
● After many alterations in fine-tuning our network, we 
were able to achieve almost 50% total accuracy for all 24 
letters

● Smaller tests examining only a section of letters rather 
than all 24 yielded higher results
○ A-K gave over 93% testing accuracy (Fig. 3)

● M, N, and O are the main issue letters lowering accuracy 
in larger test batches

● There is still evidence of overfitting in our model as can 
be seen in Fig. 5, by the high validation and testing 
accuracies and low testing accuracy
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This project aims to help close the gap between the 
hearing and deaf communities through computer vision and 
deep learning. The program has been trained to pinpoint 
and differentiate between letters in the American Sign 
Language alphabet. It will then translate the signs to an 
easy-to-read text for the user to see what the signer is 
saying. This is done through a Raspberry Pi with a camera 
attachment, which is low-cost compared to previous work. 
Training and testing of the program was done through 
images and video collected from the Internet, previous 
research databases, and in person. The goal of this project is 
to make it easier for English speakers to understand any ASL 
they may encounter, and as a proof of concept that can later 
be expanded to more complicated signs.

● Convolutional Neural Network (CNN): ResNet50 was 
chosen. It is a 50 layer residual neural network, 
pre-trained with ImageNet images. Pre-trained output 
weights were used in fine-tuning our network for image 
classification of letters
○ Addition of fully connected, batch normalization, and 

softmax layers for letter recognition
● Training: Over 100,000 static images of 24 letters of the 

alphabet. Images were pre-processed to create more 
variation. Therefore, features learned by the network 
would be lighting and pose independent

● Testing: Images both similar and different to that in our 
acquired datasets were used in testing our trained model

● We were unable to achieve training on the two letters (J 
and Z) of the ASL alphabet that had insufficient data to 
train with

● Use of ResNet50 does not allow independent usage of the 
Raspberry Pi
○ MobileNets were not able to identify the letters of the 

alphabet accurately enough
● Accuracy of fine-tuned ResNet50 model for 24 different 

classes of hands
○ Model often mixed up similar looking letters, e.g. “M” 

and “N”
● Large amount of dataset letters were front-facing 

images, making discrepancies between letters like “E” 
and “O” very hard to capture

Previous Work
● Last year’s Capstone had a group that used the Leap 

Motion device for ASL recognition
● Previous research utilized the Microsoft Kinect to capture 

images and depth of ASL signs
● Expensive depth cameras have  also been used for ASL 

recognition
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● There is a decent level of accuracy for determining individual letters of the ASL 
alphabet, but it can be improved

● Better results may have been achieved via a self-made CNN and database rather 
than a pre-trained network and online databases
○ Time restrictions were a large factor in the decisions made

● Model’s accuracy is dependent on the images used
○ Images with controlled lighting and background are easily identified
○ Images with poor resolution and quality are often classified incorrectly

Figure 3: Confusion Matrix for letters A through K. Every letter 
tested with 75 images

Figure 4: Confusion Matrix for all letters, sans J and Z. Every letter 
tested with 75 images

Figure 5: Line Graph of Training, Validation, and Testing Accuracies 
over 50 epochs of all letters in ASL alphabet, sans J and Z

Figure 1: Example Input of ASL letter “A”

Figure 2: Example Output of accurately identified ASL letter “A”


