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Abstract

American Sign Language (ASL) is widely used for communication by deaf and
mute people. In fingerspelling, the letters of the writing system are represented
using only hands. Generally, hearing people do not understand sign language and
this creates a communication gap between the signer and speaker community. A
real-time ASL fingerspelling recognizer can be developed to solve this problem.
Sign language recognizer can also be trained for other applications such as
human-computer interaction. In this paper, a hybrid Discrete Wavelet Transform-
Gabor filter is used on the colour images to extract features. Classifiers are
evaluated on signer dependent and independent datasets. For evaluation, it is very
important to consider signer dependency. Random Forest, Support Vector
Machine and K-Nearest Neighbors classifiers are evaluated on the extracted set
of features to classify the 24 classes of ASL alphabets with 95.8%, 94.3% and
96.7% accuracy respectively on signer dependent dataset and 49.16%, 48.75%
and 50.83% accuracy respectively on signer independent dataset. Lastly,
Convolutional Neural Network was also trained and evaluated on both, which
produced 97.01% accuracy on signer dependent and 76.25% accuracy on signer
independent dataset.
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1. Introduction

ASL recognition has been a topic of research for decades. There are several
challenges in ASL fingerspelling recognition such as hand segmentation in a
complex background, camera sensitivity to lighting conditions, different hand
shapes and orientations while fingerspelling, sign boundary detection, etc. Over the
years, researchers have used motion-tracking gloves or Microsoft Kinect to develop
ASL recognizers. Although sensing devices such as Microsoft Kinect describe the
hand signs precisely and give high accuracy, but the usage of these devices is not
feasible. These devices are costly and are not feasible to be used outside the
laboratories. The aim of this paper is to develop an ASL fingerspelling recogniser
without using motion-tracking gloves or Microsoft Kinect. This paper discusses
two approaches for ASL recogniser, first approach segments hand from the image
then extracts features from the segmented image and finally identifies the class of
that sign and second approach trains the CNN on the labelled training dataset.

The ASL alphabets are shown in Fig. 1. These alphabets are represented with only
one hand. ASL has many similar signs. For example, ‘a’, ‘e’, ‘m’, ‘n’, ‘s’, and ‘t’ are
highly similar and are signed as a fist and only differ by the position of the thumb. 'h’,
'g', 'k"and 'p" also resemble each other. Further, ASL has dynamic signs for 'j' and 'z'.
This paper considers only the 24 static ASL alphabets. Barczak et al. [1] presented
the dataset, which was used for the training and testing of the recogniser. Hand
segmentation is done using skin colour segmentation. It is assumed that the image
contains only hands and no other objects having skin colour. The dataset is divided
into training and testing into two scenarios: the signer dependent dataset and signer
independent dataset. In the signer dependent dataset, the whole dataset was randomly
shuffled into test and train data. This random shuffling has a drawback that the
training dataset contains some of the hand signs of the signer on which, the model is
being tested. The signer independent dataset is independent of the signer. The dataset
contains signs made by five different signers. For the signer independent dataset, the
hand signs of one signer were used for testing and the hand signs of others were used
for training. Random Forest, SVM, KNN classifier performed well on the signer
dependent dataset but did not give satisfactory results on signer independent dataset.
CNN was also trained and evaluated on both datasets. It achieved satisfactory results
on signer independent dataset.

Fig. 1. ASL fingerspelling alphabets reproduced from [2].
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The paper is organised as follows. Section 2 discusses the previous work done
by various researchers. Section 3 highlights our proposed solution. Experimental
results and evaluations are shown in section 4. Section 5 concludes the paper and
describes future scope.

2. Related Work

Various previous works used specialised hardware like Microsoft Kinect for ASL
recognition. For instance, Pugeault and Bowden [3] and Chou et al. [4] collected
appearance and depth images using Microsoft Kinect device. Pugeault and
Bowden [3] and Aryanie and Heryadi [5] used OpenNI+NITE framework for
hand detection and tracking. Pugeault and Bowden [3] created the ASL
fingerspelling dataset of nearly 65,000 images, which has been used in many
research works Aryanie and Heryadi [5], Dong et al. [6] and Rioux-Maldague and
Giguere [7]. Colour gloves have also been used for hand detection and tracking.
Dong et al. [6] trained a per-pixel classifier to identify hand parts using a colour
glove based system. Classification of hand symbols mainly relies on the
extraction of features, which can distinctively describe each hand symbol. The
features are used along with statistical learning algorithms to predict the
fingerspelled alphabets. Pugeault and Bowden [3] extracted hand shape features
using Gabor filters averaged over Gaussian bank. Dong et al. [6] developed a
hierarchical mode-seeking method to localize joints under kinematic constraints
and extracted joint angles, Chou et al. [4] extracted fingertips and palm centre by
applying distance transform and used hand angle and finger angles to describe
the hand gesture, Zhou et al. [8] described gestures using HOG, position of
fingers, wrist, palm centre and proposed a finger detection algorithm. Aryanie
and Heryadi [5] took a normalised colour histogram as a feature vector. In some
cases, dimensionality reduction becomes important and classification results are
better on reduced space than in the original space. In dimensionality reduction,
the high dimensional feature vectors are reduced to fewer dimensions. Pan et al.
[9] used PCA and LDA for dimensionality reduction. Transfer learning is an
important concept in machine learning and allows to apply the knowledge gained
while solving a problem with another problem. Gattupalli et al. [10] trained the
deep learning based pose estimators on ASL dataset. Learning algorithms such
as Random Forest [3], Neural Network [4], Deep Belief Network [7], KNN [5]
have been deployed for the classification task.

3. Proposed Solution

This section describes how the ASL fingerspelling system learns to recognize the
various static ASL alphabets. The system consists of three major phases: Pre-processing
(including hand segmentation and external contour extraction), feature extraction, and
classification. The dataset [1] contains colour images of 24 static signs of ASL captured
from five users. However, the colour images have a uniform black background and the
images have been properly cropped such that there is minimal extra space around the
boundaries. The images are of high resolution and the height to width ratio vary
significantly. There are 2,524 colour images of the static signs of ASL.

3.1. Dataset division

We divided the datasets into a training set and testing set in two ways:
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e Signer independent datasets: Hand sign datasets of four of the five signers are
used to train and the hand sign datasets of the remaining signer is used to test.

e Signer dependent datasets: The complete dataset is first shuffled and then
randomly divided into training and test datasets.

3.2. Pre-processing

Image of signer generally contains not only the hand sign but also many other
random objects in the background. These random objects like the wall behind the
hand are not relevant to sign determination and can safely be removed from the
image. Hand segmentation is the process of extracting the hand sign from the
image. For identifying the sign, segmenting the hand in the image accurately is a
crucial step in Sign Language Recognition. It is assumed that no object other than
hands have skin colour. The hand region can be extracted from the background
using skin colour based segmentation when no skin colour disturbance is present
in the image. Skin colour based segmentation is efficient because it is invariant to
translation and rotation. There are many different colour models such as
YCbCr, HSV for skin region recognition.

The images in the dataset [1] do not require hand segmentation since the
background is black. However, when the image has the complex background, then
skin colour segmentation using YCbCr for hand segmentation is used. In the
YCbhCr colour space, RGB colour space is separated into the luminance and chroma
components. Y is the luminance component and Cb and Cr are the colour
difference chroma components. Values of Y, Cb, Cr can be obtained from the RGB
values using the Eq. (1) [11]. The prime symbol denoted by mean gamma
correction is used. Gamma correction controls the overall brightness of an image.
R’, G"and B'nominally range from 0 to 1, with 0 representing the minimum intensity
and 1 the maximum.

Y' =16 + (65481 - R+ 128.553 - G' + 24.966 - B")
Cp =128+ (—37.797 -R' — 74.203 - G' + 112.0 - B)
Cr =128+ (112.0-R'—93.786 - G' — 18.214 - B") (1)

After obtaining YCbCr colour space values for each pixel in the image, each
pixel was classified as skin pixel or non-skin pixel. If the values of Y, Cb and Cr for
a pixel in the image lies in the ranges [12] mentioned in Eq. (2), then that pixel is a
skin pixel, else it is a non-skin pixel.

0<Y <255
133 < C5 < 173
77 < Cp < 127 )

After hand segmentation is done, external contours are extracted for hand.
Contours are the curve, which join the boundary points that are of same colour or
intensity. The two fundamental morphological operations, namely, erosion and
dilation are used for this. Erosion shrinks an image by removing a layer of pixels
along the external as well as internal boundaries. Dilation is opposite to erosion and
it adds a layer of pixels along the external as well as internal boundaries. The
obtained image is called eroded image and dilated image after applying erosion and
dilation, respectively. On the hand-segmented image, erosion is applied first to
obtain eroded image. Dilation is applied on this eroded image to obtain dilated

Journal of Engineering Science and Technology September 2018, Vol. 13(9)



American Sign Language Fingerspelling using Hybrid Discreet Wavelet . . . . 2659

image. External contour of the hand sign is obtained by subtracting the eroded
image from the dilated image. The pixels on the external contours are white and
remaining pixels are black.

3.3. Feature extraction

After pre-processing, the next step it to extract features. We extracted 50 features
using a histogram of distances from Centre of Mass and 24 from hybrid DWT-
Gabor filter. Below sections discuss these features in more details and share
insights on feature computation.

3.3.1. Histogram of distances from Centre of Mass

These features have the information related to the shape of the hand. To construct
the histogram of the distances from the COM, distance of each white pixel from the
COM of the external contour is calculated. The distances are then normalised by
dividing them with the sum of all distances. Using these normalised distances, a
histogram of equally spaced 50 bins is generated, which gives a feature vector of
size 50. This method is robust as it handles rotation of the hand. However, the signs
which resemble in shape such as 'm'and 'n' have similar histograms.

3.3.2. Hybrid DWT-Gabor filter

In this approach, DWT is applied to the image followed by a bank of Gabor filters.
The DWT is applied to hand signs to obtain the high-frequency components. Level
1 2D DWT s applied on the images to obtain detail and approximation images.
Then a bank of Gabor filters with different frequency and orientation is applied to
the high-frequency image to obtain Gabor-filtered images. Features are then
extracted from the Gabor filtered images. A Gabor filter bank of 12 filters was
prepared. It had been prepared with 4 different orientations (0, #/4, #/2, 3z/4) and
3 wavelengths (z/4, z/2, 3z/4). Each filter was applied to the image and two features
were calculated from the response matrices viz. Local energy and mean amplitude.
This gives us 24 features per image. Local energy is calculated by summing up the
squared value of each matrix value from a response matrix and mean amplitude is
calculated by summing up the absolute values of each matrix value from a response
matrix. The subsections to follow discuss DWT and Gabor filter.

3.3.2.1. Discrete Wavelet Transform

A Discrete Wavelet Transform provides the time-frequency representation of a signal.
The DWT of an image is obtained by passing it through a series of low pass and high
pass filters. It gives two different versions of the same image. When the image is passed
through a low pass filter, then it generates the approximation image. When the image is
passed through the high pass filter, then it generates the detail image. The obtained detail
and approximation images can be factorized again to obtain second-level detail and
approximation images. A bunch of images is obtained, which represent the same image
but actually corresponds to different frequency bands.

3.3.2.2. Gabor filter

Gabor filters resemble the bandpass filters and allow a certain band of frequencies.
Gabor filters represent the images in a similar way as the human visual system does.
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Gabor filters are applied to an image in the same way as conventional filters. They
give the highest response at points where the texture changes, like at the edges.

The complex component of the Gabor filter is:

202

9y A6y = exp (T2 exp (i (2n% +¢)) 3)

where x" = xcos + ysin8, y' = —xsinf + ycos6

In Eq. (3), y specifies the ellipticity of the support of the Gabor function, ¢
represents the standard deviation of the Gaussian envelope, y represents the phase
offset, 6 is the orientation of the normal to the parallel stripes of a Gabor function
and X is the wavelength of the sinusoidal factor. Figure 2 shows the response
matrices obtained after applying the Gabor bank of 12 filters with different
orientations and scales on a sample image in the dataset [1].

© =0, L=n4 ©=0,A=n2 © =0, A=3/4 © =4, h=n/4

O=n4 =34 O=n2 k=04 @ =2, A=n2

©=n/2, L= n/4 ® =34, k=4 O=3n4, L=n/2

Fig. 2. Response matrices obtained after applying the
Gabor bank of 12 filters with different orientations and scales.

3.4. Classification

There are 24 classes corresponding to the ASL alphabets except ‘j” and ‘z’. Four
different classification models were evaluated, namely, SVM, KNN, Random
Forest and CNN. First three classifiers were trained and tested using the 74 features
extracted per image whereas CNN was trained and tested using the hand-segmented
images. We found that the features obtained from a histogram of distances from
COM could not distinguish similar signs like ‘m’ and ‘n’. However, it handled
different size and orientation of hands. Hybrid DWT-Gabor filter detected the
edges and recognized the internal geometrical features of hand signs, which
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enhanced the accuracy of our model. Classification through SVM is done using
‘one vs. all” strategy. In this strategy, a binary classifier is trained for each class say
‘k’ to predict the probability that the test sample belongs to class ‘k’. For 24 classes,
we have 24 probability estimates for a test sample. The test sample belongs to the
class, which has maximum probability. Through grid search, it was found that the
penalty parameter with value 3 for ‘rbf” kernel is the best choice for features.

KNN computes the distance of sample under test from training examples and
chooses the K closest training examples. The label is assigned using majority
votes. Through grid search, it was found that choosing the value of K to be one
gives the best results. Random Forest works as a large collection of uncorrelated
decision trees. The optimal number of decision trees was found to be 200 using
grid search. CNN is a variation of multilayer perceptron, which is formed by a
number of distinct layers and has learnable weights and biases. Model
architecture for CNN is available in Fig. A-2. Spatial Pyramid Pooling [13] was
used because images were of different sizes. Resizing or adding approaches gave
poor accuracy as compared to spatial pyramid pooling. Spatial pyramid pooling
generates fixed-size representation of feature maps irrespective of the size of
input images. ReLu is introduced after every convolution step to introduce non-
linearity in the feature maps since most of the data contained in images is non-
linear. Pooling reduces the spatial size of the feature maps. It controls overfitting
and reduces computations.

4. Results and Discussion

This section presents the results obtained by the solution proposed in Section 3. As
discussed earlier, we performed experiments on two datasets, namely, signer
dependent dataset and signer independent dataset. The results are shown in Tables
1 and 2 respectively. First, we discuss the results of different classifiers on signer
dependent dataset.

Table 1. Results of the classifiers on signer dependent dataset.

Metric SVM RF KNN
Accuracy 0.9432 0.9582 0.9671
Fi1-score 0.9420 0.9570 0.9660
Precision 0.9477 0.9632 0.9695
Recall 0.9419 0.9575 0.9659

Table 2. Results of the classifiers on signer independent dataset.

Metric SVM RF KNN CNN
Accuracy 0.4875 0.4916 0.5083 0.7625
F1-score 0.4798 0.4589 0.4830 0.7605
Precision 0.5462 0.5119 0.5492 0.7988
Recall 0.4875 0.4916 0.5083 0.7624

4.1. Signer dependent dataset

We have used confusion matrices for analysing the results of classification. It can be
seen from Fig. 3 that SVM is able to correctly classify almost all classes but ‘c', 'g', 'h’,
's'and 'v' with good accuracy. It confuses 's' with 'n' and 't', ‘a' with 't'. These alphabets
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are represented as a fist and just the position of thumb varies. Such hand signs have very
similar contours. The hand signs for ‘g' and 'h' are also very similar. It had an accuracy
of 94%. Figure 4 shows that Random Forest correctly classified almost all alphabets
except 'g', 's', 't and v'. It also confused 's' with 'n" and ‘g" with 'h'. Random Forest
classifier achieved an accuracy of 95%. Similarly, K-Nearest Neighbors Classifier also
confuses hand signs such as 's' with 'n', 'g" with 'h" as shown in Fig. 5. It classified the
hand signs with an accuracy of 96%. CNN confuses 'k’ with 't'. It can be seen in Fig. 6
that CNN classifies most of the hand signs correctly with over 90% accuracy except a
few. CNN has achieved the highest accuracy of 97% among all these classifiers. Signer
dependent classification has a limitation that the training dataset must contain the hand
signs of all the signers for whom it is to be used that is impractical. In the next section,
we discuss the results of different classifiers on signer independent dataset. We can
produce a more practical model on signer independent datasets, which are able to
recognize signers not represented in the training dataset.
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Fig. 3. Confusion matrix for SVM on signer dependent set.
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Fig. 4. Confusion matrix for Random Forest on signer dependent set.
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Fig. 5. Confusion matrix for KNN on signer dependent set.
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Fig. 6. Confusion matrix for CNN on signer dependent set.

4.2. Signer independent dataset

Figure 7 shows that SVM misclassified almost every class and is able to recognize
correctly only a few letters viz. 'f, 'i', 'I', '0" and 'u". It classifies 'h' as 'g' with over
90% accuracy. It had an accuracy of 48%. Random Forest correctly classified ‘d’,
', 'g", 'I', ‘0" and ‘U’ with 90% accuracy as shown in Fig. 8. It had an accuracy of
49%. Figure 9 shows that KNN classifier correctly classified 'd', ‘g, 'k', 'I'and 'u’
with over 90% accuracy. It had an accuracy of 50%.

The results suggest that these classifiers cannot be used for practical
applications. Next, we trained CNN and achieved 76% accuracy. CNN confuses 'm'
and 'n’', 't' with 's', 'v' with 'w', 'n" with 's’, 'r" with 'u’ and 'd’, 'c' with '0' as shown in
Fig. 10.
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Fig. 7. Confusion matrix for SVM on signer independent set.
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Fig. 10. Confusion matrix for CNN on signer independent set.

Figure 11 shows the ASL fingerspelling letters having accuracy lower than 50%
for our CNN model. The major reason for misclassification of these hand signs is
their similar shapes. Figure 12 shows the ASL fingerspelling letters having
accuracy higher than 70% for our CNN model.

Fig. 11. ASL fingerspelling letters having accuracy lower
than 50% for our CNN model.
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accuracy higher than 70% for our CNN model.

4.3. Accuracy comparison with previous research

Our model has achieved the highest accuracy of 97% when CNN is used on signer
dependent dataset and 76% on signer independent dataset. Aryanie and Heryadi
[5] and Dong et al [6] used the dataset created by Pugeault and Bowden [3] and
achieved an accuracy of 92% and 99.98% respectively. Chou et al. [4] achieved
higher than 80% accuracy for most of the fingerspelling in ASL. Pan et al. [9] used
the dataset presented by Barczak et al. [1] and achieved 94% accuracy.

5. Conclusions

In this paper, we have proposed a hybrid DWT-Gabor filter for feature extraction.
It is a point worth noting that signer dependency should be considered for
evaluating a model. Our experiments have shown that what works for signer
dependent dataset, might not work with that high accuracy on signer independent
dataset. A good model should work on signer independent dataset too. Skin based
hand segmentation seems to be a good choice over adding extra hardware.
Confusion matrices revealed that the alphabets, which are similar in shape like ‘m’,
and ‘n’, ‘g’ and ‘h’, etc., are misclassified. The confusion matrices showed that
SVM, KNN and Random Forest misclassified almost all letters on the signer
independent dataset whereas CNN misclassified only a few letters including 'k’, 'm’,
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m,

r', 'v'. We have achieved encouraging results and our model is capable of

identifying hand signs in real time. We can consider the following works in the
future. First, support for dynamic gestures can be added. Second, instead of skin
based hand segmentation, CNN can be used to segment hands too.

Nomenclatures

Cs Blue-difference chroma component

Cr Red-difference chroma component

Y Luminance, candela per sq. m

Greek Symbols

0 Orientation of the normal to the parallel stripes

> My A g

Abbreviations

ASL American Sign Language
CNN Convolutional Neural Network
COM Centre of Mass

CSL Chinese Sign Language

DWT Discrete Wavelet Transform
HOG Histogram of Oriented Gradients

HSV Hue, Saturation, Value

KNN K-Nearest Neighbors

LDA Linear Discriminant Analysis
OpenNIl  Open Natural Interaction

PCA Principal Component Analysis

RelLu Rectified Linear Unit
SVM Support Vector Machine

of a Gabor function

Phase offset

Pi

Spatial aspect ratio

Standard deviation of the Gaussian envelope
Wavelength of sinusoidal factor, m
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Appendix A
Computer Programme
A. 1. Programme Structure

Python language is used in programming the classification methods. There are two
main programs: first, the program performing classification using SVM, Random
Forest and KNN and second, the program performing classification-using CNN.
The first program is divided into different modules viz. image pre-processing,
feature extraction and classification. The flow chart is shown in Fig. A-1. Each
module serves a specific function and can be easily modified without affecting
other modules. Modules are linked together using function calls. The first module,
'Image Pre-processing' takes as input a digital image, it performs hand segmentation
and extracts contours. The output of this module is passed to 'Feature Extraction'.
The extracted feature vector is passed to 'Classification' module. Classifiers are
implemented in this module.
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Fig. A-1. Flowchart of the computer program used
for classification using SVM, KNN and Random Forest.

The second program contains the model architecture of the CNN. It takes as
input the digital image and predicts the class. The flow chart is shown in Fig. A-2.
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Fig. A-2. Flowchart of the computer
program used for classification using CNN.
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