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Abstract

Recognition of hand gestures in videos has found so many areas of applications such as: human-computer
interaction, communication and computer systems controls. Many techniques and features have been reported in
the literature for gesture recognition. However, these methods still need to be improved upon. In this work, a
deep learning technique for recognition of static hand gesture using deep convolutional neural network is
proposed. The model consists of two phases: image preprocessing and classification. The images are first
processed by the convolution, maxpooling and RELU functions in the convolution layer of the CNN. The results
of the convolution is then passed to a fully connected network layer to recognize the static hand gestures. The
proposed model is implemented and tested on the publicly available ASL alphabet dataset from Kaggle
repository. The model was trained using 69,600 images which consist of 29 gesture types. The model is then
tested with another 17,400 images which consist of 29 gesture types. The experimental results show that the
proposed system is able to recognize the static gestures with accuracy of 98.50 %.
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INTRODUCTION

Gesture can be static or dynamic. A static gesture is a
particular hand pose defined by a single image while
a dynamic gesture is a motion gesture that can be
depicted by a sequence of successive images [2].
Gestures are usually carried out using hand and body
movement [9]. Many of the existing works in
literature on gesture recognition followed the process
of video analysis comprises of image pre-processing,
feature extraction, and then classification. [3, 6, 12,
13, 20] used the method of machine learning to
classify gestures. For example, [20] proposed
recognition of hand gestures of British Sign
Language (BSL). [14] made use of edges features
extracted from the gesture images. [21] extracts the
angle count, skin color angle, non-skin color angle
from the hand shaped region. [13] made use of the
Edge Oriented Histogram features and multi-class
SVM as classification. [2] made use of the histogram
of oriented gradient and the Hu invariant moments as
features. Neural network was used as the classifier.

Despite the high performance of these models, there
are still room for improvement. The recently
emerging deep learning techniques in gesture
classification outperforms the classical image
analysis methods. The CNN automatically extracts
relevant features that discriminates an object from
videos using convolutional techniques. Several
researchers [1, 10,15,16,18,19] have worked on the
use of CNN for gesture recognition.

RELATED WORKS

[11] proposed the application of deep neural network
for hand gesture recognition. The model was applied
on the whole 24 hand gestures obtained from the
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Thomas Moeslund’s gesture dataset. The results
obtained showed a promising recognition rate when
compared with the earlier works. In [19] different
types of convolutional neural networks were used
together with a proposed CNN model. The
performance of each of the models was evaluated on
the Marcel dataset. The GooglLeNet model
outperformed all the other models. [10] presents a
method for recognizing hand gesture using
Convolutional Neural Network (CNN). The CNN
model is trained on Discrete Fourier Transform
(DFT) images gotten from raw sensor readings. The
model was able to achieve an accuracy of 90%. [1]
presents a methodology for the recognition of hand
gestures, based on deep convolutional neural network
(CNN). The method was tested on two public
datasets (NUS hand posture and American
fingerspelling A dataset).

A recognition accuracy of 94.7 was achieved on the
NUS dataset while a 99.96% accuracy was achieved
on the American Fingerspelling dataset. [15]
proposed a gesture recognition method using
convolutional neural networks. Several operations
and segmentation was carried out during
preprocessing. A deep neural network was then
designed to classify the gestures. A good recognition
was obtained. [16] proposed Hand gesture
recognition using image segmentation and deep
neural networks. The model achieved an accuracy of
96%. [5] proposed a system that operates on the color
RGB posture images. The hand region extracted
using a neural network based regressor to estimate
the wrist position. The wrist location is used to
extract a sub-image with a hand. In the first case, the
hand pixels are directly fed into a CNN while in the
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second case, the pixels are passed through Gabor
filters and then fed into a CNN for recognition.
Training and testing of the CNN model was carried
out on 6000 images representing ten hand postures. It
was noted that the filtered hand features passed
through Gabor filters outperformed the other one
directly passed into the CNN. [17] proposed a deep
learning based static hand gesture recognition. The
system consists of gesture capture device, pre-
processing, image segmentation, feature extraction,
and object classification modules. Computer Vision
techniques were used for preprocessing and image
segmentation algorithms. Open CV and Intel Real
Sense libraries were used for implementing the
system.

The subsystem for features extraction and gestures
classification is based on the modified VGG16 deep
learning model. The performance of the static
gestures recognition system is carried out using
machine learning standard metrics. Experimental
results show that the proposed model provides high
recognition accuracy. [18] presents an efficient data
collection technique and a new method for deep CNN
training by using ‘‘sterile’” images for extracting
discriminant features and can improve classification
accuracy. The proposed method achieved a
classification of 93% and 95% for range and range-
angle profiles, respectively.

CONVOLUTION
MODEL
Convolutional Neural Networks (CNN) is a special
neural network in which feature extraction is done
automatically by passing images through a series of
convolutional layers while the fully connected layer
is used for classification. Figure 1 depicts the
structure of a typical CNN. It consists of the
convolution, Relu and pooling followed by the fully
connected layer. [7,8].

The convolution operation at a pixel point is given by
Equation 1.
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where k is the filter or kernel, k(i,j) is the

coefficient of the kernel at position i, j, of an image.

An activation Function is used to standardize the
computation as given in Equation 2. The RelLU
activation function given in Equation 2 is used.

y = max(0,x) 2

Image pooling is used to reduce the dimesnsion of an
input image. The Maximum Pooling (Max-pooling)
is used to do this. The fully connected layer uses
these features to classify the input images into the
various gestures classes. The Softmax activation
function is used on the output layer of the fully
Connected layer as given by Equation 4.

NEURAL NETWORK
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where Z is the input vector made up of values
(zg, ., 2z ), all the values z; are elements of the
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vector, 2%t is the exponential of each vector and K is
the number of classes in the classifier.
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Figure 1. Convolution Neural Network [4].

PROPOSED STATIC HAND GESTURE

RECOGNITION SYSTEM

The Architecture of the proposed system is shown in
Figure 2 (See Appendix)

Design of the Convolution Neural Network for
Gesture Classification

The architecture of the Convolutional Neural
Network Model for the gesture classification s
shown in Fig. 2. The model has an input layer, two
convolution layers, softmax layer and a fully
connected layer. The images were first rescaled to
50x50 pixels. The dataset is divided into training and
test sets. The input layer serves as input for accepting
the pixels of the images of hand postures.

The model has two convolutional layers with 32
filters in the first layer each with a size of 48x48, and
16 filters in the second layer each with the size of
22x22. The maxpooling operation with a filter size of
(2,2) and stride of size (1,1) is applied after each
convolution layer. The output from the convolution
operation is passed to the fully connected layer. The
fully connected layer performs the classification. The
number of neurons in this layer is the number of hand
gestures classes

EXPERIMENT AND RESULT

The proposed methodology has been tested on the
publicly available ASL alphabet dataset from Kaggle.
The ASL alphabet dataset contains 87,000 images
spanning 29 classes containing 3,000 images each. 26
of these classes are the letters A-Z while the other 3
are the signs for nothing, space and delete.  The
sample of the images are shown in Figure. 3. In the
training phase, the images are passed from the input
to the convolutional layers to extract the features.
CNN training with stochastic gradient descent with
momentum (SGDM) optimization function, having a
momentum rate of 0.90 and learning rate of 0.01 is
used. The training process took 10 epochs to
converge. The training loss graph is presented in
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Figure 4. The classification result evaluated using the
average accuracy, precision, recall and F1-score
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values is given in Table 1.The macro averaging is —— validation loss
used for calculating the values of the performance
metrics. Figure 5 presents the confusion matrix of the
recognized gesture types.
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Figure 4. Training Loss function

Figure 3. Sample images from the ASL alphabet
dataset (Kaggle)

Table 1: Values of the Metrics during the Testing phase

SN Gesture Precision Recall F1-score Support
1 A 0.00 0,98 0.99 612
2 B 0.97 1.00 0.98 583
3 C 1.00 0.99 0.99 582
4 D 0.98 1.00 0.99 609
5 Del 1.00 1.00 1.00 620
6 E 0.99 0.97 0.98 621
7 F 1.00 1.00 1.00 617
8 G 1.00 0.95 0.97 565
9 H 0.96 1.00 0.98 608
10 I 0.99 1.00 1.00 598
11 J 1.00 1.00 1.00 603
12 K 1.00 0.99 0.99 612
13 L 1.00 1.00 1.00 622
14 M 0.98 1.00 0.99 580
15 N 0.99 0.98 0.99 592
16 Nothing 1.00 1.00 1.00 603
17 0 1.00 0.97 0.99 617
18 P 1.00 1.00 1.00 622
19 Q 0.99 1.00 1.00 585
20 R 0.96 0.98 0.97 586
21 S 0.95 1.00 0.97 578
22 space 1.00 1.00 1.00 596
23 T 0.99 0.94 0.97 581
24 U 0.93 0.98 0.95 611
25 \% 0.94 0.94 0.94 598
26 w 0.99 0.95 0.97 618
27 X 0.99 0.99 0.99 593
28 Y 0.99 1.00 0.99 605
29 Y 1.00 0.99 0.99 583
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Accuracy 0.99 17400
Macro avg | 0.99 0.99 0.99 17400
Weighted | 0.99 0.99 0.99 17400
avg
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Figure 5 confusion Matrix of gestures as shown in

figure 3

CONCLUSION

The deep learning technique for the recognition of
hand postures is developed in this work. The

performance of the proposed method has been
evaluated using the Kaggle publicly available dataset.
The following metrics: accuracy, precision, recall and
Fl-score shows that the proposed CNN model
performs very well in gesture classification.
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