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Abstract  

Hand gestures are the most natural, friendly, useful and intuitive non-verbal 

communication medium while using a computer or machine, and related research efforts 

have recently boosted significant interest in this field. The wide availability of powerful 

and low-cost computing devices has created an interest in automatic processing of digital 

images and videos in a number of applications, including sign language recognition, 

human-computer interaction, virtual reality and robotics. The standard VIVA and 

ChaLearn dataset have highlighted the technical challenges in automatic hand gesture 

recognition. In the earlier hand recognition task, features were extracted using the hand-

crafted technique for improving accuracy. The demanding applications in daily life, fast 

technological development, and the key challenges are the motivating forces behind the 

research and development in automatic hand gesture recognition. The key issues for hand 

gesture recognition include handling of (i) diversity and flexibility of gesture, (ii) the 

small size of a hand, (iii) the speed of action is changing, (iv) lower recognition time, and 

(v) similarity in gesture. Besides, data generated by current commercial RGB-Depth 

cameras can be exploited in different gesture-based recognition systems and led to the 

robustness of gesture. RGB data's key feature is its shape, appearance, colour, and texture, 

which benefits from the extraction of interesting points. The depth modality is insensitive 

to lighting variations, invariant to colour and texture changes, accurate for estimating 

body silhouette and skeleton, contrary to RGB videos. To overcome the challenges in 

gesture recognition, the first and foremost thing is to find proper motion path in the video. 

RGB and Depth information is not enough to get motion information present in the video, 

but the movement plays a major role in recognizing and improving a result. The proposed 

model uses optical flow from RGB video and get the appropriate motion path of hand 

movement from the video and boosts the performance. An additional optical flow is 

calculated for motion estimation from each RGB video. The optical flow stream works 

for reliable and robust motion calculations. When the image resolution is lower with 

varying illumination it is difficult to extract appearance-based features and resulting 

lower performance. In this thesis, the research work is focused on motion-based unique 

feature extraction using an optical flow. This motion-based feature is irrespective to the 

visual representation of an image. 
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Frame unification strategy extracts unique feature from each video because each video is 

the varying length and varying duration. This is the first task to transform the 

representation of fixed length videos from varying lengths to classify them using the 

standard classifier. Different methods have been developed in the literature for tackling 

the issues; however, the performance of the methods for hand gesture recognition 

application has yet not proved full satisfaction. This research work deals with the 

investigation of deep learning-based methods and algorithms for unique feature 

extraction. The aim of the investigation and improvement of the algorithms is to explore 

the possibility to achieve better efficiency/accuracy of the recognition methods. 

Researchers have recently used a deep convolutional neural network-based technique 

with the combination of Convolutional Neural Network (CNN) and Recurrent Neural 

Network (RNN) to identify gestures because of robust implicit feature extraction. All the 

deep learning-based models require many deep neural network layers for learning and 

extracting features and require many labelled data for training and testing. CTC network 

follows the recurrent network for proper loss calculation in speech recognition and 

handwritten character recognition. It removes the pre-segmentation of the data, and 

implicitly find the proper tagged frame using dynamic programming. In order to achieve 

this goal for motion-based unique feature extraction, 3DCNN with an optical flow; 

2DCNN with an optical flow; Connectionist Temporal Classification (CTC) with an 

optical flow algorithm have been investigated, presented and evaluated on standard 

research hand gesture databases. The algorithms are compared with existing ones to 

confirm the effectiveness and improvement of this task's performance. The first chapter 

of the thesis presents an introduction, issues in hand gesture recognition, and motivation 

behind the research work. It also presents the objectives and scope of the overall work. In 

all the models, three different parallel streams extract RGB, Depth and optical flow 

features. These three different streams simultaneously extract appearance, depth and 

motion-based features for hand gesture recognition task. But the accuracy is improved by 

applying more weight to an optical flow stream by a weighted fusion scheme. 

 

The 3DCNN-OF with bidirectional gated recurrent network model extract space-temporal 

features from the video after several 3D convolution and 3D pooling. Now, in the second 

model, This 2DCNN-OF with recurrent network extract space and temporal features 

sequentially from an image. Third, the CTC network with an optical flow can find proper 
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frame-to-frame alignment and calculate CTC loss. The proposed methods have achieved 

80.50%, 85% and 86% recognition rate using 3DCNN, 2DCNN and CTC model on 

standard VIVA dataset with an optical flow compared to 78%, 82% and 82% recognition 

rate without an optical flow. The models have obtained 79%, 88% and 84% recognition 

performance using 3DCNN, 2DCNN and CTC model on ChaLearn dataset with an optical 

flow compared to 75%, 84% and 81% without an optical flow. The average accuracy rate 

is the overall evaluation of the network, which gives an overall understanding of the 

network's performance. But precision, recall, F1-Score, Error rate and ROC-AUC are 

interesting metrics for performance measurement in the multiclass classification problem. 

This proposed model gives better performance on every metrics with an optical flow. So, 

the proposed model is better in every metric with the support of an optical flow. The 

experimental results and comparisons on VIVA, ChaLearn databases have shown the 

effectiveness and superiority of the proposed methods for hand gesture recognition and 

classification with an optical flow. 
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CHAPTER-1 

 

1. Introduction 

 

1.1 Introduction 

 

Human usually uses hand gestures to explain their purpose to interact with humans or 

machines. This is a non-verbal communication mediator between human being and a 

machine. This is an alternative communicative option for speech technology. It is a modern 

technique to offer system input and computer command execution after being properly 

recorded and interpreted by hand gesture. Human-generated movements or gestures are 

commonly applied in real-time applications such as automatic television control [1], robotics 

[2], smart surveillance [3], virtual reality [4], sign language recognition [5], entertainment, 

smart interface [6][7] etc. Gestures are a continuous movement that can be recognized by 

the person comfortably but challenging to recognize with the machine. The human gesture 

involves physical movements of head, hand, arms, fingers etc. In Human-Machine 

Interaction (HMI), hands are the most intuitive and useful device compared to other human 

body parts. It is divided into two types of gestures, such as static and dynamic. A static 

gesture is a particular configuration and pose, represented by a single image. And, A 

dynamic gesture is the combination of posture and video sequence concerning time. All the 

static gesture uses a single frame with limited information, and it has a little computational 

cost. On the other hand, dynamic gesture contains more meaningful information with greater 

complexity, and it is in the form of video and more suitable for real-time application. This 

gesture also required high configured hardware equipment for training and testing. Many of 

the researchers have tried to use different machine learning algorithms to concentrate on 

hand gesture recognition. This scientific field of hand gesture encompasses hands with 

fingers, palm, thumb for detection, identification and recognition of the gesture. Hand 
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estimation is very difficult because of the small size compared with other parts of the body, 

higher recognition complexity and often self or other object occlusions. In addition, the 

construction of an effective hand gesture recognition system is also difficult. Hand gesture 

recognition, particularly from 2-dimensional video streams with digital cameras, has been 

reported in many studies for decades. However, these approaches encounter problems, such 

as colour sensitivity, occlusion, background clutter, illumination changes, light variation. 

The recent release of the latest Microsoft Kinect camera with a realistic and low-cost depth 

sensor enables researchers to take into account the 2D scene details. Moreover, the depth 

sensor is more robust against variation in the light because of the hi-tech technology behind 

it. 

 

In the conventional approach, machine learning algorithms have been used to conduct the 

recognition process once spatial-temporal hand gesture descriptors have specifically 

extracted explicitly. The user has manually designed or "hand-crafted" a large number of the 

features according to the framework to solve specific problems such as variation of hand in 

size and varying lighting condition. In the hand-crafted technique, the way of feature 

extraction is problem-oriented. The creation of hand-crafted features also requires finding 

the right trade-off between accuracy and performance in computing. Recent developments 

in data and computing resources with powerful hardware, however, have led to a paradigm 

shift in computer vision, with the advent of deep learning. Recently, these deep learning-

based models extract useful information implicitly from videos. There is no external 

algorithm required for processing this data. In several activities, including hand gesture 

recognition, remarkable findings have also been obtained.  

 

1.2 Hand Gesture Recognition System 

 

The HGR system is designed to differentiate between various hand classes and gestures and 

then use these important features for recognition. The recognition system uses hand shape 

and motion information with temporal characteristics. It is a very vast field, and a large 

amount of work is conducted in the last decades, and general vision-based architecture is 

described in Fig. 1.1. It illustrates the pipeline of popular hand gesture recognition system. 

It captures the visual data in the image acquisition stage, and the whole system uses row 
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images for input. It is captured with recently invented Microsoft 2010 Kinect camera [8], 

Intel RealSense camera [9] and DVS multiple 2D or 3D cameras [10]. Second, A pre-

processing step has been applied for extracting interesting hand region point from the 

background scene. Third, problem-specific significant features have been extracted for 

gesture recognition. Finally, a classification step generates a probability value for each class 

from the list of gestures. The hand gesture recognition systems consist of three different 

stages for gesture recognition. 1. It is pre-processing of frames 2. Feature extraction 3. 

Classification. A more detailed work of each stage of the whole pipeline of hand gesture 

recognition (HGR) is as below: 

 

1.2.1 Pre-processing of Frames  

 

It includes localization of the hand region of interest by applying various pre-processing 

operation such as resizing and cropping images, segmentation, different morphological 

operation, denoising operation and remove unnecessary information from images. The pre-

processing techniques that remove undesired distortion from the image and enhance the 

quality of image characteristics. Pre-processing of an image is very important so that there 

are no impurities in the extracted image and it is done to be better for the upcoming process, 

such as segmentation, extraction of features, etc. Accurate and efficient pre-processing leads 

to perfect feature extraction and finally turn into robust classification.  

 

1.2.2 Feature Extraction  

 

The process of extraction features refers to identifying a specific pose and movement of the 

body parts, such as the hand, head, face, to convey some important message. Therefore, one 

important gesture recognition research direction is hand gestures formed by various hand 

shapes, positions, orientations, and movements. It transforms the input of a video or image 

into a representation that extracts essential characteristics. Static features focus only on low-

level information present in the video, while dynamic features focus on local or global 

motion present in the video. Both static and dynamic features equally important for hand 

gesture recognition. And sometimes, the integration of these two features gives superior 

results. Three are two way of feature extraction from image/video. 1. Explicit, and 2. 

Implicit. All the conventional methods used an explicit feature extraction like SIFT [11], 



Introduction 

4 
 

SURF [12], LBP [13] and finally classified with SVM [14][15] or HMM [16]. But now all 

the deep learning-based model uses an implicit feature extraction. 

 

 

 

FIGURE 1.1 Architecture of hand gesture recognition system. 

 

If a gesture contains an image, then the convolutional neural network is enough for 

recognition. If the data is in the form of video, then a combination of CNN and RNN 

(Recurrent Neural Network) is used for hand gesture recognition [17][18][19][20]. The 

recurrent neural network merges present and past information in a time series of frames and 

defines the whole video's relationship. First of all, the video is converted into a fixed number 

of frames for input to the CNN network in a data pre-processing step. Next, a deep learning-

based model is used for implicit feature extraction. In the feature extraction phase, the 

researcher uses 2DCNN or 3DCNN with RNN (Recurrent Neural Network) for frame-to-

frame classification [21][6][22]. Dataset is a core part of these three different stages, and it 

is equally important to all the pipeline of stages.  
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1.2.3 Classification  

 

A machine-learning algorithm extracts feature from images or videos in the classification 

process and categories them into certain hand gesture recognition classes. Spatio-temporal 

features are extracted by the classification method to match them for training and testing 

data and later subsequentially validate by another set of testing data. In order to identify 

static gestures, people use a general classifier, such as Support Vector Machine (SVM), 

SoftMax Classifier, K-nearest Neighbour (KNN), Neural Networks (NNs). Nevertheless, for 

dynamic hand gesture, such as the Hidden Markov Model (HMM) and SoftMax classifier 

have been used, have a temporal aspect of being considered and needed to manage this 

additional temporal dimension. For example, Spatio-temporal features such as video 

descriptors, have an additional temporal dimension, and then to use standard classification 

techniques. It is also necessary to distinguish learning algorithms into supervised learning 

that simply matches samples with labels and unsupervised learning that clusters samples 

without labels. The particular learning algorithm's selection mainly depends on the type of 

hand gesture recognition system and application. 

 

1.3 Research Objective and Scope of the Work 

 

This work aims to develop a hand gesture recognition system to recognize hand gestures 

from videos with high recognition accuracy by extracting unique features. The PhD research 

work proposes to achieve the following objectives: 

 

• To study and investigate various deep learning-based models for hand gesture 

recognition with hand gesture dataset in the form of video. 

• To design useful models that combine CNN and RNN techniques and optimize the 

recognition performance of various hand gesture dataset. 

• To develop robust deep learning-based 2DCNN, 3DCNN and CTC models that extracts 

unique features from the video. All the models implicitly extract unique motion-based 

features from a video and CTC model calculate the CTC loss. 

• To evaluate the performance of the proposed model and validate the results with existing 

state-of-the-art methods. 
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The Scope of the work: The Scope of the study involves the following probable 

improvements in the proposed models for hand gesture recognition. 

 

• The research work presented here is tested for two different kinds of databases which 

contain videos of complex hand gesture, having varying lighting conditions and low 

resolution. 

• The research work is carried out for video information with RGB and Depth data with 

minor gesture variation.  

• The work is tested for calculated motion estimation as optical flow from RGB data and 

weighted fusion scheme. 

• This research work accurately extracts Spatio-temporal simultaneously features using 

3DCNN with an optical flow model. 

• The proposed 2DCNN with an optical flow model, automatically extract spatial and 

temporal information sequentially from a video using CNN-RNN.  

• The CTC network has been applied to find proper frame alignment and calculate the 

CTC loss for VIVA and ChaLearn dataset with 19 and 8 different class categories. 

 

1.4 Research Motivation 

 

In computer vision and pattern recognition, gesture recognition is an interesting and popular 

research topic. In the number of countries, driver distraction has been a critical problem in 

road security. There are nearest 15% of a crash of vehicles reported in the US due to the 

leading cause of driver distraction [23].  The survey reported by SaveLIFE, TNS Pvt Ltd. in 

India has estimated that nearly 20% of people died in 2017 due to cell phone use while 

driving [24]. Disruption happens when the driver notices away from the critical task and 

manages numerous devices like cell phone use, take on food, and monitoring device using 

the touchscreen in the car. Disruption in a car creates a link between the driver's visual 

attention and crash risk. The goal is to use hand gestures to monitor all the secondary devices 

and keep an eye on the road during steering, as per the newest study, hand-gesture and 

touchless-based interface is safer and less disturbing.  These hand gestures can provide a 

touchless interface in the car. All of these facts have motivated that to develop the hand 
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gesture recognition model that can automatically recognize the presence of gesture with high 

accuracy. So, all the device can control with a hand gesture, and the driver can focus only 

on driving so it will minimize the risk.  

 

In the previous work, many researchers have been tried to improve results using a different 

type of CNN and hand-crafted feature extraction-based approaches for hand gesture 

recognition with RGB-D dataset. The difficulty with these methods is that this RGB-D 

provides the only appearance and depth features to classify hand gestures. This information 

is not sufficient when the gestures have minor variation and lead to lower recognition 

accuracy. Robust methods are required in order to find unique features from the videos 

effectively. We have added motion-based feature extraction using an optical flow. This 

additional information finds the proper motion path from the videos. CNN and RNN based 

methods offer unique advantages for various image processing applications using implicit 

feature extraction from RGB, Depth and optical flow. They are listed as follows: 

 

• CNN and RNN based methods are adaptive and scalable for various image processing 

application. 

• They provide a natural way of extracting implicitly spatial and temporal features. 

• The use of CNN-RNN based methods does not require the extensive mathematical 

formulation of the problem. Hence the requirement on the necessity of exclusive domain-

specific knowledge can be reduced. 

• These CNN-RNN based methods are more robust against various challenges like lower 

resolution, varying illumination and varying length of the videos compared to other 

conventional hand-crafted feature extraction methods. 

• The main drawback is computational requirements are very high for these methods. 

 

The challenging issue of varying illumination, lower resolution, variation in gestures and 

usefulness of the CNN-RNN approach motivates us to investigate 2DCNN, 3DCNN and 

CTC based modified methods for hand gesture recognition. In this proposed thesis, two 

different VIVA and ChaLearn dataset have been used for method validation. Therefore, 

more emphasis is on boosting each class's recognition accuracy so it can be easily applicable 

to the real-time application.  
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1.5 Problem Definition 

 

The key problem to be addressed in this study is the recognition of hand gestures in image 

sequences. To be more precise, the issue as follows. The dataset has a collection of videos. 

And each video has sequences of images, and the video clip has few seconds of length, and 

in that video, a person is performing a hand's action. The intention is to classify the hand 

action seen in the previously unseen clip into one of the possible categories of action, with 

examples given in each category's training set. The combination of CNN and RNN network 

is used for implicitly feature engineering using deep learning. The recognition task is 

challenging due to various challenges like low resolution, varying illumination, smaller 

object size, and frequently changing object position. Video is a series of frames, and gesture 

is a part of this video. The problem definition is: 

"To design and develop a deep learning-based model for hand gesture recognition in 

the video sequences." 

 

1.6 Research Contribution 

 

A hand gesture recognition system must be able to analyse and recognize the universal hand 

gesture robustly and efficiently in video sequences. This research's primary goal is to 

develop an algorithm that recognizes hand gesture under varying illumination and low 

resolution. The gestures were made by the driver and passenger left or right hand. The 

gestures are also controlled by hand or finger motion. Also, the system should be such that 

recognition should be done accurately with improved accuracy. The main contributions of 

the research divide into four parts. The following subsections brief outline the significant 

contributions of the research. 

 

1.6.1 Unification of Frames 

 

The CNN model's prerequisite, input to the system is the same number of frames, that means 

the same width and same height of each frame, all should be in the same form. The whole 

video represents the entire gesture sequence and length is vary for each video. So, it is 

essential to find a unique number of frames containing the whole gesture sequence without 
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missing any information. Therefore, the unification process converts each video to an equal 

number of 35 frames. It is crucial to extract as much as possible those relevant features from 

every frame. After analysing the entire dataset, convert all of the RGB and Depth videos to 

the same number of frames for processing. This unification technique is a pre-processing 

step for this task.  

 

1.6.2 Calculation of an Optical flow 

 

All the deep learning-based model use RGB and Depth information for input to the system. 

RGB videos give shape, colour, texture and appearance information, and Depth videos are 

insensitive to illumination, colour, texture and give the distance from the camera. There is a 

need to add one more stream for motion-based feature extraction. Optical flow provides 

proper motion path present in the video. As well as remove some irrelevant information 

present in the background. It also supports the uniqueness for motion-based feature 

transformation irrespective to the object present in the video. Optical flow is calculated from 

each RGB video in this thesis for getting proper and right motion path. Therefore, more 

attention paid on motion estimation rather than on RGB and depth information.   

 

1.6.3 Feature Extraction 

 

This step is consisting of extracting the features of hand gesture from pre-processed frames. 

Gestures are part of videos in this work, and solving gesture recognition depends only on the 

robust feature extraction. The proposed approach used deep learning for hand gesture 

recognition by using implicitly automatic learning complex feature using a convolutional 

neural network (CNN) and recurrent neural network (RNN). Based on the way of feature 

extraction, three different models have been proposed. 

 

1. Optical flow-based 3DCNN model 

It is a three-stream network (RGB, Depth, Optical flow) to simultaneously extract spatio-

temporal information for hand gesture recognition. It consists of several 3D convolutional 

and 3D pooling operations and passing to the bidirectional gated recurrent neural network 

for advanced temporal feature extraction. The bidirectional gated recurrent work on the 

forward-backwards direction and learn more complex features. 
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2. Optical flow-based 2DCNN model 

This is also a three-stream network (RGB, Depth, Optical flow) to sequentially extract spatial 

and temporal information. It has several 2D convolutional and pooling operation for spatial 

features and passing to the gated recurrent neural network for temporal feature extraction. 

The entire network learns motion-based feature extraction using an optical flow.  

 

3. CTC model with optical flow  

 

In this proposed work, we have applied the 2DCNN-RNN-CTC network for hand gesture 

recognition. The output of the recurrent neural network (many-to-many) is connected to the 

CTC network for frame-to-frame alignment in this task. The entire network is trained 

through backpropagation through time (BPTT), but the loss is calculated using CTC.  It has 

been applied to speech recognition, action labelling and handwritten character recognition 

till now, but we have successfully applied this CTC with and optical flow model for hand 

gesture recognition and calculated CTC loss. 

 

1.6.4 Features Fusion 

 

As per the literature, All the conventional method used RGB and Depth information for 

feature extraction. In these proposed models, we have used an additional optical flow stream 

for proper motion estimation. CNN is applied parallelly for extraction of RGB, Depth and 

optical flow information. Feature fusion merges all the three-stream response on the last 

level with the various scheme. We have been applied a weighted fusion scheme to get 

motion-based feature extraction. All the proposed models give better accuracy when higher 

weight is assigned to an optical flow stream.  

 

1.7 Hand Gesture Recognition Challenges 

 

The procedure of recognising hand gestures contains some complex sequential steps that 

have several possible challenges that may stand in the way of precise recognition. The key 

challenges for this work are the following.  The videos used for classification were not in 

fixed-length, but their length was only a few seconds: usually, the videos were varying 
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lengths and duration. The standard deep learning model only works for videos of fixed 

length. Hence, the first objective was to transform the representation of fixed length videos 

from varying lengths to classify them using the standard classifier. For this task, the 

unification of the frame's process is applied for unique feature extraction, which will discuss 

in more detail later. In this thesis, the captured videos are taken in constrained environments, 

meaning that the classified video cannot contain camera motion and in the fixed background. 

But the general challenges for HGR are varying illumination level, occlusions, and low 

quality of frames of an image below.  

 

• Illumination level: The various level of light brightness like dull, medium, and bright 

usually can affect the performance in the extracted hand region.  

• Lower resolution: The lower resolution of an image or video will affect the model's 

performance when the object is not adequately visible for learning and extracting 

important features. This task is challenging due to the lower resolution of an image or 

video. 

• Background: The complex background means that the hand's picture would also have 

other objects and that the object may give skin like colour, leading to a classification 

problem. The task of trying to extract unique features from an image or video is 

extremely challenging.  

• Rotation: This problem will arise if the region of the hand rotates in any direction inside 

the scene. It is very tough when fingers play action instead of hand. 

• Translation: The changes in the hand position in different images may lead to errors in 

feature representation.  

• Scale: This issue takes place when the hand posture has a different size in image or 

video. It will lead to an error for feature representation.  

 

When coping with hand gesture recognition, another difficulty is that several videos showing 

individuals acting the same class will look very different compared to each other. That is, 

the videos show a number of intra-class variations. The techniques used in this work are to 

learn motion-based feature representations from videos that should neglect intra-class 

differences and concentrate on learning biased representations that make it easier to 

differentiate between two distinct actions. The proposed architecture can be trained in an 

end-to-end supervised manner using deep learning to accomplish this mission. The following 
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are the assumptions about the work on videos within this study. Each video depicts an 

individual performing an action that can only require a hand movement and does not perform 

body motions. Only one action is shown, and it has a static background in each given clip.  

The clips do not have same length duration, as mentioned before. 

 

1.8 The Organization of the Thesis 

 

The main contents of the thesis are as follows. 

 

Chapter 1 deals with the general introduction of the research work. It elaborates about the 

basics of hand gesture recognition system and its applications. It also discusses significant 

contributions in this research work. We study various challenges and research motivation in 

this chapter. 

 

Chapter 2 represents a comprehensive literature survey on hand gestures recognition has 

been conducted. We will discuss the impact of hand-crafted feature extraction and deep 

learning-based approach for this task. The survey helped to identify the issues and challenges 

faced in this research. It shows various deep learning architecture available for images and 

video processing.  

 

Chapter 3 presents the necessary information about CNN, and an RNN is applied for hand 

gesture recognition. It also describes LSTM and GRU for the time-series sequence of data. 

 

Chapter 4 explains the proposed 3DCNN based model for learning and extraction of an in-

depth feature. This proposed model uses implicit Spatio-temporal features using 3DCNN 

approach and 3D convolution-pooling on RGB-D and Optical flow data.  

 

Chapter 5 explains the proposed 2DCNN based model for learning and extraction of implicit 

features on RGB, Depth and OF data. The merged features of three separate streams are 

passing to the gated recurrent network for integrating past and present information and 

temporal recognition of the gesture.  
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Chapter 6 describes the Connectionist Temporal Classification (CTC) model to efficiently 

evaluate all possible hand gesture alignment via dynamic programming and check 

consistency via frame-to-frame for the visual similarity of hand gesture in the unsegmented 

input stream using CTC loss.  

 

Chapter 7 contains the main conclusions of all the work proposed in this thesis. It also 

explains the possible work to be carried out in the future.     
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CHAPTER-2 

 

2. Literature Survey 

 

2.1 Introduction 

 

Hand gesture recognition is an extensively studied computer vision research domain with a 

vast and rapidly increasing amount of work available in this subject's literature. Throughout 

this chapter, we will explain the work closely related to this task and describe what we will 

do in future. For getting this information, we have referred to the recent survey paper 

thoroughly in order to obtain essential hand gesture information [25][26][27][28]. The 

factors that affect the quality of hand gesture recognition as a topic of interest are a broad 

range of potential application behind it; robotics, recognition of sign language, the 

interaction between humans and computers, video surveillance system, automatic guidance 

system and others. In the image recognition task, many researchers have previously shown 

a promising result. By extending this single image to a set of images means video, we need 

to handle the time dimension. 

 

Recognition of gestures is a challenging area because 1) there is a huge variation in how 

people perform the gesture, 2) Some gestures involve gross movements, while others involve 

localized fine movements or poses., 3) There can be unregulated environmental factors such 

as varying illumination, complex background, brightness, diversity in clothing and skin 

colour, and 4) similarity in gesture. Gestures are not similar to action, but they are related.  

Since actions involve the whole-body parts, gesturer focuses only on specific body parts, 

usually hands. As action recognition methods are unaware of the localization aspect of 

gestures, they may pay attention to the video parts that are unrelated to the gesture, resulting 

in poor performance. We will begin by exploring some of the traditional approaches to hand 
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gesture recognition using hand-crafted features and then move on to more advanced 

approaches using deep learning models. 

 

2.2 Hand-crafted Feature Extraction Techniques 

 

Hand-crafted features dominated the world of computer vision before the advent of deep 

learning. It isn't easy to craft useful features by hand. Hand-crafted features can take years 

of research and are often domain-specific. As deep learning techniques that automatically 

learn features have become popular, hand-crafted features have become almost obsolete 

now. Various researchers have presented several papers using hand-crafted feature 

extraction approaches for dynamic hand gesture recognition over the last decades. The 

classical image or video classification pipeline normally includes all the following steps; 

interest corner and key-point detection, extraction of local descriptors, aggregation of local 

descriptors, collect dense trajectory information, collect motion information and 

classification. In the hand-crafted feature extraction, low-level features like appearance, 

motion, and shape are extracted via an image gradient.  

 

The method describes by Zobl et al. in [29] used segmentation, background subtraction and 

thresholding operation used for pre-processing an image. Then hu moments as a feature 

vector used for hand-crafted explicit feature extraction. Finally, the Hidden Markov Model 

is applied for classification of a hand gesture. Ryoo et al. [30] proposed relationship 

matching techniques based on Spatio-temporal feature extraction, measuring structural 

similarity between two videos using trajectory detection. At first, the researcher extracts 

local features from a series of the video sequence. After that, they create a relationship 

histogram from each video sequence using pairwise relationship features. Two different 

relationship histograms created for spatial and temporal order, and it shows simple, constant 

and limited prediction features. Finally, the researcher measures the similarity between to 

videos using the calculated histograms intersection relationship from spatial and temporal 

order of features. In the video data, a popular SIFT descriptor was applied for video data in 

[31]. Histograms of Optical Flows (HOF) [32], Histograms of Oriented Gradients (HOG) 

[33], and Motion Boundary Histograms (MBH) [34] local descriptors are computed for each 

trajectory in the space-time volume in the video for gesture recognition. Whereas HOF and 
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MBH capture motion information, the static appearance data is captured by HOG. As an 

efficient video representation technique, wang et al. [35] suggested dense trajectories. Their 

method samples dense points from each frame for many spatial scales and monitors the dense 

points based on displacement information from dense optical flow. Motion boundary 

descriptors are used to eliminate camera motion around dense trajectories. The work 

described in [36] proposed hand gesture recognition using RGB-D ChaLearn video dataset. 

Then include a detailed analysis of the recognition of one-shot learning gesture from RGB-

D data and suggest a new spatiotemporal feature, mixed features around sparse key points 

(MFSK), extracted from RGB-D data. A combination of Edge-based Foreground-

Background Model (EBM), Mixture of Gaussian Background Model (BG-MOG) and 

Segmented Maximally Stable Extreme Regions (MSER) used robust detection and 

segmentation in [37]. This silhouette of an object is overlapped and tracked each hand part 

using the Kalman filter in the successive frames and classified using Hidden Markov Model. 

Klaser et al. [38] compute 3D gradient orient histogram for spatiotemporal domain feature 

extraction in the video or image and classified using nonlinear support vector machines for 

action recognition.   

 

The Motion Boundary Histogram (MBH), introduced in [39], is a more robust descriptor 

derived from the optical flow. The MBH descriptor wraps the orientation information of 

spatial derivatives determined for the optical flow's horizontal and vertical components into 

histograms, similarly to the HOG descriptor. Yang et al. [40] propose an effective method 

using depth maps into three orthogonal planes. These accumulate values are combined for a 

generation of depth motion map for an entire video sequence. Histograms of Oriented 

Gradients (HOG) are then determined to represent an action video from the Depth Motion 

Map (DMM).  These features have been given input to the SVM for action classification. 

New 4-D colour-depth LST features in [41] integrate both intensity and depth data obtained 

from RGB-D cameras. This feature detector constructs a saliency map by applying x-y-z-t 

dimension independent filtering to represent variations in texture, shape and pose. It chooses 

its local maximums as points of interest and builds a complete system by combining bag-of-

features representation and classify using support vector machine. Trivedi et al. [7] describe 

a vision-based system that combines RGB and Depth descriptor to classify hand gesture. 

Two interconnected modules used for detection and classification. In the feature extraction 

phase histogram of gradients (HOG) is employed. These gestures are classified using a 

support vector machine. Konecny et al. [42] use RGB and Depth images for combining 
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Histograms of Oriented Gradients used for appearance information and Histogram of the 

optical flow used for motion information.   Finally, DTW classifier is used for combining 

HOG-HOF feature descriptor. In work represented in [43] utilizes a Bayesian model of 

visual attention to segment hand region from the background and used SVM classifier to 

classify hand gestures using the hand region's shape and texture features against cluttered 

backgrounds.   

 

The concept behind the deep learning method is to discover multiple levels of representation. 

The semantics of the data can be interpreted by higher-level representation, which can 

provide greater robustness for intra-class variability. The key difference is that CNN learns 

features implicitly from the data. The hand-crafted technique, the features are designed 

beforehand by a human expert to extract a given set of chosen characteristics. Low-level 

features like appearance, motion, and shape are extracted from an image/video in the hand-

crafted feature extraction. But now all the deep learning-based model uses an implicit feature 

extraction. Trivedi et al. [7] applied a Histogram oriented gradient (HOG) approach to 

standard VIVA dataset. HOG achieved an accuracy of 64.5% using RGB and Depth streams 

of VIVA dataset. The current state-of-the-art method on this dataset that uses deep learning 

techniques 3DCNN using LRN+HRN achieved an accuracy of 77.5% using the same 

modalities [6]. Although HOG didn't outperform 3DCNN using LRN+HRN on this dataset, 

the fact that hand-crafted features performance is comparable to deep learning-based 

methods is impressive. 

 

2.3 Deep Neural Network 

 

The method of computer vision has been improved recent years through acceptance of 

Convolutional Neural Networks (CNNs) and other method based on deep learning 

[17][44][45]. Deep learning has achieved great success in the area of speech recognition, 

face recognition, hand character recognition and other areas in the image processing. All the 

deep learning-based models support nonlinear modelling capabilities, rotation and 

translation invariant and extract high-level features. Deep learning-based techniques have 

become common in part because they can learn feature representations automatically and 

thus avoid time-consuming engineering. Methods of deep learning, however, require large 
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training data. CNN operate excellent on images because of ImageNet public dataset, and it 

has a large volume of data for training [46]. However, deep learning-based techniques 

perform equally well on videos, but it requires a recurrent neural network to handle time-

domain information [47]. For proper handling of the data in the form of video, it is needed 

to extract feature in the spatiotemporal domain. This data can capture the human body, part 

of a hand, human pose and can be used for classification of gesture of activities related to a 

particular subject in the research area. The additional time-domain information increases 

computational complexity, and it also required a large volume of data for training a model. 

Therefore, many researchers are focused on this area by using various deep learning model 

to improve recognition accuracy in this growing field. This section discusses deep learning 

methods for images and videos. 

 

2.3.1 CNN Operation on Images 

 

More than hundreds of deep learning models have shown their ability to handle millions of 

images and achieve accurate result so far. A model of deep learning has a specific 

architecture and is trained in that particular way. With a wide range of computer vision 

applications, deep convolutional neural networks are one of the most popular deep learning 

models. A CNN's gained tremendous popularity when a deep CNN was applied for object 

recognition in ImageNet and won the challenge in 2012 [46]. ImageNet is a dataset of more 

than 15 million high-resolution images categorized in some 22,000 categories [48]. The 

winning AlexNet Architecture was proposed by Krizhevsky et al. [49], and it consists of 5 

convolutions, three max-pooling, two normalization and three fully connected layers with a 

total of 13 layers. The first time, they have used ReLU nonlinearity function to solve the 

vanishing gradient problem. Data augmentation and dropouts were introduced to combat the 

problem of overfitting. GPU was used for training the developed AlexNet architecture. 

Simonyan and Zisserman [44] presented the next important VGG network architecture using 

CNNs. In their 2014 paper on ImageNet challenged. This network is identified by its 

simplicity, using an increasing depth of just 3 x 3 convolutional layers stacked on top of each 

other. Max pooling has been applied for reducing the volume size of the network. A SoftMax 

classifier then follows two fully-connected layers; the size of each layer is 4096 nodes. 

Moreover, smaller filters have fewer parameters than large filters. Fig 2.1 describes VGG16 

network architecture. This network's biggest drawback is that the training time is painfully 

very slow and the network weight is very high.  
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FIGURE 2.1 VGG16 architecture for ImageNet challenge [50]. 

 

In 2015, He et al. [17] proposed a very deep network using residual connections called 

ResNet. It was the first architecture and first time more successful than traditional hand-

crafted feature learning approach on the ImageNet challenge. Deep residual networks have 

redefined state of the art and secured first place in all five key tracks of the 2015 ImageNet 

and COCO competitions. These extra layers have been credited for much of the success of 

Deep Neural Networks. The concept behind their involvement is that these layers are 

gradually learning more distinctive features. The various layers learn various crucially 

important features such that, the first layer learns edges, the second layer learns shapes, the 

third layer learns objects, and the last layer learns face or hand, etc. The residual architecture 

has been proven as robust and is being used in many areas, including classification of an 

image, detection of objects, semantic segmentation, language modelling etc. The 

architecture of ResNet is shown in Fig 2.2. 

 

When a model is very deep, it is very hard to optimize and increase training and testing 

errors. In practical, a deeper model can learn anything which is learned by a shallower model. 

Proof by construction to this problem is to copy the learned layers from a shallower model 

and set the additional layers to be identity mappings. This is the motivation behind residual 
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connections. The proposed work uses deep 34,50,101 and 152 layers of ResNet architecture. 

They also proposed a 1001-layer deep ResNet by using identity shortcut connections and 

identity after addition activations in the network [18]. 

 

 

 

FIGURE 2.2 ResNet architecture for image recognition [51]. 

 

Convolutional Neural Networks (CNN) is an extremely powerful model for learning features 

from an image. CNN-based models achieve state-of-the-art results in tasks such as 

classification, location, semantic segmentation and action recognition, hand gesture 

recognition, etc. Nevertheless, these approaches have its limitations, and they have a 

fundamental disadvantage like CNN does not work well for spatial invariant input data. 

Sometimes CNN does not encode the position and orientation of an object present in the 

input data. 

 

2.3.2 CNN Operation on Videos 

 

The architectures discussed above using only CNN are used for image classification and 

object recognition. The best way to apply this existing architecture for video is to run a CNN 

on an individual frame and then average the SoftMax probability scores for video 

classification.  Another method to extend CNNs for video is to run a CNN on each frame of 

the video, extract the features, and then pool the features. A fully connected layer on top of 

the pooled features can be used for video classification. The benefit of the approaches 

discussed above is that they can take advantage of transfer learning. Transfer learning is a 

popular approach, and it allows us to construct accurate models in a time-saving manner for 
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computer vision. Instead of starting the learning process from the beginning, people can use 

the patterns that have been learned while solving a different problem. By using this way, 

people can take advantage of pre-trained models and avoid the learning process starting from 

scratch. However, these discussed approaches neglect the temporal information available in 

the video. For instance, it is difficult to differentiate a counter-clockwise rotation and 

clockwise wise rotation. The missing motion path leads to a bad accuracy for video 

classification. Therefore, getting accurate motion information enough number of stacked 

frames required. We use these two methods of extending CNNs for videos in this thesis; 

however, with a slight variation. Instead of running a CNN on each frame, we run a CNN 

on sliding window of 35-frames. Thirty-five frames are stacked together to form a 3-channel 

input image, which is then processed by a CNN. The advantage of using 35-frames is that 

the CNNs can learn spatial-temporal information without losing the advantage of transfer 

learning. 

 

2.3.3 CNN with RNN 

 

The two approaches discussed in the previous section for expanding CNNs for videos neglect 

the temporal structure. The addition of the recurrent neural network (RNN) after the last 

fully connected layer in the CNN is another approach for modelling temporal sequences. 

RNNs are recurrent network because each cell performs the same task for the same sequence. 

But the output of the current cell depends on the precious computation. The RNN can model 

temporal structure and capture long-range dependencies. It shares the different parameter in 

each time steps across the network. The technique is generally referred to as parameter 

sharing in the entire network. This resulted in less trainable parameters and reduced the cost 

of computing. RNNs are usually placed after the last convolution/pooling layer so that the 

CNN can operate as a feature extractor while the RNN models behave as a temporal feature 

extractor. The structure for RNNs, as shown in Fig 2.3. The deep RNNs suffer from the 

exploding gradient and vanishing gradient problem because of many layers' involvement. 

This type of deep network also increases the number of time step between layers.  In all 

various forms of deep neural networks, this is the most common problem. Due to the problem 

of vanishing and exploding gradients, vanilla RNNs that map input sequences to hidden 

states fail to learn long-term dynamics [53]. The problem of long-term dependence is solved 

by Long-Short Term Memory Networks (LSTMs) using memory units. 
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FIGURE 2.3 CNN + RNN architecture for action recognition [52]. 

 

This network specifically allows the memory cell to learn when to forget and when to update 

previous information when provided to the new latest information [53]. A simpler variant of 

LSTMs, Gated Recurrent Units (GRUs) achieve comparable performance to LSTMs with 

fewer parameters [54].  

 

2.3.4 2D Convolutional Neural Network 

 

The human visual system's two-stream theory is that human vision requires two pathways: 

the ventral stream to identify objects and the dorsal stream to identify motion [55]. Tsironi 

et al. [56] applied the CNNLSTM network to analyse and successfully learn complex 

features in varying durations. This network learns temporal feature of each gesture and 

classifies correctly in Kendon's stroke phase. For the visualization of each feature-map 

applies a deconvolution process for activation of original image pixels.  Inspired by this 

hypothesis, Simonyan and Zisserman [57] proposed two-stream convolutional network 

architecture for action recognition in videos. Their architecture consists of an RGB stream 

to capture information about scenes and objects in a video, and a Depth data capture distance 
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information to the camera and object present in the video. Feichtenhofer et al. [58] extended 

the two-stream architecture by fusing the temporal and spatial streams after the last 

convolutional layer. The fusion is done by stacking the two feature maps from temporal and 

spatial streams and then performing a 1x1 convolution to retain the feature map dimensions. 

Moreover, they observed that after fusing the motion stream into the appearance stream, one 

should retain the motion stream and reuse it at the end to increases performance. 

Feichtenhofer et al. [59] further extended this architecture by using multiplicative gating for 

fusion instead of addition.  

 

2D CNN models are successfully working on object classification, but it is still also applied 

to image segmentation. This paper [60] Faster R-CNN finds all the ROI of hand location in 

the segmented images. Then spotting registration technique is used with 2-Stream CNN for 

continuous hand gesture classification using RGB-D data. These multimodal features are 

classified using the LSTM layer, followed by SoftMax classifier. The work described in [61] 

is a pure region-based convolutional neural network for segmentation, localization and 

classification. The R-CNN technique has applied for proper segmentation of each hand 

region in the complex background. Then, Each ROI is supplied to the CNN network for 

feature extraction and classification. Dadashzadeh et al. [62] use a deep learning-based HGR 

system with a two-stage CNN architecture. Hand segmentation is the first stage for pre-

processing an image. In the second stage two-stream, CNN network is applied for feature 

extraction. In [63] This is a deep learning-based hand gesture recognition approach with a 

combination of CNN and LSTM recurrent network for classification. It is 3D sequence data 

collected from full-body and hand skeleton for hand gesture recognition. Moreover, they 

applied the data augmentation approach for preprocessing data, increasing the number of 

samples, and reducing overfitting. This proposed model is a generalized and applied to 

another problem dealing with 3D spatiotemporal data; it has no data dependency issue with 

the shape of a skeleton or gesture to be recognized. 

 

All the Deep Learning models are using only RGB and Depth information for recognition 

of hand gesture. And therefore, it does not create a major impact on the results. There is a 

need to provide some additional stream that can extract robust features and leads to better 

results. Similar to the two-stream networks, in this thesis, this proposed architecture also 

divides processing among appearance (RGB and depth) and motion streams (optical flow). 

After adding a third motion stream, it is turned into a three-stream network. RGB, depth and 
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optical flow channels of this proposed architecture use a stack of 35 images as input to this 

model. But in this case, we use 2D convolutional and pooling on a single frame for spatial 

feature extraction and the recurrent network is applied for getting temporal information. This 

preserved temporal information is used to find fitting motion path present in the video. 

Moreover, the entire model has processed spatially as well as a modality. On the modality, 

weighted fusion scheme is applied for motion-based feature extraction. This motion-based 

feature extraction easily recognizes the clockwise and anticlockwise movement of the hand. 

 

2.3.5 3D Convolutional Network 

 

The CNNs discussed in the "CNNs for Still Images" section extract spatial features from 

single images. However, the features they extract lack motion information. 3D 

Convolutional Networks are a natural extension of 2D Convolutional Networks for videos 

that can capture Spatio-temporal information. More importantly, they can create hierarchical 

representations of Spatio-temporal data. 

 

Tran et al. [22] proposed a deep C3D network (3D Convolutional Network) that 

simultaneously integrate appearance and motion for action recognition. It consists of 8 

different 3D convolution operation, five different 3D pooling layers, two fully connected 

layers with 4096-dim size and finally probability generator SoftMax output layer. The entire 

network takes video clip as an input and generates a probability score for each class category. 

The size of each convolutional filter is of 3 x 3 x 3 dimensions pixels. For other video 

analysis task, people can also use for feature extractor. A video is split into 16 frame-long 

clips to extract C3D features for a video with an 8-frame overlap between consecutive clips. 

The entire clip passed through the 3DCNN (C3D network), and the final fully connected 

layer generates the activation value for each video. The clip level value is averaged in the 

last layer and generate 4096-dim vector descriptor for prediction. 

 

The feature extraction using 3D CNN is also suitable for action recognition. This action 

recognition model simultaneously extracts spatial and temporal feature by performing 3D 

convolutional and 3D pooling in the multiple adjacent frames [22][64]. In [65], very deep 

neural architecture is applied for standard VIVA dataset. Such designed algorithms fail to 

classify the gesture as similar in action with minor variation, and recognition accuracy is 

minimal as per present real-time requirements. Tran et al. [66] further extended the C3D 
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network by using residual connections (ResC3D). The 3DCNN-LSTM model is highly 

suitable for the mobile device due to smaller in size [67]. 3DCNN model followed by 

bidirectional rank pooling and LSTM networks is applied to learn long-short term 

spatiotemporal features for hand and body parts recognition [68]. The 3D CNN is harder to 

train because it requires higher parameter than 2D CNN. Molchanov et al. [6] designed a 

3DCNN model for hand gesture recognition using depth and intensity data.  It calculated 

image gradient and depth value for input to the CNN network. These two networks are a 

combination of LRN (Low-resolution network), and HRN (High-resolution network) is 

shown in Fig 2.4. This method achieves a correct classification rate of 77.5% on the VIVA 

challenge dataset. This model has used depth and gradient data for feature extraction and use 

more hyperparameter for training. 

 

 

FIGURE 2.4 LRN+HRN 3DCNN architecture for hand gesture recognition[6]. 

 

Similar to the two-stream networks, in this thesis, this proposed architecture also divides 

processing among appearance (RGB and depth) and motion streams (optical flow). After 

adding a third motion stream, it is turned into a three-stream network. RGB, depth and 

optical flow channels of this proposed architecture use a stack of 35 images as input to this 

model. But in this case, we use 3D convolutional and pooling instead of 2D. The whole 

architecture extracts spatial-temporal feature simultaneously followed by late fusion. More 

importantly, we also divide the processing for spatially as well as by modality, similarly to 

2DCNN architecture previously discussed. On the modality phase, weighted fusion scheme 

is applied for motion-based feature extraction. This motion-based feature extraction 
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simultaneously extracts Spatio-temporal features for easily recognizing the movement of the 

hand. 

 

2.3.6 CNN with the CTC Network 

 

CTC model has been successfully applied to speech recognition, action labelling, 

handwritten character recognition and other sequence problems. CTC network can 

successfully find alignment between input and output for time sequence problem. Alex et 

al. [69] first time proposed a novel algorithm for supervising sequence labelling with a 

recurrent neural network using the CTC network. The rest of the works are inspired by this 

method for various application.  In speech recognition, during decoding a large number of 

frames are blank, and the CTC Lattice network is applied to remove the bank frame by 

completely remove traditional method phone synchronous decoding (PSD) to the 

synchronous frame decoding (FSD) [70]. Yi et al. [71] used a novel CNN-RNN-CTC 

classification model for multi-accent mandarin for automatic recognition of speech to 

improve the performance. This model uses CNN for spatial feature extraction in the 

speech. It used 1D convolution instead of 2D convolution because speech is a time-

sequence data, and a many-to-many recurrent network follows it for generating the time-

step probability score. Finally, the CTC network finds the annual cost for input to output 

alignment. The regularization term is added in the original training procedure to avoid the 

overfitting problem. Handwritten character recognition is a technique to convert 

handwritten character to digital text. The CTC based approach is a forward-backwards 

algorithm, and it eliminates the use of segmentation of input before training of the data. In 

the paper [72], the bidirectional long-term memory-based recurrent neural network is chosen 

for processing long-time dependencies on handwritten character data. The connectionist 

temporal classification output layer follows the RNN for labelling unsegmented input data. 

Hu et al. [73] compared the CTC model's interpolation and Lattice-Free Maximum Mutual 

Information (LFMMI) objective function for offline English handwritten character 

recognition. The performance is compared to the feature extraction phase by using CNN-

DBLSTM and PCA-DBLSTM, respectively. The work is not limited to only English 

handwritten character recognition, but Alex et al. [69] proposed a model for Arabic, French, 

Farsi hand character recognition and Phoneme recognition. They have mainly used CNN-

RNN-CTC architecture for recognition.  
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YouTube, a popular video-sharing site from the Internet, has vast visual information 

uploaded by various people day by day. It encourages the user for action understanding in 

the video by applying a recent advance algorithm. In this case, supervised learning methods 

can help identify actions from the movie scene, sports action, instructional videos at a lower 

cost. Huang et al. [74] proposed a weakly-supervised system for action labelling in the video, 

during training time, the only order of occurring action required. The key issue is that the 

per-frame alignments between the input video and labelling action sequences are uncertain 

during training periods. By applying the Extended Connectionist Temporal Classification 

(ECTC) paradigm, they resolved it by effectively assessing all possible alignments through 

dynamic programming and specifically enforcing their compatibility with visual frame-to-

frame similarities. With less than 1% of labelled frames per video, this method outperformed 

existing semi-supervised approaches. CTC and statistical Language models are used for 

recognizing actions series where they did not provide the boundaries of the actions but 

concatenated the several actions in [75]. The proposed work is tested on Breakfast dataset. 

The author combines the Connectionist Temporal Classification (CTC) and a statistical 

language model for action labelling in this recommended approach. However, the CTC 

model can learn each action's nature in an end-to-end manner when no boundary information 

is available. At the same time, the statistical language model can learn the relationship 

between actions.  

 

CTC network is also applied to hand gesture recognition because the gesture is in the form 

of video and video is a sequence of frames. Inspired by the success of speech recognition 

and hand character recognition, Molchanov et al. [76] proposed a combination of R3DCNN-

RNN-CTC network for dynamic hand gesture recognition. Fig 2.5 shows the 3DCNN-RNN-

CTC architecture for hand gesture recognition. A gesture video with short clip given input 

to the 3D CNN network for extracting common spatial-temporal features. These are inputs 

to a recurring network that aggregates transitions through multiple clips. The output of the 

recurrent neural network is linked to the last SoftMax layer to estimate class-conditional 

probabilities. This entire network beginning to end is trained with CTC costing function. 

The 3DCNN model composed of eight convolutions with a growing number of filters to 

obtain both spatial and temporal features on RGB and depth image sequences. In contrast, 

CTC network is applied for online classification, to perform prediction of output sequence 

in an unsegmented input streams scenario. 
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FIGURE 2.5 3DCNN-RNN-CTC architecture for hand gesture recognition [76]. 

 

The future work mentioned in [56] and R3DCNN-RNN-CTC [76] model indicates the 

CTC model can learn proper label alignment for hand gesture recognition. In this thesis, 

the proposed CTC with an optical flow model used 2DCNN-RNN-CTC approach instead 

of R3DCNN-RNN-CTC model. Initially, all the 35 frames passed to this model for feature 

extraction using 2DCNN. All the sequential 35 frames are connected to the recurrent 

network for probability score generation. This recurrent network is a many-to-many 

network for time-series prediction, and this entire system is connected to the CTC network 

for cost estimation. For this network, RNN generates a probability score for 35 frames, 

and it is sufficient for finding proper label alignment. The previous R3DCNN-RNN-CTC 

[76] model uses only 16 frames and uses the 3DCNN approach for Spatio-temporal feature 

extraction after it is connected to the RNN temporal recognition. It can lead to an 

insufficient number of frames for proper frame alignment and decreased recognition 

accuracy after applying this 2DCNN-RNN-CTC model for hand gesture recognition that 

can find frame-to-frame CTC loss and boost accuracy to some extent. 
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2.4 Summary of Literature Review  

 

We have briefly described some of the approaches for the issue of hand gesture recognition 

in a video sequence. In the same way, however, all of these factors enable us to recognise 

hand gestures according to two types of methods: hand-crafted and deep learning 

approaches, thus reviewing all the literature's challenges.  We listed a number of classical 

methods in the first section that follows the pipeline borrowed from image classification 

work consisting of steps to detect and track of interest corner points, extract local descriptors, 

aggregate them, extract motion-based features, and finally classify the resulting 

representations. In general, these efforts worked with hand-crafted features; developing 

these is a difficult problem that involves a lot of professional expertise. They often do not 

generalize well for various tasks.  

 

In short, deep learning is a family of neural network-based algorithms that are learned on the 

basis of different kind of implicit features. Very recently, researchers have made a jump in 

robustness and efficiency in hand gesture estimation using this approach. We then identified 

some of the common deep learning architectures capable of learning representations from 

the data itself without a human expert's need. Many works demonstrate that techniques using 

deeply learned representations perform better than hand-crafted ones. We intend to adopt 

this strategy in our work, with a significant amount of RGB and Depth data available to 

recognise hand gestures. The proposed built-in architecture that can learn meaningful 

information in a supervised manner, early proposed techniques have been used only RGB 

and Depth data in the field of hand gesture recognition. For this, some gesture which has 

minor variation cannot easily recognize using only RGB and Depth data. The additional 

motion information in the form of optical flow is added for classification. After jointly 

feature extraction using three different streams, weighted based fusion scheme is applied 

after CNN. This jointly trained scheme can learn proper motion fitting path using 2DCNN 

and 3DCNN feature extraction approach. CTC network initially worked on speech 

recognition and handwritten character recognition. In this thesis, 2DCNN-RNN-CTC is 

discussed for a hand gesture recognition in a video sequence data. The CTC technique easily 

mapped on this task by calculating CTC loss and finding proper frame alignment using 

dynamic programming. We have also explored this idea in the thesis. 
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The CNN architecture used in this thesis consists of 35 frames stacked together as a three-

channel input image.  A CNN is run on each 35-frame sliding window of the video, and the 

information from all the sliding windows is temporally fused using unification technique. 

Many state-of-the-art CNN architectures like LeNet, AlexNet, VGG, ResNet, and DenseNet 

are available in the literature. However, the proposed CNN architecture is not pretrained in 

this thesis, But the CNN architecture experimentally evaluated based on the standard VIVA 

and ChaLearn dataset. The proposed architecture has 14 convolutional layers, 4 Max pooling 

layer and two fully connected layers for VIVA dataset. The proposed second architecture 

has 16 convolutional layers, 5 Max pooling layer, and two fully connected layers for 

ChaLearn dataset. However, the recurrent network has 35 total cells of memory for merging 

the present and past information. There are two recurrent layers used in this thesis with 32,64 

or 128 cells of memory. For this work's experiments, Intel Core i7-6700 processor with a 

64-bit operating system, Nvidia GeForce GT 710 GPU with 16-GB RAM is used with 35 

frames generated from a video on a 115 x 250 and 240 x 320 resolution images.   
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CHAPTER- 3 

 

3. earningLeep DIntroduction to  

 

3.1 Introduction 

 

Many applications in the Computer Vision (CV) field have recently seen a massive change. 

From hand gesture recognition, human activity recognition to speech recognition, 

handwritten character recognition, action labelling, image classification and labelling. The 

emergence and successful arrival of the machine learning technology called deep learning 

are also seen in computer vision areas. Since 2010, many researchers from computer vision 

area have moved from conventional handcrafted features descriptor to the learned-based 

features descriptor, often referred to as data-driven algorithms. There is much another visual 

recognition method available in the literature by learned based approaches such as genetic 

programming and dictionary programming—nevertheless, and we emphasise deep learning 

as it has changed the game of computer vision. Currently, deep learning is the active area of 

research in computer vision. In this chapter, mainly focus on what is deep learning? How it 

works and why it is important for recognition.  

 

3.2 Basic Information About Deep Learning 

 

Deep learning is a subset of the machine learning that enables a computer, what to do and 

how to do without intervention of the human being. The rapid development in deep learning 

and improvements in system capability including consumption of power, resolution of an 

image sensor, high computing power, memory storage capacity has improved the 

performance and cost-effectiveness of further speeding up the spread of the vision-based 
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application. Due to the excellent performance produced in a variety of problems such as 

semantic segmentation, image classification, Simultaneous Localization and Mapping 

(SLAM), object recognition, object detection (and tracking also), handwritten character 

recognition, speech recognition and action recognition, deep learning techniques have 

gained a lot of attention [77][78]. Deep learning-based models may achieve state-of-the-art 

results on some problem, sometimes beyond the human-level expectation. All the deep 

learning-based models require many deep neural network layers for learning and extracting 

features and require many labelled data for training and testing.  

 

Deep learning architectures share a common property is that they can learn representations 

directly from the data, which usually results in better performance than other techniques that 

use handcrafted features. Still, the work of [79] is undoubtedly one of them, by showing that 

it is possible to train a network with many hidden layers effectively. This research has helped 

overcome a previously significant problem of training larger neural networks [80]. To train 

such kind of deep layer network, sometimes, High-performance GPU gives good 

performance for computing. Various types of deep learning architectures are currently 

available using different building blocks in the last two decades. It greatly expands the 

number and type of problem neural network address. The most popular deep learning 

architectures are deep belief networks (DBN) [81][82], autoencoders [80], denoising 

autoencoders [83], convolutional RBMs [84], recurrent neural network [85], Long-short 

term memory network [53], convolutional neural network [86] and Deep stacking network 

(DSN) [87]. 

 

The set of techniques used to construct this form of architecture is called deep learning 

[77][88]. The most import architecture for object recognition is a convolutional neural 

network. For deep learning models, this is the most significant property. It learns various 

levels of features in a supervised and unsupervised way. It learns the simplest features at the 

initial level or lowest level and extracts more complex features as the number of layers 

increases. The second most important architecture is a recurrent neural network that learns 

and process a time series data and other sequential data in a supervised way. The pioneering 

work mentioned in [49] has demonstrated the potential of models that can be trained 

beginning to end on large amounts of labelled data using backpropagation in a supervised 

manner. This is one of the works that helped to reclaim neural networks' dominance and 

started the deep learning revolution. Many works for hand gesture recognition [6][56][76] 
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and object recognition [89][90] using deep learning have been extensively studied in the 

literature in the last decades. 

 

3.3 Neural Network Structure  

 

A feedforward neural network or a multilayer perceptron (MLP) is a core example for a deep 

learning model. The multilayer perceptron [91] is mainly built or processed with flat 

(unstructured) data, despite its strength. This network is appropriate for the classification 

problem where the output of the network is assigned a categorical class or label. We need to 

take advantage of a basic input structure where possible to allow more progress on larger-

scale inputs. If the data is a grid-like structure like images (or video-set of images), sequential 

information like voice data or textual data, or consists of unordered sets like point clouds, 

the concept of deep learning is feasible. The topic of problem-solving primarily drives the 

development of a neural network model. In this chapter, we will clearly explain the essential 

elements for a deep learning recognition process for hand gesture recognition: 

 

• The inputs are usually images or videos in computer vision. For processing images, 

we will discuss a convolutional layer. This layer is responsible for processing grid-

shape input data.  

 

• For processing video data, to take into account the temporal dimension, we will 

discuss Recurrent Neural Networks (RNN), which are usually useful to handle a 

sequence of time-series data. 

 

3.4  Convolutional Neural Network 

 

Convolution Neural Networks (CNN) is a special type of data-processing neural network 

technology that has a grid-shape structured topology, usually applicable to images. This 

involves 2D grids of pixels, and in the form of time-series of 2D vectors. Of course, these 

grid-shape images are concatenated and create a series of images. Le Cun et al. [92] 

developed a novel 7-level LeNet-5 Convolutional neural network to classify 32 X 32-digit 
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images derived from bank checks in 1998. We need to leverage the spatial structure present 

in such inputs to construct a parameter-efficient feature extractor for images. A natural 

candidate for such a layer is the convolutional operator. As 2D images are typically the raw 

input of hand gesture recognition algorithms, we introduce the CNN design motivations. 

 

3.4.1 Motivation 

 

Every output interacts with every input in distinct neural network layers, such as multilayer 

perceptron [77]. It means that the number of parameters of a neural network model is relative 

to the input size. Besides, if the network has m inputs and n outputs, m x n parameters are 

needed for the matrix multiplication, and the algorithm has an O (m x n) runtime. The input 

can have thousands or millions of values when processing an image, and traditional 

multilayer perceptron (MLP) model will see their parameter number and runtime crash. 

Also, the spatial structure of the image is not taken into account by this network architecture. 

By treating images as a pixel vector, it does not allow the network to take advantage of the 

clear spatially local correlation present in images that are significant features in the 

recognition task. 

 

 

FIGURE 3.1 Architecture of LeNet-5 by Le Cun et al. [92], a Convolution Neural Network designed for 

digits recognition.  

 

• The first convolutional layer C1 has six filters and size of each filter in 28 X 28.   

• The second layer S2 is a max-pooling layer and generates six response maps; each 

response map's size is 14 X 14. 

• The third is a convolutional layer C3 with 16 filters and size is 10 X 10. 



Introduction to Deep Learning 

35 
 

• Fourth layer S4 is a max-pooling layer and generate sixteen response maps. The size of 

each response map is 5 X 5. 

• The fifth layer is an MLP Layer; the size is 120 neurons. It is also called a fully connected 

layer. 

• The last Layer F6 is again a last fully connected layer, and size is 84 neurons. 

 

The CNN network architecture is made of a stacked group of different layers to mimic the 

visual cortex. Fig. 3.1 provides an example of the architecture of CNN. At first, the centre 

of CNN is the convolutional layer. The layers' parameters represent a set of learnable filters 

that are smaller in size but move throughout the entire image. A small filter slides throughout 

the grid-like input structure, which has a small width and height. For each filter, the 

activation function produces a 2-dimensional response map. As a result, the network learns 

and adjust the weight of the filters that activate when some specific characteristics are found 

at certain spatial positions in the input. Fig. 3.2 shows the simple convolution step for image 

classification. 

  

3.4.2 Convolutional Layer 

 

The main building blocks used in convolutional neural networks is convolutional layers. It 

is mathematically described by a function F: Rh x w x c → Rh x w x n where h represents height, 

w represents the width, c represents a number of channel and n represents is the number of 

filters obtained by the layer in the input of image. The convolutional layer is intended to 

imitate the properties of the simple cells described above as it tries to learn simple and local 

patterns present in the input image. 

 

To describe a convolutional operation on the single-channel image X in the case of 2D 

inputs, X € Rh x w. Assume a small kernel matrix size is K € Rn x m, the value of m=3, n=3 in 

the current modern neural network architecture [44]. The value of m and n varies according 

to CNN architecture and depends on the image data type. The kernel moves in top-left to 

right-bottom in all the possible way over the input, measuring elementwise products to find 

the sum of this value and generate a new image X'. 
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FIGURE 3.2 An example of 2D convolutional operation. 

 

                                  𝑿𝒂𝒃
′ =  ∑ ∑ 𝑲𝒊𝒋 .  𝑿𝒂+𝒊−𝟏,𝒃+𝒋−𝟏

𝒎
𝒋=𝟏

𝒏
𝒊=𝟏                                              (3.1) 

The process described in (3.1) is simply a cross-correlation instead of convolution, but the 

two way is identical for machine learning. It takes a few extensions to switch from here to a 

convolutions layer, mainly supporting multiple channels. 

 

• The channel dimension of the kernel matrix is extended to fit the input if the input has 

many channels. The kernel vector defines a single output channel. 

• Each output channel needs a separate vector for the kernel. 

• Finally, a nonlinearity and bias are applied to obtain a final output image. This final 

output is known as the feature map. 

 

For convolutional operation on input image X € Rh x w x d has input channels d, it required K 

€ R n x m x d x d kernel vector and b € Rd' is a bias vector, produce final results as follows: 

 

       𝑿𝒂𝒃𝒄
′      = 𝝈(𝒃𝒄 +  ∑ ∑ ∑ 𝑲𝒊𝒋𝒌𝒄 . 𝑿𝒂+𝒊−𝟏,𝒃+𝒋−𝟏,𝒌 𝒅

𝒌=𝟏
𝒎
𝒋=𝟏

𝒏
𝒊=𝟏 )                              (3.2) 

 

The structure in an image is clearly influenced by this layer, with adjacent pixels impacting 

each other much more than on opposite corners. The operator is also translation-invariant 

since the same kernels are applied identically around each image patch. This operation 

follows an activation function which generates a 2D response feature map for each filter. As 

a consequence, the entire network adjusts the value of filters and activate when certain 
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unique features detect at some spatial position in the image input.  As the main calculation 

being carried out is multiplication by weights and summation, the gradient descent 

optimization algorithm may be performed to find suitable kernels. 

 

3.4.3 Pooling Layer 

 

The pooling layer is next to the convolutional layer and also called a subsampling layer to 

performs a non-linear operation on the feature map. All the convolutional layer generates a 

feature map after the convolutional operation. There are two types of pooling: Max pooling 

and Average Pooling. The most common pooling function is max pooling if there are many 

non-linear functions. This layer divides the image input into a non-overlapping region and 

takes the maximum value as the output value. The pooling layer is driven by complex cells 

as it makes it possible for the network to be invariant to minor changes in the feature's 

location.  

 

 

FIGURE 3.3 Example of a Max-Pooling operation with (2 x 2) stride. 

 

The intuition is that, compared to other attributes, accurate feature positions are not 

important than their location. But the idea is to collect those features which are key for 

classification of an object. As data flows through the network, the pooling layer 

progressively decreases the image size by a factor of 2, the number of trainable parameters 

and the total amount of computation. Because The 2 x 2-pixel size is a standard max-pooling 

operation as depicted in Fig. 3.3. It also extracts the features which are translation invariance. 

The mathematical function for polling layer is P: Rh x w x c → Rh/p1 x w/p2 x c/p3 where h 
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represents height, w represents the width, c represents the number of a channel of the input 

image. The hyperparameter p1, p2, p3 are trainable pooling layer variable. 

 

We can proceed to downsample the image after applying a sufficient number of convolutions 

operation to the image input. It makes sense to retain maximally activated components of it 

as convolutions return high values when a certain interest pattern is detected from the image 

input when summarising the final information. It motivates the max-pooling layer across 

each channel that considers n x m image patches and summarises them by taking only the 

maximum pixel value (generally n=m=2). Notice that only a quarter of the pixels will be 

retained by a 2 X 2 max-pooling layer while keeping the channel axis unchanged. This offers 

more space to progressively increase the channel's size and thus compute a richer number of 

higher-level features. The general concept for handling max-pooling is very simple in image 

classification: reduce the image size that is small enough for an MLP to process it. However, 

the pure downsampling process sometimes eliminates potentially useful knowledge. It 

would therefore be advantageous before downsampling the image strongly. We could first 

extract some useful image features. 

 

3.4.4 3D CNN Operation 

 

A 3D convolutional can be used to find pattern across three spatial dimensions: i.e. height, 

width and depth. It can be used in object segmentation, object detection and classification. 

Hand gesture recognition is a prominent research area, where multiple frames are grouped 

and passed through a temporal dimension to supply 3D spatial input video, and found pattern 

across frames.  

 

 

FIGURE 3.4 3D CNN network structure for video classification.  
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This is an expanded version of 2D CNN, which, as seen in Fig. 3.4, has a number of frames 

and another temporal dimension. The third-dimension depth is the number of frames 

processed at a time. The 3D CNN model can learn spatiotemporal information from 

sequential images from the video. In the field of hand gesture recognition, it can also 

inherently learn temporal changes between adjacent frames, where temporal details are a key 

feature for classifying human action.  The operation relevant to 3D CNN is as follows in 

below subsection. 

 

3.4.5 3D Convolutional 

 

In the 2D convolutional process, the kernels have height and width only two-dimension and 

move together with the height and width direction of the input feature map. But in the 3D 

convolutional process, the kernel shape has three-dimension. It has a depth dimension also, 

and the kernel can also move from the third axis depth direction. Fig. 3.5 shows the 3D 

convolutional operation in detail. We can calculate the 3D convolution process output by 

using the below equation: 

 

               Yi,k,x,y,z =  
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FIGURE 3.5 An example of 3D convolutional operation. 

 

In the above formula, the input feature map is Ii,c,x+t,y+r,z+s and the filter matrix is Fk,t,r,s,c. the 

convolution operation generates the final output Yi,k,x,y,z for kth channel feature. (3.3) 

represents the direct convolutional operation. For a 3D convolution operation, the kernel 
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moving in the three directions, left/right, up/down and forward/backwards. At every step, 

the cell output is multiplication, followed by summation surrounded by this pixel (height, 

width, depth) by using this formula. For example, the input images have 6 X 6 X 3 

dimensions (where height=6, width =6 and depth=3), the kernel size is 3 x 3 x 3, then it 

produces two response filters the output is 4 x 4 x 2. 

 

3.4.6 3D Pooling 

 

Pooling operation is used to reduce the dimension of the feature map. The mathematical 

formula and principle are similar to the 2D pooling operation. This decreases the number of 

parameters, thus decreasing training time and removing overfitting. In the 3D pooling 

process, this pooling layer reduces the height and width of an image but unchanged the depth 

by downsampling the feature map in a factor of 2.  

 

 

 

FIGURE 3.6 Example of a Max-Pooling operation with (3 x 3 x 3) stride. 

 

Max-pooling is the most popular as we discussed in the previous section in 2D pooling 

operation it just takes the max value in the 3 x 3 x 3 pooling windows. There is no learning 

mechanism in pooling operation; the windows slide over the input and get max value. Here 

is the result for max-pooling using 6 x 6 x 3 window input, and it generates 2 x 2 x 3 output 

as depicted in Fig. 3.6.  You can see in the figure is that there is no change in the depth 

dimension; it remains unchanged.  
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3.5 Recurrent Neural Network 

 

As the term dynamic refers to, many computer vision recognition applications need to handle 

dynamic data, which takes temporal sequences as input. Now, think about the situation 

wherein the inputs are text or speech – sequential data consist of many random steps. The 

feature set is fixed for input to the system. Since a fully connected layer requires a fixed-size 

input, it will no longer be sufficient. The recurrent neural network (RNN) was developed in 

1985 by Rumelhart et al. [93] to manage time-series sequential data as an input to the 

network. A 1D convolutional layer may still be applicable for handling time series data by 

treating the input phase's features as an individual channel. However, their parameter sharing 

properties mean that they cannot effectively summarise sequences of widely different 

lengths of data. Therefore, by utilizing appropriate structural inductive biases, a neural 

network layer capable of handling and easily summarising sequential inputs of variable 

length is highly desirable. A recurrent network is specialized for processing vector sequences 

as CNN is specialized for image-a grid form input. Currently, a recurrent neural network in 

this space is the primary advancement, and therefore it will be the central topic in the 

subsequent portion. 

 

3.5.1 Motivation 

 

The majority of recurrent networks can process variable-length sequences data compared to 

CNN, as discussed in the previous section. Recurrent networks share various parameters, 

and each output may be a function of the entire previous input vector. For the simple 

clarification, RNN operates on an n vector v(t), where t = 1 to n, each vector contains a 

sequence of time-series data. In reality, recurring neural networks normally run on a series 

of varying lengths of data. 

 

3.5.2 The Recurrent Layer 

 

Recurrent neural networks (RNNs) have internal memory, unlike feedforward neural 

networks, to process sequential data from time series and also describe the relationship 

between their output and their input, refer the below equation for understanding the dynamic 

system: 
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                                           g(t) = f (g (t - 1), w)                                                             (3.4) 

In the above (3.4), w represents a transition parameter, and the current state of the system is 

g(t). The equation mentioned above is recurrent because the current system state's value on 

time t is dependent on the previous state t-1. The conversion from the recurrent equation to 

recurrent network for the recurrent neural network (RNN), after adding vector h to the 

system and the above function g is rewritten as below: 

                                             y(t) = g (h (t - 1), x(t), w)                                                     (3.5) 

In the above (3.5), h(t) represents the internal state's output, and it has internal memory to 

store output at each layer. And the current input to the recurrent system at different time 

stamp t=1 to n is x(t). This entire beginning to end process trains the parameter w, extract 

the features and produce the output y(t). the final output y(t) will be a cumulative 

representation of timestamp t =1 to n time sequence. This representation may pick some 

relevant features of the previous sequence while ignoring the irrelevant information. For 

example, the RNN will not store any important information for swipe right or left dynamic 

hand gesture whenever the hand is not rotating. Fig. 3.7 describes the basic RNN layer for 

processing sequence of image data in time t=1 to n. This figure has a number of the hidden 

unit, but it does not specify any activation function. If the activation function of the 

hyperbolic tangent is used, the RNN layer equation is: 

h(t) = tanh(W1x(t) +W2h (t - 1))                             (3.6)   

                         y(t) = tanh(W3h(t))                                                             (3.7)        

 

 

FIGURE 3.7 A Simple RNN architecture [94]. 
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In the above (3.6) and (3.7) W1, W2, and W3 are weight matrices.  This seems to be an 

example of a recurrent network that translates the same length of an output sequence to an 

input sequence.   

 

 

FIGURE 3.8 A deep RNN architecture is stacking with multiple RNN. 

 

Finally, it should be noted that stacking multiple RNNs is simple, simply using the h(t) 

vectors as an input sequence for a second RNN sequence. This kind of development shown 

in Fig. 3.8 is often referred to as a "deep RNN".  

 

3.5.3 Long Short‐term Memory 

 

At the starting of 1990s, the performance of deep RNN reduced due to vanishing gradient 

problem. These gradients passed to the network in many layers and tended to vanish during 

the training process, making it impossible to train the network. It is the most common 

problem, particularly for the recurrent network. Long short-term memory (LSTM) is the first 

such model that has gained great popularity [53]. It gave highly promising results for solving 

this problem. The gradient which is either vanishes or explode it is multiplying weight w by 

itself many times and if w is lower than one or not. Also, as the input sequences are large, 

Recurrent neural networks are not fit to understand long-term dependencies. Long-short term 

memory network is a powerful network designed to work with long-term dependencies and 

also tackle the vanishing gradient problem. This network is frequently used now because it 
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has proved the ability of a wide range of problems. The wonderful idea behind the LSTM is 

the use of three gates dealing with different mechanisms: 

 

 

 

FIGURE 3.9 Single-cell structure of LSTM network [95]. 

 

The forget gate ft will determine which information is more important and which is not. This 

forget gate eliminates the information which is not significant. 

  

                                                   ft = σg(Wf xt + Uf yt-1)                                                     (3.8) 

 

Then it is an input gate to determine which information is significant and should be saved 

for future purpose. 

                                                   it = σg (Wixt + Uiyt-1)                                                     (3.9) 

Last, the gate ot is an output gate decides which information of the current state is significant 

or not.  

                                                        ot = σg (Woxt + Uoyt-1)                                             (3.10) 

Therefore, where an RNN switches its memory cell in an uncontrolled manner at each point, 

an LSTM converts its memories in a quite precise way. It utilizes different learning 

techniques to select the pieces of data to recall, update, and pay attention to, as shown in Fig. 

3.9, for the current time stage. 
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Let consider the mathematical formula for the LSTM model, which has five different 

equation. For example, the input vector is xt; the cell state vector is ht and yt is an output 

vector, the learned weight parameters are W and U, σg is a sigmoid function and o represents 

the Hadamard product. Three different gates take their final decision based on the output of 

the LSTM previous layer. For updating the cell, the equation is:  

                                         ht = ft ο ht-1 + it o tanh (Wcxt + Ucyt-1)                                    (3.11) 

The first part ft ο ht-1 uses to remove irrelevant information from the previous state ht-1. The 

second state uses xt as input and updates the cell state. Finally, LSTM computed the output 

y(t) using the value of state h(t) and produced value by ot cell state: 

                                                   yt = ot ο tanh(ht)                                                           (3.12)  

 

3.5.4 Gated Recurrent Unit (GRU) 

 

The LSTM cell's learning performance is excellent to that of the normal recurrent cellular 

architecture, but the additional gate increases the CPU burden. A GRUs have similar gatting 

mechanism compared to LSTMs but without an output gate, and it was introduced by Chung 

et al. [97]. GRU's attempt to solve the vanishing gradient problem that can come with regular 

recurrent neural networks. There are only two update gate and reset gate in GRU as 

compared to LSTM. Whereas LSTM has three forget gate, input gate and output gate. Due 

to fewer gates, GRU has less training parameters than LSTM, so GRU converges faster 

during training than LSTM [96] [97]. By using an update gate and a reset gate, GRU's can 

solve the vanishing gradient problem. When working with smaller datasets, it also works 

better than LSTM. The memory cell structure for the GRU illustrates in Fig. 3.10.  

 

From the architecture, the activation functions are σ and tanh, the input and output of the 

previous unit are ht-1, and the current output unit is ht, which is a link to the next cell input. 

The input training data is Xt, and the output of the unit is Yt, which is produced by the 

activation function. Wherein zt is a reset gate, and rt is an update gate. The activation function 

gt is measured similarly to the conventional recurrent neural network. Each GRU cell has 

two gates; first is update gate, which stores the previous information for the current running 

state. This reset gate zt value varies from 0 to 1; it preserves more information when the zt 

value close to zero. The second gate is reset gate. It is used to assess if it is appropriate to 
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merge the current status and previous data. This update gate rt value varies from –1 to 1; it 

ignores the previous information when the rt value is smaller. The formulas for GRU can be 

shown as follows, according to Fig. 3.10: 

                                            zt = σ (XtWxz  +  ht−1Whz  +  bz)                                            (3.13) 

                                            rt = σ (XtWxr  +  ht−1Whr  +  br)                                              (3.14)                           

                                         gt = tanh ( XtWxh  +  ( rt   ⊙  ht−1)Whh  +  bh)                           (3.15) 

                                              ht  =  zt  ⊙  ht−1  +  (1−  zt) ⊙ gt                                                             (3.16) 

 

 

FIGURE 3.10 Architecture of single cell in GRU with an update and reset gate. 

 

In the above formula for GRU internal architecture, the training weight matrix for an update 

gate is Wxz, the reset gate is Wxr and Wxh is the weight matrix for candidate activation 

function ht. The learning parameter for bias vectors are bz, br, and bh. 

 

3.6 Sensors 

 

The dataset is a set of information used to train, test, and evaluate the algorithm's 

performance. The information in these datasets is obtained using various sensors. This 

section discusses sensors used for data collection in gesture recognition.  Next subsection 

will cover RGB and Depth sensors.  
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3.6.1 RGB 

 

An RGB or visible light camera is a device that uses visible light to form an image. The most 

popular and ubiquitous sensors available today are RGB sensors. This sensor capture image 

in three different channels: Red, Green and Blue. Most RGB sensors capture videos at 30 

FPS, whereas some sensors can capture at 60 and 120 FPS. The resolution of RGB cameras 

varies from 320 x 240 to 10 Megapixels. Frames from RGB video capture static information. 

Optical flow can be used to capture motion information between two adjacent frames. 

 

3.6.2 Depth 

 

Recent advancements in-depth sensors offer benefits to the fields of gesture recognition, as 

depth cameras have many advantages over traditional RGB cameras. Additional shape 

indicators are generated by depth maps collected from the depth sensors that are useful for a 

more informative geometric explanation. Besides, the lack of colour and texture makes it 

easy to classify and segment humans or hands-on depth maps. Depth maps can work in a 

dark environment and completely robust to the light. It has been classified into a time-of-

flight sensor, stereo sensors and structured light sensors. Depth information can be extracted 

by analysing the disparity of the observed pattern from the original projected pattern. 

 

3.7 Dataset 

 

This section gives an overview of the datasets used in this thesis. 

 

3.7.1 Standard VIVA Dataset 

 

This standard VIVA dataset mainly contains human hand gestures that provide a touchless 

interface in the vehicles [7]. This dataset has 1460 RGB and Depth video. All the gestures 

are captured under low resolution, the similarity in action and varying illumination. This 

dataset is designed through a Microsoft Kinect camera invented in 2010. The resolution 

of each video is 115 X 250 pixels and varying lengths. There are eight different anchors 

performed this dynamic hand gesture, and it has 19 different classes. Some gestures are 
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captured by the driver or passenger left or right hand for increasing complexity in 

recognition. Some gesture also involves hand or finger motion. This dataset covers swipe 

gestures, scroll gestures, tap gestures and rotation gestures. All the gestures with some 

screenshot are represented in Appendix -A.  

 

3.7.2 ChaLearn Dataset  

 

The ChaLearn LAP Isolated hand gesture dataset (IsoGD) is the largest and most widely 

varying dataset with 249 different classes categories. It has various domains, including 

Hindu hand gesture, varied gesture datasets, diving signals, Chinese number, referee signals, 

traffic signals, helicopter signals, sign language, Italian gesture, surgeon signal and gang 

signals. The entire dataset has RGB and Depth video and performed by different 21 different 

anchors. This dataset is collected using Microsoft Kinect camera and resolution is 240 x 320 

pixels. It consists of both one-handed and two-handed gestures. It has three different 

categories of sets: training set, testing set and validation set. The training set has a total of 

35,878 total videos captured under 17 different anchors; the validation set has a total of 5,784 

videos from 2 anchors, and the last testing set consists of 6,271 videos from two different 

subjects. For training and testing of this proposed method in this thesis, eight different 

gesture class is selected from this dataset with a total of 322 videos. This dataset covers 

thumb gesture, hand top-down and rotation gestures. Other information for this dataset is 

described in Appendix-B. 

 

3.8 Performance Evaluation Metrics  

 

After implementing machine learning algorithms, we need some performance evaluation 

metrics to find out how well they have done their jobs for the classification of a different 

class. To measure the performance of the classifier number of metrics have been introduced 

in the literature. Where each metric addresses the particular aspects of algorithm efficiency. 

Therefore, we need an effective set of metrics for performance assessment for each machine 

learning problem. We use many common metrics for classification issues in this study to 

obtain useful information about algorithm efficiency and to run a comparative analysis. 
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Therefore, we will discuss various performance evaluation metrics such as precision, recall 

[98], F1-score [99], confusion matrix, accuracy and AUC-ROC curve [100][101]. 

 

3.8.1 Precision 

 

Precision merely shows "what number of selected data items are relevant". It simply shows 

"what number of selected data items are relevant". In different meaning, how many of them 

are positive, from the observations that an algorithm has expected to be positive. As per the 

formula represented in (3.17), precision is equivalent to the total number of true positive 

(TP) divided by the total of true positive (TP) and false positive (FP): 

 

                                             Precision = 
𝐓𝐏

𝐓𝐏+𝐅𝐏
                                                              (3.17) 

 

3.8.2 Recall 

 

Recall simply means "what number of relevant data items are selected". In reality, out of all 

the positive observations, the algorithm predicted how many of them correctly. According 

to the formula represented in formula (3.18), recall is equivalent to the total number of true 

positive (TP) divided by the total of true positive (TP) and false-negative (FN): 

 

                                                    Recall = 
𝐓𝐏

𝐓𝐏+𝐅𝐍
                                                           (3.18) 

 3.8.3 F1-Score 

 

This metric, also known as f-score or f-measure, takes both accuracy and recall into account 

in order to calculate an algorithm's efficiency. It is the harmonic means of precision and 

recall, mathematically formula for F1-score is represented using formula (3.19) as follows: 

 

                                            F1-Score = 
𝟐∗(𝐏𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧∗𝐫𝐞𝐜𝐚𝐥𝐥)

𝐏𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧+𝐫𝐞𝐜𝐚𝐥𝐥
                                    (3.19) 

 

3.8.4 Accuracy 

 

It is the most commonly used and possibly the first choice for evaluating the output of an 

algorithm in classification problems. It is calculating as a total number of accurately 
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classified samples to the total number of samples in the dataset as per formula (3.20). 

Accuracy is not a suitable performance metric when the target variable classes in the dataset 

are unbalanced. When all the validating samples in the dataset are balanced, then this metric 

is appropriate for performance evaluation as per formula (3.20). 

 

                                              Accuracy = 
𝐓𝐏+𝐓𝐍

𝐓𝐏+𝐓𝐍+𝐅𝐏+𝐅𝐍
                                                      (3.20) 

 

3.8.5 Confusion Matrix 

 

It is one of the most intuitive and descriptive metrics used to find a machine learning 

algorithm's precision and correctness for the multiclass classification problem. In this 

confusion matrix, the diagonal elements represent the accuracy for each class. The confusion 

matrix's main use is that the output can have more than one types of classes for multiclass 

classification problem. 

  

3.8.6 ROC curve - AUC score 

 

This ROC (receiver operating characteristic) curve represents the relationship between the 

true positive rate (TPR) and false-positive rate (FPR). Here TPR is called sensitivity, and 

false-positive rate is called 1-sensitivity. The area under the ROC curve or AUC score is 

used for the multiclass or binary classification problem, and it demonstrates how the model 

is discriminating positive and negative classes. The ROC-AUC score can be a useful 

performance metric, particularly if the value of positive and negative classes is equal for 

classification. 

 

3.9 Discussion 

 

In this chapter, we studied various deep learning-based architecture is called a deep neural 

network. Currently, various computer vision researcher migrates from handcrafted to 

implicit learned-based feature algorithm using deep learning. The key difference between 

them is that handcrafted features use human imagination and problem-specific expertise to 

extract relevant data features. In contrast, deep learning algorithms learn them from the data 
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itself. Deep neural networks have shown their great efficacy in several fields of study in 

recent years. Since 2010, deep learning has become a hot topic because of society's 

digitization, which has exponentially increased the dataset's size. New and strong hardware 

capabilities also enable the investigator to use a much deeper neural network. The google 

trends below Fig. 3.11 for deep learning are continuously increasing in the past ten years.   

 

 

FIGURE 3.11 Google trends for the popularity of deep learning. 

 

One of the disadvantages of the deep neural network is hyperparameter optimization by 

using experimentation. Various deep learning-based architecture is proposed for image 

recognition, action recognition, hand gesture recognition in videos. The recurrent network is 

the most powerful architecture for time series sequential data.  
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CHAPTER-4 

 

4. 3DCNN approach for Hand Gesture Recognition 

 

4.1 Introduction 

 

At present, Deep neural networks (DNNs) have demonstrated their efficiency in multiple 

challenges, significantly increasing recognition rates for different video classification tasks. 

Besides, inspired by their recognition performance in images and videos, the various 

researchers have recently emerged to suggest models for learning hand appearance 

characteristics in a series of frames, such as convolutional neural networks and recurrent 

neural networks. 3D CNN is a powerful feature descriptor for learning Spatio-temporal 

information simultaneously in a video. The feature extraction process from RGB and Depth 

data gives sufficient information up to some extent for recognition. But this information is 

not enough for getting the exact motion path present in the series of frames—this insufficient 

information fulfilled by calculating an optical flow from RGB video. This chapter extends 

the study of dynamic hand gesture recognition to take over the entire recognition process 

pipeline, from hand features extraction using 3DCNN to the classification stage using deep 

learning (DL). 

 

 We design a framework to take into account the following two statements: 

1. The sequence the relevant Spatio-temporal features using 3DCNN from the video 

describe the hand gestures. 

 

2. The temporal variation of hand motions using the bidirectional recurrent neural network 

can efficiently describe hand gestures. 
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In this chapter, based on the last two statements, we present RGB, Depth and motion-based 

structure based on deep learning for dynamic hand gesture recognition using a 3DCNN 

feature learning strategy. We suggest revisiting the function pipeline to tackle the key 

challenges by integrating the merits of dynamic appearance features from RGB features, 

depth features and motion features, all extracted from a CNN qualified for hand gesture 

estimation problem. These features are merged using the late fusion strategy using different 

modality. Despite a growing number of techniques proposed in recent years, it is still very 

difficult to define a dynamic hand gesture recognition system that is robust enough to operate 

in real-world applications. 

 

4.2  Challenges 

 

In order to understand the challenges identified in chapter 1 section 1.7 for dynamic 

recognition of hand gestures, such as inter-class similarities (minor variation in gesture 

direction), intra-class dissimilarities and issues related to the hand's intrinsic properties, 

others appear to be recognizing hand gestures using learned features. It isn't easy to include 

prior specific expertise in a data-driven supervise feature learning algorithm. For static hand 

gestures, it has no hand movement. In contrast, dynamic hand gestures may be characterized 

by a variety of hand shapes during image sequences (e.g. some gestures include fingers to 

increase complexity), or by hand movements (e.g. swipe or scroll gestures), but often both. 

These different attributes, which have to be taken into account, make the process of learning 

features more complex since both spatial and temporal information has to learn.  

 

Neural network models need a large number of layers that increase their time complexity 

and space complexity to completely extract relevant characteristics of complex hand 

movements using raw data. However, the time complexity needs to be small enough so that 

the algorithm can predict in real-time a new incoming gesture. Several techniques present 

reasonable runtime results using a very deep network but use strong hardware with many 

GPUs. This configuration of the hardware is currently too expansive and typically 

inaccessible and, thus, not appropriate for real applications. 

 



3DCNN approach for Hand Gesture Recognition 

54 
 

4.3  Overview of the Proposed Work 

 

People worldwide have used Long-Short-term Memory Network (LSTM) and Recurrent 

Neural Network (RNN) to process sequential information such as multimedia video and 

image data. In the last decade, many researchers have tried to recognize hand gestures. They 

have still concentrated less on advanced extraction of features, collection of motion data, 

fusion scheme, and temporal features extraction. The proposed work combines 3D 

convolution neural network (3DCNN) followed by a bidirectional gated recurrent unit (Bi-

GRU) as a feature extraction model. Multimodal data, RGB, Depth and optical flow data is 

incorporated as the input model. The optical flow returns the significant motion for gestures, 

and it is calculated from each RGB video. Fig. 4.1 shows the proposed architecture for this 

task.  

 

 

FIGURE 4.1 This is a pipeline of architecture using 3DCNN model for hand gesture recognition using 

multimodal (RGB, Depth, OF) streams. 

 

The 3DCNN model has been implemented for Spatio-temporal feature extraction and 

bidirectional gated recurrent network for advance temporal feature extraction. First, all the 

videos are converted into a fixed number of 35-frames to get common crucial information. 

After that, optical flow is calculated from RGB frames for finding proper motion 

information. Then the 3D convolutional neural network is used for learning and extraction 

of deep space-temporal features. These deep features are merged using a weighted fusing 

scheme to enhance the performance of this proposed model. These merged features pass to 

the bidirectional gated recurrent network to integrate back and forth information and 
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temporal recognition. This bidirectional gated recurrent unit (GRU) has a forward-

backwards connection per timestep, and it learns a better feature in both directions. The last 

stage is SoftMax classifier which generates a probability score for each class.   

 

The most important four points of this proposed model are summarized below: 

 

• This model is implemented and tested on 35-frames. Therefore, more information with 

the proper path is extracted. These seem to recognize those gesture with similarity in 

nature and a little bit different. Therefore, 35-frames is selected as a standard and convert 

all video to this same number of frames. 

 

• In this model, input to the information is RGB video and Depth video. The third input 

optical flow is added to find proper motion information in the video. This optical flow is 

calculated from RGB video with a consecutive fixed number of sequential frames. 

Optical flow gives dense motion and eliminates irrelevant information present in the 

video. Optical flow involvement boosts the performance of this proposed model with 

better recognition accuracy using unique motion-based feature extraction. 

 

• This proposed model is a three-stream network with RGB, Depth and Optical flow as an 

input. The next step was extracting features from each frame using the 3D CNN approach 

and blended them together with several convolutions and pooling features. This model 

is tested with different fusion techniques like sum, max, concatenate, average, weighted, 

etc. The experimentation and result indicated that 3D convolutional neural network is a 

best feature learning machine that can learn appearance, depth and motion feature 

simultaneously on a weighted fusion scheme. The 3 x 3 x 3 convolutional kernel can 

learn better spatial and temporal features.  

 

• This fused features with joint information are passing through a bidirectional gated 

recurrent network for advanced feature extraction. This is a many-to-one recurrent 

cellular network to merge back and forth information in temporal sequence at different 

timestamp t. It has a large impact on recognition accuracy. 
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4.4 Proposed Methodology using 3DCNN 

 

This gesture recognition task required many efforts compared to all preceding work, faces 

many issues in equalization of frames, extraction of important features and temporal 

recognition. The rapid growth of deep learning can simultaneously extract features in the 

temporal and spatial domains. This section's proposed method is implemented on the 3D 

CNN-bidirectional GRU model can extract spatiotemporal features simultaneously. In the 

below subsection, it shows the working of the proposed 3DCNN model with an optical flow. 

 

4.4.1 Unification of Frame for Input Video in the System 

 

The prerequisite of 3D CNN model, input to the system is the same number of frames, that 

means the same width and same height of each frame, all should be in the same form. In this 

context, all the videos must transform into an equivalent number of frames. To extract 

some characteristics of features from gesture as much as possible, we first examine the VIVA 

and ChaLearn dataset, then go to experiment on, and then convert all the RGB and Depth 

videos to the same number of frames for computation. After the conversion of unification of 

frames, we calculate optical flow from consecutive RGB frames. The total number of 

samples as per Table 4.1 and Table 4.2 for VIVA and ChaLearn dataset is depicted with 

training, testing and validating samples.  

 

The most significant part of this dataset is that some gestures are very similar in appearance, 

and the video's timing length is not the same. Therefore, it is hard to differentiate some 

gesture with a less number of frames, resulting in not finding proper motion. The most 

important thing is to find a balanced number of frames with preserving proper motion 

information. In the VIVA dataset video, exact 687 videos have less than 35 frames, and 773 

videos have greater than 35 frames. After taking the average, it is 37 frames. But for 

ChaLearn dataset average frames value is 34. As per the properties of CNN, it wants a fixed 

number of frames for input. Therefore, this proposed model takes 35-frames as a standard 

for feature extraction using CNN. Those videos have frames less than 30 we copy some of 

the frames and make it 35 using nearest-neighbour interpolation. Those videos have frames 

greater than 35 to remove some frames and converted into 35 using the same way. The 

conversion of all the frames to unique figure 35; therefore, this process is called "unification 
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of frames". This 35-frame strategy's task gives better result due to the proper motion path 

present in the video.  

 

The unified value is calculated by using the below equation. 

                                A total sum of frames in the dataset (Ts) = ∑ 𝐕𝐢
𝐢=𝐍
𝐢=𝟎                        (4.1) 

 N represents the total number video in the dataset and Vi indicates, i=0 to m frames in 

each video. 

                     Unified value = 
𝐓𝐬

𝐍
                                                                 (4.2) 

The unified value is calculated based on a total sum of frames divided by the total number 

of videos.   

 

• VIVA dataset 

        Unified value (VIVA) = 
𝟓𝟒𝟓𝟔𝟏

𝟏𝟒𝟔𝟎
                                              (4.3) 

                   Unified value (VIVA) = 37.37                                           (4.4) 

 

• ChaLearn Dataset 

                                                      Unified value = 
𝟏𝟎𝟗𝟒𝟐

𝟑𝟐𝟐
                                                  (4.5) 

                                                 Unified value = 33.98                                                  (4.6) 

 

In these proposed methods, the unified value is selected to 35 using the above formula. 

The more details of this dataset describe below. 

 

TABLE 4.1 Three different sets of categories for this standard VIVA dataset [7]. 

 

Three sets Class category Total video 

Training sample 19 1168 

Testing sample 19 146 

Validating sample 19 146 
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TABLE 4.2 Three different sets of categories for this standard ChaLearn dataset [36]. 

 

Three sets Class category Total video 

Training sample 8 258 

Testing sample 8 32 

Validating sample 8 32 

 

 

4.4.2 Motion Detection using an Optical Flow 

 

As we know, frames from RGB video capture static information while optical flow finds 

dynamic motion information present in the RGB video. Optical flow can be used to capture 

motion information between two adjacent frames. Optical flow is the pattern of motion of 

objects between two images. Optical flow works on the assumption that the pixel intensities 

of an object do not change significantly between consecutive frames and neighbouring pixels 

have similar motions. Proper motion path supports higher recognition accuracy and removes 

gesture irrelevant information from the background. Therefore, more attention to be paid on 

moving parts rather than the fixed object. To circumvent the impact of gesture unrelated 

aspects and emphasis on precise motion information, the optical flow notion is used. 

 

Optical flow is the apparent motion of image objects, edge, and surface between two 

consecutive frames. It is a 2D vector field where each vector is a displacement vector 

showing the movement of points from the first frame to second. In this model, the calculated 

optical flow is based on brightness constancy, spatial coherence, and small motion present 

in the video. A pixel I(x, y, t) in a frame, where t is time. It moves by distance (dx, dy) in the 

exact next frame after dt time. So, this pixel has the same intensity in the next frame is 

represented as below. 

 

                                            I (x, y, t) = I (x+dx, y+dy, t+dt)                                            (4.7) 

By taking Taylor series approximation on right side, after removing common term and divide 

by dt final equation is: 

                                                    fxu + fyv + ft = 0                                                            (4.8) 

                                             where, fx = 
𝒅𝒇

𝒅𝒙
  and fy = 

𝒅𝒇

𝒅𝒚
                                                    (4.9) 
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                                                     u = 
𝒅𝒙

𝒅𝒕
    and v = 

𝒅𝒚

𝒅𝒕
                                                     (4.10) 

 

 

(a) 

 

(b) 

FIGURE 4.2 Both (a) and (b). First raw is RGB Frames. The second row is calculated optical from RGB 

frames. The third row represents Depth information. Figure (a) is a ChaLearn dataset, and Figure (b) 

is a VIVA dataset. 

 

As represented in above for the calculation of (u, v) is an optical flow equation. Where fx 

and fy is gradients of an image and ft is a gradient along time. The assumption is that all the 

neighbour pixel have similar motion and we consider 3 X 3 pixel around one patch. A simple 

solution after using least square fit method for 9 points and two unknown variables after 

solving the equation is determined as below: 
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                                       [
𝒖

𝒗
]  =  [

∑ 𝒇𝒙𝒊
𝟐

𝒊 ∑ 𝒇𝒙𝒊
 𝒇𝒚𝒊

  𝒊

 ∑ 𝒇𝒙𝒊
 𝒇𝒚𝒊

  𝒊 ∑ 𝒇𝒚𝒊
𝟐

𝒊

]

−𝟏

 [
− ∑ 𝒇𝒙𝒊

 𝒇𝒕𝒊
  𝒊

− ∑ 𝒇𝒚𝒊
 𝒇𝒕𝒊

  𝒊
]                                   (4.11) 

 

Where, the value of (u, v) is optical flow for consequent two frames. The optical flow is 

calculated for all the frames in this existent RGB dataset and given input to the proposed 

model. The optical flow vector (u, v) is taken from this 2-channel array. After finding 

magnitude and direction, we have added colour-coded result for better visualization. 

Direction corresponds to the Hue value of the image. Magnitude corresponds to value plane. 

It is clearly seen from Fig. 4.2 that optical flow can focus only on the motion structure 

because temporal information is also taking part with RGB and Depth data. In this model, 

optical flow data can differentiate motion path inside RGB-D video data. It is clearly seen 

that optical flow data emphasis only on the movement and strongly represent proper motion. 

It is deliberately abolishing gesture-unrelated considerations' harmful impact by deliberate 

to focus only on motion path inside the RGB feature data. 

 

4.4.3 3DCNN for Spatiotemporal Feature Extraction 

 

A convolutional neural network is used for the extraction of features from each frame. There 

are two different way for the extraction of features.1.2DCNN and 2. 3DCNN. The difference 

between these two approaches is the size of the kernel used for the extraction of features. In 

the 2DCNN model, the kernel's size is (row, col) and in the 3DCNN size of the kernel is 

(row, col, depth) in this proposed architecture as given in below figure where the size of the 

kernel is 3 X 3 X 3.  

 

We have applied CNN architecture for VIVA, and the ChaLearn dataset for feature 

extraction is described below Fig. 4.3 and Fig. 4.4 with the various convolutional and 

pooling operation.  Therefore, at a time, it can process three frames simultaneously and 

extract space-temporal features from all the frame. Each convolutional layer's various kernel 

size is 3 X 3 X 3 and stride and padding is 1 X 1 X 1. The number of filters used for the 

hidden layers is 16,32,64,128 and 256, respectively. Each convolutional layer is followed by 

Batch Normalization and ReLU. Max pooling is performed in each layer to shrink the feature 

vector's size divided by a factor of 2. The size of Maxpooling layer is 2 X 2 x 2. The Batch 

normalization has been applied [102] for faster convergence of training. It is also used for 
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faster learning rate, easily initialize to weight, faster learning rate, and automatic 

regularization. 

 

 

 

FIGURE 4.3 Convolution, pooling, kernel, filter and output information for VIVA dataset using 3DCNN 

model. 

 

 
 

 

FIGURE 4.4 Convolution, pooling, kernel, filter and output information for ChaLearn dataset using 

3DCNN model. 

 

This 3DCNN model starts by focusing on appearance first and then starts to track motion in 

the subsequent frame. The main thing behind 3DCNN is to extract the common features 

from all the three frames. This model simultaneously extracts spatial and temporal RGB, 

Depth and Optical flow information from the video. In this proposed architecture, optical 

flow is added as the third stream for getting motion information. This method proved that 

3DCNN could learn best spatial-temporal features and improved recognition accuracy with 

unique motion-based feature extraction. 
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4.4.4 Multimodal Fusion 

 

Multimodal fusion is used for features at the different stream at the same timestamp are 

blended for further additional future work. This multimodal fusion process has two 

categories: early fusion and late fusion. In early fusion strategy, it starts from feature 

integration and then followed by encoding. In simple words, the fusion scheme first 

integrates unimodal features before the start from learning concepts. In late fusion, fusion 

scheme first extracts the unimodal feature from the different stream like RGB, Depth and 

Optical flow with a different score. Finally, this score is integrated into learning. Late fusion 

mainly focuses on the individual strength of each stream of modalities with a different score. 

There is various fusion scheme as described in Table 4.3. This proposed method is evaluated 

on different fusion schemes and proved that fusion could significantly improve accuracy. 

Finally, this method proved that weighted based fusion improved accuracy to some extent. 

 

TABLE 4.3 Different fusion scheme for feature integration using MAX, SUM, AVG, 

CONCATENATION and WEIGHTED.  

 

Sr 

NO 

Fusion 

Scheme 
Mathematical Representation Remarks 

1 Max fusion 
Ymax =fmax {Xa, Xb, Xc} means  

Yi,j,d max =max {xi,j,d 
a, xi,j,d 

b, xi,j,d 
c } 

Xa = RGB 

feature 

vector 

 

Xb = Depth 

feature 

vector 

  

 Xc = Optical 

flow feature 

vector  

 

Size of each 

feature 

vector is 

4096-dim 

2 Sum fusion 
Ysum =fsum {Xa, Xb, Xc} means 

Yi,j,d sum = xi,j,d 
a + xi,j,d 

b + xi,j,d 
c 

3 
Average 

fusion 

Yavg =favg {Xa, Xb, Xc} means 

Yi,j,d avg = 
𝑿𝒊,𝒋,𝒅 +

𝒂 𝑿𝒊,𝒋,𝒅 
𝒃 +𝑿𝒊,𝒋,𝒅

𝒄  

𝟑
  

4 
concatenation 

fusion 

Yconcat =fconcat {Xa, Xb, Xc} means 

Yi,j,2d concat = xi,j,d 
a  , Yi,j,2d-1 concat = xi,j,d 

b , Yi,j,2d-2 concat = xi,j,d 
c 

5 
Weighted 

fusion 

    Yweighted =fweighted {Xa, Xb, Xc} means 

 

   Yi, j, d weighted = 
𝑿𝒊,𝒋,𝒅 ∗𝒘𝟏+

𝒂 𝑿𝒊,𝒋,𝒅 ∗𝒘𝟐+
𝒃 +𝑿𝒊,𝒋,𝒅 ∗𝒘𝟑

𝒄  

𝒘𝟏+𝒘𝟐+𝒘𝟑
       ∑ 𝒘�̇�  =  𝟏𝟑

𝒊=𝟏  

 

 

 

4.4.5 Advance Feature Extraction using Bidirectional GRU 

 

A recurrent network is used for sequence-to-sequence prediction of the frame. Gated 

recurrent network is similar to Recurrent neural network (RNN) and Long short-term 

memory (LSTM) network. The main difference is that it has two gates (update, reset) instead 
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of 3 gates (forget, update, output) compared to LSTM. Due to fewer gates, its training time 

is lesser than another existent network [103]. The update gate decides how much information 

passed through cell state. The reset gate decides how much information discarded through a 

cell state.  

 

FIGURE 4.5 Structure of Bidirectional GRU with forwarding and backward connection for each cell in 

the network. 

 

In this proposed method, the bidirectional gated recurrent unit (GRU) has been used for 

higher-level advance feature extraction. In Bidirectional GRU the output at a time t may 

depend on the past element in a past and future sequence. The architecture of bidirectional 

GRU is given in Fig. 4.5. Where two GRU network is stacked on top of each other, it has 

two types of connection, one is forward in time which is used to learn the future sequence, 

and another is backward in time which helps to learn past elements in the same timestamp. 

This bidirectional unit can extract feature in both direction left-to-right and right-to-left. The 

weight is adjusted by combined output is computed based in the hidden state of both 

recurrent units. In our proposed method, we have used two GRU layer for both forward and 

backward pass. The depth of the GRU unit is 64 and 128.  

 

4.4.6 Classification and Training  

 

The last part of this network is the classification and training. Table 4.4 describes the 

workflow of this proposed 3DCNN model for training. It is a supervised machine learning 

problem recognizing 19 different gestures for given RGB, Depth and optical flow as input 

for VIVA dataset and eight different gesture classes for the ChaLearn dataset. The SoftMax 

classifier generates the probability value for each class, as illustrated in Fig. 4.1. As 



3DCNN approach for Hand Gesture Recognition 

64 
 

described in (4.12), the SoftMax activation function outputs the probability of each class. 

The class with the highest likelihood is the estimated performance. 

SoftMax (xi) = 
𝒆𝒙𝒊

∑ 𝒆
𝒙𝒋𝒌

𝒋=𝟏
                                                    (4.12) 

Where k is the total number of classes and xi is the corresponding target predicted class. The 

entire 3DCNN bi-directional recurrent with an optical flow network is train through 

backpropagation through time (BPTT). Each timestep three separate RGB, Depth and 

Optical flow frames are input to 3D CNN for feature extraction and generate output on 

SoftMax classifier.  The stochastic gradient descent (SGD) weight optimizer with step decay 

techniques is applied for VIVA dataset. An error is calculated and accumulated each 

timestep, and finally, the network is rolled back, and weights are updated with gradient 

descent. The ChaLearn dataset is trained through AdaDelta optimizer. This proposed model 

is not fine-tuned, and therefore it is not pretrained with network parameter. It has been 

applied 50% dropout after each fully connected layer to avoid overfitting and to enhance the 

test data's model performance. The batch normalization is used for faster training and 

convergence. 

 

TABLE 4.4 The Training of this proposed 3DCNN model 

Algorithm: Train the 3DCNN model 

Input: A RGB I1(x, y), Depth I2(x, y) and Optical flowI3(x, y) video 

1. Initialize parameters x, y, epoch, c, n, where 

x = height of the frame 

y = width of the frame 

epoch = number of iterations 

c = number of gesture class 

n = number of frames 

2. While (0 <=epoch) 

      Train_data, Val_data = Train_Test_Split (dataset, 0.9)        

      For each data = Train_data 

             x1 = data(I1[0]), x2=data(I2[0]), x3=data(I3[0]), y=data [1]  

             Extract features from each stream x1, x2, x3 using 3DCNN 

approach as mentioned in Section 4.4.3 

             Merge_features = Fusion (x1, x2, x3) features as mentioned in 

Table 4.4.4 

Prediction_result_CNN = 3DCNN (x1, x2, x3) as mentioned in 

Section 4.4.3 

             While (0 <= n) 

                     Prediction_result_RNN= 

Bidirectional_RNN(Prediction_result_CNN) as mentioned 

in section 4.4.5 

             End While 
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            Cost = calculate cross-entropy loss (Prediction_result_RNN, y) 

            Optimizer = Gradient_Descent (learning_rate = 0.1, 

weight_decay= 0.0005)  

                                             or  

                      AdaDelta (learning_rate=1.0, rho=0.95) 

End For 

       End While 

3. END 

 

4.5 Results and Discussion 

 

This section has checked our proposed 3DCNN and Bidirectional GRU model's 

effectiveness by several experimentations on VIVA and ChaLearn dataset. We will discuss 

various learning curve for both datasets. In the next section, we will briefly explain the 

confusion matrix generated from both the dataset. After that, we will discuss various metrics 

such that precision, recall and F1-score, which is generated from a confusion matrix. We 

will then discuss the ROC curve and the proposed 3DCNN model's performance on with and 

without optical flow. Finally, we will compare the proposed method with all the conventional 

methods available in the literature. 

 

4.5.1 Results Discussion for VIVA Dataset 

 

In this section, we will discuss performance measurement for standard VIVA dataset with 

various performance metrics. 

 

4.5.1.1 Training information for VIVA dataset using 3DCNN model with and without 

optical flow 

 

This proposed 3DCNN network simultaneously extracts spatiotemporal features using RGB 

+ Depth and RGB + Depth + OF for hand gesture recognition. This model's effectiveness 

can be observed from the learning curves training-validation accuracy and training-

validation loss, as in Fig. 4.6 & Fig 4.8 with an optical flow and Fig. 4.7 & Fig. 4.9 without 

an optical flow. The 3DCNN models are trained to optimize the VIVA dataset using a 

stochastic gradient descent (SGD) algorithm with a fixed momentum coefficient of 0.5. The 

basic learning rate is initialized to a small value of 0.1 and decreases every ten epochs by a 
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factor of 0.5. The weight-decay is set to 0.0005, and the optimization is stopped at 100 

epochs. This entire dataset is divided into 80% for training, 10% for testing and 10% for 

validation. The weights of both RGB and depth streams are initialized randomly with μ= 0 

and σ= 0.05 from a normal distribution. The training process for this network is consistent, 

where the number of iterations increases the training loss decreases and the accuracy of this 

modal is increases.  

 

 

  

FIGURE 4.6 Learning curve of 3DCNN model 

with an optical flow on (Training / Validation) 

accuracy using training iterations on VIVA 

dataset.  

FIGURE 4.7 Learning curve of 3DCNN model 

without an optical flow on (Training / Validation) 

accuracy using training iterations on VIVA 

dataset. 

 

 

 

 

  

FIGURE 4.8 Learning curve of 3DCNN model 

with an optical flow on (Training / Validation) 

loss using training iterations on VIVA dataset. 

FIGURE 4.9 Learning curve of 3DCNN model 

without an optical flow on (Training / Validation) 

loss using training iterations on VIVA dataset. 

 

 

The number of epochs for the entire training process is 100. This modal's accuracy 

significantly improved when the number of iterations increases and the training loss close to 

zero. As per the observation from the learning curve Fig. 4.8 & Fig. 4.9, training loss 
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gradually decreases, and from Fig. 4.6 & Fig 4.7 accuracy gradually increases. From Fig. 

4.6 and Fig 4.7, it can be observed that validation accuracy is close to training accuracy, so 

the model is neither overfitting nor underfit. It is also seen from Fig. 4.8 & Fig. 4.9 that 

validation loss and training loss is gradually decreased and close to each other. But 3DCNN 

with an optical flow gives better accuracy compared to without an optical flow. There is no 

question that it is more discriminating and robust to combine the merits of multiple 

modalities with optical flow for feature definition than to depend on the optical flow 

modality feature to be omitted. 

 

4.5.1.2 Confusion matrix for 3DCNN model using VIVA dataset with and without an 

optical flow 

 

We have evaluated the relationship between expected labels and ground-truths by calculating 

the confusion matrix as provided in Table 4.5 with an optical flow and in Table 4.6 without 

an optical flow. The Confusion Matrix is a table where the rows' elements correspond to 

each class's answers, while the column is the number of times the class has been expected. 

The diagonal matrix components, by comparison, indicate the number of times the class has 

been correctly identified. Table 4.5 & Table 4.6 shows the confusion matrix for the 19 

gestures for standard VIVA dataset. The confusion matrix is generated from a 10% sample 

taken from the VIVA dataset. It can be observed from Table 4.5 & Table 4.6 that the 3DCNN 

architecture obtains an average accuracy of 80.50% with an optical flow and 78% without 

an optical flow.  

 

On this collected VIVA dataset, this proposed method achieves a higher recognition rate 

with an optical flow. It also shows the ability to derive spatiotemporal features from 

differentiating various kinds of video gestures. It shows from Table 4.5 and Table 4.6 that 

100% accuracy is achieved for a pinch and expands gesture using optical flow compared to 

without optical flow. From both the tables, it is observed that swipe x gesture shows 

confusion for classifying and mislead to swipe v and swipe + because both have the same 

gesture direction. Still, swipe + gives 88% accuracy with an optical flow compared to 75% 

accuracy without optical flow. In that list, seven gestures show accuracy greater than 80% 

with an optical flow compared to six gestures without an optical flow. A total of twelve 

gestures returns accuracy lower than 80% with an optical flow compared to thirteen gestures 

without an optical flow. 
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TABLE 4.5 The confusion matrix for this proposed 3DCNN model with an optical flow classifier for 

VIVA dataset. 

 

 

 

Table 4.5 & Table 4.6 shows that confusion for the open and close gesture is 25%. Gestures 

(1) to (4) (swipe right, swipe left, swipe down, swipe up) and gestures (8) to (11) (scroll 

right, scroll left, scroll down, scroll up) often confuse during classification because they have 

same gesture direction. But they are correctly identified using their appearance and depth 

information with minor fusion weight. Overall misclassification rate is 19.50% with an 

optical flow and 22% without an optical flow. In this case, the 3DCNN-OF model correctly 

recognizes the motion but, in some gesture, difficult to recognize the appearance. Some 

gestures are very challenging due to the involvement of fingers. After in-depth observation, 
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overall performance increases with the support of optical flow and some gesture like swipe 

+, pinch and expand strictly recognized with getting proper motion path. 

 

TABLE 4.6 The confusion matrix for this proposed 3DCNN model without an optical flow classifier for 

VIVA dataset. 

 

 

4.5.1.3 Precision, Recall and F1-Score for VIVA dataset using 3DCNN model with and 

without optical flow 

 

The accuracy of predicting hand gesture from each category can be obtained using the 

confusion matrix. The average accuracy rate is the overall evaluation of the network, which 

gives an overall understanding of the network's performance. But precision, recall and F1-

score are interesting metrics for performance measurement in the multiclass classification 

problem. Precision is the probability that a gesture is correctly recognized and is an 

indication of false positives.  
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TABLE 4.7 Classification performance of the proposed 3DCNN model on VIVA dataset using Precision, 

Recall and F1-score. 

 

Class Class Name Precision Recall F1-Score 

  With OF 
Without 

OF 
With OF 

Without 

OF 
With OF 

Without 

OF 
1 swipe right 75.00% 75.00% 75.00% 75.00% 75.00% 75.00% 

2 swipe left 75.00% 75.00% 85.71% 85.71% 80.00% 80.00% 

3 swipe down 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

4 swipe up 75.00% 75.00% 75.00% 75.00% 75.00% 75.00% 

5 swipe v 75.00% 75.00% 66.67% 60.00% 70.59% 66.67% 

6 swipe cross (x) 62.50% 62.50% 71.43% 62.50% 66.67% 62.50% 

7 swipe plus (+) 87.50% 75.00% 70.00% 75.00% 77.78% 75.00% 

8 scroll right 75.00% 75.00% 75.00% 75.00% 75.00% 75.00% 

9 scroll left 87.50% 87.50% 77.78% 77.78% 82.35% 82.35% 

10 scroll down 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

11 scroll up 75.00% 75.00% 75.00% 75.00% 75.00% 75.00% 

12 tap 1 75.00% 75.00% 75.00% 75.00% 75.00% 75.00% 

13 tap 2 75.00% 75.00% 75.00% 75.00% 75.00% 75.00% 

14 pinch 100.00% 87.50% 88.89% 87.50% 94.12% 87.50% 

15 expand 100.00% 87.50% 88.89% 87.50% 94.12% 87.50% 

16 
rotate counter 

clockwise 
87.50% 87.50% 87.50% 77.78% 87.50% 82.35% 

17 
rotate 

clockwise 
75.00% 62.50% 100.00% 100.00% 85.71% 76.92% 

18 open action 75.00% 75.00% 85.71% 75.00% 80.00% 75.00% 

19 close action 75.00% 75.00% 85.71% 75.00% 80.00% 75.00% 

 

 

TABLE 4.8 Average information for the proposed 3DCNN model on VIVA dataset. 

 

NO Type With OF Without OF 

1 Training Accuracy 85% 81% 

2 Testing Accuracy 80.50% 78% 

3 Average Precision 80.26% 77.63% 

4 Average Recall 80.70% 78.36% 

5 Average F1-Score 80.20% 77.67% 

6 Error rate 19.50% 22% 
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At the same time, recall shows the probability of recognizing a performed gesture and shows 

false negatives. These metrics are calculated from the confusion matrix according to the 

formula described in Chapter-3 section 3.8. It is seen from Table 4.8 that the average 

accuracy is 80.50% with an optical flow and 78% without an optical flow. The average 

precision is 80.26%, average recall is 80.70%, and average F1-score is 80.20% calculated 

from the confusion matrix with an optical flow. And on the other side, average precision is 

77.63%, average recall is 78.36%, and average F1-score is 77.67% without an optical flow. 

The additional optical flow stream improves the performance for all the metrics. It is 

observed that precision, recall, and F1-score are higher with an optical flow for pinch and 

expand gestures. It means that more positive samples are correctly predicted. It shows from 

Table 4.7 that total of seven gestures has a high precision of more than 80% with an optical 

flow as compared to six gestures without an optical flow, that means the classifier correctly 

identifies them. Table 4.7 total of 10 gestures has a lower recall score below 80% with an 

optical flow compared to 13 gestures without an optical flow, which shows more confusion 

for identifying correct positive samples without an optical flow.  F1-score is the balance 

between precision and recall. This score, therefore, takes into account both false positives 

and false negatives. In general, F1-score is more useful than precision, particularly if you 

have an uneven class distribution. In this case, 10 class shows higher F1-score greater than 

80% with an optical flow compared to 7 class without an optical flow, so the classifier is 

good in terms of recognition results with an optical flow. 

 

4.5.1.4 Performance comparison using modality fusion 

 

We discuss the impact of various data modalities on gesture recognition efficiency in this 

subsection. The technique behind the fusion of information at a various level is to collect 

meaningful information from each stream. We have compared different five late fusion 

scheme as represented in section 4.4.4: sum fusion, maximum fusion, average fusion, 

concatenation fusion and weighted fusion. The results for different fusion schemes are also 

reported in Table 4.9. In this experiment, the efficacy of multi-dimensional fusion is 

evaluated by the effect of fusing prediction information from three separate streams of RGB, 

depth and optical flow. We first notice that late score weighted fusion improves the 

recognition accuracy greatly compared with another modality. It can be because weighted 

fusion is more capable of dealing with complex contexts, variations in light, clothes, and 

colour of the skin, thereby making these variables more important in the learning process. 



3DCNN approach for Hand Gesture Recognition 

72 
 

We have empirically evaluated this model's performance on assigning different weight to 

each stream in the weighted-based fusion strategy. After successfully testing, we have 

assigned w1 = 50% weight for optical flow stream, w2 = w3 = 25% weight for depth and 

RGB stream. It's more weight on optical flow stream to find proper motion path on those 

gestures with similar action with minor variation. No question incorporating the merits of 

multiple function definition modalities is more discriminatory and stable than depending on 

a single feature of a modality. 

 

TABLE 4.9 Comparative results of different fusion schemes on the validation set of VIVA dataset using 

3DCNN model. 

 

Sr. No Technique Stream Fusion Accuracy 

1 3DCNN RGB + Depth + OF Max 79% 

2 3DCNN RGB + Depth + OF Average 78.50% 

3 3DCNN RGB + Depth + OF Sum 77% 

4 3DCNN RGB + Depth + OF Concatenate 77.50% 

5 3DCNN RGB + Depth + OF Weighted 80.50% 

 

 

4.5.1.5 3DCNN model with optical flow and without optical flow 

 

The performance of the proposed model is tested on with motion information and without 

motion information.  

 

FIGURE 4.10 Performance comparison for RGB+Depth and RGB+Depth+OF with 3DCNN model on 

VIVA dataset. 
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The motion information gives a better gesture movement path for classification. Here the 

graph shows the performance of RGB + Depth and RGB + depth + OF for 3DCNN model 

in Fig. 4.10 for VIVA dataset. Results show that performance is 80.50% for the VIVA 

dataset with the optical flow compared to 78% without an optical flow. It indicates that the 

influence of optical is getting good sign in results. Therefore, this proposed 3DCNN model 

can learn better spatiotemporal features with optical flow. 

 

4.5.1.6 Performance comparison using ROC curve on VIVA dataset 

 

The ROC curve for each class average using proposed 3DCNN with and without an optical 

flow learning algorithm is shown in Fig. 4.11. This ROC curve is pooled curve generating 

from 10% validated samples. The region below the ROC curve (AUC) is the function we 

have chosen to calculate and test. It shows the areas under ROC curves, and it is 83% (AUC) 

with an optical flow and 80% (AUC) without an optical flow. Therefore, this model has a 

greater area with an optical flow and therefore, better average performance. For some time, 

however, it has been understood that this region reflects the likelihood that a randomly 

selected positive example is correctly classified (ranked) with greater scepticism than a 

randomly selected negative example. So, it shows the correctly recognize positive example 

from the curve.  

 

 

FIGURE 4.11 ROC curve for VIVA dataset using 3DCNN model with an optical flow and without an 

optical flow. 
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The diagonal line represents the 50% positive sample correctly recognize, and in this model, 

the actual curve is far from the diagonal line, and it is 83% with an optical flow. As per the 

AUC, we can say that performance with 3DCNN is better with an optical flow. 

 

4.5.1.7 State-of-the-art comparison for VIVA dataset 

 

This section compared proposed 3DCNN + OF approach with existing HOG+HOG 

explicit feature extraction approach by Trivedi et al. [7], the LRN, HRN and, the 

combination of LRN + HRN model with implicit feature extraction approach by  

Molchanov et al. [6], deep neural network-based model and implicit feature extraction is 

used by Alghamdi et al. [65]. This proposed approach is superior and gives 80.5% accuracy 

with an optical flow.  For that kind of, dynamically recognize hand gesture task in the car, 

the outstanding recognition efficiency achieved for all the models are performing more 

significant than the existing literature's approach.  

 

TABLE 4.10 State-of-the-art comparison for standard VIVA dataset. 

 

Sr. No Paper Techniques Accuracy 

1 [7] HOG+HOG 64.50% 

2 [6] HRN 70% 

3 [6] LRN 74.50% 

4 [6] HRN+LRN 77.50% 

5 [65] DNN 77.56% 

6 Proposed method 3DCNN+OF 80.50% 

 

4.5.2 Results Discussion for ChaLearn Dataset 

 

In this section, we will discuss performance measurement for standard ChaLearn dataset 

with various performance metrics. 

 

4.5.2.1 Training information for ChaLearn dataset with and without optical flow 

 

A learning curve shows a predictive success measure in a given domain due to some measure 

of different amounts of learning effort. In the general field of machine learning, the most 

common type of learning curves shows predictive accuracy in the test examples as a function 
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of the number of epochs, as shown in Fig. 4.12 & Fig. 4.13. Another most common curve 

for machine learning performance testing is a loss to a number of epochs as depicted in Fig. 

4.14 & Fig. 4.15. The figures also highlight a very important issue in terms of both validation 

accuracy and training accuracy as well as training loss and validation loss.  The entire model 

is trained through AdaDelta optimizer, using a learning rate of 1.0, the rho is set to 0.95 and 

epsilon is set to 1e-08. This whole process stops after 60 epochs.  

 

  

FIGURE 4.12 Learning curve of 3DCNN model 

with an optical flow on (Training / Validation) 

accuracy using training iterations on ChaLearn 

dataset. 

FIGURE 4.13 Learning curve of 3DCNN model 

without an optical flow on (Training / Validation) 

accuracy using training iterations on ChaLearn 

dataset. 

 

  

FIGURE 4.14 Learning curve of 3DCNN model 

with an optical flow on (Training / Validation) 

loss using training iterations on ChaLearn 

dataset. 

FIGURE 4.15 Learning curve of 3DCNN model 

without an optical flow on (Training / Validation) 

loss using training iterations on ChaLearn 

dataset. 

 

The weights of both RGB, depth and optical flow streams are randomly initialized from a 

normal distribution with μ = 0 and σ = 0.05. we have also applied a regularization, batch 

normalization and dropout to avoid overfitting and underfitting the model. We may also note 

that the training loss and accuracy change drastically for 3D-CDCN weighted modalities 

(RGB + Depth, RGB + Depth + OF), up to 50 epochs. After that, they both appear to be 
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stable, and there is almost no variation. As per Fig. 4.12 & Fig. 4.13 show that validation 

accuracy gradually increases in each epoch concerning training accuracy. Here the validation 

accuracy curve is very close to training accuracy curve and a good fit to the curve. On the 

other side, from Fig. 4.14 & Fig. 4.15, the validation loss curve is very close to the training 

loss. It seems that our proposed model is a good fit for training and testing loss concerning 

with and without optical flow. We can say that the proposed 3DCNN model is good in terms 

of validation-training(loss) and validation-training (accuracy) from that learning curve. 

 

4.5.2.2 Confusion Matrix for ChaLearn Dataset with and without optical flow 

 

A confusion matrix is also called an error matrix used to describe a classifier's performance.  

 

TABLE 4.11 The confusion matrix for this proposed 3DCNN model with an optical flow classifier for 

ChaLearn dataset. 
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The confusion matrix shows the performance of the machine learning classification problem 

on multiclass classification. In the ChaLearn dataset, the confusion matrix is 8 X 8 rows and 

columns depicted in Table 4.11 & Table 4.12 for eight different gestures with and without an 

optical flow. The average accuracy is 79% with an optical flow and 75% without an optical 

flow, which is generated from a 10% sample taken from the whole ChaLearn dataset. It is 

observed from Table 4.11 & Table 4.12 that 100% highest accuracy achieved in right-

rotation with an optical flow compared to without optical flow. Almost five gestures show 

average recognition is 75%, and two gestures show an average accuracy of 100% with an 

optical flow.  

 

TABLE 4.12 The confusion matrix for this proposed 3DCNN model without an optical flow classifier for 

ChaLearn dataset. 

 

 

 

The classifier is often confused when the hand moves on the waist and similar hand 

movement on the throat with an optical flow. The reason for the confusion is both have a 
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similar direction. This classifier is confused for a hand moving on the throat gestures with 

an optical flow 50%. At the same time, hand-top-to-down gives misclassification 50% 

without an optical flow. Total of 7 gestures have an average accuracy of more than 75%, and 

only one gesture gives lower accuracy of 50% with and without an optical flow. By checking 

the proposed model's performance on ChaLearn dataset, it shows the good result for 

recognition, including the motion information with weighted fusion. 

 

4.5.2.3 Precision, Recall and F1-Score for ChaLearn dataset using 3DCNN model with 

and without optical flow 

 

Performance is typically estimated based on synthetic one-dimensional indicators such as 

the precision, recall or F1-score. It is seen from Table 4.14 that the average accuracy is 79% 

with optical flow and 75% without optical flow. The average precision is 78.13%, average 

recall is 78.96%, and average F1-score is 77.93% calculated from the confusion matrix with 

optical flow. And for 3DCNN without an optical flow model the average precision is 75%, 

average recall is 75.21%, and average F1-score is 74.85%.  As per Table 4.13, that right 

rotation, thumb, hand top-to-down, move a hand down, left rotation and squeeze hand 

gestures have higher precision with an optical flow than without optical flow, which means 

the classifier correctly classifies all positive samples with the support of optical flow.  

 

From the Table 4.13, we can say that five gestures have lower 80% recall score with optical 

flow compared 7 gestures without an optical flow that shows the confusion for identifying 

correct positive samples without an optical flow.  F1-score is more useful when we have an 

unequal class of distribution for performance evaluation. But in our case, we have taken an 

equal class of distribution for the generation of the confusion matrix. In this case, a total of 

3 classes shows higher F1-score of more than 85% with the optical flow compared to only 

one gesture without optical flow. Hence, the classifier is good in terms of recognition results 

with the support of optical flow. In this model, the training accuracy is 80%, and 78% is 

close to testing accuracy, 79% and 75% with and without optical flow that means this model 

is said to have good skills in training datasets and our unseen test dataset at this stage. Overall 

misclassification rate is 21% with optical flow and 25% without optical, which shows 

wrongly predicted samples. Finally, the proposed model is better in terms of precision, recall 

and F1-score with optical flow support. 
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TABLE 4.13 Classification performance of the proposed 3DCNN model on ChaLearn dataset using 

Precision, Recall and F1-score. 

 

Class Class Name Precision Recall F1-Score 

  With OF 
Without 

OF 
With OF 

Without 

OF 
With OF 

Without 

OF 

1  Right rotation 100.00% 75.00% 80.00% 75.00% 88.89% 75.00% 

2  Thumb 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 

3 
 Hand moving 

throat 
50.00% 75.00% 66.67% 75.00% 57.14% 75.00% 

4 
 Hand moving 

waist 
75.00% 75.00% 60.00% 75.00% 66.67% 75.00% 

5 
Hand top to 

down(both) 
75.00% 50.00% 75.00% 66.67% 75.00% 57.14% 

6 Move hand down 75.00% 75.00% 75.00% 75.00% 75.00% 75.00% 

7 Left rotation 75.00% 75.00% 100.00% 75.00% 85.71% 75.00% 

8 Squeeze hand  75.00% 75.00% 75.00% 60.00% 75.00% 66.67% 

 

TABLE 4.14 Average information for the proposed 3DCNN model on ChaLearn dataset. 

 

NO Type With OF Without OF 

1 Training Accuracy 80% 78% 

2 Testing Accuracy 79% 75% 

3 Average Precision 78.13% 75% 

4 Average Recall 78.96% 75.21% 

5 Average F1-Score 77.93% 74.85% 

6 Error rate 21% 25% 

 

4.5.2.4 Performance comparison using modality fusion for ChaLearn dataset 

 

This segment explores the impact of various data modalities on gesture recognition 

performance on the ChaLearn dataset. These feature vectors of the various streams are 

concatenated to form higher dimensional fusion characteristics after feature extraction of 

each stream by the networks above. Feature fusion helps to understand image features to 

explain their rich internal details fully. We compare five different late score fusion strategies 

described in section 4.4.4 for ChaLearn dataset: sum fusion, maximum fusion, average 

fusion, concatenation fusion and weighted fusion. The results are also reported in Table 4.15. 
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When we can see, the ChaLearn dataset full object is visible while acting—different anchor 

acting in the RGB video. The way of unique feature extraction strategy is not performing 

only on RGB and Depth data. From Fig. 4.2(a) the optical flow shows a unique 

representation for each object irrespective the full object visible. It was a problem to 

determine the optimal weight combination among the various combinations for three 

different streams. When we have assigned more weight to an optical flow to w1=50% and 

w2 = w3 = 25%, this model extracts the unique feature for each gesture and boost the results. 

So, the optical flow strategy is appropriate for unique feature extraction and increasing 

accuracy. Experimental results above demonstrate that the fused features lead to the richer 

representation of videos and outperforms the weighted fusion scheme for hand gesture 

recognition on the commonly used ChaLearn hand datasets. 

 

TABLE 4.15 Comparative results of different fusion schemes on the validation set of ChaLearn dataset 

using 3DCNN model. 

 

Sr. No Technique Stream Fusion Accuracy 

1 3DCNN RGB + Depth + OF Max 77% 

2 3DCNN RGB + Depth + OF Average 76% 

3 3DCNN RGB + Depth + OF Sum 76.50% 

4 3DCNN RGB + Depth + OF Concatenate 75.50% 

5 3DCNN RGB + Depth + OF Weighted 79% 

 

4.5.2.5 3DCNN model with optical flow and without optical flow for ChaLearn dataset 

 

The performance of the proposed model is tested on with motion information and without 

motion information. The optical flow method will distinguish moving objects and deal with 

background motion without knowing any details in advance about the scene. Optical flow 

estimation aims to measure an estimate of the motion filed from a time-varying strength of 

the image. The motion information gives a better gesture movement path for classification. 

Here the graph shows the performance of RGB + Depth and RGB + depth + OF for 3DCNN 

model in Fig. 4.16 for ChaLearn dataset. Results show that performance is 79% for 

ChaLearn dataset with optical flow and 75% without optical flow. The proposed model 

extracts smooth motion path using an optical stream by assigning more weight. It indicates 

that the influence of optical is getting good sign in results. Therefore, this proposed 3DCNN 

model can learn better spatiotemporal features with optical flow. 
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FIGURE 4.16 Performance comparison for RGB+Depth and RGB+Depth+OF with 3DCNN Model with 

ChaLearn dataset. 

 

4.5.2.6 Performance comparison using ROC curve on ChaLearn dataset 

 

In a ROC curve, the trade-off at various thresholds between having more true positives at 

the cost of additional false positives is visualized by plotting the trade-off at any possible 

threshold.  
 

 

 

FIGURE 4.17 ROC curve for ChaLearn dataset using 3DCNN model with and without optical flow. 
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In Fig. 4.17, this yields a curve like that using the proposed 3DCNN model with and 

without optical flow. In the test results, each case's model output is then compared against 

each possible threshold, generating a point in the plot for each threshold. From Fig. 4.17 

ROC curve is close to an upper-left corner with and without optical flow, which detects 

better true positive. In this case, a curve is above the diagonal line (indicated as a dashed 

line in Fig. 4.17) that indicates that a model is generating more true positives than false 

positives. The situation is very worst when the AUC is approximately 0.5; the model has 

little ability to differentiate between positive and negative class through discrimination. 

The area under the curve (AUC) value is 83% with an optical flow and 81% without an 

optical flow. As per the Fig. 4.17, we can say that the performance is better with optical 

flow support. 

 

4.6 Concluding Remarks 

 

The main focus on work was improving the classification accuracy of the dynamic hand 

gesture recognition method. The accuracy is very low as per current needs for successful 

recognition of gesture inside the vehicles. This proposed three-streams 3D CNN and 

bidirectional GRU network on deep learning effectively work on both the datasets. It gives 

better results due to the unification strategy because it converts all the video to the unique 

35 frames for computation and unique feature extraction. 3DCNN extracts significant 

Spatio-temporal features from three streams RGB, Depth and optical flow. All the features 

are blended using a weighted fusion scheme and assign more weight to an optical flow 

stream and find proper motion path. This 3D convolutional neural network is followed by a 

bidirectional gated recurrent for temporal feature extraction. This proposed method achieves 

80.50% and 79% recognition accuracy on VIVA and ChaLearn dataset with an optical flow 

compared to 78% and 75% recognition accuracy without an optical flow. This proposed 

method achieves better precision 80.26% & 78.13%, recall 80.70% & 78.96% and F1-score 

80.20% & 77.93% on both the VIVA and ChaLearn dataset with the support of optical flow 

compared to precision 77.63% & 75%, recall 78.36% & 75.21% and F1- score 77.67% & 

74.85% without an optical flow. So, the proposed model is better in every metric with the 

support of an optical flow. One limitation of this network is that it takes a long time to train 

because of three-stream and more hyperparameters.  
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CHAPTER-5 

 

5. 2DCNN approach for Hand Gesture Recognition 

 

5.1 Introduction 

 

This chapter considers the gesture recognition problem in feature extraction using a 2DCNN 

approach using deep learning. For hand gesture recognition in the series of images, this 

approach considers the concept of 2D CNNs on individual frames and then the average result 

for classification.  In this approach, instead of three frames, a single frame is used for feature 

extraction. It means that CNN extracts attributes from individual frames like hand shape and 

fuses temporal information later. The aim is to increase the recognition rate while ensuring 

that all other environmental variables, such as light, background colour and action similarity, 

are still the same. As alluded to in chapter 4, a 3DCNN model extracts spatio-temporal 

features simultaneously in a single video. However, this 2DCNN model first extracts spatial 

features using convolutional neural network and second extract temporal features using a 

gated recurrent network. This network is working on three different streams RGB, Depth 

and optical flow for robust feature extraction. If one wants to achieve better results, temporal 

information must be included in the models and spatial data. This proposed work on hand 

gesture recognition coverage focused only on the extraction of motion-based features 

followed by a weighted fusion strategy using the 2DCNN method. 

 

We design a framework to take into account the following two statements for 2DCNN 

model: 

1. The sequence the relevant spatial and temporal features using 2DCNN from the video 

describe the hand gestures. 
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2. The weighted fusion scheme can find an appropriate fitting path for a description of hand 

gesture. 

3. The temporal variation of hand motions using the gated recurrent neural network can 

efficiently describe hand gestures. 

 

5.2 Overview of the Proposed 2DCNN Model 

 

Gesture recognition is the best example of a wide range of research area in computer vision. 

This deep learning-based network can access image or video as an input, and assign a 

learnable weight for each object present in the video or image and extract relevant features. 

This model can learn most prominent feature implicitly. Recently, a deep convolutional 

neural network-based technique can be used to identify gesture because of strong implicit 

feature extraction.  

 

 

 

FIGURE 5.1 This is a pipeline of architecture using 2DCNN model for hand gesture recognition using 

multimodal (RGB, Depth, OF) streams. 

 

This model has implemented a dynamic hand gesture recognition technique built on RGB-

D video input in this proposed method. This RGB-D data is recorded by Microsoft Kinect 

camera currently available in the market. This led to a combination of RGB-D information 

gives input to the system for the robustness of gesture. Firstly, all the videos are converted 

into a fixed number of 35-frames to acquire the proper knowledge of information. Next, the 
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optical flow information is calculated from the RGB video to get proper motion path present 

in the video [104]. These frames are passing one-by-one to three different streams of 2D 

CNN model for learning and extraction of a deep feature. These deep features are merged 

using various fusing scheme to enhance the performance of the model. After experimental 

and statistical analysis, more weight is applied to an optical flow stream for movement 

calculation. The merged features of three separate streams are passing to the gated recurrent 

network for integrating past and present information and temporal recognition of the gesture. 

The last stage is SoftMax classifier which generates a probability score for each class. This 

proposed model is trained on VIVA dataset and ChaLearn dataset. The step-by-step process 

for this suggested approach is characterized in Fig. 5.1.  

 

The most important points for this proposed model are summarized below: 

 

• The standard way to assign input from the video is 16 frames. This proposed model is 

tested with 35-frames. Therefore, more meaningful information with robust features is 

extracted. These seem to recognize those gesture with similarity in nature and a little bit 

different. The standard 35-frames are elected and convert all videos to this same number 

of frames. 

 

• This proposed model has RGB video, and Depth video as an input and the third input 

Optical flow is added for finding correct motion information in the video. The optical 

flow is calculated from RGB video with a consecutive fixed number of sequential 

frames. Optical flow gives dense motion and eliminates irrelevant information present 

in the video. The involvement of optical flow boosts the performance of this model with 

better recognition accuracy. 

 

• This proposed model is a three-stream network with RGB, Depth and Optical flow as an 

input. The next step was extracting features from each frame using the 2D CNN approach 

and blended these features with several convolutions and pooling features. These 

features are fused with several existing fusion schemes and proposed a weighted scheme 

and compare their result. The assignment of more weight to optical flow stream with 

several features' statistical property gives the best result.  
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• These fused features with joint information of each frame are passing through a gated 

recurrent network for sequence-to-sequence prediction and temporal recognition of the 

gesture. It is a many-to-one recurrent cellular network to merge past and present 

information in the temporal sequence for each frame and predict each class's probability 

score on the last cell. According to the gated recurrent unit's core mechanism, it reduced 

training time and improved the result. 

 

5.3 Basic Terminology of 2DCNN in Video Recognition 

 

Video preserves gesture information in a series of frames. To identify these gestures, it is 

important to extract information from the individual frame and average this information for 

classification. Pixel values are stored in the digital images in a two-dimensional (2D) grid, 

i.e. an array of numbers. At each image location, a small grid of parameters called the kernel 

(row x column), and optimizable function extractor, move-in each image location to extract 

features. It makes 2DCNNs highly effective for image processing, since a feature may occur 

anywhere in the image.  

 

 

 

 

FIGURE 5.2 2D CNN network structure for video gesture recognition. 

 

According to Fig. 5.2, which shows each video is converted into a fixed number of frames. 

These frames one-by-one is passing through the 2DCNN for significant spatial feature 

extraction. RNN (many-to-one) works for gathering temporal information. This recurrent 
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network maintains present and past information and finally gives a probability score on final 

cell. 

 

5.4 Proposed Methodology using 2DCNN Approach 

 

Compared with all the preceding works, our gesture recognition work, pointing to solve 

video-based dynamic recognition of hand gesture, faces many complexities in extracting 

important features. If inputs are video instead of images, they required more effort because 

they needed a temporal feature for learning. Appreciation due to deep learning's rapid growth 

can automatically learn features from the spatial and temporal domains simultaneously using 

3DCNN. But in this context, the implemented method is based on 2D CNN model can extract 

spatial-temporal features individually. In the below subsection, it shows the working of 

proposed 2DCNN with an optical flow model. 

 

5.4.1 Unification of Frame for Input Video in the System 

 

The 2DCNN model's input required the same number of frames as we discussed in the 

previous chapter section 4.4.1 in the unification strategy. That means all the video should be 

in the same width and same height for computation. The mechanism to convert video in 

equalization frame is similar to a discussed in chapter 4 3DCNN feature extraction. This 

chapter has taken standard input to the system in 35-frames for VIVA and ChaLearn dataset 

for training and testing. 

 

5.4.2 Motion Detection using the Optical flow from RGB Video 

 

As we stated in the previous section, RGB data support shape and texture information 

available in the video and depth data is insensitive to illumination variations, invariant to 

colour and texture changes. But proper motion path supports higher recognition accuracy 

and remove gesture irrelevant information from the background. Therefore, we have 

calculated an optical flow from each RGB video. The mathematical formula is similar to the 

as described in chapter4 section 4.4.2. 
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5.4.3 2D CNN Approach for Feature Extraction 

 

Gestures are always part of a video, and solving gesture recognition depends only on feature 

extraction. In the 2DCNN approach, the model takes a single frame at time t for learning 

features. The conventional CNN model concerns only appearance information present in a 

video using RGB, which is not suitable for little interclass variation in a gesture. Hence, to 

add flow information as an extra feature to support the robustness of the model. Here, the 

network operation is introduced in detail. Each video clip as a volume V with size l x w x c 

x s. where l x w is the image size, c number of channel and s >= 1 is a sequential number of 

frames. The three-stream network with RGB, Depth and optical flow is used as an input, to 

convert each RGB, Depth and optical flow video to N number of frames where N=35. The 

first stream is used to find appearance information; the second stream is used depth 

information and the third is used for exact motion information. This motion information is 

sufficient for robust path calculation in the gesture. 

 

 
 

 

FIGURE 5.3 Convolution, pooling, kernel, filter and output information for VIVA dataset using 2DCNN 

model. 

 

The overall proposed CNN architecture for VIVA dataset has 14 convolution operation, four 

max-pooling layers, two fully connected layers, in each stream is illustrated in Fig. 5.3.  And 

for ChaLearn dataset has 16 convolution operations, five max-pooling layers, two fully 

connected layers, in each stream is illustrates in Fig. 5.4. Each convolutional layer has a 

different number of kernels. The first convolutional layer has 16 kernels with 3 x 3-pixel and 

the second convolutional layer containing 32 kernels with the same number of pixels. The 

third, fourth and fifth layer has 64,128,256,512 kernels with a size of 3 x 3. The final output 

of fully connected layer fc6 and fc7 is 4096-dim. Each image's general size in the VIVA 
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dataset is 115 x 250 and for ChaLearn dataset is 240 x 320. The crop operation is not applied 

because of the suitable frame size. The size of Max-pooling is 2 X 2, and it is used to reduce 

the size of a factor of 2. In this model, the Rectifier Linear Unit (ReLU) and batch 

normalization are used for faster training [102]. The final output of 4096-dim vector for 

different three streams is clubbed and passed to the gated recurrent network for frame-to-

frame generation probability scores. 

 
 

 

 

FIGURE 5.4 Convolution, pooling, kernel, filter and output information for ChaLearn dataset using 

2DCNN model. 

 

5.4.4 Aggregation of Features 

 

In this section, the new fusion feature method is considered from this three-stream network. 

The intention here is to fuse these three networks such that pixel response at the same spatial 

location is fused. From these three streams, to get appearance information of hand from 

RGB, sharp edge feature from the depth and find motion from left-to-right, up-down from 

optical flow.  A fusion function f: Xt
 a, Xt

 b, Xt
 c → Yt, fuses three feature maps Xt

 a  € R H
1

 x 

W
1, Xt

 b  € R H
2
 x W

2
   and Xt

 c  € R H
3

 x W
3

  at time t for each frame and produce output Yt  € R 

H x W  where W, H are width, height for respective feature map. The late fusion operation is 

considered and assume that H=H1=H2=H3, W=W1=W2=W3.  

 

             Yi, j, d 
weighted = 

𝑿𝒊,𝒋,𝒅 ∗𝒘𝟏+
𝒂 𝑿𝒊,𝒋,𝒅 ∗𝒘𝟐+

𝒃 +𝑿𝒊,𝒋,𝒅 ∗𝒘𝟑
𝒄  

𝒘𝟏+𝒘𝟐+𝒘𝟑
       ∑ 𝒘�̇�  =  𝟏𝟑

𝒊=𝟏                                  (5.1) 

This weighted fusion function aggregates all the obtained features after CNN, as illustrates 

in (5.1). The size of each Xa, Xb, Xc is a 4096-dim vector. Where Xa represents RGB vector, 

Xb represents Depth vector, and Xc represents an optical flow vector. After weighted fusion, 
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the final value is a 4096-dim vector. And it is followed by the gated recurrent network. We 

have empirically assigned a different weight to each stream and evaluate the performance of 

the model. After assigning more weight to an RGB stream, the classifier often confused for 

similar gesture direction. But it gives better results when assigning more weight to an optical 

flow stream, so we assign a final weight to w1=50% for optical flow, w2 =w3 =25% for 

RGB and Depth stream. Adding a new weighted average scheme for the fusion of feature 

gives more chance to an optical flow stream that is appropriately related to the gesture 

classification that has little interclass variation.  

 

 

 

FIGURE 5.5 Overall feature fusion after RGB, Depth and Optical flow streams using 2DCNN model. 

 

Feichtenhofer et al. [58] use different types of fusion schemes like max, sum, concatenated, 

and aggregate the obtained feature to improve the performance, which creates inspiration for 

utilizing a fusion scheme boosting the recognition accuracy. Adding a new weighted average 

scheme for a fusion of feature gives more chance on those streams of a feature that are 

appropriately related to the gesture classification, according to the final response displayed 

in Fig. 5.5. It shows that a strong response replied after fusion with the maximal weight of 

optical flow stream. The recognition of gesture there is a motion of hand or finger is more 

precious. Some gestures are strictly recognized due to the support of optical flow because of 

similarity in the gesture. 
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5.4.5 Temporal Recognition using Gated Recurrent Unit 

 

GRU is an improved version of RNN and LSTM and trains faster due to fewer gates [103]. 

The input of this layer is fusion features with size 4096-dim after the convolution. As per 

the nature of the CNN, it can extract meaningful information only from a single frame. The 

video is a collection of frames therefor it is essential to merge present information with past 

information.  

 

 

 

FIGURE 5.6 Unrolling of a gated recurrent network for temporal recognition of hand gesture. 

 

This gated recurrent network extracts temporal information from a series of frames. It is a 

many-to-one recurrent network as describes in Fig. 5.6. At time t=0, it fetches fist frame, 

and t=1 it fetches the second frame and merges with the previous frame. And subsequently, 

it extracts remaining frames up to t=35 and aggregates all the information. While collecting 

all the past and present information, it creates a motion path implicitly for each gesture as 

per labelled training samples. This motion path is irrespective to the object present in the 

video, and therefore, it supports uniqueness in feature extraction. The SoftMax layer is on 

last GRU cell, and it generates probability value for each class. The memory block inside 

the GRU network has a different gate that can store information. In this architecture, two 

different recurrent layers are applied with N=35 different memory cell. The size of each cell 

is 32 and 64 for two different layers. On the first layer, it has a many-to-many connection, 

and on the second layer, it has a many-to-one connection. 
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5.4.6 Classification and Training 

 

The last part of this network is training and classification, which converts video level 

representation of temporal frame to many-to-one network and generate probability score as 

illustrates in (5.2). 

                                      SoftMax (xi) = 
𝒆𝒙𝒊

∑ 𝒆
𝒙𝒋𝒌

𝒋=𝟏
                                                                 (5.2) 

                                    Cross Entropy = − ∑ 𝒕𝒊𝐥𝐨𝐠 (𝒙𝒊 
𝑪
𝒊 )                                                 (5.3) 

 

FIGURE 5.7 Position of cross-entropy loss and SoftMax classifier during training  

 

From (5.2) and (5.3), where xi is the predicting class probability, and ti is the ground truth 

class. And C represents the total number of gesture class in the dataset. The overall training 

part of this work is described in the form of an algorithm in Table 5.1. 

 

TABLE 5.1 The Training of this proposed 2DCNN algorithm. 

 

Algorithm: Train the 2DCNN model 

Input: A RGB I1(x, y), Depth I2(x, y) and Optical flowI3(x, y) video 

1. Initialize parameters x, y, epoch, c, n, where 

x = height of the frame 

y = width of the frame 

epoch = number of iterations 

c = number of gesture class 

n = number of frames 

2. While (0 <=epoch) 

      Train_data, Val_data = Train_Test_Split (dataset, 0.9)        

      For each data = Train_data 

              x1 = data(I1[0]), x2=data(I2[0]), x3=data(I3[0]), y=data [1]  

             Extract features from each stream x1, x2, x3 using 2DCNN 

approach mentioned in section  5.4.3 

             Merge_features = Fusion (x1, x2, x3) features as mentioned in 

Table 4.4.4 

             Prediction_result_CNN = 2DCNN (x1, x2, x3) as mentioned in 

section  5.4.3 
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             While (0 <= n) 

                     Prediction_result_RNN= RNN(Prediction_result_CNN) 

as mentioned in section 5.4.5 

            End While 

            Cost = calculate cross-entropy loss (Prediction_result_RNN, y) 

            Optimizer = Gradient_Descent (learning_rate = 0.1, 

weight_decay= 0.0005)  

                                             or  

                      AdaDelta (learning_rate=1.0, rho=0.95) 

End For 

       End While 

3. END 

 

 

As per Fig. 5.7, As usually an activation function (SoftMax) is applied to the score before 

the cross-entropy loss. The entire 2DCNN and gated recurrent network with an optical flow 

train through backpropagation through time (BPTT) algorithm and complete loss is 

calculated using cross-entropy loss function. The stochastic gradient descent (SGD) weight 

optimizer with step decay techniques is applied for VIVA dataset. The ChaLearn dataset is 

trained through AdaDelta optimizer.  This proposed model is not fine-tuned. Therefore, all 

network parameters that are not pretrained with weights are initialized with a normal 

distribution with a standard mean to zero and standard deviation to 0.05. we have been 

applied 50% dropout after each fully connected layer to avoid an overfitting a proposed 

model and enhance the model performance on test data [105]. 

 

5.5. Experimental Results  

 

This section has checked the effectiveness of our proposed 2DCNN with an optical method 

by several experimentations on VIVA and ChaLearn dataset. We will discuss various 

learning curve for both datasets. By using various experiment, we will study the confusion 

matrix for both the VIVA and ChaLearn dataset. After that, we will discuss various metrics 

such as precision, recall and F1-score, which is prepared from the confusion matrix. In the 

next section, we will discuss the ROC curve for both datasets. Moreover, the impact of 

optical flow using a weighted fusion scheme is discussed with boosting accuracy. Finally, 

we will check the effectiveness in proposed method with state-of-the-art method available 

in the literature. 
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5.5.1 Results Analysis for VIVA Dataset 

 

In this section, we will discuss performance measurement for standard VIVA dataset with 

various performance metrics. 

 

5.5.1.1 Training information for VIVA dataset using 2DCNN model with and without 

optical flow 

 

This 2D CNN network's performance for multimodal fusion using RGB, Depth and Optical 

flow stream, which sequentially extract spatial and temporal features for hand gesture 

recognition. The 2DCNN model (RGB + Depth, RGB, + Depth + OF) is trained to optimize 

the VIVA dataset using the stochastic gradient descent (SGD) algorithm fixed momentum 

coefficient of 0.5. The number of epochs for the entire training process is 100, and the 

weight-decay is set to 0.0005. The basic initial learning is set to a value of 0.1 and decreases 

every ten epochs by a factor of 0.5. Initially, the learning rate is set to 0.1 for adjusting weight 

which has higher variation but decreases to each epoch tends to lower weight variation. Fig. 

5.8 to Fig. 5.11 shows the learning curve of these data modalities for 2DCNN network during 

the training with and without optical flow.  

 

  

FIGURE 5.8 Learning curve of 2DCNN model 

with an optical flow on (Training / Validation) 

accuracy using training iterations on VIVA 

dataset. 

FIGURE 5.9 Learning curve of 2DCNN model 

without an optical flow on (Training / Validation) 

accuracy using training iterations on VIVA 

dataset. 

 

We can also note that the training loss and accuracy change drastically for 2DCNN model 

in every iteration using different modalities (RGB + Depth, RGB, + Depth + OF). Both 

appear to be constant and almost without variation when the training crosses 70 epochs with 
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optical flow and 80 epochs without optical flow. As shown, the use of various regularization 

forms makes it less likely that network training is caught in overfitting, even with many 

iterations. The learning curve shows that there are not any underfitting or overfitting issues. 

During training, the curve is consistent and smooth at every epoch.  

 

  

FIGURE 5.10 Learning curve of 2DCNN model 

with an optical flow on (Training / Validation) 

loss using training iterations on VIVA dataset. 

FIGURE 5.11 Learning curve of 2DCNN model 

without an optical flow on (Training / Validation) 

loss using training iterations on VIVA dataset. 

 

 

The validation accuracy is incrementally increasing, and validation loss is decreasing on 

unknown samples during training. As per the graph, we have seen that the graph is ideal 

because of the close curve for validation loss and training loss, and training accuracy and 

validation accuracy. The key idea for successful training with good generalization capability 

is dropout regularization and batch normalization for both with and without optical flow. 

 

5.5.1.2 Confusion matrix for 2DCNN model for VIVA dataset with and without optical 

flow 

 

A confusion matrix is a list of prediction results for the multi-class classification problem. 

The percentage of valid and invalid target predictions is summarized with total count values 

divided by each class. This matrix shows the way when your classification model is confused 

during predictions. It gives us insight into the classifier's type of error and, more importantly, 

where the classifier gave a prediction for other class. Table 5.2 & Table 5.3 shows the 

confusion matrix of this proposed 2DCNN model (RGB + Depth, RGB + Depth + OF) with 

a correct and incorrect prediction for a standard VIVA dataset with 10% testing samples. 
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From the confusion matrix, it is observed that the classifier often confused between the swipe 

and scroll gestures because of the similar direction with and without optical flow.  

 

TABLE 5.2 The confusion matrix for this proposed 2DCNN model with an optical flow classifier for 

VIVA dataset. 

 

 

 

It shows misclassification in swipe x with swipe v to 12% with optical flow and 25% without 

optical flow. But on the other side, three gestures rotate clockwise, rotate counter-clockwise, 

and close gestures give 100% testing results with an optical flow. But on the other side, only 

one close gesture shows 100% accuracy without an optical flow. The misclassification rate 

for swipe right is the highest at 38% because of similar action to scroll gestures with only 

minor variation in fingers' involvement with an optical flow. The overall testing accuracy is 

85% for this model with an optical flow and 82% without an optical flow. It demonstrates 
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the efficacy of multimodal fusion strategy by appropriately leveraging the detailed 

knowledge held by various input modalities.  

 

TABLE 5.3 The confusion matrix for this proposed 2DCNN model without an optical flow classifier for 

VIVA dataset. 

 

The increase in accuracy also shows that the RGB, depth and optical flow support each other. 

The motion parameter in the learning process was accumulating a prominent role in 

classification. The rotate CW/CCW gesture accuracy also increased by 100% due to support 

of optical flow. The 13 class's accuracy is more than 80% with optical flow compared to 11 

gestures without optical flow, and the remaining have less than 80%.  It shows the ability to 

extract spatial and temporal feature sequentially on different types of gestures with accurate 

results with an optical flow. After in-depth observation, overall performance is increased 

with optical flow support, and some gesture is strictly recognized like rotate clockwise and 

rotate counter-clockwise with a proper motion path. 
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5.5.1.3 Precision, Recall and F1-Score for VIVA dataset using 2DCNN model with and 

without optical flow 

 

The precision, recall, and F1-score give better intuition of prediction results as compared to 

accuracy. Table 5.5 observes that the average accuracy is 85% with an optical flow and 82% 

without an optical flow.  

 

TABLE 5.4 Classification performance of the proposed 2DCNN model on VIVA dataset using Precision, 

Recall and F1-score. 

 

Class Class Name Precision Recall F1-Score 

  With OF 
Without 

OF 
With OF 

Without 

OF 
With OF 

Without 

OF 

1 swipe right 62.50% 75.00% 71.43% 75.00% 66.67% 75.00% 

2 swipe left 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

3 swipe down 75.00% 75.00% 85.71% 85.71% 80.00% 80.00% 

4 swipe up 87.50% 87.50% 77.78% 77.78% 82.35% 82.35% 

5 swipe v 75.00% 62.50% 85.71% 71.43% 80.00% 66.67% 

6 swipe cross (x) 75.00% 62.50% 75.00% 55.56% 75.00% 58.82% 

7 swipe plus (+) 87.50% 75.00% 77.78% 75.00% 82.35% 75.00% 

8 scroll right 75.00% 75.00% 66.67% 75.00% 70.59% 75.00% 

9 scroll left 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

10 scroll down 87.50% 87.50% 77.78% 77.78% 82.35% 82.35% 

11 scroll up 75.00% 75.00% 85.71% 85.71% 80.00% 80.00% 

12 tap 1 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

13 tap 2 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

14 pinch 87.50% 87.50% 100.00% 100.00% 93.33% 93.33% 

15 expand 87.50% 87.50% 100.00% 100.00% 93.33% 93.33% 

16 
rotate counter 

clockwise 
100.00% 75.00% 100.00% 85.71% 100.00% 80.00% 

17 
rotate 

clockwise 
100.00% 87.50% 100.00% 77.78% 100.00% 82.35% 

18 open action 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

19 close action 100.00% 100.00% 80.00% 80.00% 88.89% 88.89% 

 

The average precision is 84.87%, average recall is 85.32%, and average F1-score is 84.86% 

calculated from the confusion matrix with an optical flow. But on the other side, 2DCNN 

without an optical flow model’s average precision is 81.58%, average recall is 82.10%, and 

average F1-score is 81.61%. It is seen that from the results rotate clockwise, and rote counter-
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clockwise has 100% precision, recall and F1-score with an optical flow compared to without 

an optical flow, which means all positive samples are correctly classified. Swipe right 

gesture has a lower value for all the performance metric that shows misclassification in 

prediction with an optical flow. It shows a total of 13 gestures have higher precision of more 

than 80%, which is higher than the 3DCNN model because it has only seven gestures for the 

same accuracy with an optical flow. It is also observed from Table 5.4 total of 12 gestures 

have higher recall score of more than 85% compared to 10 gestures without an optical flow 

that shows the correct identification of the class using an optical flow. Overall 

misclassification rate is 15% with an optical flow that is better than 3DCNN model and better 

than the same model without an optical flow which is 18%, and total improvement is 10% 

compared to the 3DCNN model. Total of 16 gestures has higher F1-score more than 80% 

compared to a 3DCNN model (only 10 class) from the previous chapter. So, the proposed 

2DCNN method is better in precision, recall and F1-score with an optical flow. 

 

TABLE 5.5 Average information for the proposed 2DCNN model on VIVA dataset. 

 

NO Type With OF Without OF 

1 Training Accuracy 89% 86% 

2 Testing Accuracy 85% 82% 

3 Average Precision 84.87% 81.58% 

4 Average Recall 85.32% 82.10% 

5 Average F1-Score 84.86% 81.61% 

6 Error rate 15% 18% 

 

5.5.1.4 Performance comparison using modality fusion for VIVA dataset 

 

The method assesses and evaluates the consequence with this novel recommended method 

2DCNN and GRU network with distinct modality covered in the earlier section. All the 

networks are independently trained for each modality by similar architecture with late fusion.  

Table 5.6 encompasses the precise classification accuracy of numerous combinations of 

modalities. The observation comes out that fusing a distinct pair of modalities increases their 

classification result. The greatest gesture recognition accuracy (85%) can be achieved by 

weighted based fusion. Here is the observation that optical flow is most prominent for hand 

gesture recognition. After empirical evaluation, some gesture which has minor variation is 
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easily differentiated by using optical flow only. This weighted based fusion scheme assigned 

weight is w1=50% (Optical flow), w2 = w3 = 25% (RGB, Depth) for selective motion-based 

feature extraction.  The performance of the proposed 2DCNN is increased with assigning 

more weight to an optical flow stream because it finds an appropriate unique feature for each 

video. 

 

TABLE 5.6 Performance comparison with a different modality fusion for VIVA dataset using 2DCNN 

model. 

 

Sr. No Technique Stream Fusion Accuracy 

1 2DCNN RGB + Depth + OF Max 82% 

2 2DCNN RGB + Depth + OF Average 70.50% 

3 2DCNN RGB + Depth + OF Sum 80% 

4 2DCNN RGB + Depth + OF Concatenate 78% 

5 2DCNN RGB + Depth + OF Weighted 85% 

 

5.5.1.5 2DCNN model with optical flow and without optical flow 

 

In this section, the proposed 2DCNN model's performance is tested on with motion 

information (i.e. with the optical flow) and without motion information (i.e. excluding 

optical flow). The same results are depicted in Fig. 5.12, which shows higher accuracy 

for including the optical flow. 

 

 

FIGURE 5.12 Performance comparison for RGB+Depth and RGB+Depth+OF with 2DCNN Model with 

VIVA dataset. 
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Results show that performance is 85% for VIVA dataset with motion information and 82% 

without an optical flow. The precise motion information removes irrelevant static object 

present in the video. This motion information returns unique features from the video 

irrespective to the object in the video. Therefore, considering all the parameters, this 

proposed model learns better spatial and temporal features with optical flow. It also finds 

better and fitting motion path using a recurrent network in a sequence of frames by assigning 

more weight to an optical flow. 

 

5.5.1.6 Performance comparison using ROC curve on VIVA dataset 

 

We use the Area Under the Curve (AUC) Receiver Operating Characteristics (ROC) curve if 

we need to check or visualize the multi-class classification problem's output.  

 

 

 

FIGURE 5.13  ROC curve for VIVA dataset using 2DCNN model with and without optical flow.  

 

The model is more efficient if the curve is closer to the upper left corner. AUC is an efficient 

way of summarizing the overall accuracy of the 2DCNN model during test time. It takes 

values from 0 to 1, where a value of 0 means an incorrect classification and a value of 1 

represents a perfectly accurate classification. A value of 0.5 for AUC means that the diagonal 

(i.e., 45-degree line) would fall on the ROC curve, indicating that the model has no 

discriminatory capability. If the ROC curve is above the diagonal line, it has the fair 

distinguishing capacity to classify gestures' movements. For the data in Fig. 5.13, the AUC 
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is 0.86 with an optical flow and 0.84 without an optical flow. This suggests an 86% chance 

that the model can classify correct gestures from the ordering of the sequence of images 

mean video. As per the Fig. 5.13 with AUC value, we can say that the proposed model is 

accurate with an optical flow. 

 

5.5.1.7 State-of-the-art Comparison for VIVA Dataset 

 

This section compared proposed 2DCNN + OF approach with existing HOG+HOG 

explicit feature extraction approach by Trivedi et al. [7], the LRN, HRN and, the 

combination of LRN + HRN model with implicit feature extraction approach by 

Molchanov et al. [6], deep neural network-based model and implicit feature extraction is 

used by Alghamdi et al. [65].  For that kind of, dynamically recognize hand gesture task in 

the car, the outstanding recognition efficiency achieved for all the models are performing 

more significant than the existing literature's approach.  

 

TABLE 5.7 The evaluated results compared with the suggested 2DCNN model and various existing 

literature's methods. 

 

Sr. No Paper Techniques Accuracy 

1 [7] HOG+HOG 64.50% 

2 [6] HRN 70% 

3 [6] LRN 74.50% 

4 [6] HRN+LRN 77.50% 

5 [65] DNN 77.56% 

6 Proposed method 2DCNN+OF 85% 

 

 

5.5.2 Results Discussion for ChaLearn Dataset 

 

In this section, we will discuss performance measurement for standard ChaLearn dataset 

with various performance metrics. 

 

5.5.2.1 Training information for ChaLearn dataset with and without optical flow 

 

The learning curve in Fig. 5.14 to Fig. 5.17 demonstrates the stylized effects of the relative 

precision of the training and the loss of the number of epochs.  The entire 2DCNN model 
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(RGB + Depth, RGB + Depth + OF) is trained through AdaDelta optimizer, using a learning 

rate of 1.0, epsilon is set to 1e-08, and the rho is set to 0.005. This whole process stops after 

60 epochs. The accuracy learning curves are not very steep due to the smaller training size. 

The same techniques we have applied like dropout, batch normalization for improving the 

training accuracy.  

 

 
 

FIGURE 5.14 Learning curve of 2DCNN model 

with an optical flow on (Training / Validation) 

accuracy using training iterations on ChaLearn 

dataset. 

FIGURE 5.15 Learning curve of 2DCNN model 

without an optical flow on (Training / Validation) 

accuracy using training iterations on ChaLearn 

dataset. 

 

  

FIGURE 5.16 Learning curve of 2DCNN model 

with an optical flow on (Training / Validation) 

loss using training iterations on ChaLearn 

dataset. 

FIGURE 5.17 Learning curve of 2DCNN model 

without an optical flow on (Training / Validation) 

loss using training iterations on ChaLearn 

dataset. 

 

It is observed from Fig. 5.14 and Fig. 5.15 is that after 45 epochs the validation accuracy and 

training accuracy is close to each other for both modalities. After the end of the process, the 

proposed model converges to 88% validation accuracy and 92% training accuracy with an 

optical flow. On the other side, proposed 2DCNN without an optical flow model converge 

to 87% training accuracy and 84% validation accuracy. It seen from the curve Fig. 5.16 and 
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Fig. 5.17 training loss and validation loss is close to each other, and the loss is gradually 

decreasing in each epoch. The proposed 2DCNN model is a good fit model in terms of 

accuracy and loss with both modalities. We may also note that the training loss and accuracy 

change drastically for 2D-CNN weighted modalities (i.e. RGB, depth and optical flow), up 

to 60 epochs.  

 

5.5.2.2 Confusion Matrix for ChaLearn Dataset with and without optical flow 

 

The confusion matrix demonstrates the efficiency of the problem of classification of machine 

learning on multi-class category. The performance is depicted in Table 5.8 and Table 5.9 

using 2DCNN approach with and without optical flow. The average accuracy is 88% with an 

optical flow better than 3DCNN approach (79% accuracy) as discussed in the previous 

chapter and better than 84% without an optical flow.  

 

TABLE 5.8 The confusion matrix for this proposed 2DCNN model with an optical flow classifier for 

ChaLearn dataset. 
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TABLE 5.9 The confusion matrix for this proposed 2DCNN model without an optical flow classifier for 

ChaLearn dataset. 

 

 

 

As seen the accuracy, 2DCNN can learn better spatial-temporal features individually than 

collective Spatio-temporal features. Four gestures (thumb, hand moving on the waist, hand 

moving top-down, left rotation) show 100% accuracy with an optical flow compared to two 

gestures (right rotation, thumb) using 3DCNN approach. The classifier is often confused for 

four different gestures (right rotation, hand moving throat, moving a hand down, squeeze 

hand) and shows the misclassification rate to 25%. As per the confusion matrix, right rotation 

gives better accuracy 75% with an optical flow compared to 50% without an optical flow. So, 

the classifier is good in terms of recognition accuracy with an optical flow. 

 

5.5.2.3 Precision, Recall and F1-Score for ChaLearn dataset using 2DCNN model with 

and without optical flow 

 

The proposed 2DCNN model's performance was evaluated using various performance 

metrics such as precision, recall, F1-score, accuracy, and Receiver Operating Characteristic 
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(ROC) curve analysis. We calculate true-labels and test labels using the proposed 2DCNN 

model to perform the evaluation process. These labels were also used to construct a multi-

class confusion matrix for the eight gestures of ChaLearn data classes. The average accuracy 

is 88%, average precision is 87.50%, average recall is 89.38%, and average F1-score is 

87.35% with an optical flow. On the other side, 2DCNN without an optical flow has average 

accuracy is 84%, average precision is 84.38%, average recall is 85.83%, and average F1-

score is 84.13%.   

 

TABLE 5.10 Classification performance of the proposed 2DCNN model on ChaLearn dataset using 

Precision, Recall and F1-score. 

 

Class Class Name Precision Recall F1-Score 

  With OF 
Without 

OF 
With OF 

Without 

OF 
With OF 

Without 

OF 

1  Right rotation 75.00% 50.00% 100.00% 66.67% 85.71% 57.14% 

2  Thumb 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 

3 
 Hand moving 

throat 
75.00% 75.00% 100.00% 100.00% 85.71% 85.71% 

4 
 Hand moving 

waist 
100.00% 100.00% 80.00% 80.00% 88.89% 88.89% 

5 
Hand top to 

down(both) 
100.00% 100.00% 80.00% 80.00% 88.89% 88.89% 

6 Move hand down 75.00% 75.00% 75.00% 100.00% 75.00% 85.71% 

7 Left rotation 100.00% 75.00% 80.00% 60.00% 88.89% 66.67% 

8 Squeeze hand  75.00% 100.00% 100.00% 100.00% 85.71% 100.00% 

 

 

It is observed from Table 5.10 thumb, hand moving on the waist and hand top-to-down 

gestures have higher precision with an optical flow, and without an optical flow, that means 

the classifier correctly classifies all positive samples. It is seen that for thumb gestures, 

precision, recall and F1-score is higher with and without optical flow, it is almost 100%. It 

means that all positive samples are correctly predicted. It shows from Table 5.10 total of 4 

gestures has a high recall score of 100%, with and without an optical flow that means the 

classifier correctly identifies all of them. It is also observed from Table 5.10 total of 7 

gestures has higher F1-score greater than 85% compared to six gestures without an optical 

flow that shows the correct identification of positive samples with an optical flow. From the 

table, we can see that the overall misclassification rate is 12% with an optical flow, which is 

lower than 3DCNN approach (21%) and better than 2DCNN without an optical flow (16%). 
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Information reported in Table 5.11 the training accuracy 92% is close to testing accuracy 

88% with an optical flow and training accuracy 87% is close to testing accuracy 84% without 

an optical flow, which shows the model good for predicting unlabelled data with an optical 

flow. As per all the results, it shows the proposed classifier is useful in terms of the 

classification accuracy with an optical flow. 

 

TABLE 5.11 Average information for the proposed 2DCNN model on ChaLearn dataset. 

 

NO Type With OF Without OF 

1 Training Accuracy 92% 87% 

2 Testing Accuracy 88% 84% 

3 Average Precision 87.50% 84.38% 

4 Average Recall 89.38% 85.83% 

5 Average F1-Score 87.35% 84.13% 

6 Error rate 12% 16% 

 

 

5.5.2.4 Performance comparison using modality fusion for ChaLearn dataset 

 

This section will discuss five different fusion methods such as the traditional concatenation 

method, the summation method, the product method, the maximum method, and the 

proposed weighting fusion method. This fusion scheme incorporates all the streams for 

feature extraction and classification.  

 

TABLE 5.12 Performance comparison with a different modality fusion for ChaLearn dataset using 

2DCNN model. 

 

Sr. No Technique Stream Fusion Accuracy 

1 2DCNN RGB + Depth + OF Max 83% 

2 2DCNN RGB + Depth + OF Average 81% 

3 2DCNN RGB + Depth + OF Sum 82% 

4 2DCNN RGB + Depth + OF Concatenate 80% 

5 2DCNN RGB + Depth + OF Weighted 88% 

 

The weighted fusion method gives more chance to that stream which has a higher impact for 

recognition. This section has studied the late fusion scheme for merging of features, and each 
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stream is blended at the last layer. The results are also reported in Table 5.12, as per the 

discussing more weight is assigned to an optical flow stream good response, we have 

achieved with 88% accuracy. Some good features are key to obtaining competitive 

classification performance. The weighting method gives more weight to an optical flow 

stream and more chance of classification features. 

 

5.5.2.5 2DCNN model with optical flow and without optical flow for ChaLearn dataset 

 

The performance of the proposed model is tested on with motion information and without 

motion information. This motion information gives a unique path for each gesture when it 

is passing through the recurrent network. So, the classifier easily identifies those gesture 

which has minor variation. This motion information gives unique features for each gesture 

irrespective to the object present in the video. Results show that performance is 88% for 

ChaLearn dataset with the optical flow as compared without an optical flow which is 84%. 

Therefore, this proposed 2DCNN model can learn better spatial and temporal features 

sequentially with optical flow. 
 

 

FIGURE 5.18 Performance comparison for RGB+Depth and RGB+Depth+OF with 2DCNN Model with 

ChaLearn dataset. 

 

5.5.2.6 Performance comparison using ROC curve on ChaLearn dataset 

 

Multi-class receiver operating characteristics (ROC) curves are also plotted to support the 

eight distinct classes' ChaLearn dataset classification experiment.  
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FIGURE 5.19 ROC curve for ChaLearn dataset using 2DCNN model with and without optical flow.  

 

Fig. 5.19 displays the 2DCNN model (RGB + Depth, RGB + Depth +OF) ROC-AUC 

analysis with ChaLearn, which shows that the average AUC for all five groups is 93% in 

this graph with an optical flow and 88% without an optical flow. According to the ROC, the 

plot indicates that this proposed classifier has a very good to excellent prediction 

performance with an optical flow. The curve is close to the upper left corner for both 

modalities, which means the classifier predicts perfect prediction on unknown samples. The 

ROC plot indicates that the classifier is good in AUC with an optical flow, which is 0.93%. 

 

5.6 Concluding Remarks 

 

This work's main focus was on improving the dynamic hand gesture recognition accuracy 

using the proposed 2DCNN-OF model. This effective method robustly recognizes the 

gesturer by using three-stream 2DCNN and gated recurrent network. The input to the 

proposed method is unified with 35-frame for preserving proper motion information. This 

unification process returns a unique feature for each video irrespective to the length of the 

video. The optical video flow is calculated from each RGB video to extract motion relevant 

information. This process completely removes the gesture irrelevant information from the 

background. The features are extracted using 2DCNN from RGB-D and Optical flow and 

blended using a weighted fusion scheme and passing through the gated recurrent network, 
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and it increased the performance of the model. The experimentation validates that our 

proposed approach's efficiency is excellent to some of the state-of-art techniques on VIVA 

and ChaLearn dataset. With the number of empirical evaluations, the observation shows that 

the combination of RGB, Depth, and optical flow stream considerably improved the 

classification accuracy with weighted fusion. Some gesture recognizes high accuracy by 

using optical flow with appropriate movement information. The result indicates that 35-

frame increased performance by preserving motion information. This proposed method 

achieves additional progress and goes 85% on VIVA,88% of recognition accuracy of 

ChaLearn dataset with an optical flow. On the other hand, the same method gives recognition 

result 82% on VIVA, and 84% on ChaLearn dataset without an optical flow. This proposed 

method achieves better precision 84.87% & 87.50%, recall 85.32% & 89.38% and F1-score 

84.86% & 87.35% on both the VIVA and ChaLearn dataset with the support of optical flow 

compared to precision 81.58% & 84.38%, recall 82.10% & 85.83% and F1- score 81.61% 

& 84.13% without an optical flow. The proposed 2DCNN model learns better and unique 

features using an optical flow and improved results on every metrics. 
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CHAPTER-6 

 

6. CTC Network for Hand Gesture Recognition 

 

6.1 Introduction 

 

Automatic classification is difficult in this diverse hand gestures recognition task due to the 

wide diversity in a different class of gesture, the low resolution of an image or video, and 

involvement of fingers in a gesture to perform it. Among this presented method, we have 

applied a methodology on the basis of two-dimensional convolutional neural network (CNN) 

that's what it does the classification of hand gesture simultaneously from multimodal RGB, 

Depth and Optical flow data at the same time and transfers this feature to the LSTM network 

for the generation of frame-to-frame probability score with the CTC network for loss 

calculation. 

 

The work presented in Molchanov et al. [76] applied 3DCNN-RNN-CTC network for hand 

gesture recognition. In this job, to extract local spatial-temporal characteristics using CNN, 

a short clip of gesture video passed to 3DCNN. These are inputs to a recurring network that 

aggregates transitions through multiple clips. In this 3DCNN-RNN-CTC work, CTC 

network has been applied as the cost function during training. But in this proposed work 

2DCNN-RNN-CTC structure has been applied for this task. Here 2DCNN has been used for 

spatial feature extraction, and the recurrent neural network has been applied for temporal 

feature extraction. Finally, the CTC network is used for the cost function. In the 3DCNN 

[76] approach, a short video clip has only 16 frames for feature extraction, so when it reaches 

to RNN not properly extract enough features for calculation of CTC loss. So, it would not 

have found the proper CTC loss due to less number of frames. But in this 2DCNN-CTC 

approach, all the 35 frames are taken into consideration, so it finds accurate CTC loss and 
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leads to accurate results. CTC attempts to solve the following neural network issues: 

Typically, in the case of sequence generation, supervised learning algorithms can have an 

alignment problem. Let's assume we have a 35-frame video, and we take 35 time-steps as 

the RNN input sequence, we need to label every step of the training dataset every time. For 

this task, the CTC network uses dynamic programming to handle label alignment issue. At 

the training time, we need to provide tagged frame relevant to this video. 

 

6.2  The Basic Structure of CTC Network 

 

As we discussed in the previous 2DCNN chapter, video is given input to the system, and 

CNN-GRU extracts spatial-temporal features. The SoftMax layer generates a probability 

score for each class on the last recurrent and last cell layers. But in this CTC network, all 

the recurrent cell output is connected to the CTC network. And this CTC network serves 

as a transcription layer. This CTC network generates the probability score using CTC 

decoding function for each class. To explain the use of CTC loss, we will use hand gesture 

recognition which is described in Fig. 6.1. We need to recognize the action present in the 

video in the hand gesture recognition issue. Let's see the below figure to understand the 

hand gesture recognition and the CTC network location. 

 

 

 

FIGURE 6.1 Basic CNN+RNN architecture with CTC loss. 

 

In the above Fig. 6.1, RNN layers output the probability of each frame present in the video. 

We need to do two things after this in the neural network.: 

1. Develop a CTC loss function to train the network. 

2. At the testing time, the RNN layer predicts the action present in the video. 
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We need to measure the loss function to train a neural network, and the calculation of the 

CTC loss slightly differs from other deep learning losses. You need to use the following two 

steps to measure the CTC loss. 

 

1. The probabilities of all possible alignments of the labelled frame present in the video 

need to be summarized first. 

 

2. Then take the negative logarithm to measure the loss. CTC internally use dynamic 

programming to compute loss and to find a labelled frame. 

 

6.3  Overview of the Proposed CTC Method 

 

Recently, People can use deep convolutional neural for identification and recognition of 

gestures because of the implicit way of strong feature extraction. The first thing is to find 

a fitting and an exact route of motion in the video due to numerous difficulties. This input 

RGB video and Depth video can get the appearance and pixel distance from the camera. 

But we can get appropriate motion by using optical flow. Therefore, we have found an 

optical flow from all the RGB frames for getting suitable hand movements in the video. 

The second connectionist temporal classification (CTC) is a parametric costing method 

used to train a recurrent network (RNN) and calculate the loss. It is used to label 

unsegmented input sequence data in supervised learning. And it can be successfully 

applied in speech recognition [70][71], hand character recognition [73][106] and action 

recognition [74][75] in the video. After successfully applying the CTC network, we have 

applied this network to a dynamic hand gesture recognition. Using the CTC network, we 

can find proper label alignment for each gesture class in a supervised manner. This CTC 

network model is used for hand gesture recognition with a direct frame-level 

classification which completely removes both the need for pre-segmentation and post-

processing frames after gesture recognition. The CTC network finds the most probable 

sequence of a frame for a class of gestures. The frame with the highest probability value is 

selected from the CTC network by max decoding. The whole architecture of the CTC 

network is trained beginning-to-end with a calculation of CTC loss. Our main attention 

is successfully recognized each hand gesture with greater precision by using this CTC 
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network.  

 
 

 

FIGURE 6.2 This is the overall pipeline architecture of this proposed model using the CTC network 

on multimodal (RGB, Depth, OF) streams with CTC loss.  

 

The step-by-step process for our suggested approach is characterized in Fig. 6.2. The 

critical elements of our proposed method are summarized as follows: 

 

• All the conventional models used standard 16-frames as input to the system. We have 

evaluated our model in 35-frames after the unification of frames. Due to the unification 

process, it can extract robust and more meaningful features. Therefore, this proposed 

model easily recognizes similar gestures with an ignorable difference. We select 35-

frame as unified value and convert all the videos to this same number of frames.  

 

• We introduce a method for joint feature extraction, classification and calculate CTC 

loss for complex hand gesture recognition using RGB, Depth and Optical flow data 

stream. 

 

• We have introduced a CTC model for this task, a way to effectively evaluate all the 

frames for proper gesture label alignment using dynamic programming. This whole 

CTC network is trained beginning-to-end with the calculation of loss for hand gesture 

recognition.  

 

• This CTC model had applied only on speech recognition and handwritten character 

recognition. We have successfully used this model for hand gesture recognition. We 
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experimentally evaluate that CNN, LSTM and CTC Network can learn better features 

for all explored architectures. 

 

• We experiment with our CTC model on lengthy and complicated hand gesture 

recognition videos with two standard dataset VIVA, ChaLearn Dataset and show that 

our proposed CTC method achieves 86% and 84% recognition accuracy with an 

optical flow. 

 

6.4  The proposed method using the CTC Network 

 

Our proposed hand gesture recognition-based CTC model uses deep learning for the 

extraction of meaningful features. Our framework has trained CNN-LSTM with the CTC 

model for spatiotemporal feature extraction and find the proper label aligned frames. The 

internal working of CNN-LSTM feature vector generation, the motion detection using 

optical flow, the calculation of unified 35-frames strategy, CTC network and decoding for 

label alignments are described in subsequent sub-section. 

 

6.4.1 Frame Unification Strategy  

 

The input to the CNN model requires the same number of frames. This indicates that all 

video should be in the same dimension, the same height and width of each frame. We have 

transformed all the videos to the equivalent frames. As per the nature of CNN, it required 

a fixed number of frame input to the model; therefore, we have converted all the frames to 

fix 35 numbers of frames. The unification strategy is same or all the previously discussed 

model. So, it is calculated by using the formula discussed in chapter-4 section 4.4.1. 

 

6.4.2 Motion Parameter Estimation using Optical flow 

 

Motion estimation is crucial for hand gesture recognition because of the support of unique 

feature extraction. In this proposed method, we have calculated optical flow from each RGB 

video. This motion estimation task is similar to the work described in chapter-4 section 

4.4.2. 
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6.4.3 Feature Extraction using CNN and LSTM 

 

In the hand gesture recognition task, gestures are normally present in the video. It mainly 

depends on the different ways of feature extraction. The CNN and LSTM models are used 

for implicitly constant and robust features learning. Moreover, our proposed model has 

three different parallel convolutional layers as device input. 1. RGB stream 2. Depth 

stream, and 3. Optical flow stream.  

 

For VIVA dataset: This three-stream CNN network has a 5-convolutional layer with 14 

different convolutional operations. It also has four different Maxpooling layers for reducing 

the image's dimension and forwarded by 2-Fully connected classification layers. The 

number of kernels varies from each convolutional layer. On the first layer, it generates 32 

feature maps with 32 kernels. The (3,3)-pixel of kernel size is used for feature extraction 

in the image. After that, the next hidden convolutional layer has a total of 64 kernels, and 

each kernel size is (3, 3)- image pixel. The total number of kernels used for third, fourth 

and fifth hidden convolutional layers has 128,256,512 respectively. The size of each kernel 

is the same as the previous defined hidden layer. We get final output on two fully connected 

layers FC1 and FC2. The length of the final output vector is the 4096-dim vector. We have 

used (2,2)-pixel Max-pooling to reduce each frame's size by a factor of 2. The batch 

normalization is used for faster convergence.  We have 1460 videos for VIVA dataset, and 

the size of each frame is 115 X 250- pixels.  

 

TABLE 6.1 Various convolutional and pooling operation to extract features for VIVA dataset using 

the CTC network. 

Sr No Structure Input dimension No of kernel 
Kernel 

Dimension 
1 Input Frame 115 x 250 32 3 x 3 

2 Convolution-1 115 x 250 32 3 x 3 

3 Convolution-2 115 x 250 32 3 x 3 

4 Convolution-3 115 x 250 32 3 x 3 

5 Max pooling-1 57 x 125 - 2 x 2 

6 Convolution-4 57 x 125 64 3 x 3 

7 Convolution-5 57 x 125 64 3 x 3 

8 Max pooling-2 28 x 62 - 2 x 2 

9 Convolution-6 28 x 62 128 3 x 3 

10 Convolution-7 28 x 62 128 3 x 3 
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11 Convolution-8 28 x 62 128 3 x 3 

12 Max pooling-3 14 x 31 - 2 x 2 

13 Convolution-9 14 x 31 256 3 x 3 

14 Convolution-10 14 x 31 256 3 x 3 

15 Convolution-11 14 x 31 256 3 x 3 

16 Max pooling-4 7 x 15 - 2 x 2 

17 Convolution-12 7 x 15 512 3 x 3 

18 Convolution-13 7 x 15 512 3 x 3 

19 Convolution-14 7 x 15 512 3 x 3 

20 FC1 4096 - - 

21 FC2 4096 - - 

 

The ChaLearn dataset has 16,32,64,128,256,512 convolutional kernels, and other 

information is the same as VIVA dataset. All the convolutional and pooling operation is 

described in Table 6.2. This dataset has 322 videos with 240 x 320 -pixels resolutions.  

 

TABLE 6.2 Various convolutional and pooling operation to extract features for ChaLearn dataset 

using the CTC network. 

Sr No Structure Input dimension No of kernel 
Kernel 

Dimension 
1 Input Frame 240 x 320 - 3 x 3 

2 Convolution-1 240 x 320 16 3 x 3 

3 Convolution-2 240 x 320 16 3 x 3 

4 Convolution-3 240 x 320 16 3 x 3 

5 Max pooling-1 120 x 160 - 2 x 2 

6 Convolution-4 120 x 160 32 3 x 3 

7 Convolution-5 120 x 160 32 3 x 3 

8 Max pooling-2 60 x 80 - 2 x 2 

9 Convolution-6 60 x 80 64 3 x 3 

10 Convolution-7 60 x 80 64 3 x 3 

11 Convolution-8 60 x 80 64 3 x 3 

12 Max pooling-3 30 x 40 - 2 x 2 

13 Convolution-9 30 x 40 128 3 x 3 

14 Convolution-10 30 x 40 128 3 x 3 

15 Convolution-11 30 x 40 128 3 x 3 

16 Max pooling-4 15 x 20 - 2 x 2 

17 Convolution-12 15 x 20 256 3 x 3 

18 Convolution-13 15 x 20 256 3 x 3 

19 Convolution-14 15 x 20 256 3 x 3 
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20 Max pooling-5 7 x 10 - 2 x 2 

21 Convolution-15 7 x 10 512 3 x 3 

22 Convolution-16 7 x 10 512 3 x 3 

24 FC1 4096 - - 

25 FC2 4096 - - 

 

We have RGB, Depth and Optical flow feature extractor for this three-stream network. 

After merging three streams, the final score is the 4096-dim feature vector that is reaching 

input to the long short-term memory network (LSTM) at a unique time interval. LSTM is 

an impressive recurrent network; it can store data for an extended period [107]. Therefore, 

it can learn in-depth features and merge present and past information in the memory cell. 

Our proposed architecture has one hidden layer with N number of LSTM nodes, where 

N=35. The input to the LSTM node is a 4096-dim feature vector produced after CNN. 

Each timestamp (t=0 to N) can generate a probability score for 19 and 8 different classes. 

The final score after LSTM is (19,35) for VIVA and (8,35) for ChaLearn probability value 

which is input to the CTC network. The absolute LSTM architecture is represented in Fig. 

6.3. 

 

 
 

FIGURE 6.3 This is an LSTM many-to-many network for temporal recognition of frames.  

 

6.4.4 CTC for Label Alignment and Calculation of Loss        

         

It is a supervised learning approach and used to train Recurrent Networks with 

Connectionist temporal classification (CTC) costing parametric function to assign a unique 

tag to not properly segmented input sequence data. CTC network can transform the output 

into a conditional probability distribution over the gesture label sequence for a single class. 



CTC Network for Hand Gesture Recognition 

119 
 

The network then identifies the most probable frame to ground truth sequence. As shown 

in Fig. 6.4, the ground truth sequence is [17,18,1,19,2] for class M. Then CTC network 

generates the highest probability score on this possible alignment. There is an exponential 

number of possible paths along with this ground truth sequence because we have 35 

different timestamps with 19 possible probability value.  

 

 

 

 

FIGURE 6.4 CTC Network with training frame and gesture labels. Ground truth and probable selection 

of gesture label are represented in purple colour. 

 

The network collects all the possible alignment and calculates CTC loss. The entire 

network trained backpropagation after calculating CTC loss. Our video clip can contain 

only gesture information, not irrelevant information, so we do not include "no gesture" 

class. In this work, we have considered a CTC forward and backward algorithm for 

calculating loss and gradient. The output of the LSTM recurrent network is connected to the 

CTC network. In our case output of the LSTM recurrent layer is (z, Y) where z= 19(gesture 

label) and Y = 35(total input frame). The video output of LSTM for each activation frame 

with different timestamp is Y = (Y1, Y2, Y3…. YT) and probable gesture sequence is z= (l1, 
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l2, l3…lN)., here T > N means number of activations is larger than the gesture label sequence. 

CTC states the probability of input frame Y to gesture label sequence L is: 

                            P ( 
𝒛

𝐘
)= ∑ 𝐏 (

𝝅

𝐘
)

𝜫∈𝜷−𝟏(𝒛)
                                                 (6.1) 

 

Where, π = {π1, π2, π3 … πT} is a path denoting gesture sequence label along with input Y, 

and 𝜷 is an operator to eliminate consecutively repeatedly the gesture labels sequence in a 

possible path π. That means both the gesture path 𝜷[1,1,2,3] and 𝜷[1,2,2,3] are mapped to 

a many to one gesture path 𝜷[1,2,3]. In this way, every yt in Y gives a contribution to the 

generation of the different path by aligning each label in z through 𝜷. Then, CTC assumes 

that each 𝝅𝒕  in π is conditionally independent given input Y: the probability of each gesture 

path is given by: 

 

                                                       𝐏 (
𝝅

𝐘
) = ∏ 𝐏 (

𝝅𝒕

𝐘
)𝑻

𝒕=𝟏                                                    (6.2) 

We can calculate the value of  𝐏 (
𝝅𝒕

𝐘
)  by using the output of the LSTM function at a 

timestamp t. It can map yt to the probability of gesture classes via linear and a SoftMax 

output Layer. The complexity of P(  
𝒛

𝐘
 ) increases exponentially with regard to the given each 

input frame Y. we could try the straightforward approach and compute the score for each 

gesture alignment and summing all the gesture sequence. If we calculate the CTC loss by 

using the (6.1) is very expensive to compute because of a massive number of alignments 

between a gesture sequence. Therefore, we can efficiently calculate the loss by using 

dynamic programming. Let π1
t represent a partial gesture label sequence different π path 

from 1 to t, from that z1
k refers to a series of gesture labels consisting of the first k label 

sequence from z. After that, we have calculated the value of αt(k) variable, which is a 

summation of the probability of π1
t that can be aligned to z1

k: 

                                  αt(k)=∑ 𝐏 (
𝝅𝟏

𝒕

𝐘
)𝝅 𝝐 {𝝅: 𝜷(𝝅𝟏

𝒕 )= 𝒛𝟏
𝒌}                                              (6.3) 

 we can calculate, αt(k) recursively as below: 

                                 αt(k) = [αt-1(k) + αt-1(k-1)] s
t (zk)                                            (6.4) 

Where the emitting probability of st (zk) is produced by the gesture label zk at timestamp t. 
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That means, st (zk) = 𝐏 (
𝝅𝒕

𝒀
)  is all the possible path π and it has gesture label zk at timestamp 

t. As per defined in (6.4), the mapping of different input frame Y to ground truth gesture 

label z up to timestamp t and kth label of gesture, permitting the transition from (k-1)th and 

kth label of gesture at timestamp t-1.  By deriving αt(k) in linear time, we can measure P ( 
𝒛

𝐘
 

)   by using dynamic programming for the input of the video. CTC defines the loss function 

as a negative log-likelihood for the LSTM recurrent neural network as: 

 

                                                         L = -log P ( 
𝒛

𝐘
 )                                                         (6.5) 

CTC introduces another variable βt(k) that expresses a mapping of the different input frame 

Y to ground truth gesture label z up to timestamp t and kth label of gesture. The gradient of 

loss is calculated by using this backward variable with respect to the parameter of the LSTM 

recurrent neural network. 

                                             βt(k) = [βt(k) + βt+1(k+1)] st (zk)                                         (6.6) 

Where all the variable describes in (6.6) is the same as in (6.4). The value of βt(k) determines 

the mapping of the specific input frame Y to gesture label z from the end of the input frame 

Y to the timestamp t and kth gesture label. The gesture label z does not start from the 

beginning as we measure by using this αt(k). By calculating αt(k) and βt(k), the total loss is 

calculated by (6.5) as described in the preceding part, and with respect to the output of st(m), 

this recurrent neural network has SoftMax output for the mth label class at a time t. By 

calculating αt(k), βt(k), we have measured the total loss. Here the total calculates CTC loss 

is defined as below: 

                                                L = -log P ( 
𝒛

𝐘
 )  = ∑

𝜶𝒕(𝒌) ∗ 𝜷𝒕(𝒌)

𝒔𝒕(𝒎)
𝑺
𝒔=𝟏                                    (6.7) 

So, we can train an entire network using stochastic gradient descent with backpropagation 

through time t and with the support of CTC loss [85]. 

 

CTC Decoding 

The output of the CTC network is a different gesture sequence concerning timestamp t. It is 

decoded by the max encoding method as follows: 
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                                          z = argument  𝐦𝐚𝐱
𝒛

𝐏 ( 
𝒛

𝐘
 )                                                      (6.8) 

                                          z = β (argument 𝐦𝐚𝐱
𝝅

𝐏 ( 
𝝅

𝐘
 ) )                                                (6.9) 

We can calculate P ( 
𝒛

𝐘
 )  by using 𝐏 (

𝝅

𝐘
) Where the most probable path is π among the gesture 

label z, in the max encoding method, a path with the highest probability value at each 

timestamp is considered and concatenate them with the best path. We can apply β(.) operator 

to remove and concatenates them, which has the same gesture label. 

 

6.4.5 Classification and Trainthing 

 

The classification and training are the last part of this proposed CTC model. For the 

classification, CTC decoding has been applied for getting the actual label sequence.  We 

have used backpropagation through time (BPTT) algorithm for training this proposed entire 

CNN-LSTM and CTC network. The complete CTC loss is calculated by giving (6.7) in 

section 6.4.4 We have used a stochastic gradient descent method for optimizing network 

weight for VIVA dataset and AdaDelta optimizer for ChaLearn dataset. This proposed model 

is not fine-tuned, and therefore, it is not pretrained with network parameter. For this proposed 

model's training, all the initial weights are set to a random value with a standard mean to 

zero. The training algorithm for the proposed CTC model is described in Table 6.3. 

 

TABLE 6.3 The Training of this proposed CTC with an optical flow model 

 

Algorithm: Train the CTC model 

Input: A RGB I1(x, y), Depth I2(x, y) and Optical flow I3(x, y) video 

1. Initialize parameters x, y, epoch, c, n, where 

x = height of the frame 

y = width of the frame 

epoch = number of iterations 

c = number of gesture class 

n = number of frames 

2. While (0 <=epoch) 

      Train_data, Val_data = Train_Test_Split (dataset, 0.9)        

      For each data = Train_data 

              x1 = data(I1[0]), x2=data(I2[0]), x3=data(I3[0]), y=data [1]  

             Extract features from each stream x1, x2, x3 using 2DCNN 

approach as mentioned in section 6.4.3 

             Merge_features = Fusion (x1, x2, x3) features as mentioned in 

Table 4.4.4 
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             Prediction_result_CNN = 2DCNN (x1, x2, x3) as mentioned in 

section 6.4.3 

             While (0 <= n) 

                     Prediction_result_RNN= RNN(Prediction_result_CNN) 

as mentioned in section 6.4.3 

            End While 

            Cost = calculate CTC loss (Prediction_result_RNN, y) as 

mentioned in section 6.4.4 

            Optimizer = Gradient_Descent (learning_rate = 0.1, 

weight_decay= 0.0005)  

                                             or  

                      AdaDelta (learning_rate=1.0, rho=0.95) 

End For 

       End While 

3. END 

 

6.5  Experimental Results Analysis  

 

This section has experimentally evaluated CTC's performance with an optical flow model 

on VIVA and ChaLearn dataset. We will first discuss a confusion matrix for both VIVA and 

ChaLearn dataset, which is generated from unknown samples given input to the model. Next, 

we will discuss precision, recall and F1-score, which is calculated from the confusion matrix. 

After that, we will discuss the effectiveness of 16-frame CTC and 35-frame CTC on both 

datasets. Moreover, we will check the impact of optical flow with a weighted fusion scheme, 

learning curve and ROC curve with various experimentation. Finally, we will check the 

effectiveness in proposed method with state-of-the-art methods available in the literature. 

 

6.5.1 Results Discussion for VIVA Dataset 

 

In this section, we will discuss various performance metric for VIVA dataset on the CTC 

model. 

 

6.5.1.1 Training information for VIVA dataset with and without optical flow 

 

This multimodal fusion performs using CTC network for RGB, depth and optical flow 

stream, which sequentially extract spatial and temporal features and calculate CTC loss for 
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hand gesture recognition. The CTC model is trained to optimize the VIVA dataset using the 

stochastic gradient descent (SGD) algorithm with a fixed momentum coefficient of 0.5.  

 

 

  

FIGURE 6.5 Learning curve of the CTC model 

with an optical flow on (Training / Validation) 

accuracy using training iterations on VIVA 

dataset. 

FIGURE 6.6 Learning curve of the CTC model 

without an optical flow on (Training / Validation) 

accuracy using training iterations on VIVA 

dataset. 

 

  

FIGURE 6.7 Learning curve of the CTC model 

with an optical flow on (Training / Validation) 

loss using training iterations on VIVA dataset. 

FIGURE 6.8 Learning curve of the CTC model 

without an optical flow on (Training / Validation) 

loss using training iterations on VIVA dataset. 

 

 

The number of epochs for the entire training process is 110, and the weight-decay is set to 

0.0005. The base learning rate is initialized to a low value of 0.1 and decreases every ten 

epochs by a factor of 0.5. The RGB, depth and optical flow stream weights are initialized 

randomly from a normal distribution with μ = 0 and σ = 0.05. Accuracy and loss are the two 

most well-known and discussed metrics in machine learning. Fig. 6.5 to Fig. 6.8 show the 

learning curve of these weighted fusion data modalities for CTC network during the training. 

While the goal is to minimize the loss (i.e. error) of the model's validation set, this validation 

file:///C:/machine-learning/wiki/metrics-in-machine-learning
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loss should not vary substantially from the training loss. We can also observe that for CTC 

network with modalities (RGB + Depth, RGB + Depth + OF), the training-validation loss is 

decreased, and the training-validation accuracy increased in every iteration. The green line 

represents the training (accuracy/loss), and the blue line represents the validation 

(accuracy/loss) of the model predictions across these 19 classes. It is observed from Fig 6.5 

that up to 65 epoch, validation-training accuracy increased gradually, and after the graph for 

validation-training is stable with an optical flow. On the other side, the validation-training 

loss is decreased up to 90 epoch and after no variation in the validation-training loss curve 

with an optical flow. It is seen from Fig. 6.6 validation-training accuracy increased gradually 

up to 78 epochs without an optical flow. On the other side, the validation-training loss is 

decreased up to 100 epochs without an optical flow. We have also applied batch 

normalization and dropout to remove unnecessary underfitting and to overfit the model for 

both the modalities. As per the graph, we can see that both the curves are close to each other 

for validation-training loss and validation-training accuracy. So, the proposed CTC model is 

a good fit model during training. 

 

6.5.1.2 Confusion matrix for VIVA dataset on the CTC model with and without optical 

flow 

 

A confusion matrix includes data on actual and predicted classifications performed by a 

classification system. Suppose there are 100 gestures, 95 of which are positive cases, and 5 

are negative cases. If the system classifies them all as positive, the accuracy would be 95%, 

On the diagonal of the matrix is the number of correctly classified examples. In contrast, 

other matrix elements indicate the number of gestures that were incorrectly classified as 

some of the other classes. Table 6.4 shows that the swipe right class has wrongly classified 

as follows: 12% scroll right with an optical flow. It shows that the use of a confusion matrix 

allows better analysis of different types of errors. The 17-class accuracy is more than 85%, 

and the remaining 2 class have less than 85% with an optical flow.  

 

It is seen from both the tables that swipe x, swipe v and swipe + gives better results with an 

optical flow compared to without optical flow due to finding proper motion path. The 

misclassification rate for swipe v and swipe x is the highest at 25 % because of close action 

to each other with an optical flow. On the other side, the misclassification rate for the same 

gesture is 38% without an optical flow.  As compared to the results described in [6] in a 



CTC Network for Hand Gesture Recognition 

126 
 

confusion matrix, almost all the gestures except (swipe up, scroll right, scroll left, scroll up) 

have shown less accuracy compared to our proposed method. This proposed method 

increased the performance of 15 different gestures as compared to the approach discussed in 

[6]. On the other side, our method down performs for four different class of gestures 

compared to [6]. As per the observation, only two gestures give recognition accuracy to less 

than 85% with an optical flow compared to six gestures without an optical flow. After 

accumulating all the results, we can say that the proposed method finds proper frame 

alignment for every gesture and boost the results with an optical flow. 

 

TABLE 6.4 The confusion matrix for this proposed CTC model with an optical flow gesture classifier 

for VIVA dataset. 
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TABLE 6.5 The confusion matrix for this proposed CTC model without an optical flow gesture classifier 

for VIVA dataset. 

 

 

 

6.5.1.3 Precision, Recall and F1-Score for VIVA dataset using the CTC model with and 

without optical flow 

 

The confusion matrix, precision, recall, and F1 score give better intuition of prediction results 

than accuracy. Table 6.7 observes that the average accuracy is 86%, the average precision is 

86.18%, average recall is 86.62%, and average F1-score is 86.29% calculated from the 

confusion matrix with an optical flow. And the average accuracy is 82%, the average 

precision is 82.24%, average recall is 83.52%, and average F1-score is 82.60% without an 

optical flow.  
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TABLE 6.6 Classification performance of the proposed CTC model on VIVA dataset using Precision, 

Recall and F1-score. 

 

Class Class Name Precision Recall F1-Score 

  With OF 
Without 

OF 
With OF 

Without 

OF 
With OF 

Without 

OF 

1 swipe right 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

2 swipe left 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

3 swipe down 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

4 swipe up 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

5 swipe v 75.00% 62.50% 75.00% 71.43% 75.00% 66.67% 

6 swipe cross (x) 75.00% 62.50% 75.00% 45.45% 75.00% 52.63% 

7 swipe plus (+) 87.50% 75.00% 77.78% 75.00% 82.35% 75.00% 

8 scroll right 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

9 scroll left 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

10 scroll down 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

11 scroll up 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

12 tap 1 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

13 tap 2 87.50% 87.50% 87.50% 87.50% 87.50% 87.50% 

14 pinch 87.50% 87.50% 100.00% 100.00% 93.33% 93.33% 

15 expand 87.50% 87.50% 100.00% 100.00% 93.33% 93.33% 

16 
rotate counter 

clockwise 
87.50% 75.00% 100.00% 100.00% 93.33% 85.71% 

17 rotate clockwise 87.50% 75.00% 87.50% 75.00% 87.50% 75.00% 

18 open action 87.50% 75.00% 77.78% 75.00% 82.35% 75.00% 

19 close action 87.50% 87.50% 77.78% 70.00% 82.35% 77.78% 

 

The wrongly predicted samples are 14% (Error rate) with an optical flow and 18% (Error 

rate) without an optical flow. It is seen from Table 6.6 swipe v, and swipe x has lower 

precision, recall, and F1-score compared to all other gestures from the dataset with an optical 

flow. Seventeen gestures have precision greater than 85% with an optical flow compared to 

only 13 gestures without an optical flow. Only two gestures have scored less than 85% 

compared to six gestures without optical flow, which means classifier correctly classified 

positive samples compared to negative samples. As compared to 2DCNN model, 17 gestures 

have higher precision than 80%, which is higher than 13 gestures from the 2DCNN model, 

as discussed in Chapter-5. When we compared with recall, it has five gestures which have a 

lower score to below 80% compared to six gestures without an optical flow, three gestures 

have the same score to 100%, and the remaining 11 gestures have more than 90% score 
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compared to 13 gestures without an optical flow. But on the other side, only two gestures 

have lower F1-score to below 75% compared to six gestures without an optical flow. The 

remaining 17 gestures have a higher score greater than 85% compared to only 13 gestures 

without an optical flow. Hence, the classifier is good in terms of F1-score with an optical 

flow. So, the proposed CTC model is better in terms of accuracy, precision, recall, and F1-

score to support an optical flow and CTC loss. 

 

TABLE 6.7 Average information for the proposed CTC model on VIVA dataset 

 

NO Type With OF Without OF 

1 Training Accuracy 92% 87% 

2 Testing Accuracy 86% 82% 

3 Average Precision 86.18% 82.24% 

4 Average Recall 86.62% 83.52% 

5 Average F1-Score 86.29% 82.60% 

6 Error rate 14% 18% 

 

 

 6.5.1.4 Performance comparison using modality fusion for VIVA dataset 

 

Multimodal fusion is the process of integrating information from multiple sources for 

classification using the CTC network for hand gesture recognition. All the networks are 

independently trained for each modality by similar architecture with late fusion. The late 

fusion obtains unimodal decision values and integrates them to obtain the final decision. The 

multimodal fusion provides the benefits of robustness, complementary information gain and 

functional continuity of system even in the failure of one or more streams. Table 6.8 

encompasses the precise classification accuracy of numerous combinations of modalities. 

The greatest gesture recognition accuracy (86%) can be achieved by weighted based fusion. 

Here, the observation shows that the CTC network finds proper gesture alignment with an 

optical flow and increases performance. This weighted based fusion scheme assigned weight 

is w1=50% (Optical flow), w2 = w3 = 25% (RGB, Depth) as we discussed in the previous 

chapter 4 section 4.4.4. The proposed CTC model's performance is increased with assigning 

more weight to an optical flow stream because it finds an accurate CTC loss for each gesture. 
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TABLE 6.8 Performance comparison with a different modality fusion for VIVA dataset using the CTC 

model. 

 

Sr. No Technique Stream Fusion Accuracy 

1 CTC + OF RGB + Depth + OF Max 82% 

2 CTC + OF RGB + Depth + OF Average 81% 

3 CTC + OF RGB + Depth + OF Sum 80% 

4 CTC + OF RGB + Depth + OF Concatenate 78% 

5 CTC + OF RGB + Depth + OF Weighted 86% 

 

 

6.5.1.5 Performance comparison using 16-frame CTC and 35-frame CTC 

 

In this subsection, we have validated our work in 16-frames and 35-frames approach with 

the CTC model's support.  

 

 

 

FIGURE 6.9 This is a 16-frames and 35-frames CTC model result comparison for VIVA dataset.  

 

The classification result of 16-frames and 35-frames input to the proposed CTC network 

is described in Fig. 6.9. The results indicate that the 35-frames CTC model gives a better 

recognition performance 86% compared to 16-frames CTC to 82%. The network's 

performance increases due to the support of a greater number of frames because it finds 

very close gesture alignment in the video. Due to a greater number of frames, 35-frames 

CTC network can easily differentiate those very similar gestures in nature. Finally, we can 
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conclude that our 35-frame strategy with the CTC network is sufficient, and with a large 

number of frames, it can find more likely frames for each gesture class.  

 

6.5.1.6 CTC model with optical flow and without optical flow 

 

This subsection has checked our method's efficiency on RGB + Depth data with CTC and 

RGB +Depth + OF data with CTC in detail. The classification accuracy with this approach 

is described in Fig. 6.10. By using the proper motion path, we can get proper movement 

and direction of gestures. After getting RGB, Depth and motion information, we can find 

proper motion alignment using the CTC network.  

 

 

FIGURE 6.10 Result comparison with 35-frame CTC model with (RGB, Depth) data and 35-frame CTC 

model with the inclusion of (RGB, Depth, Optical flow) data as the machine input.  

 

According to the remark, we can conclude that this proposed CTC network's classification 

result is enhanced with the inclusion of measured optical flow. Finally, we believe that the 

methodology represented with CTC is appropriate. It can find a proper route of hand 

motion available in these video frames and calculate proper CTC loss. 

 

6.5.1.7 Performance comparison using ROC curve on VIVA dataset 

 

The ROC curve is formed by plotting the true positive rate (TPR) at different threshold 

settings against the false positive rate (FPR). It informs us how well our model can separate 
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the classes for different category of class. Here, the CTC model's ROC curve is depicted in 

Fig. 6.11 with and without an optical flow for multiclass classification hand gesture problem. 

Here the model is perfect with an optical flow because the curve is above the diagonal. The 

model is poor if the curve is below the diagonal. Usually, the Area Under the Curve (AUC) 

value ranges from 0 to 1. A model whose projections are 100% wrong has an AUC of 0.0, 

and one whose predictions are 100% right has an AUC of 1.0. here the AUC value is 0.89 

with an optical flow, and 0.85 without an optical flow means the curve is above the diagonal 

line and close to 1 (the upper left corner). As per the figure, we can say that the CTC model 

gives better AUC value to 89% for this proposed model with an optical flow. 

 

 

FIGURE 6.11 ROC curve for VIVA dataset using the CTC model with and without optical flow. 

 

6.5.1.8 State-of-the-art Comparison for VIVA Dataset 

 

The classification rate for a proposed CTC based method and the existing methods are 

given in the literature is described in Table 6.9. We have compared our proposed CTC 

based classifier model with various other implicit feature extraction approach.  Trivedi et 

al. [7] use the HOG+HOG explicit feature extraction approach, Molchanov et al. [6] 

applied, the LRN, HRN and, the combination of LRN + HRN model with implicit feature 

extraction approach, and Alghamdi et al. applied [65] deep neural network-based model 

and implicit feature extraction for hand gesture recognition.  Our approach is superior to 

86% with recognition performance with an optical flow.  
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TABLE 6.9 The evaluated results compared with the suggested CTC based model and various existing 

literature's methods. 

 

Sr. No Paper Techniques Accuracy 

1 [7] HOG+HOG 64.50% 

2 [6] HRN 70% 

3 [6] LRN 74.50% 

4 [6] HRN+LRN 77.50% 

5 [65] DNN 77.56% 

6 Proposed method CTC+OF 86% 

 

For that kind of dynamically recognizing hand gesture task in the car, the conceptual CTC 

model's outstanding recognition efficiency performs greater than the existing literature's 

approach. Some drawbacks need to be researched and evaluated. Our proposed method is 

better in terms of accuracy, but it contains more hyperparameters to learn because of CNN, 

LSTM, and CTC and therefore, training time increases. 

 

6.5.2 Results Discussion for ChaLearn Dataset 

 

In this section, we will discuss performance measurement for standard ChaLearn dataset 

with various performance metrics. 

 

6.5.2.1 Training information for ChaLearn dataset with and without optical flow 

 

The learning curve in Fig. 6.12 to Fig. 6.15 shows the stylized effect of the relative training 

accuracy and loss of the number of the epochs.  The entire model is trained through AdaDelta 

optimizer, using a learning rate of 1.0, rho is set to 0.95, and the epsilon is set to 1e-08. This 

whole process stops after 70 epochs. It is observed from Fig. 6.12 & Fig. 6.13 is that after 

50 epochs the validation accuracy and training accuracy graph is straight for both the 

modalities. After the end of the process, the proposed model converges to 84% validation 

accuracy and 90% training accuracy with an optical flow and converges to 81% validation 

accuracy and 86% training accuracy. It is observed from Fig. 6.14 and Fig. 6.15 that 

validation loss and training loss is close to each other after 50 epochs with an optical flow 

and after 65 epochs without an optical flow. Initially, validation accuracy increased; 
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subsequently, validation loss decreases in each epoch for both modalities. It seems that our 

proposed model is a good fit for training and testing loss. 

 

  

FIGURE 6.12 Learning curve of the CTC model 

with an optical flow on (Training / Validation) 

accuracy using training iterations on ChaLearn 

dataset. 

FIGURE 6.13 Learning curve of the CTC model 

without an optical flow on (Training / Validation) 

accuracy using training iterations on ChaLearn 

dataset. 

 

 

  

FIGURE 6.14 Learning curve of the CTC model 

with an optical flow on (Training / Validation) loss 

using training iterations on ChaLearn dataset. 

FIGURE 6.15 Learning curve of the CTC model 

without an optical flow on (Training / Validation) 

loss using training iterations on ChaLearn 

dataset. 

 

 

6.5.2.2 Confusion Matrix for ChaLearn dataset with and without optical flow 

 

The confusion matrix demonstrates the efficiency of the problem of classification of machine 

learning on multiclass category. The performance is depicted in Table 6.10 and Table 6.11, 

using the CTC approach for a different class of gestures with and without optical flow. The 

average accuracy is 84% which is better than 3DCNN approach (79% accuracy) but lower 
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than 2DCNN (88% accuracy) method as discussed in the previous two chapters. But the 

average accuracy is better than the same model without an optical flow which is only 81%.  

 

TABLE 6.10 The confusion matrix for this proposed CTC model with an optical flow gesture classifier 

for ChaLearn dataset. 

 

 

 

 

The results, right rotation, thumb and left rotation show 100 % accuracy with optical flow 

compared to only two gestures thumb and squeeze hand without an optical flow. It means it 

can find proper label alignment and learn efficient features using this approach with an optical 

flow. The classifier is confused for (hand moving throat, hand moving waist, hand top to 

down, hand down hand, squeeze hand) five gestures and shows accuracy only 75% due to 

finding improper label alignments with an optical flow. But It shows better performance 

compared to without an optical flow which shows six gestures for the same. 
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TABLE 6.11 The confusion matrix for this proposed CTC model without an optical flow gesture 

classifier for ChaLearn dataset. 

 

 

 

6.5.2.3 Precision, Recall and F1-Score for ChaLearn dataset using the CTC model 

 

We have used accuracy, recall, F1-score, and receiver operating characteristic (ROC) curve 

to analyse the generated models. It is observed from Table 6.12 thumb, left rotation, the right 

rotation has higher precision with an optical flow compared to only two gestures thumb and 

squeeze hand without an optical flow. It means the classifier correctly classifies all positive 

samples with an optical flow. The average precision, recall and F1-score is 84.38% with an 

optical flow and for CTC model without an optical flow has average precision is 81.25%, 

average recall is 81.88%, and average F1-score is 81.20%. It is seen that for the thumb, left 

rotation, right rotation gestures have precision, recall and F1-score are higher, it is almost 

100% with an optical flow. It is also observed from Table 6.12 total of 3 gestures has higher 
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F1-score almost 100% with an optical flow compared to only one gesture thumb which has 

100% accuracy that shows the correct identification of positive samples. Information 

reported in Table 6.13 the training accuracy 90% is close to testing accuracy 84% with an 

optical flow, which shows the model good for predicting unlabelled data. The results show 

the proposed classifier is useful in terms of the classification accuracy and CTC loss 

calculation with an optical flow.  

 

TABLE 6.12 Classification performance of the proposed CTC model on ChaLearn dataset using 

Precision, Recall and F1-score. 

 

Class Class Name Precision Recall F1-Score 

  With OF 
Without 

OF 
With OF 

Without 

OF 
With OF 

Without 

OF 

1  Right rotation 100.00% 75.00% 100.00% 75.00% 100.00% 75.00% 

2  Thumb 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 

3  Hand moving 

throat 
75.00% 75.00% 75.00% 75.00% 75.00% 75.00% 

4  Hand moving 

waist 
75.00% 75.00% 75.00% 75.00% 75.00% 75.00% 

5 Hand top to 

down(both) 
75.00% 75.00% 75.00% 75.00% 75.00% 75.00% 

6 Move hand down 75.00% 75.00% 75.00% 100.00% 75.00% 85.71% 

7 Left rotation 100.00% 75.00% 100.00% 75.00% 100.00% 75.00% 

8 Squeeze hand  75.00% 100.00% 75.00% 80.00% 75.00% 88.89% 

 

 

TABLE 6.13 Average information for the proposed CTC model on ChaLearn dataset. 

 

NO Type With OF Without OF 

1 Training Accuracy 90% 86% 

2 Testing Accuracy 84% 81% 

3 Average Precision 84.38% 81.25% 

4 Average Recall 84.38% 81.88% 

5 Average F1-Score 84.38% 81.20% 

6 Error rate 16% 19% 

 

 6.5.2.4 Performance comparison using modality fusion for ChaLearn dataset 

 

This section has checked the efficiency of various fusion schemes for blending features on 

the last layer. The fusion scheme merges low-level information from each stream after 
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several convolutional and pooling operation. We compare five different late score fusion 

strategies for ChaLearn dataset: sum fusion, maximum fusion, average fusion, concatenation 

fusion and weighted fusion. The results are also depicted in Table 6.14. we have empirically 

checked each stream's different weight and concludes that more weight assigns to an optical 

flow boost the performance up to 84%. Its weighed based fusion scheme extracts meaningful 

motion information and also calculate accurate CTC loss. 

 

TABLE 6.14 Performance comparison with a different modality fusion for ChaLearn dataset using the 

CTC model. 

 

Sr. No Technique Stream Fusion Accuracy 

1 CTC + OF RGB + Depth + OF Max 81% 

2 CTC + OF RGB + Depth + OF Average 79% 

3 CTC + OF RGB + Depth + OF Sum 81% 

4 CTC + OF RGB + Depth + OF Concatenate 78% 

5 CTC + OF RGB + Depth + OF Weighted 84% 

 

6.5.2.5 CTC model with optical flow and without optical flow for ChaLearn dataset 

 

The performance of the proposed model is tested on with motion information and 

without motion information. The accuracy is 81% without an optical flow and 84% for 

with an optical flow as per Fig.6.16.  

 

 

FIGURE 6.16 Performance comparison for RGB+Depth and RGB+Depth+OF with CTC model with 

ChaLearn dataset. 
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This motion information gives a unique path for each gesture when it is passing through the 

recurrent network. So, the classifier quickly identifies labelled frames which have minor 

gesture variation. This motion information extracts unique feature from the video and also 

calculate CTC loss. Results show that performance is 84% for ChaLearn dataset with optical 

flow and weighted fusion scheme. Therefore, this proposed CTC model can find better frame 

alignment using an optical flow. 

 

6.5.2.6 Comparison with 35-frame CTC and 16-frame CTC 

 

This subsection tested the proposed method on 16-frames and 35-frames approach with 

the CTC model's support on ChaLearn dataset. The classification result of 16-frames and 

35-frames input to the proposed CTC network is described in Fig. 6.17. The results indicate 

that the 35-frames CTC model gives a better recognition performance 84% compared to 

16-frames CTC to 80%. The result indicates that the model's performance increases with 

the involvement of a greater number of frames because it finds close gesture alignment for 

a sequence of frames.  

 

 

FIGURE 6.17 This is a 16-frames and 35-frames CTC model result comparison for ChaLearn dataset. 

 

6.5.2.7 Performance comparison using ROC curve with ChaLearn dataset 

 

In a ROC curve, the trade-off at various thresholds between having more true positives at 

the cost of additional false positives is visualized by plotting the trade-off at any possible 

threshold. From Fig. 6.18 ROC curve is close to an upper-left corner which means it detects 
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better true positive for both the modalities. In this case, a curve above the diagonal line 

(shown in Fig. 6.18 as a dotted line) implies that a model generates more true positives than 

false positives. The AUC value is 88% with an optical flow compared to 84% without an 

optical flow, which means that the model will bitterly differentiate between positive and 

negative classes with an optical flow. 
 

 

FIGURE 6.18 ROC curve for ChaLearn dataset using the CTC model with and without optical flow. 

 

6.6. Concluding Remarks 

 

This proposed CTC model improved hand gesture recognition accuracy using proper frame 

alignment by calculating CTC loss. Initially, it has been applied to handwritten character 

recognition and speech recognition. But we have developed an effective three-stream CNN 

and LSTM recurrent neural networks with CTC based-model to recognize this hand gesture 

robustly. By the unification process, the input to this proposed model is unique 35-frames. 

It has been successfully maintained a proper route of hand gesture motion and alignment of 

each label. We have successfully measured an optical flow from each RGB video for 

eliminating irrelevant object movement information from the context. After that, the deep 

features vector of RGB, Depth and Optical flow stream are extracted and learned using CNN. 

Next, these features are aggregated and passing through one-by-one to the LSTM network 

for temporal recognition. The final output of this LSTM network is connected to CTC 
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Network for proper label alignment using dynamic programming. The entire CTC network 

is trained through backpropagation with the calculation of CTC loss. This proposed CTC-

based model is appropriate for recognition performance among discussed approaches above 

on this standard VIVA and ChaLearn dataset. Our proposed method achieves additional 

progress and goes 86% on VIVA and 84% on ChaLearn dataset of recognition accuracy. On 

the other hand, the same method gives recognition result 82% on VIVA, and 81% on 

ChaLearn dataset without an optical flow. This proposed method achieves better precision 

86.18% & 84.38%, recall 86.62% & 84.38% and F1-score 86.29% & 84.38% on both the 

VIVA and ChaLearn dataset with the support of optical flow compared to precision 82.24% 

& 81.25%, recall 83.52% & 81.88% and F1- score 82.60% & 81.20% without an optical 

flow. So, the proposed CTC model finds unique features and proper label alignment using 

an optical flow and improved results. 

 

 

 

 

 

 

 



Conclusion and Future Work 

142 
 

 

CHAPTER-7 

 

7. Conclusion and Future Work 

 

7.1 Conclusion 

 

Various models have been investigated for dynamic hand gesture recognition using RGB 

and Depth information. In this research work, the main focus was on improving the dynamic 

hand gesture recognition task's accuracy using various deep learning-based approaches on 

low resolution and varying illumination video captured under a controlled environment. 

Existing models are improved by using motion-based feature extraction, and deep learning-

based algorithms have been presented. These proposed methods extract unique feature from 

the video when it has lower resolution with varying illumination images as an input. Three 

different 2DCNN, 3DCNN and CTC based models have been presented using optical flow. 

For capturing enough information from video, unification strategy is applied. Therefore, all 

the videos are converted into 35 unique figures for standard feature extraction. This 

unification strategy extracts collective and important information present in the video from 

enough number of frames. The adding of an optical flow can find proper and fitting motion 

path from the video irrespective to the object present in the video. It has been calculated 

from each RGB video. The proposed 2DCNN, 3DCNN and CTC model with an optical flow 

learned appropriate features from three parallel streams. The weighted based fusion is 

appropriate for motion-based feature extraction irrespective to the object present in the 

video. The work is tested on two datasets, VIVA and ChaLearn.  

 

In the proposed 3DCNN with an optical flow-based model extracts Spatial-temporal feature 

simultaneously with 3D convolutional and pooling with three different parallel RGB, Depth 

and Optical flow streams. The late fusion technique integrated unique features from each 
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stream and merged on the last layer. It will help improve the unique feature extraction 

process and hand gesture recognition performance using a weighted fusion scheme. In the 

weighted scheme, more weight is assigned to an optical flow stream for motion-based feature 

extraction. The recognition accuracy for VIVA and ChaLearn dataset with an optical flow is 

80.5% and 79%, respectively. The model has obtained 78% and 75% recognition 

performance without an optical flow. This recognition performance shows that the proposed 

3DCNN model gives better performance on every metric such as precision, recall, F1-score, 

Error rate and AUC-ROC value with an optical flow on both the dataset. The reason behind 

such performance is that, 3DCNN model simultaneously extracts spatio-temporal motion-

based features irrespective to the object present in the video with lower resolution and 

varying illumination images. Obtained experimental results show improvement in 

recognition accuracy compared with the existing state-of-the-art methods with this approach. 

 

In the proposed 2DCNN with an optical flow-based approach, spatial and temporal feature 

extracts sequentially using convolutional and recurrent neural network through three 

different RGB, Depth and optical flow stream. The proposed model extracts spatial features 

from a single frame using 2D convolutional and pooling and weighted fusion scheme. After 

that, the recurrent neural network finds proper and exact motion path with merging present 

and past information instead of only appearance and depth information. This fitting motion 

path accurately recognized those gestures as similar to minor variation and provided robust 

and superior performance. The recognition accuracy for VIVA and ChaLearn dataset is 85% 

and 88%, respectively. The model has obtained 82% and 84% recognition performance 

without an optical flow. This recognition performance increased with the support of an 

optical flow with this proposed 2DCNN model on every metric such as precision, recall, F1-

score, Error rate and AUC-ROC on both the datasets. The performance increased due to 

unique motion-based feature extraction using 2DCNN model through three different parallel 

streams. The main reason for performance improvement is assign more weight to an optical 

flow through weighted fusion scheme. The results show that the proposed 2DCNN method 

improves recognition accuracy compared with the existing state-of-the-art methods with this 

approach.  

 

In the proposed CTC model can find proper frame alignment on RGB, Depth and Optical 

flow data on three parallel streams after feature extractions and weighted fusion. Initially, it 

is applied to handwritten character recognition and speech recognition. But in this work 
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successfully applied for hand gesture recognition. The CTC costing function is applied for 

training the entire network with 35-unique frames. This sufficient frames accurately major 

CTC loss regardless of the CNN used. The recognition accuracy for VIVA and ChaLearn 

dataset is 86% and 84%, respectively. The model has obtained 82% and 81% recognition 

performance without an optical flow. This recognition performance shows that the proposed 

CTC model gives better performance on every metric such as precision, recall, F1-score, 

Error rate and AUC-ROC value with an optical flow on both the datasets. Overall result 

analysis shows that CTC model outperforms well on VIVA dataset compared to other 

models. But bit confuse on ChaLearn dataset for finding proper frame alignment. The results 

also indicate that 2DCNN model performs better on ChaLearn dataset compared to other 

models. Because it finds proper fitting motion path on ChaLearn dataset irrespective to the 

object present in the video. This proposed 3DCNN, 2DCNN, and CTC models with an 

optical flow-based approach on VIVA and ChaLearn datasets are proper and accurate for 

hand gesture recognition task using motion-based feature extraction weighted based fusion. 

 

7.2  Scope of Future Work 

 

However, many factors influence the accuracy of hand gesture recognition such that skin 

colour of face or hand, clothes of anchor performing an action, complex background. 

Therefore, we hope to explore how to weaken the power of those gesture-irrelevant factors 

in the future. Meanwhile, other deep learning architectures, such as deep belief networks, 

also display the great promising result for object recognition. It may also be worth exploring 

the application of these architectures to video-based gesture recognition. In this proposed 

work, we have integrated spatial features on the CNN layer for performance improvement. 

In the promising future work, combine temporal feature on LSTM layer instead of spatial 

features on CNN layer. A score fusion of various LSTM variants will boost the performance 

of the classification of hand gestures. However, our proposed method is more time-

consuming because of three-stream (RGB, Depth, Optical flow) network compared to other 

models. To address this limitation, try to investigate parallelism approach using GPUs in 

order to reduce time complexity. By using deep learning techniques such as modified 

convolutional neural networks, people can expand this work by optimizing further after 

feature extraction by using quantum computing and evolutionary algorithms for feature 

selection.  
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APPENDIX-A: VIVA Dataset 

 

 

VIVA  Video Dataset 

 
The VIVA challenge's dataset contains 1460 RGB and depth video sequences of 19 different 

dynamic hand gestures performed by eight subjects inside a vehicle. Both channels were 

recorded with the Microsoft Kinect device and have a resolution of 115×250 pixels. The 

distribution of each gesture relevant to each class is shown below. 

 

TABLE A.1 List of VIVA dataset hand gestures 

 

Sr. No 
List of 

Gestures 

Total video in 

each class 

Total 

anchor 
Description of gesture 

1 swipe right 43 8 

It moves fingers from left to right direction. 

Hand wrist stays stationary. It is Performed 

with two or three fingers. 

2 swipe left 46 8 

It moves fingers from right to left direction. 

Hand wrist stays stationary. It is Performed 

with two or three fingers. 

3 swipe down 46 8 

It moves fingers from up to down direction. 

Hand wrist stays stationary. It is Performed 

with two or three fingers. 

4 swipe up 45 8 

It moves fingers from down to up direction. 

Hand wrist stays stationary. It is Performed 

with two or three fingers. 

5 swipe v 93 8 
It moves fingers like an English letter V. It is 

Performed with a single finger. 

6 swipe cross (x) 47 8 
It performs fingers like a cross (X) symbol. It 

is performed with a single finger. 

7 swipe plus (+) 86 8 
It is performed with fingers like a plus (+) 

symbol. It is performed with a single finger. 

8 scroll right 90 8 

The whole hand with fingers moves from the 

left to right direction. It is performed with two 

or three fingers. 

9 scroll left 94 8 

The whole hand with fingers moves from right 

to left direction. It is performed with two or 

three fingers. 
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10 scroll down 89 8 

The whole hand with fingers moves from up 

to down direction. It is performed with two or 

three fingers. 

11 scroll up 88 8 

The whole hand with fingers moves from 

down to up direction. It is performed with two 

or three fingers. 

12 tap 1 143 8 
Touch one times on the screen. This gesture is 

performed with single, two or three fingers. 

13 tap 2 123 8 
Touch two times on the screen. This gesture is 

performed with single, two or three fingers. 

14 pinch 48 8 
Thumb and any finger move from a touch too 

far. 

15 expand 49 8 Thumb and any finger move from far to touch. 

16 
rotate counter 

clockwise 
98 8 

Fingers are moving in a counter-clockwise 

direction. 

17 rotate clockwise 136 8 Fingers are moving in a clockwise direction. 

18 open action 48 8 
All the fingers are moving like opening the 

palm. 

19 close action 48 8 
All the fingers are moving like closing the 

palm. 
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FIGURE A.1 Sample image of each gesture, each class for VIVA dataset (class 1 to 7) 

class -1: swipe left  

class -2: swipe right 

class -3: swipe down 

class -4: swipe up 

class -5: swipe v 

class -6: swipe x 

class-7: swipe + 
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FIGURE A.2 Sample image of each gesture, each class for VIVA dataset (class 8 to 13) 

class -8: scroll right  

class -9: scroll left 

class -10: scroll down 

class -11: scroll up 

class -12: tap-1 

class -13: tap-2 
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FIGURE A.3 Sample image of each gesture, each class for VIVA dataset (class 14 to 19)  

class -14: pinch 

class -15: expand 

class -16: rotate counterclockwise 

class -17: rotate clockwise 

class -18: open hand 

class -19: close hand 
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APPENDIX-B: ChaLearn Dataset 

 

 

CHALEARN Video Dataset 

 
 

The ChaLearn LAP Isolated hand gesture dataset (IsoGD) is the largest and most widely 

varying dataset with 249 different categories of classes. The entire dataset has RGB and 

Depth video and performed by different 21 different anchors. This dataset is collected using 

Microsoft Kinect camera and resolution is 240 x 320 pixels. The entire dataset is divided 

into three different sets: training, test and validation. The training set consists of 35,878 

videos from 17 subjects, the validation set consists of 5,784 videos from 2 subjects, and the 

test set consists of 6,271 videos from the other two subjects. For training and testing of this 

proposed method in this thesis, eight different gesture class is selected from this dataset with 

a total of 322 videos.  

 

TABLE B.1 List of ChaLearn dataset hand gestures. 

 

Sr. No Gesture Name 
Total 

Video 
Description 

1  Right rotation 27 
The hand is moving circularly in the 

right to left in the sky. 

2  Thumb 49 The left-hand shows thumb 

3  Hand moving waist 38 
The hand is moving right to left from 

the waist. 

4  Hand moving throat 41 
The hand is moving right to left from 

the throat. 

5 Hand top to down(both) 36 The hand is moving top to down. 

6 Move hand down 51 
The hand is moving top to down (down 

hand). 

7 Left rotation 33 
The hand is moving circularly in left to 

right in the sky. 

8 Squeeze hand  47 Both hand squeeze behind 
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FIGURE B.1 Sample image of each gesture, each class for ChaLearn dataset (class 1 to 8). 


