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Summary

Sign language recognition faces several

challenges such as accurate tracking of hand gestures,

occlusion of hands, and high computational cost. Currently, these challenges are addressed using the
advancements in deep learning methods. Nevertheless, these larger complex approaches cannot manage

long-term sequential

efficiency in capturing useful information.

data and are distinguished by poor
To solve these problems,

learning
integrated

information processing and
Wwe propose an

MediaPipe-optimized gated recurrent unit (MOPGRU) model for Indian sign language (ISL) recognition.
Specifically, we improved the update gate of the standard GRU cell by multiplying it by the reset
gate to discard the redundant information from the past in one screening. Additionally, we replace
the hyperbolic tangent activation in standard GRUs with exponential linear unit (ELU) activation and

SoftMax with Soft sign activation in the output

layer of the GRU cell. Thus, our proposed model

achieved better prediction accuracy with higher learning efficiency than other sequential models.

1. Introduction

Sign language is a visually interactive
language used by people who have difficulties in
hearing. Any form of effective communication
should be understandable for both the informant
and the recipient. In the real-life situations,
there is always a communication barrier between
the normal hearing community and the people with
hearing impairments. Similar to spoken languages,
sign language also differs from one geographic
region to others; therefore, it is hard for many
individuals to understand gesture-based
communication that leads to misinterpretation
between people [1].These issues can also cause
more serious problems like learning difficulties,

social isolation, and depression for the
individuals with hearing disabilities.
From the World Health Organization report,

approximately 500 million people worldwide suffer
from hearing loss[2], [3]. Because of the high
prevalence of the hard-of hearing community
population, there has been an increased interest

in eliminating communication obstacles faced
within the hard-of-hearing community and other
people with normal hearing [4]. Hence, Sign

language recognition (SLR) develops an assistive
system that automatically converts an input sign
into its corresponding speech or text [5]. SLR
system 1s not only useful for overcoming the
communication gap between hearing and non-hearing
communities but also creates a new path for

human-computer interaction-based applications.
[6] .However, the major challenge in developing a
continuous SLR system 1is finding a modeling
prototype that acquires the sign gesture and its
corresponding text. Therefore, in this study we
propose a SLR system for one of most complex
language: Indian Sign Language (ISL) because of
the following reasons[7]:

e Jt uses both single and double hands for

portraying gestures.

e It includes both static and dynamic
gestures.

e Jt wuses similar gestures to represent

different things.

Considering these drawbacks of ISL, we propose
MediaPipe-optimized gated recurrent unit (MOPGRU)
SLR system that diminishes the problem of hand
occlusion and lower learning efficiency by
adjusting the output of the update gate using the

reset gate integrated with an open-source
framework called the MediaPipe Holistic
pipeline[8] The proposed model helps to

understand the gestures (made by the hearing
difficulty persons) for the normal people without
having prior knowledge about sign language.
Furthermore, we replace the hyperbolic tangent
(Tanh) activation function in the candidate
memory state with an ELU activation function to
overcome the vanishing and exploding gradient
problem. We also change the activation function
in the output layer of each GRU cell as Softsign
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instead of SoftMax to achieve a faster, simpler,
and cost effective SLR system.
As a result of this modified setup, we

observed that our proposed model extracted the
desired features with higher learning efficiency
than other sequential models along with lower
training time. We created our own dataset by
capturing 1mages in real-time for our
experimental study.

The rest of the paper is organized as follows.
Section 2 contains detailed explanation of the

proposed methodology. Section 3 represents
experimental results. Finally, Section 4
concludes this study with the conclusion and

future work.

2. Proposed Methodology

To accurately recognize the sign gestures and
translate them into text, our proposed method
consists of three stages: The first stage
involves the data preprocessing and feature
extraction, followed by the next stage with data
cleaning and labelling and concluding stage
covers the gesture recognition. Figure 1. shows
an overview of the proposed method.

2.1. Stage 1:
extraction

Data Preprocessing and Feature

Data preprocessing and feature extraction 1is
carried over by the MediaPipe framework. Here,
features from the face, hands, and body are
extracted as keypoints and landmarks using built-
in data augmentation techniques from sequence of
input frames taken from a web camera. We apply a
multistage pipeline from MediaPipe, called
MediaPipe Holistic. The workflow of stage 1 is
briefly discussed below:

e The human pose and subsequent landmark
model were estimated using BlazePose’ s
poses detector. Then, three ROI crops for
the face and hands (2X%) were derived from
the inferred pose landmarks, and a recrop
was employed to improve the ROI.

e Next, the corresponding landmarks were
estimated. To achieve this, the full-
resolution input coordinates were cropped
to the ROIs for task specific hand and
face models.

e Finally, all landmarks were combined to
yield the full 540+ landmarks.

2.2. Stage 2: Data Cleaning and Labelling

In this stage, the extracted keypoints from
stage 1 are saved in a file to identify and the
null entries are removed from the data, after
which data labelling follows. After stage 1, the
extracted features, that is, the landmark points
(21 * 3421 * 3433 * 4+468 * 3 =1662) per
frame are flattened, concatenated and stored in a
file to check and remove any null entries from
the data. Data cleaning is important since it
prevents failed detection of features, which
occurs when a blurred image 1s sent to the
detector and leads to a null entry into the
dataset [9], [10]. Thus, when training occurs
with this noisy data, the prediction accuracy 1is
reduced, and bias may occur. To fit the obtained
data for the next stage of training, testing and
validation, labels are created for each class and
their corresponding frame sequences are stored.

2.3. Stage 3: Gesture Recognition

In stage 3, the cleaned and labelled gestures
are trained and classified by our MOPGRU model
for ISL recognition with the translated sign
gestures in the form of text on the screen.
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Figure 1. General overview of the proposed

method
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In the proposed MOPGRU model, the cleaned and
labelled data from stage 2 are used. The major
alteration performed in the standard GRU cell 1is
that its update gate is improved, the candidate
memory activation function (tanh) is substituted
by the ELU activation function, and the output
layer SoftMax activation function by Softsign
respectively. Considering the problems, such as
low learning efficiency, high computational cost,
slow convergence rate and incapable of dropping
out the unwanted information in one screening
with the complex state of time series data of the
standard GRU model, we propose a MOPGRU neural
network model by improving the update gate: that
is, modifying the original update gate input
to update gate multiplied by reset gate. Thus,
the update gate is adjusted by obtaining feedback
from the output of the reset gate. The opposite
effects caused by unnecessary information 1s
profoundly avoided by refining the present input
information by the reset gate attains faster
convergence and efficient in learning.

The other change implemented in the standard
GRU cell was replacing the candidate memory
tanh activation function with the ELU function.
The wuse of the tanh activation function 1in
training feed-forward connections, especially in
standard GRU, 1is 1ineffective as shown in the
performance decline when the network has deeper

connection [11]. Compared to other activation
functions, ELU achieves higher accuracy and
faster convergence in less training time and

computational complexity since the negative ELU
value permits the mean unit to shift toward O
[12].

Softmax activation is specifically used to
normalize the outputs and convert the weighted
sum values to probabilities that sum to one by
exponentiating the features and scale with the
sum of the exponents. Because of its exponential
nature, 1t 1s computationally expensive and
time—consuming to train the model. Hence, we
incorporated the Softsign activation function

3.Experimental Results

3.1. Dataset Description:

A real-time dataset of 30 videos for each sign
gesture with 30 frames was created, each with a
size of 640 X 480, using a web camera in various
directions and different lighting conditions. We
separated the collected dataset in a ratio of
70:15:15 to form the corresponding training,
testing, and validation datasets.

3.2. Experimental Simulation:

The simulation was conducted using Python 3.7
version on a desktop computer with 32 GB RAM and
an Intel Core 17 processor with a frequency of
3.60 GHz, running on Windows 10 Pro with a 64-bit
operating system. The input image was captured
using a web camera with a resolution of
720pixels/30 fps of RGB images. The first layer
of GRU accepts a sequence of landmark keypoints
(1662) extracted from the frames of each video
with the time step of 30 as each video contains
30 frame sequences. For the hidden units at the
first time-step, the input—hidden vectors and all
elements of the initial hidden state were set to
0. The training data were set to 100 epochs, with
13 gestures in each batch. To optimize the
network, the Adam optimization method was used
and was set to 10— 4 with exponential decay rates
of 0.9 and 0.999, respectively.

To evaluate the performance of our MOPGRU
model, we used the mean squared error (MSE), mean
absolute error (MAE) and R-squared or
coefficient of determination metrics, as listed
in Table 1.By comparing the models with respect
to both testing accuracy and loss as shown in
Figure 2 and 3 , we conclude that our proposed
MOPGRU model achieved the highest accuracy of 95%
and has a faster convergence speed with least
loss.

Table 1.Performance comparison on MAE, MSE, R-
Squared

Network Model MAE MSE R-Squared
Simple RNN 4.10 28.90 -1.38
LSTM 0.75 4.95 0.59
Standard GRU 0.44 1.38 0.83
BiGRU 0.40 2.50 0.79
BiLSTM 0.85 5.35 0.56
MOPGRU 0.22 1.34 0.88
95
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Figure 2. Model comparison in terms of Test
accuracy (in %)
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Figure 3. Model Comparison in terms of Test loss

4 .Conclusion

In this study, we proposed a MOPGRU model for
ISL recognition. Specifically, we modified the
update gate of the standard GRU cell by
multiplying its output by the reset gate. With

our improved update gate mechanism, the output

of the reset gate re-screens, the information and
removes the unwanted information in the data,
thereby giving more attention to the important
information. We have cost-effectively implemented
the model along with improved learning efficiency,
prediction accuracy, and information processing
capability of the standard GRU neural network.
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