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1. Introduction

The sign language is a crucial method of communication for deaf and speech impaired
people. As it was stated by the World Federation of the Deaf, there are approximately 300
sign languages in the world which have been used among 70 million people [1]. Sign
language includes the movement of different organs, such as finger, hands, arms, head
gestures, and facial expressions. However, in this work recognition is based solely on
hand gestures. There are several parameters while modelling sign language, which are
handshape, orientation in coordinate system, motion, position etc. In order to get an
accurate result, all these parameters must be taken into account. A successful
implementation of sign language recognition could remove the communication barrier
between sign language users and others. Researchers in the field of sign language
recognition have shown an increased interest in developing methods for human-to-human
and human-to-computer interaction in recent years. Also, leading tech companies started
to pay attention to the field and included sign language solutions into their new projects.
Deaf-dumb people rely on sign language interpreters to communicate with others.
However, providing experienced and qualified interpreters all the time is quite difficult
and unaffordable. So, the implementation of automated sign language translation systems
is required to fulfil the equal opportunities in terms of communication. Therefore, human
— computer interaction systems should function as sign language interpreter. However,
various challenges exist to overcome in vision-based sign language recognition such as
dependency on lighting conditions, background complexity, variety of hardware used
since different hardware can result in different outcome. Due to these challenges, it is not
an easy task to develop a standardized model. [2]
This paper proposes a system which recognizes the Hungarian Sign Language for human
— computer interaction using deep learning based on hand gestures. To help people with
such disabilities, the proposed approach can recognize a set of 12 classes of Hungarian

letter, which includes both static and dynamic gestures.
2. Related Work

Previous research work has used various approaches for the recognition of sign
language, for example, motion gloves, motion controllers, cameras. Motion gloves for
this purpose are costly, have limitations while adapting for hand structure and are not

enough comfortable compared to vision-based approach. Also, it takes significant time
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and can result in inaccurate outcome due to the wear and tear caused by long term use of
the gloves.[3] Due to complex sign gestures and similarities between gestures, sign
recognition still has been a challenge for Kinect sensor. [4-5] As a one of the vision-based
sign recognition approaches, image processing is cost-friendly and efficient solution.
Though, it needs series of processing to recognize hand and fingers, that leads to longer
time interval to obtain outcome. Also, skin color and lighting applied are parameters that
affect data accuracy and precision [6]. On the other hand, the leap motion controller is
compact in size and more affordable than solutions that have been discussed previously.
It process the data fast and requires less memory to operate as well. [7]. However, its
sampling frequency is inconsistent and in order to reduce its possible effect, post-
processing is needed. In [8], authors used Hidden Markov Models(HMM) to detect face
expressions out of a sequence of videos with a combination of Gaussian Tree Augmented
Naive Bayes Classifier and Bayesian Network Classifiers . In [9], authors also used HMM
to classify gestures based on 30 words. The dataset authors used was RWTH-BOSTON-
50. Work in [10] proposes a Indian sign language recognition system. Framework of the
system starts with pre-processing followed by feature extraction and recognition. In terms
of framework, it is similar to work proposed in this paper. In [11], authors used K-nearest
neighbors for classification. Feature extraction is done by Histogram of Oriented Gradient
(HOG). Authors was able to get an accuracy 94.23% for 26 letters from American Sign
Language. The work done by Hasan et al. [12] focuses on sign language recognition for
Bangla alphabet. Authors used Atrificial Neural Network (ANN) and Freeman Chain
Code (FCC) for feature extraction. Proposed approach has an accuracy of 96.5%. Last
but not least, in [13] authors used two pre-trained convolution neural network namely,
VGG16 and AlexNet for feature extraction and support vector machines for classification.

Proposed work achieved 99.82% accuracy.

In Table 1, different approaches of sign language recognition systems are reviewed

and compared in terms of accuracy.



Method Sample Size Accuracy
Kinect [14] 40 gestures 82.1%
Leap Motion Controller 24 static samples 82.71
[15]
Data Glove [16] 50 static 80.4

30 dynamic gestures
k-NN classification [17] 6x480 samples 83.78
HMM classification [18] 20 gestures 90%

Table 1. Comparison of different approaches in sign language recognition

3. Methods

In our approach, there are three types of model used, respectively, long short-term

memory (LSTM) model as pre-classifier, K-nearest neighbors (KNN) model as static

gesture classifier, Hidden Markov model (HMM) as dynamic gesture classifier. The pre-

classifier is used to distinguish dynamic and static gestures at the beginning. The outcome

of the pre-classifier states the classifier that will be used later. Obviously, the main

difference between dynamic and static gestures is time-varying changes of gesture.

Therefore, time series analysis would be an efficient technique. The interface we used,

Keras[19], is a high level API operating on TensorFlow[20]. TensorFlow is a machine

learning framework developed by Google. It operates at large scale and in heterogeneous

systems. It uses dataflow graphs to illustrate how data moves. The nodes of a dataflow

graph are mapped to different machines in a cluster, and within a machine across CPUs,
GPUs and Tensor Processing Units (TPUSs).

Frame Acquisition |—m Pre-processing [ Feature Extraction

3

Classification

3

Gesture Recognition

Figure 1. Outline of System

3.1 LSTM Model

The structure of an LSTM[21] unit has input,output,,forget gates and cell which

regulate the information and states as shown in Fig. 2. Sigmoid functions are associated

with the gates which adjust the opening/closing throughout the learning. The long-term




memory in LSTM is called as the cell state. It handles the data to be stored from the
previous time step. Forget gate determines if the data will be kept or forgotten. If the

forget gate is equal to 0, data is forgotten, if forget gate is equal to 1, data is kept.
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Figure 2. Structure of the LSTM unit.
Egs. (1) to (6) explain the working of the gates of LSTM.
it = 0(XeWy; + hegWpi + CoaWei + Wipais) (1)
fe = 0(xeWys + he_yWip + C_1Wer + Wfpais) (2)
zy = tanh(x;Wy; + he—1Wnz + Wzpais) (3)
=2 Qir+¢ 1 & fr (4
0r = 0(XtWxo + Rt 1Who + Ct—1Weo + Wopais) (5)

h’t = 0t + tanh (Ct) (6)

where, “If” is the input gate and “f¢”, “0¢”, “z¢” are the forget, output and cell gates. “ct”
and “hy” represent output memory activation as a function of time ‘t’. Egs. (2), (3), (5)

and (6) are the equations for forget gate, output gates and hidden state.[22]



3.1.1 Training

Training is done with the following parameters, 10 epochs, batch size : 8, 32 neurons,
the length of time series : 10, vector dimension of each input : 1024. Adam algorithm is

used as optimizer.

Adam optimizer is an algorithm for first-order gradient-based optimization with low
memory requirements. It computes adaptive estimation for first and second moments of

the gradients; the name Adam originates from adaptive moment estimation. [23]

3.2 K-nearest neighbours Model

The main point of the k Nearest Neighbours (KNN) algorithm is to use a dataset that
data points are separated into different classes to predict the classification of a new
unclassified sample. Each characteristic of training dataset is considered as a different
dimension in the space, and each characteristic is given a coordinate in that dimension,
we end up having a set of points in space. Based on distance between two points, we can
analyze the similarity between them. We pick k number of data out of dataset to predict
class of new sample, prediction is based on election process. [24]

3.2.1 Algorithm

The working of algorithm is listed as following:

1. A positive integer k and a new sample point are specified.

2. k number of entries which are closest to new sample in the dataset are picked.
3. Most common classification of these entries are found.
4

Finally, new sample is classified according to common classification.

3.2.2 Training

During the training phase, dimensionality reduction is done by Principal Component
Analysis (PCA). It is a statistical method for reducing dimensionality of dataset. It
enhances interpretability but with minimum level of information loss. It is done by
creating unrelated additional variables. Finding these new variables will reduce the
eigenvalue/eigenvectors problem. PCA is an adaptive data analysis method since

variables are created to adapt to various type of data and structure. [25]
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3.3 Hidden Markov Model

A hidden Markov model (HMM) is a statistical framework that the system getting
modeled is considered as a Markov chain having hidden states. In an HMM, the state is
not directly observable, however output, which depends on the state, is observable. A
HMM can be defined as following formulas [26]:
1) Set of states can be represented as {s;,s,,..,sy} Where N is number of states.
2) Transition probability from state i to j is represented as ay;
3) A sequence of k observation is represented as O = 04,0,,....,0;
4) Initial probability of N states is represented as W =my,T,,.., Ty
5) Observation probability of 0, at state N is represented as B = by(0y)
As it is stated with formulas above, a set of parameters of a HMM can be denoted as A =
(4, B, ). In order to describe a complex process such as hand gesture recognition using
HMM, parameters must be selected properly.[27]

3.4 Approach

i Dynamic
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e |
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Figure 3. Architecture of the proposed model
3.4.1 Image Acquisition

In our work, user must be in front of the camera to capture hand gesture. Image
acquisition is started manually by pressing an assigned keyboard button. Camera is
displayed through OpenCV library. OpenCV is an open source library focusing on
computer vision applications. It contains tools to be used for image-processing functions

and algorithms for applications of object detection, face recognition [28]
3.4.2 Pre-processing

Distortion and unwanted noise can always be present at frames captured through

camera. Furthermore, size of the sequence of frames may be quite large to train our model.



In order to use the memory efficiently, eliminate environmental dependencies and
enhance extraction of features, preprocessing is crucial. [29] Some parameters such as
lighting, background, camera parameters and location make the scene complex to process.
Therefore, some series of preprocessing must be applied. First, in order to apply skin
color segmentation, color space is changed to HSV. The color space can be transformed
by using Egs. (7)-(9). [30]

1 1/2(2R-G-B) )
V(R-G)2-(R-B)(G-B)

H = cos™

max(R,G,B)-min(R,G,B) (8)

S= max(R,G,B)

V = max(R,G,B) (9)

After color space transformation is applied, Region of Interest (Rol) cropping is applied
to detect hand and remove the noise present. NumPy[31] library is often used during pre-

processing stage for image processing.

Original Image Segmented Image Cropped Image

Re-inserted Rescaled

Figure 4. Pre-processing steps

3.4.3 Feature Extraction

Feature extraction is another important aspect to get accurate predictions. By
extraction features, we consider the frames as input. Purpose of feature extraction to
determine the distinguishing characteristics of classes in the dataset. To achieve good
performance, selecting appropriate features is important as well. For example, in case of
bad lighting conditions, color feature is not helpful for the system. Instead, we can benefit

other features such as hand shape, hand motion etc. In case of dynamic gesture
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recognition both temporal and spatial features must be considered. A feature vector is a
vector which has n dimension. Computation of feature vector requires memory and time.
Generally, as number of prediction class is increased, number of required feature vectors

is also increased.[32]
3.4.4 Dataset and Data Augmentation

In order to focus more on architecture of model, instead of creating dataset from
scratch, we used a publicly available dataset which was originally developed for
American Sign Language by David Lee [33]. We adopted the dataset to use 12 classes,
namely, “A,B,C,D,E,F,G,H,J.L,U,Z”. Feeding deep learning models with more data
results in better training and accurate performance. For this purpose, we use data
augmentation techniques to modify the dataset and create variations of the images which
will support the training. In this work, we used random cropping to augment the data. The

data is splitted in the purpose of training and test in a ratio of 80:20.
3.4.5 Additional Supported Features

In order to increase accessibility of system, we have implemented Text-to-Speech
feature using Google Text-to-Speech (gTTS) library [34]. gTTS provides easier
integration of Google text recognition technologies into applications. It is able to send
text and receive synthesized audio output from the Cloud Text-to-Speech API. In this

way, we aim to help visually impaired peoples in society.

Also, we added bounding box feature for display output to visualize hand detection
more clearly. We have used “MediaPipe Hands” [35] pipeline to extract hand landmarks,
then drawn a rectangle box to cover all the landmarks. In this way, no matter which hand

gesture is performed, hand is always located inside the bounding box.
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Figure 5. Hand landmarks extracted by MediaPipe Hands

4. Results
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This section presents the experimental results of the proposed model. Training and
validation are carried out using M1 Macbhook Air with 8 GB RAM.

Figure 6 below shows illustrates the confusion matrix of the system. Overall, performance

is satisfaying. There are some bias in class of “J” caused by dynamic gesture to perform

it.
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Figure 7 and 8 illustrates the model accuracy and model loss change over each epoch. In

total, model is trained for 10 epochs to get the best fit.
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5. Conclusions

A deep learning model is proposed that can predict static and dynamic hand gestures
based on frame series acquired by camera. The architecture consists of a LSTM classifier
to distinguish static and dynamic gestures, a KNN classifier to predict static gestures, a
HMM classifier to predict dynamic gestures. Pre-processing techniques are applied to
frames to detect hand more efficiently and to remove noise that is present. Random
cropping is applied to augment dataset. The proposed model achieved 83.9% test

accuracy.
6. Summary

Main purpose of the work is to help the speech-impaired people by creating a computer
vision-based sign language translator. We have reviewed the previous work done in sign
language recognition field and compared their cons and pros such as accuracy, cost,
feasibility etc. We have used a public dataset to train our models. Proposed model
consists of three different types of classifier, namely LSTM, KNN and HMM. LSTM
model decides whether performed gesture is static or dynamic gesture. Depending on
the output of LSTM, static gestures are classified once again by KNN model. In a
similar manner, dynamic gestures are classified by HMM model. During the
classification, extraction of features such as position, shape and movement of hands are
directly affect the prediction. Also, pre-processing of images are another important
aspect in terms of accuracy and speed of classification. Noise removing and color
segmentation leads to higher accuracy and since pre-processed images will take smaller
size in memory, it also results in faster classification. Overall performance of the model

was satisfying and promising.

Regarding the future improvement on work, a custom dataset can be created specific for
Hungarian language since it has special letters. Further experimental tests can be carried
out with different type of classifiers and feature extraction techniques to find out the

best accuracy. The proposed model can be optimized for mobile devices to publish it as

a mobile phone application. In that way, the mobility of the model would increase.
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Appendices

Appendix A

The figure below shows the training stage of LSTM for 10 epochs with a 80:20 training

and validation ratio.

Train on 392 samples, validate on 98 samples

Epoch 1/10

392/392 [ === === ] - 2s éms/step - loss: 0.3696 - a
ccuracy: 0.8597 - val_loss: 0.3038 - val_accuracy: 0.8980

Epoch 2/10

392/392 [ === ] - 1s 2ms/step - loss: 0.2109 - a

ccuracy: 0.9235 - val_loss: 0.2081 - val_accuracy: 0.8980
Epoch 3/10

392/392 | === === ] - 1s 2ms/step - loss: 0.1138 - a
ccuracy: 0.9490 - val loss: 0.1000 - val_ accuracy: 0.9694

Epoch 4/10

392/392 | === === ] - 1ls 2ms/step - loss: 0.0573 - a
ccuracy: 0.9898 - val loss: 0.0637 - val_accuracy: 0.9898

Epoch 5/10

392/392 | === === ] - 1ls 2ms/step - loss: 0.0201 - a
ccuracy: 0.9974 - val_loss: 0.0555 - val_accuracy: 0.9796

Epoch 6/10

392/392 | === === ] - 1ls 2ms/step - loss: 0.0102 - a
ccuracy: 1.0000 - val_loss: 0.0335 - val_accuracy: 0.9796

Epoch 7/10

392/392 | === === ] - 1s 2ms/step - loss: 0.0155 - a
ccuracy: 0.9974 - val_loss: 0.0414 - val_accuracy: 0.9898

Epoch 8/10

392/392 [ === === ] - 1s 2ms/step - loss: 0.0070 - a
ccuracy: 1.0000 - val loss: 0.0389 - val_ accuracy: 0.9898

Epoch 9/10

392/392 [ === ] - 1s 2ms/step - loss: 0.0041 - a

ccuracy: 1.0000 - val loss: 0.0451 - val_accuracy: 0.9796

Epoch 10/10

392/392 [ === === ] - 1s 2ms/step - loss: 0.0032 - a
ccuracy: 1.0000 - val_loss: 0.0549 - val_accuracy: 0.9694
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Appendix B

Screenshots below shows the output predictions for static gestures.
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Appendix C

The figures below show the implemented bounding box with different hand gestures.
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Appendix D

Figures below illustrate sample images of dataset. (D above, G below)
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Appendix E

Figures below illustrate the working of random cropping process. (above original
image, below random cropping applied image)
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