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Abstract. Sign language plays a significant role in communication for the
hearing-impaired and the speech-impaired. Sign language recognition smooths
the barriers between the disabled and the healthy. However, the method has been
difficult for artificial intelligence to use because it requires complex gestures that
must be recognized in real time and with great accuracy. Fingerspelling sign lan-
guage recognition methods based on convolutional neural networks have gradu-
ally gained popularity in recent years thanks to the advancement of deep learning
techniques. Recognition of sign language using finger spelling has taken center
stage. This study proposed an optimized eight-layer convolutional neural network
based on blocks (CNN-BB) for fingerspelling recognition of Chinese sign lan-
guage. Three different blocks: Conv-BN-ReLU-Pooling, Conv-BN-ReLU, Conv-
BN-ReLU-BN were adopted and some advanced technologies such as bath nor-
malization, dropout, pooling and data augmentation were employed. The results
displayed that our CNN-BB achieved MSD of 93.32 + 1.42%, which is superior
to eight state-of-the-art approaches.

Keywords: fingerspelling - sing language recognition - batch normalization -
data augmentation - pooling - dropout

1 Introduction

Sign language is one of the primary means of communication for the hearing-impaired
and speech-impaired. It is a type of language that uses the shape of the hand as a
carrier and simulates images or syllables by changing gestures to form certain meanings
or words. As an independent visual language with a complete grammatical system,
sign language in deaf people and disabled people occupy the core status in the field of
communication. In April 2022, the China National Emergency Language Service Team
was established in Beijing and put forward the proposal of “doing a solid job in providing
emergency language services”. As an important emergency language, sign language is
naturally a key link in the construction of such work. Our research enthusiasm for sign
language is growing as the country attaches great importance to it.
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The major fields of sign language study include computer science and technology,
linguistics, and special education. As the leading research field of sign language, com-
puter science and technology mainly focuses on pattern recognition, signal processing,
computer vision, visual language, etc., among which the most important research topic is
“sign language recognition”. A large number of scholars are immersed in studying var-
ious problems of sign language recognition technology and enriching various methods
of sign language recognition [1].

Sign Language Recognition (SLR) is a technology that uses computers to convert
gestures into text or speech information [2]. Traditional methods of sign language recog-
nition include template matching, Hidden Markov (HMM), and NN, etc. The above
conventional approaches have certain drawbacks of their own, but by incorporating
innovation, they can overcome these drawbacks as science and technology continue to
advance and grow. For example, combining HMM with Dynamic Time Warping (DTW)
[3] or Support Vector Machine (SVM) [4] or NN [5], combining fuzzy logic with NN
[6], etc.

In recent years, the rapid development of deep learning technology has brought new
vitality to SLR. The current major deep learning-based sign language recognition tech-
nologies include sign language recognition technology based on Convolutional Neural
Network (CNN), Recurrent Neural Network (RNN), Graph Neural Network (GNN) and
the integration of various methods.

CNN is an important form of deep learning, which is dedicated to processing data
with similar network structure, such as time series and image data. CNN has a huge
impact on the field of Chinese sign language recognition because it is extremely effective
at handling picture categorization difficulties [7]. Chinese sign language is divided into
gesture sign language and fingerspelling sign language, the latter usually includes 30
fingerspelling forms of Chinese sign language: 26 letters (a—z), three retroflex 3 letters
(“ch”, “sh”, and “zh”), and one nasal consonant (“ng”). Therefore, a sign language
with only 30 letters is more precise [8] and simpler when facial emotions are excluded.
Figure 1 shows the letters of the Chinese fingerspelling sign language [9].
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Fig. 1. Alphabets in Sign Language

An important scientific advancement is the improvement of Chinese sign language
fingerspelling recognition. It can not only aid in the better social integration of the deaf
but also advance the study and advancement of computer vision, artificial intelligence,
and other related fields. An effective and precise method for recognizing sign language
is finger-spelling recognition of Chinese sign language using convolutional neural net-
works. This method can be used to enhance the precision and effectiveness of artificial
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intelligence and natural language processing in speech recognition, handwriting recog-
nition, and other areas. Chinese Sign Language fingerspelling recognition has enormous
application potential and will make people’s lives and jobs more convenient.

In order to increase the precision of Chinese fingerspelling sign language identi-
fication, this article will install an eight-layer convolutional neural network that has
been tuned and will also incorporate data augmentation. By integrating pooling, batch
normalization, and dropout approaches, we also increase the validity of the test data,
overcoming the shortcomings of pre-training and enhancing CNN usability and accu-
racy. This article’s remaining sections are organized as follows: The data set is described
in Sect. 2. Section 3 explicitly introduces the Chinese fingerspelling sign language recog-
nition methods utilized in this study. The experiment technique is described in Sect. 4,
comments are provided in Sect. 5, and conclusions are provided in the last section.

2 Dataset

We collected several groups of Chinese finger gesture image samples to establish a
relevant gesture data set, each sample covered 26 letters plus “zh”, “ch”, “sh”, “ng*
two-syllable finger language pictures, a total of 30, using the brush tool of Photoshop,
set the soft light mode, smear the original image brightness, to ensure that the image
is clearly visible processing. In addition, multiple samples take into account individual
differences in the use of sign language gestures, which makes the research results more
convincing (See Fig. 2).

= = 3 3 =

1zh(3).tif 1zh(9).tif 1zh(8).tif 1zh(4).tif 1zh(6).tif 1zh(11).tif

3 3 3 3

1zh(1).tif 1zh(5).tif 1zh(2).tif 1zh(7).tif 1zh(10).tif 1zh(12).tif

Fig. 2. The various sign language gestures for the letter “zh”

3 Methodology

The image modification in this paper is based on deep neural network. For function
extraction of input data, image feature processing and noise reduction are some of the
main uses of convolutional layer. By using ReLU function (improve data processing
speed), Pooling layer (reduce the number of neural network parameters and computing
load to improve computing speed), Dropout (prevent over-fitting, It provides an effective
combination of exponential neural network architecture method), Batch normalization
(accelerating the speed of model training and increasing the ability of generalization), and
Data augmentation (increasing the size of data in some ways to improve the performance
of its learning algorithm) to improve the performance of convolutional networks. It is
convenient for our experimental calculation, as shown in Fig. 3.
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Fig. 3. The proposed network architecture

3.1 Convolutional Layer

Neural network, also known as artificial neural network or analog neural network, is a
network built by connecting a large number of artificial neurons in different ways. It is
a feedforward model that mimics the structure and function of signals transmitted by
biological neurons, so that it can have simple decision ability and simple judgment ability
like people. CNN, Convolutional Neural Network, is a feedforward neural network in
the deepening research of neural networks. Its artificial neurons can respond to a subset
of surrounding units within a coverage area, making it even better at large-scale image
processing. LeCun (1989) first used the term “convolution” [10] when discussing its
network structure, hence the name “convolutional neural network”.

The basic structure of CNN is the input Layer, the Convolutional Layer, the Max
Pooling Layer (also known as the sampling layer), the Fully Connected Layer and the
output layer. As shown in the Fig. 4, the image is firstly searched for features by the
convolution layer, then downsampling is conducted by the downsampling layer, some
information is ignored to reduce the training parameters while the sampling remains
unchanged, and finally classification judgment is made by the full connection layer. In
CNN, the neuron input value is the local connection between the neuron and the input
on the input feature plane of the convolutional layer, and the corresponding connection
weight is obtained by adding the weighted offset value of the local input. This process is
equivalent to the convolutional process [11]. Generally, the convolutional layer and the
subsampling layer are not single, and they are usually set alternating. It’s a convolution
layer connected to the lower sampling layer connected to the convolution layer connected
to the lower sampling layer and so on. Sample Heading (Third Level). Only two levels
of headings should be numbered. Lower level headings remain unnumbered; they are
formatted as run-in headings.

In the convolutional layer, the feature graph of the upper layer is convolved by a
learnable filter (i.e. convolution kernel), which circulatively convolves the entire input
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Fig. 4. CNN operation process

image with a certain step size in the original image, and then obtains the output feature
graph through an activation function. Each output feature graph can be convolved with
the values of multiple feature graphs:

xn =f(m) (1)

Vo= kb + U om € M) )

Among them, the net activation of the n TH channel of the convolution layer 1 (),
the output of the jTH channel of the convolution layer I (xﬁfl ), the activation function
(f (+)), the input feature map subset of calculating y}, (M,,), the convolution kernel matrix
(k5,)), the bias of the convolution eigengraph (bh), the convolution symbol(x).

The formula of output feature graph for each feature graph in the lower sampling
layer is as follows

xn =10 A3)
¥ = vhdown(d ") + o, 0

The net activation of the n'TH channel in the lower sampling layer 1(y}), the weight
coefficient of the lower sampling layer (y), the offset term of the lower sampling layer
D), the downsampling function (down(-)).

Each layer in the fully connected layer is a tiled structure composed of many neurons,
essentially a perceptron that classifies or regress the input data, and whose output can
be obtained by a weighted summation of the input and by a corresponding activation
function.

' =1(7") 5)

W=ghal (©)

The net activation of the fully connected layer 1(y”), the weight coefficient of the
fully connected network (¢”), the offset item of the fully connected layer (b”) [10, 12].
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CNN, due to incomplete connections between neurons, the sharing of connection
weights of silent neurons at the same layer is a special difference from other deep neural
network models. These special points make it closer to the biological neural network, and
the complexity, parameter training and weight number of the network model are further
reduced. In the previous deep neural network, the overfitting problem of the model has
been greatly alleviated, and the memory occupied by the model has been clearly reduced
At the same time, CNN also has strong stability and fault tolerance, which can show
the advantages of efficiency and accuracy in the task of image recognition and influence
classification [13].

3.2 ReLU Function

In deep neural network learning, activation function plays an important role in stimulating
hidden nodes to produce better output. The main purpose of activation function is to
introduce nonlinear features into the model. The commonly used activation functions
include Logistic sigmoid and tanh. Hahnloser et al. introduced ReL U function into a
dynamic network for the first time in 2000, and proved for the first time in 2011 that
ReLU function can train a deeper network better than previous ones. Up to now, ReLU is
still the most commonly used activation function for the execution of most deep learning
tasks, and it is also widely used by the excitation layer of CNN.

Rectified Linear Unit Relu (Rectified Linear Unit) is a commonly used activation
function in artificial neural networks. Generally speaking, it refers to a slope function in
mathematics. The definition is as follows (Fig. 5):

ReLU = max(0,y) @)
_xifx>0
r= {0, ifx<0 ®)
}.'
X

Fig. 5. The ReLU function

Compared with other activation functions, ReL.U function and its derivatives are rel-
atively simple in mathematical operation, short in calculation time, fast in speed, occupy
resources, and have the advantages of imitating biological principles, so they are basically
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the preferred type when facing unknown data sets. And for linear function, its expres-
sion ability is stronger, especially in the deep network; For nonlinear functions, Since the
gradient of ReLU’s non-negative interval is constant, the gradient always exists, so the
convergence rate of the model is stable. Of course, ReLU function also has its defects.
The slope of its negative end is 0, and the convolution output data cannot be expressed
in the negative part, which also leads to the failure of neurons to update parameters, the
slow processing of data sets, and the waste of computing resources occupied by neurons
that do not update parameters [14]. ReLU is an asymmetric piecewise function. If it is
used to fit a smooth nonlinear function, it requires more neurons or hidden layers with
the same fitting accuracy. And the indifferentiability of the ReL.U function at zero [15].
However, since zero differentiability is still a special case, and various variants have
been developed by researchers to make up for its deficiencies, such as Softplus, Leaky
ReLU, ELU, SiLU, etc. to improve the performance of some tasks, ReL.U is by far the
best activation function of deep learning.

3.3 Pooling Layer

In view of the large size of image and convolutional feature graph, we do not need
to deal with too much redundant information in practical application. The key is to
extract image features. Therefore, we adopted a strategy similar to image compression
for optimization. Then how to carry out this kind of compression idea? The pooling
layer plays such a role. In general, the pooling layer of convolutional neural network
follows the convolutional layer, and the operations in the pooling layer are called pooling
operations.

Pooling principle is similar to the principle of convolutional layer. Convolution is a
kind of linear operation algorithm about matrix, and its working mode is to carry out
sliding windowing operation on input matrix and convolution kernel to realize feature
extraction of image. Meanwhile, the pooling layer also adopts the idea of overlapping
Windows to divide input data into multiple blocks for pooling operation to realize feature
extraction of image. Common pooling operations include maximum pooling and average
pooling. Maximum pooling takes the maximum value of the local area of the original
image as the output of this area, and average pooling takes the mean value of the local
area of the original image as the output of this area.

Pooling steps are relatively fixed. Pooling steps are relatively fixed. In the first step,
we set the pooled window size and step size, which are generally set to the same value.
For example, set the step of the 8 x 8 pool window to 8, and the step of the 4 x 4
window to 4. The second step is to move the pooling window on the input matrix. For
each region, there is an operation result to represent the feature element of the region.
Step 3 Repeat Step 2.

For a4 x 4 image to be processed, define a 2 x 2 pooling window step size set as 2,
do the maximum pooling operation, move 2 steps each time, the moved subareas cannot
be overlapped, and the image is finally compressed into 1/4 of the original. As you can
imagine, the 2 x 2 window is constantly moving from left to right or top to bottom from
the input image, constantly mapping the eigenvalues in this area from the window. After
traversing the original image, it will get an image that represents the pool result and is
smaller than the original image. The image’s dimensions are decreased by 75% (Fig. 6).
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Fig. 6. Maximum pooling with window size 2 and step size 2

Average pooling is similar, except that the output of the 2 x 2 pooled subwindow size
uses average pooling to represent the characteristic elements of that subarea.
According to the implementation method of pooling operation, it can compress the
image size of the input feature map. On the premise that the image can be recognized,
the depth dimension remains unchanged and unnecessary redundant information of the
image is reduced, which reflects the feature invariance in image processing. For example,
when the resolution of a photo of a tree is lowered, we can still recognize it as a tree,
indicating that the photo still retains the characteristics of a tree. At the same time,
the compressed image pixel matrix is greatly reduced, reducing the number of neural
network parameters and computing load, and improving the computing speed.

3.4 Batch Normalization

In most cases, there are many more layers of deep neural network than we expect. When
data passes each layer of neural network and activation function, Internal Covariate Shift
occurs [16]. By adding a Batch Normalization (BN) algorithm to the appropriate network
layer, it keeps it from fluctuating too much, keeping sample output values for that layer
within given ranges (Fig. 7).
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Fig. 7. Batch normalization principle
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Batch Normalization, also known as batch normalization, is a data preprocessing
tool used to adjust numerical data to common proportions without distorting its shape.
In general, when we are in a deep learning algorithm, we tend to change the value to a
balanced ratio. Normalization is to speed up model training.

In general, BN layer is placed in the convolution, it is to solve the neural network
training “gradient dispersion”, and “gradient explosion” problem of important technical
means. Batch Normalization enables data normalization of batches of sample data in a
specific way. Normalization selects a part of data from the network layer as sample input,
subtracts its mean value from the input value and divides it by the standard deviation
of the data, and then completes data preprocessing. But why only select a subset of
data from the network layer and normalize it? Assuming that all the data of a layer
are normalized, it will produce huge computing overhead and lose the significance of
optimization.

If the network layer m receives batch inputs, each node of the layer generates m
outputs during forward propagation. Batch Normalization aims to normalize these m
outputs at each node of the layer. This normalization is calculated as follows.
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However, the normalization of input nodes in each layer may change the represen-
tation of the data in that layer. Because normalization processing turns one set of data
into another set of data, each set of data contains different information, so it cannot be
finished after normalization processing. It is also necessary to process the linear trans-
formation of the normalized data to get the final result of the linear transformation ¢;. .
The formula is as follows (12).

Y

It is worth mentioning that ¢ and A can still play a role in restoring data expression
ability to some extent. Suppose a feature x in a certain network layer, the mean value
obtained by mini-batch calculation of this feature is u, and the standard deviation is
0. The normalization of x gives you t, and the linear transformation gives you y. So
there’s a special result, when y is equal to o and beta is equal to u the result of the
linear transformation y is exactly equal to the characteristic x before the normalization.
You can guess the purpose of the formula, and you can reconstruct the meaning of the
network layer data, but there are very few such coincidences, because y and beta are
trained by the model.

BN brings three benefits. First, it speeds up model training and improves learning
rate. Second, it has certain regularization effect. The use of BN increases generalization
capabilities, even without Dropout, and reduces the use of L2 regularization; Third, there
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is an opportunity to make the model work better. This effect is not absolute, but many
models do get better with BN.

Although BN has many advantages, it can also cause problems if it is not used
properly. For example, Batch statistical estimation is not accurate will lead to batch
smaller, batch normalization error will increase rapidly. Therefore, I also need to know
its scope of application. First, batch normalization can be added to the general neural
network training to speed up the training. Second, it is suitable for the scenario where
each mini-batch is large and the data distribution is similar.

3.5 Dropout

The term “Dropout” [17] was introduced by author Hinton in the paper “Improving neural
networks by preventing co-adaptation of feature detectors”. The phenomenon of “data
overfitting” usually results from training complex feedforward neural networks in small
data sets. One of the existing solutions is to improve the performance of neural networks
by preventing the co-action of feature detectors, which is used by Alex and Hinton in their
paper “ImageNet Classification with Deep Convolutional Neural Networks”. Dropout
algorithm has good effect on avoiding overfitting. Moreover, the “AlexNet network
model” mentioned in this paper leads the trend and makes CNN the core algorithmic
model for image classification [18].

During Dropout training of deep neural networks, overfitting is reduced by ignoring
a portion of the feature detectors (counting the corresponding hidden layer node values
as 0). This approach reduces interactions between feature detectors (hidden layer nodes),
where detector interactions are those where some detectors depend on other detectors to
function.

Dropout is a regularizer against overfitting. It is a regularization method that ran-
domly sets the activation of the hidden units of each training case to zero at training
time. This breaks the co-adaptation of the feature detector, because the exiting units
cannot affect the other retained units. In other words, Dropout creates an efficient form
of model averaging in which the number of trained models is exponentially related to
the number of units and these models share the same parameters. Dropout also inspired
other stochastic model averaging methods such as random pooling. Dropout works well
in the fully connected layer of convolutional neural networks [19].

There is a trained neural network as follows, as shown in Fig. 8.
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Fig. 8. Standard neural networks and partially temporarily deleted neurons
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The flow of the diagram on the left is: First propagate the input quantities forward
through the network, and then back propagate the errors to decide how to update the
parameters for the network to learn.

(1) Randomly delete a portion of the neurons in the hidden layer of the network. This
operation is temporary and the input and output neurons remain unchanged (the
dashed graph in Fig. 8 indicates the temporarily deleted neurons).

(2) Propagate the input quantities forward through the modified network, and then prop-
agate the obtained loss results backward through the modified network. After per-
forming this process on the training samples, the corresponding parameters need to
be updated on the neurons that have not been deleted according to the stochastic
gradient descent method.

(3) Restore the deleted neurons (the deleted neurons are not updated at this time, while
the remaining neurons have been updated) by selecting a random subset of the
hidden layer neurons of the same size as in (1) and temporarily deleting them (the
parameters of the deleted neurons need to be backed up). For the training samples,
forward propagation and then backward propagation of the loss is performed and
the parameters are updated according to the stochastic gradient descent method (the
parameters of the deleted neurons remain unchanged and the remaining parameters
are updated). The above process is repeated continuously.

The selection scheme of which units to discard is random. Each unit is guaranteed
to be retained with a fixed probability independent of the other units, where the fixed
probability is chosen in two ways, either based on the validation set or set directly to 0.5
or 0.3.

Dropout is being heavily used in fully connected networks and less used in the
hidden layer of convolutional networks. The specific reasons include features such as
sparsification of convolution itself. In general, Dropout is a hyper-parameter, not the
parameter of each layer inside the general model network structure, but the parameter
that needs to be adjusted artificially to try to improve the model effect according to the
actual network, the actual application area.

3.6 Data Augmentation

‘Data augmentation’ is a set of techniques that artificially augment a data set by mod-
ifying a copy of existing data or using a collection of existing data into a new copy of
the generated data set. It acts as a regularization and reduces overfitting when training
machine learning models. If we have 50 experimental image data sets, we can create new
copies of the images and double the training set by flipping them randomly horizontally
and vertically.

To avoid the problem of overfitting, data enhancement techniques need to be used
wisely to improve the performance of the algorithm. Yu Gao et al. proposed a data pre-
processing method based on the convolutional neural network model Alex Net, using
dataset augmentation, background segmentation and principal component analysis on
the dataset. The original public dataset Leaves and the apple surface lesion dataset were
firstly tested for classification and recognition. The results show that the recognition accu-
racy of both the public dataset Leaves and the apple surface lesion dataset on this network
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has been improved after data augmentation [20]. For the traditional data-driven transient
stability analysis method of power system, Yan Zhou et al. proposed a transient stability
prediction method based on data augmentation and deep residual network considering
the impact of the input data with noise and missing information on the performance of
the prediction model. A special convolutional neural network-depth residual network
in image processing is used to construct a deep model for transient stability evaluation
by using dynamic data of the generator after perturbation as input features [21]. Our
dataset is to include different conditions such as different orientations, positions, scales,
brightnesses, etc. However, during the actual data collection, the number of datasets we
collect is limited. By performing data augmentation and collecting a large number of
sample data, we can solve the problem of sample data and prevent the neural network
from learning irrelevant features and fundamentally improve the overall performance
[22].

In the case of image enhancement, you can randomly flip, crop, rotate, scale,
resize, stretch, and imitate. In addition, you can change saturation brightness, contrast,
sharpness, and even add noise.

In the case of image enhancement, you can randomly flip, crop, rotate, scale, resize,
stretch, and imitate. In addition, you can change saturation brightness, contrast, sharp-
ness, and even add noise. Stable convolutional neural networks can correctly classify
objects in different situations, and, increasing the trained data can improve the per-
formance of the CNN model. The CNN is invariant to transition, viewpoint, size and
illumination, and it works with ‘Data augmentation’. In the article, we exemplify the
following six examples of ‘Data augmentation’.

3.6.1 PCA Color Enhancement Method

The algorithm performs principal component analysis based on the color channels and
adds the color distribution of the original image to perform ‘Data Augmentation’. The
PCA color augmentation method is mainly used to change the brightness, contrast and
saturation of the image. In order to maintain valid data such as relative color differences,
major color families, and contours of the artificial image, principal component analysis
is required for the training data set to recover the colors of its distribution principal axes
[23]. Then, the artificial image is created by continuously adjusting the multiplicity of
principal components of the dataset.

3.6.2 Noise Injection

There can be many kinds of noise injection in neural networks, such as input layer, hidden
layer, weights, output layer, etc. The core of noise injection is to randomly disturb each
pixel RGB of an image by adding a matrix of random values sampled from a Gaussian
distribution to produce some new noise-contaminated image. It also augments the dataset
and improves the ability to fit the true distribution of the data, helping the CNN to learn
more powerful [24].
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3.6.3 Scaling

The scaling methods include inward or outward scaling. When scaling inward, the size
of the newly generated image becomes smaller; when scaling outward, the size of the
newly generated image becomes larger. The image frame is a piece of the newly generated
image that is equal in size to the original image.

3.6.4 Random Transfer

Random shifting only involves moving the image in the X or Y direction (or both), and
when shifting we need to make assumptions about boundaries. With this enhancement
method, most objects can be located almost anywhere in the image, so the convolutional
neural network can recognize all the corners as well. Using this method can be very
effective in enhancing the amount of data if the image has a monochrome background
or a pure black background. Random flipping includes horizontal and vertical flipping.
Of these, horizontal flipping is the most commonly used, but depending on the actual
target, vertical flipping and other angles of flipping can also be used.

3.6.5 Gamma Correction

The nonlinear photoelectric conversion characteristics of sensors in electronic devices
(e.g., camcorder, monitor) require the application of Gamma correction, which edits the
Gamma curve of an electronic image and then performs nonlinear tonal editing of the
image [25]. The basic idea of Gamma correction is to segment each of the color spaces
R, G, and B and use linear functions in each segment to correct. This series of linear
functions is generated based on the compensation of the Gamma curve by using a series
of linear functions instead of a symmetric curve of the Gamma curve about the function
y = x. Gamma represents a diagonal line between the output and input values of the
image, with a gamma value of usually 2.3.

Gamma correction has a significant effect on the image, and different Gamma curves
can achieve different results. The contrast of the whole image is related to the Gamma
correction, and the higher the contrast, the more obvious the visual effect to the human
eye. The color of the image is also related to the Gamma correction, the higher the
contrast, the higher the color saturation of the whole image.

3.6.6 Affine Transformation

The affine transformation means that the image can be translated and rotated by a series of
geometric transformations, while maintaining the flatness and parallelism of the image.
Straightness means that a straight line is still a straight line and a half-circle is still a
half-circle after the affine transformation; parallelism means that parallel lines are still
parallel lines after the affine transformation.

Affine transform (AFT) is a permutation operation that randomly changes the posi-
tion of image pixels. The affine transform of an image f (x, y) The size of the n x n The
affine transform of an image of pixels is calculated by (x/ Y ), and the affine transform

can be computed by left multiplying the original vector [Xi| by left multiplying one or
y
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more transformation matrices, and multiple transformation matrices can be combined.
The function is represented as follows.

(s [ [

where “mod” stands for modal operation, the a € [1, n], b € [1, n], the a, b the values
of can be taken randomly in the range. i, j is determined by their relative to n the relative
primes chosen. This i and j are chosen such that the affine transformation maps the
original coordinates (x, y) mapped to a unique pixel in the transformed coordinates. If i
and j are not relatively prime with respect to n are relatively prime, the affine transform
maps different original coordinates to the same pixel in the transformed coordinates.
After the AFT, the total energy of the input image remains constant [26].

4 Experiment Results

4.1 Experiment Configuration

On a personal computer running Windows 10 with a 2.5 GHz Intel Core i7 CPU and
32 GB of RAM, the experiment was carried out. The tests were carried out more times
to smooth the randomness issue, and the overall accuracy was introduced to evaluate
the results. We set the main parameters of training configuration as follows: Maximum
Epochs was defined as 30, Initial Learn Rate was set to 0.01, Mini Batch Size is 256 and
Learn Rate Drop Factor is 0.1.

4.2 Structure of Eight-Layer CNN Based on Blocks

In this paper, we introduced an eight-layer convolutional neural network with hybrid
modules for Chinese fingerspelling sign language recognition. AS shown in the Fig. 3,
the proposed network contains six convolutional layers with hybrid modules and two
fullyconnected layers. Among them, the hybrid module is further divided into three
situations: Block I (Conv-BN-ReLU-Pooling), Block II (Conv-BN-ReLU) and Block IIT
(Conv-BN-ReLU-BN). The first hybrid mode is a commonly used combination, which
is employed to verify and test the configuration of pooling. The second is a comparison
mode, which omits the pooling operation. The third is a bold innovation. Here, the BN
operation is applied twice to better standardize the input of adjacent layer and make
the distribution more balanced and reasonable. All advanced technologies play their
roles in their respective modules, and different combinations and cofigurations make the
overall performance improved. The hyperparameters of proposed network have been
demonstrated in Table 1. At the same time, the value of “Padding” is set to “same” and
the dropout rate is 0.4.

4.3 Statistical Results

Our method CNNBB adopted 3 hybrid blocks was executed 10 runs, and the results are
demonstrated in Table 2. As can be seen, the bolded portion of the column indicates
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Table 1. Parameters of each layer based on blocks

Index Layer Filter Size Filters Stride
Input
1 Layer1-Block I 3x3 16 2
2 Layer2-Block I 3x3 32 2
3 Layer3-Block I 3x3 64 2
4 Layer4-Block II 3x3 128 2
5 Layer5-Block II 3x3 128 2
6 Layer6-Block IIT 3x3 256 2
7 FullyConnectedLayer1
8 FullyConnectedLayer2
Output

that the MSD (mean and standard deviation) is 93.32 &£ 1.42%. The maximum accuracy,
however, comes in at 96.48%, while the lowest is 91.41%. All the accuracy values exceed
90%. Thus, it indicates that our method owns better stability and effectiveness.

Table 2. Ten runs of our method

Run Accuracy of Our Method
92.97%
92.19%
91.41%
92.58%
92.19%
93.75%
93.75%
93.75%
96.48%
94.14%

MSD 93.32 £ 1.42%

O | 0| Q| N N || W N =

—_
(=]
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5 Discussions

5.1 Comparison of Pooling Method

In this experiment, both maximum pooling (MP) and average pooling (AP) were verified
without changing the parameter settings. As shown in Table 3, the results of 10 runs of
average pooling are as follow: 90.06%, 91.23%, 89.45%, 91.28%, 91.84%, 92.02%,
91.45%, 92.23%, 91.63% and 93.58%. The MSD of average pooling is 91.48 £ 1.14%,
which is litter lower to maximum pooling 93.32 4 1.42%. Figure 9 is represented a vivid
comparison between AP and MP. It is obvious from the results that maximum pooling
performs well in recognition accuracy. It achieved the highest accuracy rate of 96.48%,
while the average pooling rate was only 93.58%. In addition, the accuracy of maximum
pooling is significantly better than that of average pooling each time of execution.

Table 3. Comparison of pooling method

Run Average Pooling Maximum Pooling
1 90.06% 92.97%
2 91.23% 92.19%
3 89.45% 91.41%
4 91.28% 92.58%
5 91.84% 92.19%
6 92.02% 93.75%
7 91.45% 93.75%
8 92.23% 93.75%
9 91.63% 96.48%
10 93.58% 94.14%
MSD 91.48 + 1.14% 93.32 + 1.42%

5.2 Effect of Double Bath Normalization

As an innovation, a double BN structure (Block III) was introduced to verify whether
the overall performance can be improved. In this experiment, the Block III was placed
to last position and it played a significant role. As can be seen, the comparison between
using double BN and without double BN is indicated in Fig. 10 and Table 4. It denoted
that double BN make the input layer more distributed and normalized, which can further
avoid gradient disappearance and accelerate learning convergence.

5.3 Comparison to State-of-the-Art Methods

In this experiment, eight state-of-the-art methods: HMM [27], CSI [28], HCRF
[29],GLCM-PGSVM [30], WE-KSVM [31], 6L CNN-LRELU [32], AlexNet-DA-
Adam [33], CNN7-DA [34] were compared with our proposed network CNN-BB. As
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Fig. 9. Comparison of average pooling and maximum pooling
Table 4. Comparison of BN
Run Singer BN Double BN
1 91.41% 92.97%
2 89.06% 92.19%
3 91.80% 91.41%
4 90.63% 92.58%
5 91.41% 92.19%
6 91.41% 93.75%
7 92.19% 93.75%
8 92.58% 93.75%
9 92.58% 96.48%
10 91.41% 94.14%
MSD 91.45 + 1.03% 93.32 + 1.42%

can be seen in Fig. 11, our CNN-BB methods achieved superior MSD. Two important
factors boost the discriminative ability of our network. Singer BN can provide the balance
distribution of input and smooth the disappearance of gradient. Double BN can improve
the effectiveness and accelerate the convergence of learning. Additionally, operation of
pooling can decrease the computation and cut down the ovefitting. Meanwhile, dropout
and ReLU also play their role in the architectures.
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Fig. 11. Comparison to state-of-the-art approaches

6 Conclusions

In the above study, we proposed a block-based eight-layer optimized convolutional neural
network (CNN-BB) for Chinese handwritten sign language recognition. In the architec-
tures, three different blocks, that is, Conv-BN-ReLU-Pooling, Conv-BN-ReL. U, Conv-
BN-ReLU-BN were employed. Adopting drop-out, data enhancement, ReLU, batch
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normalization and pooling and other advanced technologies, the CNN-BB proposed
in this paper achieved 93.32 + 1.42% MSD, which is superior to the other advanced
method.

In future studies, we will try to establish more adequate data sets, more advanced
methods and fine-tune the hyperparameters in the hope of obtaining better performance.
Meanwhile, transfer learning and shifting the optimized network to other fields are also
the goals we should focus on.
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