracy is increased by using both features collectively.  

 

3.2 Autoencoder and Optical Flow Based Approach 
 

3.2.1 Autoencoder  

 

The Autoencoder is introduced by Rumelhart et al. [65]. A standard autoencoder 

architecture includes three main components, as shown in Figure 3.12. First, an encoder 

contains a series of layers with the number of nodes in decreasing order and eventually 

reduces to a latent space representation. The second component is latent space 

representation, also known as a bottleneck. This is the lowest possible dimension of the 

input data where information is preserved. The third component is a decoder, which is the 

mirror image of the encoder in which the number of nodes increases in every layer and 

ultimately outputs a similar input. 
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FIGURE 3.12 Autoencoder 

An Autoencoder takes an input x ∈ Rd and first maps it to the latent representation (hidden 

layer) h ∈ Rd’ using the following mapping function.  

 
h = fq = σ( w x + b) where parameters q = { w, b}      (3.17) 

 

The following reverse mapping function is used for reconstructing the input, as shown in 

equation 3.18. 

 
f : y = fq’(h ) = σ( w’h + b’) where parameters q’= { w’, b’}  (3.18) 

 

The parameters w learned from the input layer to the hidden layer create the encoder, and 

the parameters w’ learned from the hidden layer to the output layer define the decoder. The 

decoder parameters are normally related to the parameters in the encoder by w’= wT [66]. 

Training an autoencoder does not require label information of the input data. It uses the 

backpropagation algorithm to minimize the cost function. The cost function, i.e.  

reconstruction error, is mean squared error e between each input xi and the corresponding 

output yi , by adjusting the parameters of the encoder w and the decoder w’, as shown in 

equation-3.19.  

 
e (x , y ) = !" ∑ (x6 − y6)$:

6;<           (3.19) 

 

The highly tuned autoencoder model should be able to reconstruct the same input which is 

given in the first layer. Autoencoders are extensively used with image data for the 

applications like Feature Extraction, Dimensionality Reduction, Image Compression, 

Image Denoising, and Image Generation. Variants of autoencoders are sparse autoencoder, 

variational autoencoder, convolutional autoencoder, stacked autoencoders, etc. In this 

approach, a sparse autoencoder is used. 

 

Input Encoder Decoder Reconstructed 
input 

Latent space 
representation 
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Sparse Autoencoder 

 

A sparse autoencoder is an autoencoder whose training criterion involves a sparsity penalty. 

The loss function is constructed by penalizing activations of hidden layers so that only a 

few nodes are encouraged to activate when a single sample is fed into the network [67]. By 

activating a few nodes at a time, the autoencoder actually learns latent 

representations instead of redundant information in input data. Figure 3.13 represents the 

sparse autoencoder architecture.  

 

                                                  FIGURE 3.13 Sparse autoencoder [68] 

Parameters 

 

Sparsity regularization: The autoencoder tries to learn a function hW,b(x) ≈ x. It tries to 

learn an approximation to the identity function, so the output is similar to the input. The 

identity function looks to be the insignificant function to be trying to learn, but by placing 

constraints on the network, such as by limiting the number of hidden units, interesting 

structure about the data can be found. If the number of hidden units is large, then sparsity 

constraint can be applied.  
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Consider a)*  denotes the activation of hidden unit j in the autoencoder at layer l. The 

average activation of hidden unit j (averaged over the training set) is represented as 

equation-3.20. 

ρj  = 
<
2
∑ a=-2
6;< x6                                  (3.20)   

 

The constraint enforced ρj = ρ where ρ is a sparsity parameter, typically a small value close 

to zero. To achieve this, an additional penalty term can be added, which is known as the 

sparsity regularization term. Many such terms give reasonable results. One such sparsity 

regularization term is the Kullback-Leibler divergence, as shown in equation-3.21. 
 

Ωsparsity = ∑ KL(ρ	||	ρ=)
3#
=;< =∑ ρ log >

>$

3#
=;<  + (1 - ρ) log (<0>)

(<0>$)
         (3.21)  

 

Where, s2 is the number of neurons in the hidden layer, and the index j is summing over the 

hidden units in the network. If ρ and ρj are same, KL (ρ || ρj) is 0; otherwise it increases 

monotonically as ρj  diverges from ρ. 

 

L2 weight regularization: When training a sparse autoencoder, the weights may be 

increased to make the sparsity regularization term small. A regularization term on the 

weights to the cost function is added to prevent this. This term is called the 

L2 regularization term and is defined by equation-3.22. 

 

Ωweights =  
<
$
  ∑ ∑ ∑ (w=6

(-))A
6

2
=

B
-

$
              (3.22) 

 

 
where L is the number of hidden layers, n is the number of observations and k is the 

number of variables in the training data. 

 

Maximum Epochs: It represents the maximum number of training iterations. 

 

3.2.2 The Proposed Approach 

 

As shown in the Figure 3.14, two types of features are extracted from the input image, one 

is features extracted by autoencoder, and the other is optical flow features. Here, only the 

encoder part of the sparse autoencoder is used which extracts features from the input 

image. As discussed in section- 3.1.4, optical flow features are extracted from the input 
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image and PCA is applied to reduce dimensionality. Finally, the feature vector that 

contains features extracted from the encoder and optical flow features is given as input to a 

neural network that classifies the image as normal or abnormal. 

 

 

 

 

 

   
      Features extracted by  

                        encoder 
 

 

 

 

 

                                

    

 

 
           FIGURE 3.14 Autoencoder and optical flow based approach 

 

3.2.3 Implementation Details and Experimental Results 

 

The optical flow represents the magnitude and direction for each pixel. Here, the image 

size is 128x128, so the optical flow features for a single image are 16384+16384=32718. 

After Applying PCA, the number of optical flow features for a single image of scene - 1 is 

2904. In this experiment, a sparse autoencoder with 100 nodes is used, so the number of 

features extracted by the encoder is 100. So final feature vector of the image contains 3004 

features. The set parameter values are as follows.  

Sparsity regularizer : 1 

L2 weight regularizer : 0.001  

Maximum Epochs : 100 

Video frames 128x128x1 

  

Autoencoder 
 

Extraction of optical flow features 

 

 
Principal Component 

Analysis 

 

Neural Network 

Category classification 

  

Abnormal event Normal event 



 Approaches Based on Machine Learning Algorithms 

 39 

 The experiment is performed on three different scenes of the UMN dataset for 80% 

training and 20% test data. Figure 3.15 shows the extracted features by the encoder from a 

sample image of scene - 1. The features with labels are given as input to a simple feed-

forward neural network which contains one hidden layer with ten nodes. Figure 3.16 

represents the generated pattern recognition network for scene - 1. 

 

 
FIGURE 3.15 Features extracted by autoencoder 

 

 
FIGURE 3.16 Generated pattern recognition network for the UMN dataset scene - 1 

 

The achieved accuracy is 100%, and the AUC value is 1. Table 3.3 shows the confusion 

matrix for the proposed approach using the UMN dataset. To prove that the combination of 

both features improves performance,  three experiments are done, i.e. using only optical 

flow, using only features extracted by an encoder and using a combination of both. Using 

only optical flow, the achieved average accuracy of three scenes is 96.7%. The achieved 

average accuracy using only features extracted by the encoder is 84.7%. Whenever both 

features are combined, 100% accuracy is obtained. The experiments are also carried out 

using 70% training and 30 % test data and for that also each image is classified correctly. 
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Table 3.3 Confusion matrix for the UMN dataset 

Tr
ue

 c
la

ss
 

 

Predicted class 

Scene - 1 Scene - 2 Scene - 3 

Abnormal Normal Abnormal Normal Abnormal Normal 

Abnormal 34 0 169 0 18 0 

Normal 0 256 0 658 0 410 

 

 
FIGURE 3.17 Performance of optical flow and AE features using neural network classifier 

 

Figure 3.17 shows the performance of optical flow, autoencoder features and a 

combination of both features using neural network Classifier. In the figure, horizontal axis 

represents features and vertical axis represents the accuracy percentage. Optical flow 

features give higher accuracy compared to features extracted by autoencoder but when 

both features are used combinedly then 100% accuracy is achieved. 

 
3.3 Comparison of the Proposed Approaches 

 

Figure 3.18 shows the comparison of HOG and optical flow based approach with 

autoencoder and optical flow based approach using neural network classifier. In the figure 

horizontal axis represents approaches and vertical axis represents the accuracy percentage. 

Figure represents that autoencoder and optical flow based approach performs better than 

HOG and optical flow based approach. 
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FIGURE 3.18 Performance of the proposed approaches using neural network classifier 

3.4 Concluding Remarks 

This chapter represents two approaches based on supervised machine learning algorithms 

for abnormal event detection in a crowd scene. The experiments are done using UMN 

dataset. In the first approach, HOG and Optical flow features are used with neural network 

and SVM classifiers. Using only HOG features the achieved accuracy is  91.49% with 

neural network classifier and 91.15% with SVM classifier. Using only optical flow  

features the achieved accuracy is  93.72% with neural network classifier and 94.73% with 

SVM classifier. A combination of HOG and optical flow features gives higher accuracy 

compared to the individual one using both classifiers. It gives 94.48% accuracy using 

neural network and 99.35% accuracy using SVM classifier. 

The second approach is based on autoencoder and optical flow. The encoder component of 

autoencoder extracts features from the input image and optical flow represents motion 

information. In this approach neural network is used as a classifier. Using features 

extracted by encoder, the achieved accuracy is  84.7%. Using optical flow features, the 

achieved accuracy is  96.7%. A combination of both features gives higher accuracy 

compared to the individual one. It gives 100% accuracy and AUC value 1. 

The comparison between these two methods is also shown in terms of accuracy. The 

approach based on autoencoder and optical flow performs better than the approach based 

on HOG and optical flow. 
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CHAPTER - 4 

Approaches Based on Supervised 

Deep Learning Algorithms 

4.1 Introduction 

Deep learning is a subset of machine learning inspired by the working of the human brain. 

Human brain interprets the information, labels it and assigns it into various categories. 

When new information is provided to the brain, it compares with the existing information, 

does analysis and arrives at a conclusion. Deep learning is based on numerous layers of 

algorithms, i.e. artificial neural networks, each providing a different interpretation of the 

data that’s been fed to them [69]. 

The word “deep” typically points out the number of hidden layers in the neural network. 

Usually, the traditional neural networks have only two-three hidden layers since deep 

neural networks can have many layers like more than 100 layers. The traditional neural 

network requires manual feature extraction, while the deep neural network model is trained 

with raw data, as various features are extracted automatically at different layers. So it 

requires a large amount of labelled data to learn itself. 

FIGURE 4.1 Performance evaluation for deep learning and machine learning algorithms [69] 
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Deep learning gives much more accuracy than other feature extraction-based classifiers for 

a large amount of data. So, as dataset size increases, the performance of a deep neural 

network also increases. Figure 4.1 shows the performance of deep learning vs older 

machine learning algorithms. 

This chapter presents three proposed supervised deep learning-based approaches in detail. 

(1) Stacked Autoencoder based approach (2) Convolutional Neural Network based

approach and (3) CNN-LSTM based approach.

4.2   Stacked Autoencoder Based Approach 

4.2.1 Stacked Autoencoder 

The stacked autoencoder is a neural network in which hidden layers are trained by an 

unsupervised method and then fine-tuned by a supervised manner. A stacked autoencoder 

consists of several layers of sparse autoencoders where the output of each hidden layer is 

connected to the input of the successive hidden layer. Stacked autoencoder mainly consists 

of following steps [67]. First, the autoencoder is trained using input data and acquiring the 

learned data. Second, the learned data from the previous layer is used as an input for the 

next layer and this continues until the training is completed. Finally, once all the hidden 

layers are trained, the backpropagation algorithm is used to minimize the cost function, and 

weights are updated with the training set to achieve fine-tuning. 

The contemporary advancement in stacked autoencoder is that it provides a version of raw 

data with much detailed and useful feature information, which is used to train a classifier 

with a determined context and find better accuracy than training with raw data. 

4.2.2 The Proposed Approach 

The main objective of using a stacked autoencoder is to train a deep neural network by 

training one layer at a time. Figure 4.2 represents the proposed approach. Here, two sparse 

autoencoders are used, one with 100 nodes and the other with 50 nodes. Like the approach 
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discussed in section 3.2, in this approach also, only encoder components of autoencoders 

are used. 

First, training images are given to autoencoder1, which contains 100 nodes. The features 

extracted by encoder1 are provided as input to autoencoder2, including 50 nodes. The 

number of nodes in the second autoencoder is decreased so that its encoder learns a smaller 

representation of the input data. The features extracted by encoder2 are given as input to 

the softmax layer with labels. Then both encoders are stacked with a softmax layer to form 

a stacked network. This network is fine-tuned by retraining it on the training data in a 

supervised manner as shown in Figure 4.2. 

FIGURE 4.2  Stacked autoencoder based approach 

Input image 64x64 

Autoencoder1 

Features  extracted by encoder1 

Autoencoder2 

Features  extracted by encoder2 

Softnet (trained softmax layer) 

Stack encoder1 and encoder2 with softmax layer 

Classify test data 

Apply back propagation on the whole multilayer network for  fine tuning 

Classify test data 
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4.2.3 Experimental Results 

Figure 4.3 shows the generated stacked network diagram. Here the input image size is 

64x64=4096. The features extracted by encoder1 and encoder2 are 100 and 50, 

respectively. Table 4.1 shows experimental results on various datasets with 80% training 

and 20% test data except for the UCFCrime2Local dataset. For the UCFCrime2Local 

dataset, experiments are done as per the given train-test split and for abnormality detection, 

all six events except for Normal are considered abnormal events. Table 4.2 represents the 

confusion matrices for the same. This method gives adequate performance on all 

datasets except for  UCFCrime2Local dataset as it is weakly labelled complex dataset. 

FIGURE 4.3 Generated stacked network 

TABLE 4.1 Experimental results for abnormal event detection using stacked autoencoder 

Dataset 
Number of 

images 
Accuracy (%) Area Under Curve  

UMN  7003  96.9  0.9079 

UCSDPed1  14000  98.6  0.9811 

Violent Flows  21800  93.1  0.9269 

Subway Entrance  143996  99.6  0.9586 

UCFCrime2Local  251151  81.4  0.5229 

TABLE 4.2 Confusion matrices for various datasets using stacked autoencoder 
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4.3 Convolutional Neural Network Based Approach 

4.3.1 Convolutional Neural Network 

Convolutional neural network (CNN) is one of the variants of traditional artificial neural 

networks mostly used for feature extraction and classification of image and video data. It is 

a deep learning algorithm that can take an image as an input, assign importance in terms of 

learnable weights and biases to various aspects/objects in the image, and differentiate one 

from the other. The convolutional neural network is also known as ConvNet. The basic 

idea of convolutional neural network was first proposed in 1989s by Yann LeCun [70], 

then after various researchers further improved it. 

Figure 4.4 shows the basic architecture of CNN for object recognition. The architecture is 

divided into two parts, feature learning and classification. Layers used in feature learning 

are repeated combinations of the convolutional, activation, and pooling layers. In the 

classification layer, the output of the previous layers is mostly flattened and fed into the 

fully connected layer. A fully connected layer has the number of neurons equal to the 

number of classes or categories into which data is classified at the end. 

FIGURE 4.4 CNN architecture for object classification [81] 

CNN contains a sequence of various layers with tuned parameters and hyperparameters. 

The main layers of CNN architecture are as follows. 

• Input Layer: It is designed to input raw data to the model. Colour or grayscale

images are given as input.

• Convolution Layer: It computes a dot product between the input image patch and

the filter and gives the output volume based on input. It extracts various features
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from the image like edges, colour, gradient orientation etc. This operation provides 

two types of results, one in which the convolved feature is reduced in 

dimensionality as compared to the input, and the other in which the dimensionality 

is either increased or remains the same. To get increased or the same dimensionality, 

padding is applied. 

• Activation function layer: The output of the convolution layer is fed to this layer

which applies a specific activation function to input. There are different activation

functions like ReLU (Rectified Linear Unit), tanh, sigmoid etc. ReLU is the most

widely used activation function in CNN.

• Pooling layer: This layer reduces the spatial size of the convolved features so that

less computational power is required to process the data. It is used to extract

dominant features, which are rotational and positional invariant. There are two

types of pooling: Max pooling and Average pooling. Max pooling returns

the maximum value from the image portion covered by the filter. Average

pooling produces the average of all the values from the image portion covered by

the filter.

• Fully connected layer: It gives computed 1-D array class scores from the input

received, which are used to classify data using the softmax classification technique.

• Batch normalization layer: Batch normalization is a technique for training very

deep neural networks that standardizes the inputs to a layer for each mini batch.

• Softmax layer: The softmax function calculates relative probability. The input

values can be positive, negative, zero, or greater than one. The softmax transforms

them into values between 0 and 1 to be interpreted as probabilities.

• Dropout layer: It is a method to avoid a few randomly chosen neurons in the

training of CNN. These neurons do not contribute to developing the model. This

approach is used to reduce overfitting and make the model generalized.

In this research work, two types of experiments are performed. One in which transfer 

learning is used and the other in which a new CNN model is developed from scratch. Both 

are discussed in detail as follows.  
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4.3.2 Transfer Learning Approach 

The reuse of a previously learned model for solving a new problem is known as transfer 

learning. The significant advantages of transfer learning are less training time and the 

absence of a large amount of data. As the model has been pre-trained, a small amount of 

data is required in training, so it takes less time. Pre-trained network can be used in two 

ways. One is last few layers are retrained as per requirements, and the other is it can be 

used for only feature extraction, and those features are given as input to another classifier.  

Although it has achieved good results in many cases, it is not appropriate for all 

applications because it is hard to know how much the previous training process helps. In 

addition, only retraining the last few layers cannot guarantee the best results because 

categories for source training data are generally different and the semantic representations 

in the higher layer are relative to the training categories. Therefore, using the highly 

specific semantic representation in the new recognition task is not worthy.  

Transfer learning is typically used in Computer Vision and Natural Language Processing 

tasks. Pretrained networks are trained on large datasets like the ImageNet, which consists 

of more than a million images classified into many classes. The various pre-trained CNN 

architectures like LeNet, AlexNet, VGGNet, GoogLeNet, ResNet, ZFNet etc. are used by 

different researchers for transfer learning.  

4.3.2.1 GoogLeNet Architecture 

In this work, GoogLeNet [71] architecture is used. GoogLeNet was proposed by research 

at Google in 2014. It was a winner at the ILSVRC 2014 image classification challenge. It 

has reported less error rate compared to AlexNet and ZF-Net. The GoogLeNet network is 

trained on the ImageNet dataset and classifies 1000 objects such as keyboard, mouse, 

pencil, and many animals. It contains an inception module in which 1x1, 3x3, 5x5 

convolution and 3x3 max pooling are performed in a parallel way at the input, and its 

outputs are stacked together to generate the final output. Because of different sizes of 

convolution filters, the model can handle multiple scale objects preciously. Table  4.3 

represents GoogLeNet architecture which is 22 layers deep. It takes 224x224 RGB colour 

images as input.  
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TABLE 4.3 GoogLeNet architecture 

Operation Filter size Number of filters Stride Output size 

convolution 7x7 64 2 112x112x64 

max pool 3x3 2 56x56x64 

convolution 3x3 192 1 56x56x192 

max pool 3x3 2 28x28x192 

inception (3a) 28x28x256 

inception (3b) 28x28x480 

max pool 3x3 2 14x14x480 

inception (4a) 14x14x512 

inception (4b) 14x14x512 

inception (4c) 14x14x512 

inception (4d) 14x14x528 

inception (4e) 14x14x832 

max pool 3x3 2 7x7x832 

inception (5a) 7x7x832 

inception (5b) 7x7x1024 

Avg pool 7x7 1 1x1x1024 

dropout (40%) 1x1x1024 

fully connected 1x1x1000 

softmax 1x1x1000 

classification output 1000 

4.3.2.2 Implementation Details and Experimental Results 

In a convolutional neural network, lower layers represent low-level features such as edges, 

textures, colours etc., whereas higher layers represent high-level semantic features such as 

objects or parts of objects. Most of the time, low level features represent similar 

information in many cases. Compared to low-level features, the high-level features are not 

the same for different categories of objects. Due to this fact, any good method used for 

transfer learning should have the ability to learn features that are common and tune the 

high-level features according to the categories of the target. The last few layers must be 

altered as per requirements, like number of classes. 

The transfer learning approach using a pre-trained network is a significantly faster and 

easy way of training. To carry out the transfer learning approach, all the pre-trained 
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GoogLeNet network layers were kept as they are, except the last three layers: fully 

connected layer, softmax layer and classification output layer. These three layers are 

altered because in our experiments, only two categories are required Normal and Abnormal 

instead of 1000.  The set parameters are as follows.  

Optimizer: SGDM 

Initial Learn Rate: 0.01 

Maximum epochs: 50 

Batch size: 64 

FIGURE 4.5 ROC curve for the UMN dataset using GoogLeNet architecture 

Here, the experiment is done using the UMN dataset, for which 86.21% accuracy and 

0.9487 AUC value is achieved for 80% training and 20% test data. Figure 4.5 shows the 

ROC curve for the same. 

4.3.3 The Proposed CNN Architectures 

The performance of transfer learning was not sufficient for the small and simple dataset, 

so there is a need to develop a new CNN model from scratch to detect and classify 

abnormal events in surveillance scenes. To develop a new model, the experiments were 

started with small architecture, and by deep analysis of the performance, the final model is 

proposed. Two CNN models are developed as a result of various experiments using 

different datasets. The first one is a small architecture that performs well on small datasets, 

but it does not give acceptable results for complex and large datasets. So, another 

architecture is developed, which is deeper than the proposed first architecture and smaller 

than GoogLeNet. It gives excellent results on all the mentioned datasets.   
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4.3.3.1 CNN Architecture1 

To develop a new CNN model, initial experiments were started with small architecture 

containing fewer layers and filters. In the proposed CNN Architecture1, Fourteen layers 

are used as described in Table 4.4. The proposed Arhitecture1 is shown in Figure 4.6. 

 

FIGURE 4.6 The proposed CNN Architecture1 

TABLE 4.4 CNN Architecture1 

Sr No Layer name Operation Description 

1. 'input' Image input 128×128×3 images with 'zerocentre' 

normalization 

2. ‘conv_1' Convolution 64 5×5×3 convolutions with stride [1  1] and 

padding 'same' 

3. 'bn_1' Batch normalization Batch normalization with 64 channels 

4. 'relu_1' ReLU ReLU 

5. 'conv_2' Convolution 32 3×3×64 convolutions with stride [1  1] and 

padding 'same' 

6. 'bn_2' Batch normalization Batch normalization with 32 channels 

7. 'relu_2' ReLU ReLU 

8. 'conv_3' Convolution 32 3×3×32 convolutions with stride [1  1] and 

padding 'same' 

9. 'bn_3' Batch normalization Batch normalization with 32 channels 

10. 'relu_3' ReLU ReLU 

11. 'avgpool' Average pooling 2×2 average pooling with stride [2  2] and 

padding [0  0  0  0] 

12. 'fc' Fully connected 2 fully connected layer 

13. 'softmax' Softmax softmax 

14. 'classOutput' Classification output crossentropyex with classes 'Abnormal' and 

'Normal' 
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In CNN, features are extracted by convolution operation on the input image. The size of 

the input image is taken 128x128x3. To extract large objects, filter size should be large, 

and to detect small objects, filter size should be small. So initially, filter size is taken 5x5, 

then decreased to 3x3 in deeper convolution operation. 

Here three convolution layers are used. For each convolution layer, zero padding is set 

such that the output size of the image remains the same as input size. For each convolution 

layer, biases and weights are initialized with the Glorot initializer [72]. Glorot et al. [72] 

studied how activations and gradients varied across layers and during training and 

proposed a new initialization scheme that brings substantially faster convergence. So, as 

per [72], biases are initialized to be 0 and the weights Wij with the following commonly 

used heuristic: Wij ∼ U [ !
√#
, !
√#

] where U[−a, a] is the uniform distribution in the interval 

(−a, a) and n is the size of the previous layer.

The particular neuron would fire, or not that can be decided by the use of activation 

function. Here, Rectified Linear Unit (ReLU) is used as an activation function. ReLU is a 

piecewise linear function that will output the input directly if it is positive. Otherwise, it 

will output zero.  In CNN, ReLU is a commonly used activation function because it does 

not activate all neurons simultaneously. It is defined as y = max (0, x). It converts all 

negative inputs to zero. This makes it mathematical operative as few neurons are activated 

every time. ReLU converges faster than other activation functions. It doesn't use complex 

math; therefore, the model takes less time to be trained. Convolutional layers encapsulate 

the presence of features in an input image. The output feature maps are easily affected by 

the position of the features in the input. They can be more robust to changes in the location 

of the feature in the image by down-sampling. Pooling layers come up with a technique to 

down-sampling feature maps by sum up the appearance of features in patches of the feature 

map. In the proposed Architecture1, one average-pooling layer is used, which  summarizes 

the average presence of a feature. Average pooling layer is used with pool size 2 and stride 

(Step size for traversing the input vertically and horizontally) 2. 

To train a deep neural network is a very challenging task because the input from previous 

layers can alter after each mini-batch, when weights are updated. Batch normalization is a 
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technique to standardize the inputs to a layer for each mini-batch. Batch normalization 

normalizes the input values to have a mean of zero and a variance of one by the following 

formula. û = $%&'(# = $%-[$]		.	Because of it, the learning process becomes stabilized, 

and the required number of training epochs can be reduced. Lower learning rate slows the 

model training. By use of batch normalization layer, the learning rate can be initialized 

with high value. Batch normalization reduces generalization error and fulfils the goal of 

using the dropout layer so that dropout can be removed or its occurrences can be reduced. 

Like this, it accelerates training. So here batch normalization layer is used after each 

convolution layer. 

A non-adaptive optimizer can outperform adaptive optimizers, but only at the cost of a 

significant amount of training time to perform hyperparameter tuning [73]. So, here a non-

adaptive optimizer, Stochastic Gradient Descent (SGD) is used with momentum 0.9, 

L2Regularization 1.0000e-04 and Gradient Threshold Method L2norm.  

To generate a successful model, various parameters are tuned like Number of layers, Order 

of layers, Number of filters, Filter size, Initial learning rate, Learning rate drop factor, 

Learning rate drop period, Epochs and Batch Size. Learning rate is the most crucial 

parameter for model building. It specifies how fast the network learns. Generally, its value 

lies between 0 to 1. 

Experimental Results 

In the proposed Architecture1, three convolution layers are used with a different number of 

filters. For convolution layer one, two and three, 64, 32 and 32 filters are applied for each 

input image, respectively. Initial filter size is taken 5x5, then decreased to 3x3. The 

features learned by the network can be seen by comparing areas of activation with the 

original image. 

For the Architecture1, experiments are done using the UMN and Airport-WrongDir 

datasets. The extracted features are shown in Figure 4.7. The Figure represents input image 

and the largest activation at each convolution layer. The learning way of the network can 

be recognized by identifying features in this manner. In the experiments, the parameters 

are tuned as follows. 
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Optimizer : SGDM 

Initial Learning Rate : 0.01 

Learning Rate Drop Factor : 0.2 

Learning Rate Drop Period : 5 

Number of Epochs : 20 

Batch size : 100. 

(a) UMN dataset (b) Airport Wrong-Dir dataset
Convolution layer – 1 

(a) UMN dataset (b) Airport Wrong-Dir dataset
Convolution layer – 2 

(a) UMN dataset (b) Airport Wrong-Dir dataset
Convolution layer - 3 

FIGURE 4.7 The Largest activation at each convolution layer using CNN Architecture1 

      TABLE 4.5 Experimental results using CNN Architecture1 

Dataset Number of 
Images Accuracy (%) Area Under 

Curve 
UMN 7003 99.64 0.9999 
Airport-
WrongDir 2392 97.28 0.9774 

For the UMN dataset, accuracy and loss for training become stable after two epochs, and 

for the Airport-WrongDir dataset, they become stable after four epochs. The experiments 
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are done for 80% training and 20% test data. Table 4.5 shows experimental results. Figure 

4.8 shows the ROC curves using both datasets. 

(a) ROC curve for UMN dataset (b) ROC curve for Airport-WrongDir dataset

FIGURE 4.8 ROC curves using CNN Architecture1 

As these two datasets are simple and have few images, the proposed Architecture1 gives 

good results. For other complex datasets, the achieved results were not satisfactory. So the 

other model is developed i.e. CNN Architecture2, as follows. 

4.3.3.2 CNN Architecture2 

Figure 4.9 represents the proposed CNN Architecture2. In this model, twenty layers are 

used as described in Table 4.6. The size of the input image is taken 128x128. For colour 

images, the input layer size is 128x128x3, and for grayscale images, the size is 128x128x1. 

In the proposed model, four convolution layers are used. For each convolution layer, zero 

padding is set such that the output size of the image remains the same as the input size. 

Biases and weights are initialized with the Glorot initializer for each convolution layer.  

For initial convolution operation, fewer large size filters are used to extract coarse details. 

Then sequentially, the filter size is decreased, and the number of filters is increased to 

extract fine details. Initially, 16 filters of size 11x11 are taken for the first convolution 

layer. ReLU is used as an activation function. After applying the activation function, the 

max-pooling layer is used, which summarizes the maximum presence of a feature. The 

max pooling layer is used with pool size 2 and stride 2, So now the image size is 64x64. 



Approaches Based on Supervised Deep Learning Algorithms 

56 

 

FIGURE 4.9 The proposed CNN Architecture2 

During the study of CNN, it was found that few researchers [53] use batch normalization 

before the non-linearity, i.e. ReLU layer, and few researchers reported that adding batch 

normalization after the non-linearity improves accuracy [54, 55]. Here experiments are 

done using both architectures, and almost identical results are obtained on all datasets.  So, 

the batch normalization layer is used after the max pooling layer in the proposed 

architecture. The same process is repeated three times with 32 filters of size 7x7, 64 filters 

of size 5x5 and again 64 filters of size 5x5, respectively. 

Different researchers have various opinions about the use of the dropout layer. In [73], 

authors have reported that accuracy is decreased significantly by using the dropout layer. It 

should be used carefully to design CNN, as It cannot give better results in each application. 

At the same time, [74] shows dropout helps accuracy. As dropout is the one way to remove  

overfitting of the model, In this work, various experiments with the proposed Architecture2 

are done like (1) No dropout, (2) single dropout before fully connected layer and (3) one 

dropout layer after each batch normalization layer. Significant variation is not found in all 

three cases for the experiments using the reported datasets. As batch normalization fulfils 

the goal of using dropout, it is not included in the proposed architecture. 

Like Architecture1, here also a non-adaptive optimizer, Stochastic Gradient Descent 

(SGD), is used with momentum 0.9, L2Regularization 1.0000e-04 and gradient threshold 

method L2norm. The initial learning rate is taken 0.01. 
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TABLE 4.6 CNN Architecture2 

Sr No Layer name Operation Description 

1. ‘input’ Image input 128×128×3 images with 'zerocentre' normalization 

2. ‘conv_1’ Convolution 
16 11×11×3 convolutions with stride [1  1] and padding 

'same' 

3. ‘relu_1’ ReLU ReLU 

4. ‘maxpool_1’ Max pooling 2×2 max pooling with stride [2  2] and padding [0  0  0  0] 

5. ‘bn_1’ 
Batch 

normalization 
Batch normalization with 16 channels 

6. ‘conv_2’ Convolution 
32 7×7×16 convolutions with stride [1  1] and padding 

'same' 

7. ‘relu_2’ ReLU ReLU 

8. ‘maxpool_2’ Max pooling 2×2 max pooling with stride [2  2] and padding [0  0  0  0] 

9. ‘bn_2’ 
Batch 

normalization 
Batch normalization with 32 channels 

10. ‘conv_3’ Convolution 
64 5×5×32 convolutions with stride [1  1] and padding 

'same' 

11. ‘relu_3’ ReLU ReLU 

12. ‘maxpool_3’ Max pooling 2×2 max pooling with stride [2  2] and padding [0  0  0  0] 

13. ‘bn_3’ 
Batch 

normalization 
Batch normalization with 64 channels 

14. ‘conv_4’ Convolution 
64 5×5×64 convolutions with stride [1  1] and padding 

'same' 

15. ‘relu_4’ ReLU ReLU 

16. ‘maxpool_4’ Max pooling 2×2 max pooling with stride [2  2] and padding [0  0  0  0] 

17. ‘bn_4’ 
Batch 

normalization 
Batch normalization with 64 channels 

18. ‘fc’ Fully connected 2 fully connected layer 

19. ‘softmax’ Softmax softmax 

20. ‘classOutput’ 
Classification 

output 
crossentropyex with classes 'Abnormal' and 'Normal' 

In the proposed Architecture2, four convolution layers are used with different channels. 

For convolution layer - 1, 2, 3 and 4, there are 16, 32, 64 and 64 activation channels for 

each input image, respectively. The features learned by the network can be seen by 

comparing areas of activation with the original image. The simple features like colour, 

edges etc., can be learned by the earlier layer channels, while the deeper layer channels can 
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learn the complex features. The learning way of the network can be recognized by 

identifying features in this manner. 

Experimental Results 

The crucial experiments are done using UMN, UCSDPed1, Violent Flows, Subway 

Entrance and UCFCrime2Local datasets with different partitions of data. The Airport-

WrongDir dataset is not widely used by different researchers. To compare the performance 

with Architecture1, experiment is done using this dataset with 20% test data. The 

experiments are also done using the combined dataset containing all images of four 

different datasets, i.e. UMN, UCSDPed1, Violent Flows and Subway Entrance.  

(a) UMN (b) UCSDPed1 (c) Violent Flows (d) Subway Entrance

Convolution layer - 1 

(a) UMN (b) UCSDPed1 (c) Violent Flows (d) Subway  Entrance

Convolution layer - 2 

(a) UMN (b) UCSDPed1 (c) Violent Flows (d) Subway  Entrance

Convolution layer - 3 

(a) UMN (b) UCSDPed1 (c) Violent Flows (d) Subway  Entrance

Convolution layer - 4 

FIGURE 4.10 The largest activation at each convolution layer using CNN Architecture2 
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For the four mentioned datasets UMN, UCSDPed1, Violent Flows, and Subway Entrance, 

experiments are done using non-stratified holdout validation with two combinations, (i) 

80% training data and 20% test data (ii) 70% training data and 30% test data. The 

experiments are also carried out with k fold cross-validation, where the value of k is taken 

10. The datasets have enough video frames for a deep learning based approach and are also 

easily handled with a CPU.

The images of all datasets are resized to 128 x 128. The same proposed model with the 

same tuning parameters gives excellent performance on UMN, UCSDPed1, Violent Flows, 

and Subway Entrance datasets. It also provides outstanding results on the combined 

dataset. As here, the features are extracted by the CNN model,  the activation of 

convolution and pooling layers represent somewhat information about the learned features 

like edges, corners, intensity etc. Figure 4.10 represents the most significant activation of 

each of the four convolution layers for an image of various datasets. The Figure represents 

input image and the largest activation at each convolution layer. In the activation channel 

image, strong positive and negative activations are represented by white and black pixels, 

respectively. The pixel position in the activation of a channel correlates with the pixel 

position in the original image. 

Figure 4.11 shows the training progress of the CNN model for the UMN dataset with 80% 

training data. This Figure is helpful to observe the progress of the model training. By this 

Figure, improvement in network training accuracy at each epoch and underfitting or 

overfitting (if exists) can be monitored. Here 80% of data is taken for training, and 20% of 

data is taken for validation to observe the correlation between training and validation data 

at each iteration. If training accuracy is higher than validation/test accuracy, then 

overfitting can be considered, and if training accuracy is lower than validation/test 

accuracy, then underfitting can be considered. The Figure represents two graphs, Accuracy 

vs Iterations and Loss vs Iterations. The Figure displays training and validation metrics at 

every iteration with solid and dotted lines, respectively. Each iteration is an estimation of 

the gradient and an update of the network parameters. The curves of accuracy and loss for 

training data correlate with the curves of accuracy and loss for validation data, 

respectively. This Figure is represented here just to show that the proposed model neither 

overfits nor underfits; otherwise the validation set is not used in other experiments. 
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Figure 4.12 shows the training progress of the proposed model using the combined dataset 

with 80% training data. For all experiments, the number of epochs is taken 5. For all 

datasets, test accuracy is similar to train accuracy, and after two epochs, accuracy and loss 

both become stable. So, it can be concluded that the proposed model works perfectly. 

FIGURE 4.11 Training progress of CNN Architecture2 using the UMN dataset 

FIGURE 4.12 Training progress of CNN Architecture2 using the combined dataset 
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The proposed Architecture2 is used in two ways. In the first method, the CNN model is 

used for feature extraction as well as for classification. So after the fully connected layer, 

the classification layer is used to classify an image as normal or abnormal. In the second 

method, the CNN model is used to extract features, and SVM is used for classification. The 

extracted features by the CNN model are used to train the linear SVM classifier. CNN and 

SVM both classifiers almost give the identical results. Table 4.7 represents experimental 

results with 80% training data and 20% test data. Table 4.8 represents experimental results 

with 70% training data and 30% test data.  

TABLE 4.7 Experimental results using CNN Architecture2 with 20% test data 

Dataset Number of 
images 

Accuracy (%) Area Under Curve 

Classification 
by CNN 

Feature 
extraction by 
CNN & 
classification 
by SVM 

Classification 
by CNN 

Feature 
extraction by 
CNN & 
classification 
by SVM 

UMN 7003 99.50 99.43 0.9999 0.9991 
UCSDPed1 14000 99.89 99.89 1 0.9995 
Violent 
Flows 21800 99.86 99.95 1 1 

Subway 
Entrance 143996 99.99 99.99 1 1 

Combined 
dataset 186799 99.79 99.88 1 0.9999 

Airport-
Wrong Dir 2393 97.70 98.33 0.9909 0.9909 

TABLE 4.8  Experimental results using CNN Architecture2 with 30% test data 

Dataset Number of 
images 

Accuracy (%) Area Under Curve 

Classification 
by CNN 

Feature 
extraction by 
CNN & 
classification 
by SVM 

Classification 
by CNN 

Feature 
extraction by 
CNN & 
classification by 
SVM 

UMN 7003 99.29 99.0 1 1 
UCSDPed1 14000 99.81 99.81 0.9997 0.9993 
Violent 
Flows 21800 85.47 83.64 0.9413 0.9244 

Subway 
Entrance 143996 75.23 74.61 0.6319 0.6436 

Combined 
dataset 186799 94.48 93.47 0.9531 0.9501 
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Whenever the dataset is split into train and test set, the model's performance depends on 

the images which are used for training and testing. K-fold cross-validation gives accurate 

results, as all combinations of training and test set are considered for experiments. For 10-

fold cross-validation, the whole dataset is split into ten groups. One by one, each group is 

taken as test data, and the remaining nine groups are taken as training data. So the whole 

execution process is done ten times. Then the average performance is considered as the 

final performance.  This method gives actual performance rather than simply partition of 

data as 90% training and 10% testing. Table 4.9 represents experimental results with 10-

fold cross-validation for each dataset. 

TABLE 4.9 Experimental results using CNN Architecture2 with 10-fold cross-validation 

Dataset Number of 
images 

Accuracy (%) Area Under Curve 

Classification 
by CNN 

Feature 
extraction by 
CNN & 
classification 
by SVM 

Classification 
by CNN 

Feature 
extraction by 
CNN & 
classification by 
SVM 

UMN 7003 99.1860 99.4573 0.9991 0.9994 
UCSDPed1 14000 86.4929 88.9571 0.9455 0.9437 
Violent 
Flows 21800 99.50 99.5459 0.9996 0.9986 

Subway 
Entrance 143996 99.3291 99.5055 0.9967 0.9969 

Combined 
dataset 186799 98.78 98.9122 0.9976 0.9978 

Figure 4.13 and Figure 4.14 represent the ROC curves for the combined dataset using CNN 

and SVM classifiers with 20% test data and 30% test data, respectively. Figure 4.15 

represents the ROC curves for the combined dataset using CNN and SVM  classifiers with 

10-fold cross-validation.

(a) Using CNN classifier (b) Using SVM classifier

FIGURE 4.13 ROC curves for the combined dataset with 20% test data 
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(a) Using CNN classifier (b) Using SVM classifier

FIGURE 4.14 ROC curves for the combined dataset with 30% test data 

(a) Using CNN classifier (b) Using SVM classifier

FIGURE 4.15 ROC curves for the combined dataset with 10-fold cross-validation 

Confusion matrix illustrates the comparison of the values like true positive, false positive, 

true negative and false negative. Table 4.10 and Table 4.11 represent the confusion 

matrices for the four datasets using CNN and SVM classifiers, respectively, with 20% test 

data. Similarly, Table 4.12 and Table 4.13 represent the confusion matrices with 30% test 

data, and Table 4.14, and Table 4.15 represent the confusion matrices with 10-fold cross-

validation. 

Here Ab and N represent the abnormal and the normal class labels, respectively. For 20% 

and 30% test data, the confusion matrix represents the number of test data images. For 10-

fold cross-validation, the experiment is done 10 times and the cumulative matrix is the 

final confusion matrix so it represents the total number of images of the dataset. 
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TABLE 4.10 Confusion matrices for various datasets using CNN classifier with 20% test data 

Tr
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Predicted class 

UMN UCSDPed1 Violent Flows 
Subway 

Entrance 

Combined 

dataset 

Ab N Ab N Ab N Ab N Ab N 

Ab 224 3 808 1 2463 5 751 1 4243 13 

N 4 1169 2 1989 1 1891 3 28044 65 33038 

TABLE 4.11 Confusion matrices for various datasets using SVM classifier with 20% test data 
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Predicted class 

UMN UCSDPed1 Violent Flows Subway 
Entrance 

Combined 
dataset 

Ab N Ab N Ab N Ab N Ab N 

Ab 224 3 808 1 2466 2 751 1 4229 27 

N 5 1168 2 1989 - 1892 1 28046 18 33085 

TABLE 4.12 Confusion matrices for various datasets using CNN classifier with 30% test data 
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Predicted class 

UMN UCSDPed1 Violent Flows Subway 
Entrance 

Combined 
dataset 

Ab N Ab N Ab N Ab N Ab N 

Ab 341 - 1212 2 3126 576 285 843 4141 2243 

N 15 1745 6 2980 374 2464 9857 32214 852 48803 

TABLE 4.13 Confusion matrices for various datasets using SVM classifier with 30% test data 
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Predicted class 

UMN UCSDPed1 Violent Flows Subway 
Entrance 

Combined 
dataset 

Ab N Ab N Ab N Ab N Ab N 

Ab 341 - 1212 2 2992 710 329 799 4817 1567 

N 21 1739 6 2980 360 2478 10171 31900 2029 47563 

TABLE  4.14 Confusion matrices for various datasets using CNN classifier with 10-fold cross-validation 
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Predicted class 

UMN UCSDPed1 Violent Flows Subway 
Entrance 

Combined 
dataset 

Ab N Ab N Ab N Ab N Ab N 

Ab 1092 45 2925 1120 12279 60 2984 776 19487 1794 

N 12 5854 771 9184 49 9412 190 140046 485 165033 
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TABLE  4.15 Confusion matrices for various datasets using SVM classifier with 10-fold cross-validation 
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Predicted class 

UMN UCSDPed1 Violent Flows Subway 
Entrance 

Combined dataset 

Ab N Ab N Ab N Ab N Ab N 

Ab 1110 27 3192 853 12278 61 3118 642 19652 1629 

N 11 5855 693 9262 38 9423 70 140166 403 165115 

The various confusion matrices represent that very few images are misclassified. The 

reason for getting such accurate results is the tuning of parameters and hyperparameters of 

the model. If the number of layers is taken less or more than the number described in the 

proposed architecture, performance decreases. The number of filters, filter size and 

learning rate value also affect much to the model performance. Many experiments are done 

using the various parameter and hyperparameter values and best values are selected to 

propose the perfect architecture. Therefore the same model gives the best performance on 

all the datasets without altering parameter or hyperparameter values. The set parameters 

are as follows. 

Optimizer : SGDM 

Initial Learning Rate : 0.01 

Learning Rate Drop Factor : 0.2 

Learning Rate Drop Period : 5 

Number of Epochs : 5 

Batch size : 64 

For abnormal event detection using the UCFCrime2Local dataset, all images of various 

categories except for ‘Normal’ are considered abnormal event images. The achieved 

accuracy for detection as per the given train-test split is 74.38%, and the AUC value is 

0.7163 for CNN classifier and accuracy is 71.16% and AUC value is 0.7303 for SVM 

classifier. Table 4.16 and Table 4.17 represent the confusion matrices for the 

UCFCRime2Local dataset using the proposed CNN Architecture2 with CNN and SVM 

classifiers respectively. Figure 4.16 shows the ROC curves for the same.    
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TABLE 4.16 Confusion matrix for the UCFCrim2Local dataset using CNN classifier 
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Predicted class 

Ab N 

Ab 4180 9836 

N 9754 52708 

TABLE 4.17 Confusion matrix for the UCFCrim2Local dataset using SVM classifier 
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Predicted class 

Ab N 

Ab 9171 4845 

N 17208 45254 

The same model is used for classification of various abnormal events. All datasets 

mentioned in section 1.4 except for the UCFCrime2Local, have only two types of events: 

normal or abnormal. UCFCrime2Local dataset contains seven different events: Arrest, 

Assault, Burglary, Normal, Robbery, Stealing and Vandalism. So classification of 

abnormality is done using only this dataset. Experiments for classification are done in three 

ways. In the first one, video frames are taken as per the given train-test split. For the other 

two ways, all images of a particular event’s videos are combined according to class labels. 

Now using all images, two types of experiments are done (1) Non-stratified holdout 

validation with  80% training and 20% test data and (2) 5-fold cross-validation. Figure 

4.17, Figure 4.18, Figure 4.19 and Figure 4.20 show the largest activation at four 

(a) Using CNN classifier (b) Using SVM classifier

FIGURE 4.16 ROC curves for abnormal event detection using the UCFCrime2Local dataset 
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convolution layers, RELU layers, Max pooling layers and Batch normalization layers, 

respectively for the sample image of the arrest event.  

Convolution layer - 1 Convolution layer - 2 

Convolution layer - 3 Convolution layer - 4 

FIGURE 4.17 The largest activation at each convolution layer for the arrest event 

ReLU layer - 1 ReLU layer - 2 

ReLU layer - 3 ReLU layer - 4 

FIGURE 4.18 The largest activation at each ReLU layer for the arrest event 
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Table 4.18, Table 4.19 and Table 4.20 represent the achieved AUC values for classification 

using the given train-test split, 80% training data and 5 fold cross-validation, respectively. 

Table 4.21 shows overall classification accuracy for each experiment. For 80% training 

data and 5-fold cross-validation performance is better compared to the given train-test split 

Max pooling layer - 1 Max pooling layer - 2 

Max pooling layer - 3 Max pooling layer - 4 

FIGURE 4.19 The largest activation at each max pooling layer for the arrest event 

Batch normalization layer - 1 Batch normalization layer - 2 

Batch Normalization layer - 3 Batch normalization layer - 4 

FIGURE 4.20 The largest activation at each batch normalization layer for the arrest event 
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because few images of each specific event’s video are present in the training set. So it can 

be concluded that if the model is used for a particular place and is trained by standard 

background images, it gives outstanding classification results. 

Table 4.18 Classification results using the UCFCrime2Local dataset as per given train-test split 

Event Number of 

images 

Area Under Curve  

Classification by 

CNN 

Classification by 

SVM 

Arrest 8739 0.7061 0.6755 

Assault 5560 0.7276 0.6928 

Burglary 7841 0.5160 0.3161 

Normal 203272 0.7115 0.5955 

Robbery 8650 0.6263 0.6717 

Stealing 8668 0.6323 0.4976 

Vandalism 8421 0.5845 0.5427 

Table 4.19 Classification results using the UCFCrime2Local dataset with 20% test data 

Event Number of 

images 

Area Under Curve  

Classification by 

CNN 

Classification by 

SVM 

Arrest 8739 0.9876 0.9949 

Assault 5560 0.9991 0.9991 

Burglary 7841 0.8335 0.8130 

Normal 203272 0.8852 0.8423 

Robbery 8650 0.8943 0.8712 

Stealing 8668 0.9687 0.9158 

Vandalism 8421 0.7346 0.7602 

Figure 4.21, Figure 4.22 and Figure 4.23 represent the ROC curves for classification using 

the given train-test split, 80% training data and 5-fold cross-validation, respectively. In 

Figure 4.23, only one curve is visible because for each category, the achieved  AUC value 

is 1. 
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Table 4.20 Classification results using the UCFCrime2Local dataset with 5-fold cross-validation 

Event 

Number of 

Images 

Area Under Curve  

Classification by 

CNN 

Classification by 

SVM 

Arrest 8739 1 1 

Assault 5560 1 1 

Burglary 7841 1 1 

Normal 203272 1 1 

Robbery 8650 1 1 

Stealing 8668 1 1 

Vandalism 8421 1 1 

Table 4.21 Overall classification accuracy 

Dataset partition Accuracy (%) 

Classification 

by CNN 

Classification 

by SVM 

As per the train-test split 71.79 70.20 

80% training data 87.29 88.13 

5 fold cross-validation 99.9924 99.9944 

(a) Using CNN classifier (b) Using SVM classifier

FIGURE 4.21 ROC curves for events classification using the UCFCrime2Local dataset as 

per given train-test split 
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(a) Using CNN classifier (b) Using SVM classifier

FIGURE 4.22 ROC curves for events classification using the UCFCrime2Local dataset with 

20% test data 

(a) Using CNN classifier (b) Using SVM classifier

FIGURE 4.23 ROC curves for events classification using the UCFCrime2Local dataset with 

5-fold cross-validation

4.4 CNN-LSTM Based Approach 

4.4.1 LSTM Network 

LSTM is a Recurrent Neural Network (RNN) architecture introduced by Sepp Hochreiter et 

al. [75]. It remembers values over arbitrary intervals. RNN is used to classify, process and 

predict time series data. Traditional RNN can remember short duration past sequence. If 

output depends on the past long duration sequence, it fails as it forgets the starting point. In 

contrast, the LSTM is insensitive to gap length. It can remember past long sequence. The 

following Figure 4.24 shows the basic architecture of the LSTM cell. 
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FIGURE 4.24 LSTM architecture [76] 

The cell is a repeated module that contains three different gate structures, forget gate, input 

gate and output gate. In the shown Figure, c, h and x represent cell state, hidden state and 

input, respectively. The first sigmoid activation function is the forget gate. It defines which 

information should be omitted from the previous cell state (Ct-1). Sigmoid function outputs a 

number between 0 and 1. If output is 1 then the whole information is passed, and if the 

output is 0, then nothing is passed from the previous cell state to the current cell state. The 

second sigmoid and first tanh activation function represents the input gate. The sigmoid 

function decides which values will be updated, and the tanh function creates a new 

candidate value that could be added to the state. The last sigmoid is the output gate and 

highlights which information should be going to the next hidden state. As the tanh function 

outputs values between -1 and 1, the cell state is represented by tanh activation function and 

multiplied with the output of the last sigmoid function, so the final result of the output gate 

contains decided information. 

4.4.2 BiLSTM Network 

Bi-directional long short term memory network is known as BiLSTM network. It flows the 

sequence information in both directions forward and backward. Figure 4.25 shows 

BiLSTM Network. It preserves the future and the past information, therefore it is usually 
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employed where the sequence to sequence tasks are needed.  This kind of network can be 

used in text classification, speech recognition and forecasting models. 

FIGURE 4.25 BiLSTM network [85] 

4.4.3 CNN-LSTM Architecture 

The CNN based approach works only in the spatial domain, i.e. images. To consider the 

temporal domain with spatial domain, the CNN-LSTM architecture is used, as shown in 

Figure  4.26. 

 

FIGURE  4.26 CNN-LSTM architecture 

The sequences of feature vectors are generated from the input video sequences using the 

proposed Convolutional Neural Network Architecture2 (As shown in section 4.3.3.2). Here 

BiLSTM model is used to consider input for both forward and backward directions. The 

detailed description of the proposed LSTM architecture is given in the Table 4.22. The 

LSTM network is trained using the feature sequences with tuned parameters as follows.  

Sequence 
input

Sequence 
folding Output 

Layers 
LSTM 
Layers 

Sequence 
unfolding

Flatten
LSTM
layers

Output
layers

Convolutional layers
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Number of Nodes : 500 

Optimizer: SGDM 

Initial Learning Rate : 0.01 

Batch size : 8  

Number of Epochs : 5  
TABLE 4.22 The proposed LSTM architecture 

Sr 

No 
Layer name Operation Description 

1. 'sequence' Sequence input Sequence input with 1024 dimensions 

2. 'bilstm' BiLSTM BiLSTM with 500 hidden units 

3. 'fc' Fully connected 2 fully connected layer 

4. 'softmax' Softmax softmax 

5. 'classification' Classification output 
crossentropyex with classes 'Abnormal' and 

'Normal' 

4.4.4 Experimental Results 

Table 4.23 represents the abnormal event detection results on various datasets using 80% 

training data except for the UCFCrime2Local dataset. For the UCFCrime2Local dataset, 

the experiment is performed as per the given train-test split.  

TABLE 4.23    Experimental results for abnormal event detection using the CNN-LSTM architecture 

Dataset 
Number of video 

sequences 

Accuracy 

(%) 

Area Under 

Curve  

UMN  22  100  1 

UCSDPed1  70  100  1 

Violent-Flows  246  98  1 

Subway Entrance  152  96.77  0.9846 

UCFCrime2Local  300  73.33  0.79 

Table 4.24 represents confusion matrices for abnormal event detection using 

various datasets. Table 4.25 represents classification results on the UCFCime2Local 

dataset in which the AUC value for each event is represented. Figure 4.27 shows the ROC 

curves for the same. The achieved overall classification accuracy is 73.86%. The 

UCFCrime2Local is a recently published complex dataset, and fewer experiments 

are done using it by researchers. Available state-of-the-art methods, using this 

dataset, are for abnormality 
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detection, not for classification. Although it is a complex dataset, the proposed model 

performs well on it. 

TABLE 4.24 Confusion matrices for various datasets using the CNN-LSTM architecture 
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Predicted class 

UMN UCSDPed1 Violent Flows Subway 
Entrance 

UCFCrim2Local 

Ab N Ab N Ab N Ab N Ab N 

Ab 2 - 5 - 27 1 2 1 18 13 

N - 2 - 9 - 22 2 26 11 48 

TABLE 4.25 Experimental results for events classification using the CNN-LSTM architecture 

Event Area Under Curve 
 (AUC) Arrest  0.7471 

Assault  0.7153 

Burglary  0.6024 

Normal  0.8387 

Robbery  0.7349 

Stealing  0.7674 

Vandalism  0.7929 

FIGURE 4.27 ROC curves for classification results using the CNN-LSTM architecture 

4.5 Comparison of the Proposed Approaches 

This section represents the comparison of the proposed approaches for abnormal event 

detection and classification. Figure 4.28 shows the performance of the proposed supervised 

deep learning based approaches for abnormal event detection. Horizontal axis represents 
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datasets and vertical axis represents the AUC values. Figure represents that the CNN and 

CNN-LSTM based approaches provides excellent results using various datasets.  

FIGURE 4.28 Performance of the proposed approaches for abnormal event detection 

FIGURE 4.29 Performance of the proposed approaches for events classification 

Figure 4.29 represents the performance of the CNN and CNN-LSTM based approaches for 

events classification. Horizontal axis represents events and vertical axis represents the 

AUC values. The Figure represents that the CNN-LSTM based approach provides higher 

AUC values for various events except for assault event. 
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4.6 Concluding Remarks 

This chapter represents three approaches based on supervised deep learning algorithms. 

Stacked autoencoder based approach for abnormal event detection while, CNN and CNN-

LSTM based approaches for abnormal event detection and classification.  In the first 

approach the stacked autoencoder architecture is proposed with two encoders and one 

softmax layer. Backpropagation algorithm is used for fine tuning. This approach works on 

spatial domain. The achieved accuracy is 96.9% and AUC value is 0.9079 for UMN 

dataset. The achieved accuracy is 98.6% and AUC value is 0.9811 for UCSDPed1 dataset. 

The achieved accuracy is 93.1% and AUC value is 0.9269 for Violent Flows dataset. The 

achieved accuracy is 99.6% and AUC value is 0.9586 for Subway Entrance dataset. The 

achieved accuracy is 81.4% and AUC value is 0.5229 for UCFCrime2Local dataset. 

For the CNN based approach, image classification network GoogLeNet is retrained which 

provides 86.21% Accuracy and AUC value 0.9487 for the UMN dataset. Even for small 

and simple dataset, transfer learning doesn’t provide sufficient performance. So, a new 

CNN architecture is developed from scratch i.e. CNN Architecture1 which includes 14 

layers. This architecture provides 99.64% accuracy and AUC value 0.9999 for UMN 

dataset. It provides 97.28% accuracy and AUC value 0.9774 for Airport-WrongDir dataset.  

The CNN Architecture1 provides adequate results for small and simple datasets but not for 

complex datasets. Therefore the other new architecture is developed i.e. CNN 

Architecture2. This approach is used by two ways. In the first one the CNN is used for 

feature extraction and classification. In the second one, the CNN is used for feature 

extraction and SVM is used for classification. The experiments are done using various 

partitions of data and also with combined dataset which includes all images of UMN, 

UCSDPed1, Violent Flows and Subway Entrance datasets. The achieved accuracy is 

99.79% and AUC value is 1 using the combined dataset with CNN classifier for 20% test 

data. The achieved accuracy is 99.88% and AUC value is 0.9999 using the combined 

dataset with SVM classifier for 20% test data. 

The proposed CNN Architecture2 provides appropriate results using UCFCrime2Local 
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dataset for detection and classification of various events. The achieved accuracy for 

detection as per the given train-test split is 74.38%, and the AUC value is 0.7163 using 

CNN classifier and accuracy is 71.16% and AUC value is 0.7303 using SVM classifier. 

For classification, the experiments are done by three different ways.  In the first one, the 

dataset is used as per the given train test split which includes different event videos with 

different background for training and testing. The achieved accuracy as per train test split 

is 71.79 % using CNN classifier and 70.20% using SVM classifier. For the other two ways, 

all images of a particular event’s videos are combined according to class labels. Then 

experiments are done  with  80% training and 20% test data and 5-fold cross-validation. 

The achieved accuracy with 20% test data is 87.29% using CNN classifier and 88.13 % 

using SVM classifier. The achieved accuracy with 5-fold cross-validation is 99.9924% 

using CNN classifier and 99.9944 % using SVM classifier. 

To consider temporal features with spatial features, the CNN-LSTM architecture is 

proposed which is formed using the proposed CNN Architecture2. The achieved accuracy 

for abnormal event detection is 100%, 100% 98%, 96.77% and 73.33% using UMN, 

UCSDPed1, Violent Flows, Subway Entrance and UCFCrime2Local datasets respectively. 

The achieved AUC values for abnormal event detection are 1, 1, 1, 0.9846 and 0.79 using 

UMN, UCSDPed1, Violent-Flows, Subway Entrance and UCFCrime2Local datasets 

respectively.  

For classification, the achieved AUC values using CNN-LSTM architecture for Arrest, 

Assault, Burglary, Normal, Robbery, Stealing and Vandalism are 0.75, 0.72, 0.60, 0.84, 

0.73, 0.77 and 0.79, respectively. The achieved overall classification accuracy is 73.86%.  

The CNN-LSTM approach gives adequate results on the weakly labelled challenging 

dataset UCFCrime2Local. For classification, this approach provides higher AUC values for 

various events except for assault event. 
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   CHAPTER - 5 

Approaches Based on 

Unsupervised Deep Learning Algorithms 

In chapter 3 and chapter 4, supervised learning based approaches are discussed for 

abnormal events detection and classification. In real world applications, it may not possible 

to generate labels of each type of abnormal event. For generalized abnormal event 

detection, unsupervised learning based approach can be applied. As discussed in section 

3.2.1, autoencoders are used to reconstruct the input. So here autoencoders are trained  

using only normal events. For test data normal and abnormal both types of events are used. 

In testing phase, reconstruction error for abnormal event is higher compared to normal 

event and based on this error value, abnormality can be detected. Here, experiments are 

done for spatial domain i.e. images and spatiotemporal domain i.e. videos. In this work two 

architectures are proposed : Convolutional Autoencoder for image data and LSTM 

Autoencoder for video data. 

5.1 Convolutional Autoencoder Based Approach 

5.1.1 Convolutional Autoencoder 

The major drawback of simple sparse autoencoder is that it cannot extract 2D structure 

from image sequences, which is the key point to detect abnormal event. To address this 

issue convolutional autoencoder architecture seems to be more appropriate [64]. 

Convolutional autoencoders are widely used for image data because of their excellent 

performance. It can capture the 2D structure in image sequences. It can pull out the local 

information from the images, which is extremely appropriate in the abnormality detection 

context. In Convolutional autoencoder, the weights are shared among all locations in the 

input, preserving the spatial locality, similar to CNN [78]. 
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The loss function is similar to the simple autoencoder, as presented in equation-5.1. 

e (x , y ) = !" ∑ (x! − y!)"#
!$% + l (w)2 (5.1) 

where λ is the regularization parameter for the regularization term (w)2, which is used 

during the training procedure. The convolution filter extracts useful features as well as 

compress the input image. In convolution, multiple input activations within the fixed 

receptive field of a filter are connected to a single activation output in the feature map. For 

the input x, the hidden layer mapping of the kth feature map is given by equation 5.2.  

hk = σ( x ∗ wk + bk )   (5.2) 

where b and  σ are bias and an activation function respectively, while symbol ∗ represents 

the 2D convolution. The deconvolutional layer performs an inverse operation of the 

convolutional layer. The learned filters in the deconvolutional layers work as base to 

reconstruct the input image. The reconstruction is obtained using equation 5.3   

y = s [∑ h&&Î' ∗ w′& + c]   (5.3) 

where c is bias per input channel and H represents the group of latent feature maps. 

w!correlates with the flip operation over both dimensions of the weights w. Convolutional 

and deconvolutional layers can be assembled to build deep architectures. The initial layers 

extract low level features and later layers extract high-level features like motion and 

appearance. 

5.1.2 The Proposed Architecture 

The algorithm is as follows. 

• Train convolutional autoencoder with normal event images of the training set.

• Calculate the mean squared error between the input images and reconstructed

images as per following equation 5.4

MSE = %
(#
∑ [I!(m, n) − I)(m, n)]"(,#       (5.4) 
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Where I" is input image and I# is reconstructed image with M and N number of 

rows and columns respectively. 

• Calculate average mean squared error and set it as a threshold.

• For test data, use both normal and abnormal event images and calculate

reconstruction error for each image.

• Consider the observations which have greater error value than the set threshold, as

abnormal event images.

• To find AUC value, calculate abnormality score as following equation 5.5.

Abnormality score = (e(x)-min e(x))/ max e(x)         (5.5) 

where x is the output reconstructed image and e(x) is the reconstruction error. 

Various complex autoencoder architectures are proposed by different researchers. In this 

work, as an encoder part convolutional layers and as a decoder part transposed convolution 

layers are used. As an activation function ReLU is used and weights and biases are 

initialized by Glorot initializer as discussed in section 4.3.3.1. The detailed description of 

the proposed architecture is shown in Table 5.1.  

TABLE 5.1 The proposed convolutional autoencoder architecture 

Sr 

No 
Layer name Operation Description 

1. ‘input’ Image input 
128×128×1 images with 'zerocenter' 

normalization 

2. ‘conv_1’ Convolution 
64 3×3×1 convolutions with stride [1  1] and 

padding 'same' 

3. ‘relu_1’ ReLU ReLU 

4. ‘conv_2’ Convolution 
32 3×3×64 convolutions with stride [1  1] and 

padding 'same' 

5. ‘relu_2’ ReLU ReLU 

6. ‘transposed conv_1’ 
Transposed 

convolution 

64 3×3×32 transposed convolutions with stride 

 [1  1] and cropping 'same' 

7. ‘relu_3 ReLU ReLU 

8. ‘transposed-conv_2’ 
Transposed 

convolution 

1 3×3×64 transposed convolutions with stride 

[1  1] and cropping 'same' 

9. ‘relu_4’ ReLU ReLU 

10. ‘regressionoutput’ Regression output mean-squared-error with response 'Response' 
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5.1.3 Experimental Results 

Input image Input image Reconstructed image Reconstructed image 

(a) UMN dataset (b) UCSDPed1 dataset

         FIGURE 5.1 Input and reconstructed images 

TABLE 5.2 Reconstruction error for various datasets using ConvAE 

Images  
Reconstruction error 

Min Mean Max 

UMN 

Normal images of training set 282.9357 1.4786e+3 2.3981e+3 

Normal images of test set 282.9458 1.4281e+3 2.2886e+3 

Abnormal images of test set 677.8004 2.0092e+3 2.3996e+3 

UCSDPed1 

Normal images of training set 29.1127 61.6919 195.1543 

Normal images of test set 29.6090 60.2274 193.5565 

Abnormal images of test set 32.7486 75.75 165.0304 

Violent Flows 

Normal images of training set 15.5072 339.1884 1.1688e+03 

Normal images of test set 15.5072 334.5054 1.2877e+03 

Abnormal images of test set 107.9339 446.5740 1.5290e+3 

Subway Entrance 

Normal images of training set 0.6123 1.2918 14.3529 

Normal images of test set 0.6187 1.2855 13.6877 

Abnormal images of test set 0.7980 1.9244 4.4140 

UCFCrime2Local 

Normal images of training set 27.4413 117.1915 585.0745 

Normal images of test set 32.1611 110.9258 531.8320 

Abnormal images of test set 46.3153 115.9604 235.93 

 Figure 5.1 shows the sample input and reconstructed images of the UMN and UCSDPed1 

datasets. Table 5.2 shows the minimum, mean and maximum values of reconstruction 
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errors for various datasets. In the Table, it can be seen that mean error of abnormal images 

is greater than the mean error of normal images for each dataset except for the 

UCFCrime2Local. This dataset is weakly labelled and each video frame of abnormal video 

does not contain abnormal event. So the performance of the proposed architecture is lower 

on this dataset compared to others. 

Table 5.3 shows the results of the proposed model using various datasets. For all datasets 

except for the UCFCrime2Local dataset, 80% data is used for training, and 20% data is 

used for testing. UCFCrime2Local dataset is used as per the given train-test split. For this 

algorithm, any modification in the set threshold value causes variation in the accuracy. 

Still, the AUC remains constant for all threshold values, so AUC can be considered the 

preferred performance measurement. 

TABLE 5.3 Experimental results for abnormal event detection using ConvAE 

Dataset Accuracy 

(%) 
         Area Under Curve 

UMN  85.79  0.8635 

UCSDPed1  72.18  0.7045 

Violent-Flows  63.72  0.6661 

Subway Entrance  95.49  0.8233 

UCFCrime2Local  78.03  0.5967 

5.2 LSTM Autoencoder Based Approach 

The convolutional autoencoder based approach works only in the spatial domain. To 

consider the temporal domain with the spatial domain, a spatiotemporal autoencoder can 

be used. But it requires convolution in the spatial domain, convolution in the temporal 

domain, then deconvolution in the spatial domain and again deconvolution in the temporal 

domain. So it becomes complex. As discussed in section 4.4, the LSTM network performs 

well on sequence data i.e. videos. In this research, the approach based on the LSTM 

autoencoder is proposed. 
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Sequence prediction problems are challenging because the length of the input sequence can 

vary for different videos. An LSTM autoencoder is the autoencoder for sequence data. It 

uses Encoder-Decoder LSTM architecture and reconstructs the input sequence. Like 

convolutional autoencoder based approach, here also the training set contains only normal 

event feature sequences and test set contains both normal and abnormal event feature 

sequences. 

5.2.1 The Proposed Approach 

The CNN model extracts the best features from images. So, the feature sequences of input 

videos that the CNN model extracts are given as input to the LSTM autoencoder. The 

proposed algorithm is as follows. 

• Extract features from video sequences using the CNN model and train LSTM

autoencoder with the training set's normal event’s feature sequences.

• Calculate mean squared error between the input feature sequences and

reconstructed feature sequences as following equation 5.6

e = %
+,
∑ ∑ 	(B′&! − B&!)"

,
!$%

+
&$%        (5.6) 

where B’ is the reconstructed feature sequence and B is the input feature sequence 

with x and y number of rows and columns respectively. 

• Calculate average mean squared error and set it as the threshold.

• For test data, use both normal and abnormal event sequences and calculate the

reconstruction error for each sequence.

• Consider the observations which have greater error value than the set threshold, as

abnormal video sequences.

• The abnormality score which is used to find the AUC value is calculated as follows

Abnormality score = (e(x)-min e(x))/ max e(x)       (5.7) 

 where x is the reconstructed feature sequence and e(x) is the reconstruction error. 
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FIGURE 5.2 The proposed LSTM autoencoder architecture 

Figure 5.2 shows the proposed LSTM autoencoder architecture. In this model, nine layers 

are used as described in Table 5.4. Here also bidirectional LSTM architecture is used. For 

feature extraction, two CNN models are used (1) Pretrained GoogLeNet CNN architecture 

and (2) the proposed CNN Architecture2 (as shown in Figure 4.9).  Feature sequences are 

2D arrays in which number of rows represents number of features in each video frame and 

number of columns represents number of video frames. 

TABLE 5.4 The proposed LSTM autoencoder architecture 
Sr No Layer name Operation Description 

1. ‘input’ Sequence Input Sequence input with 1024 dimensions 

2. ‘bilstm_1’ BiLSTM BiLSTM with 800 hidden units 

3. ‘relu_1’ ReLU ReLU 

4. ‘bilstm_2’ BiLSTM BiLSTM with 500 hidden units 

5. ‘relu_2’ ReLU ReLU 

6. ‘bilstm_3’ BiLSTM BiLSTM with 800 hidden units 

7. ‘relu_3’ ReLU ReLU 

8. ‘fc’ Fully Connected 1024 fully connected layer 

9. ‘output’ Regression Output 
mean-squared-error with response 

'Response' 

Input sequence 

BiLSTM with 800 nodes, ReLU 

BiLSTM with 800 nodes, ReLU 

Reconstructed sequence 

BiLSTM with 500 nodes, ReLU 
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5.2.2 Experimental Results 

The experiments are done using UMN, UCSDPed1, Violent Flows, Subway Entrance and 

UCFCrime2local datasets. For all datasets except for the UCFCrime2Local dataset, 80% of 

data is used as training, and 20% is used for testing. UCFCrime2Local dataset is used as 

per the given train-test split. As LSTM autoencoder is trained using normal video 

sequences, for the given abnormal video sequences in test data, the reported reconstruction 

error is higher compared to normal video sequences. Table 5.5 shows each dataset's 

minimum, mean, and maximum values of reconstruction errors.  

TABLE 5.5 Reconstruction error for various datasets using LSTMAE 

Feature sequences 

Reconstruction error 

Features extracted by pre-

trained GoogLeNet CNN 

Architecture 

Features extracted by the 

proposed CNN Architecture2 

Min Mean Max Min Mean Max 

UMN 

Normal sequences of training set 0.3875 0.5805 1.0184 0.0566 0.0980 0.1561 

Normal sequences of test set 0.4252 0.4322 0.4392 0.0779 0.0819 0.0892 

Abnormal sequences of test set 0.6503 0.7586 0.9624 0.1152 0.1813 0.2281 

UCSDPed1 

Normal sequences of training set 0.1845 0.2743 0.5525 0.0276 0.0713 0.2152 

Normal sequences of test set 0.2168 0.2547 0.3298 0.0377 0.0764 0.1409 

Abnormal sequences of test set 0.2967 0.3335 0.3999 0.0702 0.0929 0.1616 

Violent Flows 

Normal sequences of training set 0.4493 0.6809 1.1549 0.2194 0.4524 0.9963 

Normal sequences of test set 0.5231 0.7619 0.9744 0.2621 0.5218 0.9721 

Abnormal sequences of test set 0.4668 0.6694 1.1046 0.3009 0.4460 0.6869 

Subway Entrance 

Normal sequences of training set 0.0728 0.1636 0.4856 0.0209 0.0776 0.4563 

Normal sequences of test set 0.0779 0.1643 0.5569 0.0270 0.1234 0.9656 

Abnormal sequences of test set 0.1087 0.2568 0.3714 0.0700 0.1582 0.2946 

UCFCrime2Local 

Normal sequences of training set 0.3182 0.6590 1.4801 0.1733 0.3982 0.7534 

Normal sequences of test set 0.32 0.6426 1.2631 0.2989 0.5079 0.8395 

Abnormal sequences of test set 0.4469 0.7173 1.4669 0.3001 0.5168 0.8986 
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The reconstruction errors are calculated between feature values. They are less compared to 

the error between pixel intensity values of two images as represented in Table 5.2. It can be 

seen in Table 5.5 that every mean error of abnormal videos is greater than the mean error 

of normal videos for each dataset except for Violent Flows. The Violent Flows dataset 

contains short videos of the dense crowd, so it is difficult to differentiate normal and 

abnormal event sequences.  

Table 5.6 shows experimental results. As discussed in section 5.1, for this approach also, 

AUC can be considered preferred performance measurement metric because the AUC 

remains constant for all threshold values. The performance of the proposed approach is 

good except for the Violent-Flows dataset, which contains a dense crowd. Table 5.7 and 

Table 5.8 represent confusion matrices for various datasets using the GoogLeNet and the 

proposed CNN Architecture2, respectively.  

Table 5.6 Experimental results for abnormal event detection using LSTMAE 

Dataset 

Accuracy (%) Area Under Curve  

The proposed 

CNN 

Architecture2 

GoogLeNet 

CNN 

Architecture 

The proposed CNN 

Architecture2 

GoogLeNet CNN 

Architecture 

UMN  100  100  1  1 

UCSDPed1  78.57  85.71  0.75  0.9394 

Violent-Flows  54  54  0.4852  0.5 

Subway Entrance  77.42  80.65  0.8274  0.8182 

UCFCrime2Local  66.67  66.6667  0.5161  0.6288 

TABLE 5.7 Confusion matrices for various datasets using LSTMAE with GoogLeNet Architecture 

Tr
ue
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ss
 

Predicted class 

UMN UCSDPed1 Violent Flows Subway 
Entrance 

UCFCrim2-
Local 

Ab N Ab N Ab N Ab N Ab N 

Ab 3 - 1 2 27 - 8 3 1 30 
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TABLE 5.8 Confusion matrices for various datasets using LSTMAE with the proposed 

CNN Architecture2 

FIGURE 5.3 Reconstruction error over the UMN test data using LSTMAE 

Figure 5.3 represents reconstruction error over the entire test data of the UMN dataset 

using the proposed CNN Architecture2. Here horizontal axis represents observations and 

vertical axis represents reconstruction error. As illustrated in Table 5.5 the average mean 

error for the UMN dataset’s normal video sequences using the proposed CNN 

Architecture2 is 0.098.  Figure 5.3 represents the detected abnormal events’ reconstruction 

errors, which are greater than 0.098. 

Tr
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UCFCrim2-
Local 
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5.3 Comparison of the Proposed Approaches 

Figure 5.4 represents the performance of the proposed unsupervised learning based 

approaches using various datasets. Horizontal axis represents datasets and vertical axis 

represents the AUC values. The LSTM autoencoder based approach performs better than 

the convolutional autoencoder based approach except for the Violent Flows dataset. 

Because of short videos of dense crowd the temporal domain consideration can’t improve 

performance for Violent Flows dataset. 

FIGURE 5.4 Performance of the proposed approaches using various datasets 

5.4 Comparison of All the Proposed Approaches with State of the Art 

Methods 

To evaluate the performance of the proposed methods, a comparison with state-of-the-art 

methods using the specific dataset is represented in this section. As mentioned in chapter 1, 
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six datasets are used in this research work. Table 5.9, Table 5.10, Table 5.11, Table 5.12 

and Table 5.13 show the performance of the proposed and state-of-the-art methods using 

UMN, UCSDPed1, Violent-Flows, Subway Entrance and UCFCrime2Local datasets 

respectively. Observable research work is not done using the Airport-WrongDir dataset so 

comparison is not possible.  

TABLE 5.9 Performance of various methods on the UMN dataset 

Approach Accuracy (%) AUC 

Pure optical flow [10] - 0.84 

Social force & bag of words [10] [13] 85.09 0.96 

Bayesian model [11][13] 96.40 - 

Force field model [13][15] 81.04 - 

Chaotic invariants [13] [12] 87.91 0.994 

Sparse reconstruction cost [13] [14] 84.70 0.996 

Novel optical flow with one class SVM [13] 96.46 - 

Optical flow + Bayes classification [21] 91.57 - 

High-Frequency and Spatiotemporal (HFST) features + Hidden Markov 

model [21] 

- 0.90 

Behaviour entropy model[21] - 0.893 

Motion structure + CNN classifier [26] 96.74 - 

Local binary pattern co-occurrence matrix and Histograms of the orientation 

of interaction force [20] 

- 0.99 

Energy model [9] 91.66 - 

Histogram of oriented contextual gradient [18] - 0.993 

Commotion [23] - 0.98 

Plug and play CNN[25] - 0.98 

Generative Adversarial Nets (GAN)[22] - 0.99 

Abnormal event detection network [54] - 0.997 

Unmasking [39] - 0.951 

The proposed  HOG and optical flow based method 99.35 - 

The proposed autoencoder and optical flow based method 100 1 

The proposed stacked autoencoder based method 96.9 0.9079 

The proposed CNN architecture 99.5 0.9999 

The proposed CNN LSTM architecture 100 1 

The proposed convolutional autoencoder architecture 85.79 0.8635 

The proposed LSTM autoencoder architecture 100 1 
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TABLE 5.10 Performance of various methods on the UCSDPed1 dataset 

Approach Accuracy (%) AUC 

Motion structure + CNN classifier [26] 94.28 - 

Sparse reconstruction cost [14] - 0.487 

Mixture of Probabilistic Principal Component Analyzers (MPPCA) [41][25] - 0.59 

Social force[10][25] - 0.675 

SF+MPPCA [25] - 0.688 

Mixture of Dynamic Textures (MDT) [42] - 0.818 

Local statistical aggregates [43] - 0.927 

Video parsing [44] - 0.91 

Subspace [45] - 0.684 

Plug and play CNN [25] - 0.957 

Appearance and Motion DeepNet (AMDN) [46] - 0.921 

Generative Adversarial Nets (GAN) [22] - 0.974 

Sparse combination learning [24] - 0.918 

Gaussian Process Regression (GPR) [47] - 0.838 

Sparse cuboids [47] - 0.722 

Sparse inference based classifier [47] - 0.808 

Sparse spatiotemporal contextual information [47] - 0.779 

Dense spatiotemporal contextual information [47] - 0.899 

Unmasking [39] - 0.684 

Ensemble random projection [40] - 0.809 

Spatiotemporal autoencoder [36] - 0.899 

Convolutional LSTM autoencoder [35] - 0.43 

Variational autoencoder  [35] - 0.63 

Recurrent convolutional autoencoder  [35] - 0.694 

Two stream R-ConvVAE [35] - 0.75 

Histogram of orientation of optical flow [35] - 0.727 

Convolutional LSTM [35] - 0.67 

Adam[35] - 0.77 

The proposed stacked autoencoder based method 98.6 0.9811 

The proposed CNN architecture 99.89 1 

The proposed CNN LSTM architecture 100 1 

The proposed convolutional autoencoder architecture 72.18 0.7045 

The proposed LSTM autoencoder architecture 85.71 0.9394 
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TABLE 5.11 Performance of various methods on the Violent Flows dataset 

Approach Accuracy (%) AUC 

Local Trinary Patterns (LTP) [6] 71.53 71.53 

Histogram of Oriented Gradients (HOG) [6] 57.43 0.6182 

Histogram of Optical Flow (HOF) [6] 58.53 0.5760 

HNF (Combination of HOG and HOF) [6] 56.52 0.5994 

Violent Flows (ViF) [6] 81.30 0.85 

ViF, OViF (Oriented Violent Flows), AdaBoost and SVM [14] 88 - 

Simplified Histogram of Oriented Tracklets (SHOT) [48] 82.2 - 

Jerk [49] 74.2 - 

Interaction Force [49] 74.5 - 

Histogram of Oriented Tracklets (HOT) [49] 82.3 - 

Improved fisher vectors [49] 96.4 - 

3D CNN [50] 98 0.98 

Convolutional LSTM [52] 94.57 

The proposed stacked autoencoder based method 93.1 0.9269 

The proposed CNN  architecture 99.95 1 

The proposed CNN LSTM architecture 98 1 

The proposed convolutional autoencoder architecture 63.72 0.6661 

The proposed LSTM autoencoder architecture 54 0.5 

TABLE 5.12 Performance of various methods on the Subway Entrance dataset 

Approach Accuracy (%) AUC 

Unmasking [39] - 0.706 

Sparse reconstruction cost  [29] - 0.833 

Mixture of Dynamic Textures (MDT) [29] - 0.908 

Fully convolutional neural network [29] - 0.904 

Gaussian Process Regression (GPR) [47] - 0.927 

Sparse cuboids [47] - 0.889 

Sparse inference based classifier  [47] - 0.91 

Sparse spatiotemporal contextual Information [47] - 0.917 

Dense spatiotemporal contextual Information  [47] - 0.911 

Recurrent convolutional autoencoder (R-ConvAE) [35] - 0.821 

 Multilevel anomaly detector [37] - 0.8234 

The proposed stacked autoencoder based method 99.6 0.9586 

The proposed CNN architecture 99.99 1 

The proposed CNN LSTM architecture 96.77 0.9846 

The proposed convolutional autoencoder architecture 95.49 0.8233 

The proposed LSTM autoencoder architecture 77.42 0.8274 
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TABLE 5.13 Performance of various methods on the UCFCrime2Local dataset 

Approach Accuracy(%) AUC 

Inflated 3D ConvNet  (I3D) + Regression for whole frame [9] - 0.5612 

I3D + Regression for spatiotemporal tube [9] - 0.7473 

The proposed stacked autoencoder based method 81.4 0.5229 

The proposed CNN architecture 71.16 0.7303 

The proposed CNN-LSTM architecture 73.33 0.79 

The proposed convolutional autoencoder architecture 78.03 0.5967 

The proposed LSTM autoencoder architecture 66.67 0.6288 

FIGURE 5.5 Performance of the proposed deep learning based approaches 

Figure 5.5 shows the overall performance of the proposed deep learning based approaches 

using various datasets for abnormal event detection. In the Figure, horizontal axis 

represents datasets and vertical axis represents the AUC values. The Figure represents that 

the CNN and CNN-LSTM based approaches give higher AUC value than other approaches 

using all datasets. 
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5.5 Concluding Remarks 

In this chapter two unsupervised learning based architectures are proposed to detect 

abnormal events in a crowd scene i.e. convolutional autoencoder for spatial domain and 

LSTM autoencoder for spatiotemporal domain. The achieved AUC values using 

convolutional autoencoder are 0.86, 0.70, 0.67, 0.82 and 0.6 for UMN, UCSDPed1,Violent 

Flows, Subway Entrance and UCFCrime2Local datasets respectively. For LSTM 

autoencoder based approach, feature extraction task is done by CNN architecture. Here 

experiments are done using two different models: The proposed CNN Architecture2 and 

pretrained GoogLeNet architecture. The achieved AUC values using CNN Architecture2 

are 1, 0.75, 0.48, 0.83 and 0.52 for UMN, UCSDPed1,Violent Flows, Subway Entrance 

and UCFCrime2Local datasets, respectively while the achieved AUC values using 

GoogLeNet architecture are 1, 0.94, 0.5, 0.82 and 0.63 respectively. 

Because of using temporal features with spatial features, LSTM autoencoder performs 

better than convolutional autoencoder on various benchmark datasets except for Violent-

Flows. As the Violent Flows dataset contains short video clips of the dense crowd, the 

temporal features cannot improve performance. The comparison of all the proposed 

approaches with state of the art methods is also shown in this chapter. 
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CHAPTER - 6 

Conclusion and Future Scope 

This chapter describes the summary of the thesis and points out the probable expansion for 

future work. The chapter includes two sections. The section 6.1 concludes the thesis by 

mentioning the significant contributions and the section 6.2 presents future directions for 

further research. 

6.1 Conclusion 

In this research work, supervised and unsupervised learning based approaches are proposed 

to detect abnormal events in surveillance scenes. Handcrafted and deep learning both types 

of features are used for supervised learning based approaches, while for unsupervised 

learning based approaches, deep learning features are used. To classify events, supervised 

deep learning architectures are used. 

Using handcrafted features, two approaches are proposed. One is based on  HOG and 

optical flow features, and the other is based on autoencoder and optical flow. Combining 

HOG and optical flow features gives better performance than only HOG or optical flow 

features using neural network and SVM classifiers. It provides 94.48% accuracy using 

neural network and 99.35% accuracy using the SVM classifier for the UMN dataset. A 

combination of features extracted by autoencoder and optical flow performs better than 

only autoencoder features or optical flow features. Autoencoder and optical flow based 

approach gives 100% accuracy and AUC value 1 using neural network classifier for the 

UMN dataset. 

For abnormal event detection using supervised deep learning based approaches, three 

methods are proposed based on  Stacked Autoencoder, CNN and CNN-LSTM, 

respectively. CNN and CNN-LSTM based approaches give outstanding performance on 
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various benchmark datasets. For the CNN based approach, the proposed architecture 

performs better than the pre-trained GoogleNet architecture. The proposed CNN 

architecture provides AUC values 0.99, 1, 1, 1 and 0.73 using UMN, UCSDPed1, Violent-

Flows, Subway Entrance and UCFCrime2Local datasets, respectively while the CNN-

LSTM architecture provides AUC values 1, 1, 1, 0.9846 and 0.79 respectively. Because of 

consideration of both spatial and temporal domain, the CNN-LSTM architecture performs 

better than CNN architecture  using complex weakly labelled UCFCrime2Local dataset. 

The proposed approaches based on CNN and CNN-LSTM perform efficiently for 

multiclass events classification. The CNN-LSTM model gives  better AUC value than the 

CNN model for various events using UCFCRime2Local dataset except for assault event. It 

provides 73.86% overall classification accuracy. 

Two architectures are proposed for abnormal event detection using unsupervised deep 

learning based approaches, i.e. convolutional autoencoder and  LSTM autoencoder. The 

convolutional autoencoder based approach provides AUC values 0.86, 0.70, 0.67, 0.82 and 

0.6 for UMN, UCSDPed1,Violent Flows, Subway Entrance and UCFCrime2Local datasets 

respectively while the LSTM autoencoder provides AUC values 1, 0.94, 0.5, 0.83 and 0.63 

respectively. As LSTM autoencoder uses both spatial and temporal domain features, it 

performs better than convolutional autoencoder on various benchmark datasets except for 

Violent Flows. As the Violent Flows dataset contains short video clips of the dense crowd, 

the temporal features cannot improve performance.  

Supervised learning based approaches perform better than unsupervised learning based 

approaches for abnormality detection.  

6.2 Future Scope 

Public and private sectors demand accurate solutions for automatic detection and 

recognition of anomalies in surveillance scenes, and there is still a large room for 

improvement. The methods presented in this thesis have been experimented with specific 

types of abnormal events. Further, more events can be considered with large datasets. The 

events especially related to the Covid-19 pandemic, like violating social distancing policies 
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and specific rules of behaviour in public spaces can be recognized. For real-world 

applications, more events can be handled with a particular cluster of deep learning GPUs to 

reduce the overall training time for the various proposed models. The feature extraction 

techniques can be improved to reduce misclassification. For further research, emotional 

aspects can also be considered to classify abnormal events because changes in 

people’s emotions are usually a precursor of abnormal events.   
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