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ABSTRACT
The goal of this research is to successfully train

different Convolutional Neural Network (CNN) models to
identify sign language images, compare the performance of
each model, and figure out the best model for image
recognition and classification. The dataset is collected from
a public domain called Kaggle and contains 2515 images
representing English alphabet letters and digits from 0-9 in
American Sign Language. We use three different deep
learning architectures to approach this computer vision
problem. Specifically, we implement a custom CNN model
and fine-tune two pre-trained models called InceptionV3 and
ResNet50. These models were trained using TensorFlow and
Keras. Each model consists of numerous convolutional and
fully connected layers and is trained to classify images into
one of 36 different classes. The models' architecture
facilitates feature extraction and classification tasks, making
it well-suited for image recognition problems. The
performance of the custom CNN model, InceptionV3, and
ResNet50 are 94.17%, 96.68%, and 98.67%. All three
models generate extremely high accuracy which can
contribute to helping researchers choose the best
deep-learning method for Sign Language recognition and
other image classification tasks.
INTRODUCTION

According to the World Health Organization
(WHO), there are 20% of the global population, or
approximately 430 million people with disabling
hearing loss [1]. It is estimated that this number could
grow to over 2.5 billion people – or 1 in every 10
people – who will experience some degree of hearing
loss by 2050 [2]. In the U.S., approximately 30 million
people over age 12 live with hearing disability [3].
There are several reasons attributed to hearing loss
including genetics, illness, aging, or frequent exposure
to loud noises [4]. Besides the significant reduction in
hearing ability, these people also suffer from the
challenge of communicating with normal-hearing
people because those who suffer from hard of hearing
or deafness use sign language while normal-hearing
people use regular spoken and written language.

BACKGROUND
Those with hearing loss or deaf people

communicate in many ways including using sign language,
lip reading, hearing aids, etc. However, hearing aids or
cochlear implants can be expensive to acquire. Over the past
decades, researchers and engineers have been working
together to figure out solutions to help close the gap in
communication between these people and normal-hearing
people.

Some previous work that incorporated Sign
Language into hardware is DeepASL, which created special
glasses that capture the hand movements of the signer and
the voice of the speaker they are communicating with [5].
Wearable tech-glove translates speech into sign language in
real time [6]. Kinect Sign Language translator using
motion-sensing equipment to translate Chinese Sign
Language into spoken and written words [7]. Other
approaches use software such as Real-Time, Automatic
Sign Language Detection for Video Conferencing [8], or
On-Device, Real-Time Hand Tracking with MediaPipe by
Google Research [9]. While these are complete products,
this paper will focus on how to apply machine learning
techniques to create image recognition systems that apply to
future software and hardware technologies with improved
features.
APPROACH

We approach this problem by training the Sign
Language image dataset with three different Convolutional
Neural Network (CNN) models in hope of providing diverse
methods for researchers to develop sign Language
translation systems through deep learning. For simplicity, we
collected 2515 colored-hand-gestures images with different
hand sizes for each letter and number with a consistent
background. We propose to customize a CNN model and
compare its performance with two other pre-trained models
called InceptionV3 and ResNet50. InceptionV3 and
ResNet50 were trained on ImageNet dataset which contains
over 1.2 million images across 1000 different classes. We
want to experiment how our custom model performs
compared to these two well-trained models on a medium
dataset.



Figure 1: One sample image per class

DATASET
We collected 2515 images from a public domain and

each image contains a hand signing a letter from a-z, or a
number from 0-9. There are 70 images per letter and
number, except the letter “t” has 65 images. The 70
images show different hands signing the same letter or
number, which helps training models recognize different
skin tones, hand gestures, sizes, and height distribution of
hands for each class.

After uploading images and extracting labels to
make a data frame, there are some crucial steps to
preprocessing these data. First of all is image
preprocessing. We resized images to a more manageable
size from 400x400 to 224x224 for our working
environment. Then we rescaled images to range 0-1
because CNNs are sensitive to the scale of pixel values in
images. Rescaling ensures that our images have pixel
values within an expected range to help with numerical
stability and convergence. After preprocessing, we split
data into training sets and testing sets. For all three
models including our custom CNN model, InceptionV3,

and ResNet50, we split 70% data into training and 30%
into testing. After that, we encoded the letter labels into
numerals to make them machine-readable.
METHOD

Our method applies deep learning to train a
custom CNN model and fine-tune InceptionV3 and
ResNet50. Deep learning neural networks, or artificial
neural networks, attempt to mimic the human brain
through a combination of data inputs, weights, and biases.
These elements work together to accurately recognize,
classify, and describe objects within the data[10].
Convolutional Neural Networks (CNNs), also known as
ConvNets or Convolutional Networks, are a specialized
class of deep neural networks designed for processing
grid-like data, such as images and videos. They have been
highly successful in various computer vision tasks,
including image recognition, object detection, image
segmentation, and more. CNNs are inspired by the human
visual system and are designed to automatically learn and
extract hierarchical features and patterns from visual data.



CUSTOM CNN:
Our custom CNN model contains 32 kernels,

each with a size of 3x3. Following the first convolutional
layer, there is a max-pooling layer that reduces the spatial
dimensions of the feature maps, which is the reason the
output shape is reduced by half after the first Conv2D
layer. The second Conv2D layer has 64 filters with a size
of 3x3. Following that, there is another max-pooling layer
that continues to reduce the spatial dimensions into half
from the previous Conv2D layer. The "flatten" layer
reshapes the 3D output from the previous layer into a 1D
vector. In this case, it transforms the (None, 56, 56, 64)
shape into a 1D vector with 200,704 elements. Our dense
layer is fully connected with 128 units followed by a
dropout layer to prevent overfitting. The final dense layer
has 36 units that are responsible for producing
predictions.

We prevent overfitting by including the dropout
layer with a substantial dropout rate. It prevents the
network from relying too heavily on any single neuron
and encourages the model to learn more robust and
generalized representations of the data. This simple
technique is an effective way to enhance the model’s
performance and prevent overfitting in deep learning[11].
INCEPTIONV3

After implementing and training our custom CNN
model, we apply Transfer Learning and fine-tune two
pre-trained models called InceptionV3 and ResNet50.
Transfer Learning is a method of reusing an existing
model, also known as a pre-trained model, and applying
the knowledge that the pre-trained model learned from
prior training and testing to a new task. In other words,
Transfer Learning gives us the ability to share learned
features across different learning tasks[12]. Fine-tuning is
one of the approaches within transfer learning, and it
involves modifying the pre-trained model to fit the
specific requirements of our problem.

InceptionV3 is a deep convolutional neural
network architecture for image classification and
computer vision tasks. It is part of the Inception family of
models developed by Google and was introduced in 2015.
InceptionV3 is designed to be both computationally
efficient and highly accurate, making it suitable for a
wide range of image-related tasks. The model is the
culmination of many ideas developed by multiple
researchers over the years. It is based on the original

Figure 2: Custom CNN model
paper: "Rethinking the Inception Architecture for
Computer Vision" by Szegedy, et. al. [13]

The InceptionV3 model begins with a
299x299x3 input image and goes through a series of
layers, including convolutional and pooling layers, to
process and extract features. The key innovation lies in
its Inception modules, which consist of parallel
convolutional pathways of varying filter sizes, enabling
the network to capture features at multiple scales and
abstractions. InceptionV3 features three Inception
Module 1, five Inception Module 2, and two Inception
Module 3, each enhancing the network's ability to
understand complex visual information[14]. Global
average pooling is employed to reduce the spatial
dimensions, and the model concludes with a linear
layer and softmax classifier for final classification,
often with 1000 classes.



Figure 3: InceptionV3 architecture. Source: Towards Data Science

Our approach to InceptionV3 involved importing
InceptionV3 as a base model. We froze the pre-trained
model weights and then trained two subsequent
fully-connected layers on our dataset. To customize the
model for our specific task, we removed InceptionV3's
original top classification layer and replaced it with a
GlobalAveragePooling2D layer to downsize spatial
dimensions. We then added two fully connected (Dense)
layers, with the last layer employing a softmax activation
function for multi-class classification. The model was
prepared for training through compilation using the Adam
optimizer and the sparse categorical cross-entropy loss
function. This method allowed us to leverage
InceptionV3's feature extraction capabilities while
adapting it for our ASL image classification task.
RESNET50

ResNet is one of the popular Convolutional
Neural Network architectures in machine learning. In
2015, Microsoft Research introduced Residual
Networks (ResNet in short) in this paper [15] and
achieved significant advancements and set new records
in the field of deep learning. ResNet50 is a variant of
the ResNet model that has 48 Convolutional layers
along with 1 maxPooling and 1 Average Pooling Layer.
The ResNet50 architecture including six parts: Input
Pre-processing, Cgg[0] blocks, Cgg[1] blocks,
Cgg[2] blocks, Cgg[3] blocks, and Fully-connected
layer.

Figure 4: Fine-tuned InceptionV3



Figure 5: ResNet50 architecture. Source: Towards Data Science

In the case of our ResNet50 integration, we
initiated the process by importing the pre-trained
ResNet50 model with weights from ImageNet.
Customization was achieved by adding some layers, such
as GlobalAveragePooling2D, for spatial dimension
reduction. Furthermore, we added Dense layers with
ReLU activation, including a dropout layer with a high
rate of 0.9 to mitigate overfitting, and a final Dense layer
with a softmax activation function for multiclass
classification. Our model was configured using the Adam
optimizer and the sparse categorical cross-entropy loss
function. This approach combined the strengths of
ResNet50's pre-trained feature extraction with fine-tuning
to achieve impressive accuracy in our ASL image
classification task.
RESULTS

All three models obtained remarkable results
during both training and testing processes. The custom
CNN model achieved a training accuracy of 87.95%, and
the testing accuracy was 94.17%. The fine-tuned
InceptionV3 model achieved a training accuracy of
90.80%, and the testing accuracy was 96.68%. The
fine-tuned ResNet50 model achieved a training accuracy
of 94.55%, and the testing accuracy was 98.68%.

Figure 6: Fine-tuned ResNet50



DISCUSSION
Our findings indicate notable variations in

model performance within our study. The custom CNN
model demonstrated a very high accuracy of more than
94%. In comparison, both InceptionV3 and ResNet50
models provided even higher accuracy rates, nearly
97% and 99%, respectively.

However, it's worth noting that the initial
stability of the custom CNN model was less consistent
when compared to InceptionV3 and ResNet50. This
can be attributed to the fact that the custom CNN
model was created from scratch, while InceptionV3
and ResNet50 were fine-tuned from pre-existing
models with extensive training and testing datasets.

Despite the impressive performance of
InceptionV3 and ResNet50, we observed a small gap in
terms of performance that allowed ResNet50 to
perform slightly better(2% higher accuracy). Further
investigation revealed to us that there is an interesting
subtle difference in what InceptionV3 vs ResNet50
found from our dataset.

We observed that both models have identical
prediction results. However, a slight distinction
occurred in the 24th class prediction. The mapping
value at the predicted class to the original class
represents how many instances the model predicted
correctly. The confusion matrix of InceptionV3 and
ResNet50 shows that InceptionV3 predicted the 24th

Figure 7: InceptionV3 Confusion Matrix
class zero instances correctly, and ResNet50 predicted
17 instances correctly.

InceptionV3 Model Accuracy



At the original 24th class, InceptionV3
predicted that class was the zero class 19 times, and
ResNet50 predicted that class was the zero class 2
times. We inspected further by recalling the labeling
step, the 24th class is the letter “o” and the zero class is
the number 0.

These signs clarify that because the signs for
“0” and the letter “o” are completely identical,
InceptionV3 could not distinguish between these two
classes and predicted 0 to be “0”, and the letter “o” to
also be “0”. On the other side, ResNet50 correctly
differentiated between “0” and the letter “o” resulting
in the confusion matrix.

While InceptionV3 performed well in most
cases, the inability to identify a single case could be a
significant disadvantage, especially in computer vision
(CV) problems that involve distinguishing among
similar targets, such as regression or classification
tasks. On the other hand, ResNet50 has demonstrated
its robustness in various cases, and with further
enhancement could make it excel in future CV tasks
including image classification, motion detection, and
more.

Figure 8: ResNet50 Confusion Matrix

Figure 9: Examples of ResNet50 prediction



CONCLUSION
We perceived that ResNet50 outperformed
InceptionV3 and our custom CNN model, achieving an
impressive 99% accuracy. This makes ResNet50 a top
choice for tasks like image classification and motion
detection. Its ability to tell apart similar-looking
characters, such as "0" and "o," shows that ResNet50
has high potential in recognizing more intricate and
complex cases. Using ResNet50 in future projects
could bring more accurate and reliable results in
computer vision, helping researchers in various areas.

FUTURE IMPROVEMENT
Some future work that we can improve on includes
tuning the custom CNN model to produce higher
accuracy than the current performance (94%
accuracy). We believe that this is achievable by
investing more time into exploring different
parameters. The second thing that we can improve on
is figuring out a way to enhance InceptionV3
performance, especially in recognizing identical
objects, or targets such as the letter “o” and “0” that
are signed the same in ASL but have different
meanings depending on context. Some approaches
may be data augmentation or additional data. Besides
improving our models, we also hope to experiment
with more diverse datasets. Knowing that our models
work well on image datasets, we could try working on
more complex datasets such as sign language signed
by different-size hands, or even two hands, we could
also try training our models on more complex words,
or even video datasets by extracting videos into

frames, then extract a series of images of those frames
and train on those series of images like how we did in
this research.

LIMITATIONS
There are three limitations to this research. The first
one is a limited dataset because our dataset doesn’t
have signers sign complex words with two hands or
signs in different backgrounds or settings. The second
limitation is computational resources. This research is a
personal project and isn’t funded by any organizations
which prevents us from exploring more approaches that
require more computational power. This is also part of
the reason why we trained on a moderate dataset. The
third limit is the time scope of this research is only
10-12 weeks which shortened our time to explore
additional datasets, test with different models, and
provide more solutions.
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