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Topic

Al-Powered Real-time Classification of Sign Language: This project aims to develop an Al
model that recognizes sign language in real time. This innovation can significantly enhance
the communication abilities of audibly impaired individuals. The topic is interesting because
American Sign Language (ASL) is a complex and distinct language used by a significant
portion of the population, particularly in the deaf community. By creating Al that can
understand and communicate in sign language, we can slowly deconstruct the language

barriers that marginalize the hard of hearing.



Essential Question

How can we use Al to help the hard of hearing communicate?

The number of Americans who are hard of hearing or deaf is disproportionate to the
number of Americans who can understand American Sign Language(ASL). According
to a recent study, there are approximately 2 million deaf people in the United States
who use sign language as their primary mode of communication (www.icphs2019.org).
Our group sees the potential of Al to better integrate those who are hard of hearing
into the lives of those who don’t have difficulty hearing.



Supporting Evidence

It is estimated that about 15% of the American population — or around 375 million people — are deaf or hard of
hearing. This includes people who have a partial loss of hearing, as well as those who are completely deaf.

https://www.icphs2019.org/the-deaf-and-hard-of-hearing-population-in-america#:~:text=1t% 20is% 20estimated % 2
Othat%20about%2015 %25 % 200f% 20the.as % 20well % 20as % 20those % 20who % 20are % 20completely % 20deaf.

Research has shown that the exact number of American speakers of American Sign Language is hard to state,
with estimates ranging between 500,000 and two million.

https://www.usahearingcenters.com/deaf-resources/sign-language-statistics.html

According to a recent study, there are approximately 2 million deaf people in the United States who use sign
language as their primary mode of communication.

https://www.icphs2019.org/the-use-of-sign-language-among-deaf-people-in-the-united-states



https://www.icphs2019.org/the-deaf-and-hard-of-hearing-population-in-america#:~:text=It%20is%20estimated%20that%20about%2015%25%20of%20the,as%20well%20as%20those%20who%20are%20completely%20deaf
https://www.icphs2019.org/the-deaf-and-hard-of-hearing-population-in-america#:~:text=It%20is%20estimated%20that%20about%2015%25%20of%20the,as%20well%20as%20those%20who%20are%20completely%20deaf
https://www.usahearingcenters.com/deaf-resources/sign-language-statistics.html
https://www.icphs2019.org/the-use-of-sign-language-among-deaf-people-in-the-united-states
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Algorithm

The algorithm is split up into three main parts:

Gather data

Generate a data set

Train the model (in this case we used a random forest classifier) and test the model with real time
data

Necessary libraries are:
Opencv a Python library that allows you to perform image processing and computer vision tasks

MediaPipe an open-source framework for building pipelines to perform computer vision
inference over arbitrary sensory data such as video or audio

Scikit-learn a software machine learning library for Python
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age to prompt the user to press "Q" t
import os
done = False
while True:

import cv2

S

ret, frame = cap.read()
cv2.putText (frame, 'Ready? Press "Q" ! :)', (100, 50),
cv2.FONT HERSHEY SIMPLEX 1.3, (0, 255, 0), 3,
cv2.LINE AA)
cv2.imshow('frame', frame

Define the directory to store the collected dat
ATA DIR = './data'

o

Create the directory if it does not exis
if not os.path.exists(DATA DIR):
os.makedirs(DATA DIR)

l

O |
|
|

if cv2.waitKey(25) == ord('q'):

break

ES

Define the number of classes (signs) and the datase

size per class # Collect images for the current clas

]

number of classes = 2 counter =

while counter < dataset size:

[o}

ataset size = 100
ret, frame = cap.read()

S

cv2.imshow('frame', frame)
cv2.waitKey(25)
# Save the collected image to the corresponding clas

Open a connection to the default camera (0) usin
penCV, this may vary depending on the use
cap = cv2.VideoCapture(0)

irector
cv2.imwrite(os.path.join(DATA DIR, str(j),

Loop through each class

or j in range(number of classes): '{}.jpg'.format (counter)), frame)
# Create a directory for each class if it does no
exis counter +=
if not os.path.exists(os.path.join(DATA DIR,
1)) :
os.makedirs(os.path.join (DATA DIR, str(j))) cap.release()

cv2.destroyAllWindows()

Release the camera connection and close all OpenCV windo

—

print('Collecting data for class {}'.format(j))



import os
import pickle
import mediapipe as mp
2
import matplotlib .pyplot as plt
# Initialize Media Hands module
mp drawing = mp.solutions.drawing utils

Define the directory where the collected images are stored
ATA DIR = './data'

abels =
Loop through each subdirectory (class) in the data directory
for dir in os.listdir (DATA DIR)

# Loop through each age in the current subdirectory

for img path in os.listdir (os.path.join (DATA DIR, dir )):

# List to store the hand landmarks data for the current image

data aux = []

# Lists to store the x and y coordinates of hand landmarks
x_ =[]

v []

# Read the image and convert it to RGB format

img = cv2.imread (os.path.join (DATA DIR, dir , img path))
img rgb = cv2.cvtColor (img, cv2.COLOR BGR2RGB )

# Process the image to detect hand landmarks using MediaPipe

results = hands.process(img rgb)
# Check if hand landmarks are detected in the image
if results.multi hand landmarks:
# Loop through each detected hand in the image
for hand landmarks in results.multi hand landmarks:
# Extract x and y coordinates of each hand landmark
for i in range (len (hand landmarks .landmark)) :
x = hand landmarks .landmark[i].x
y = hand landmarks .landmark[i].y
# Store x and y coordinates in separate lists
x .append (x)
.append (y)
# Normalize the coordinates relative to the minimum
values
for i in range (len (hand landmarks .landmark)) :
x = hand landmarks .landmark[i].x
y = hand landmarks .landmark[i].y
data aux.append (x - min(x ))
data aux.append (y - min(y ))
# Append the hand landmarks data and corresponding label
to lists
data.append (data aux)
labels .append (dir )
# Save the extracted data and labels to a pickle file
f = open ('data.pickle', 'wb')
pickle.dump ({'data': data, 'labels': labels}, f)
f.close ()



# Initialize a RandomForestClassifier

model = RandomForestClassifier ()

# Train the model on the training data

import pickle

from sklearn.ensemble import RandomForestClassifier
from sklearn.model selection import train test split # Predict labels for the test data

from sklearn.metrics import accuracy score y predict = model.predict(x test)

import numpy as np

model.fit(x train, y train)

# Load the preprocessed data from the pickle file # Calculate the accuracy of the model on
data dict = pickle.load(open('./data.pickle', 'rb')) the test set

score = accuracy score(y predict, y test)

ES

Convert the data and labels to NumPy arrays

[o}

ata = np.asarray(data dict['data'])

labels = np.asarray(data dict['labels']) # Print the accuracy of the model
# Split the data into training and testing sets print ('{}% of samples were classified
x train, x test, y train, y test = train test split (data, correctly !'.format (score * 100))

labels, test size=0.2, shuffle=True, stratify=labels)

# Save the trained model to a pickle file
= open('model.p', 'wb')

pickle.dump ({'model': model}, f)

[=y

f.close ()



import cv2 # Read a frame from the camera

ret, frame = cap.read ()

# Get the height and width of the frame
H, W,
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Load the trained model from the pickle fi
= frame.shape

model dict = pickle.load(open('./model.p', 'rb'))
model = model dict['model']
# Convert the frame to RGB format

frame rgb = cv2.cvtColor (frame, cv2.COLOR BGR2RGB)

H=

Open a connection to the default camera (0) using OpenCV, again this may vary f
user to usex

cap = cv2.VideoCapture(0) # Process the frame to detect hand landmarks using MediaPipe

Hands
Initialize MediaPipe Hands modu

mp hands = mp.solutions.hands
mp drawing = mp.solutions.drawing utils

mp drawing styles= mp.solutions.drawing styles

ands = mp hands.Hands (static image modesTrue, min detection confidence0.3

H=

labels dict = {0: 'A', 1: 'B', 2: 'C', 3: 'D', 4:
6: '¢', 7: '"', 8: 'r', 9: 'J', 10: 'K', 11: 'L',

12: 'M', 13: 'N', 14: 'O', 15: 'P',

Dictionary mapping numeric labels to corresponding hand signs

(A

8. 's', 19: 'T', 20: 'U', 21: 'V', 22: 'W', 23:
24: 'y', 25: '7'}

# Infinite loop to continuously capture frames from the came

)

results

# Check

= hands .process ( frame rgb

if hand landmarks are detected

if results.multi

hand landmarks:

in the frame

# Draw landmarks and hand connections on the frame

for hand landmarks in results.multi

hand landmarks:

mp drawing .draw landmarks (
frame, # image to draw

hand landmarks,

# model output
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# Extract hand landmarks data for further processi # Make a prediction using the trained model
for hand landmarks in results.multi hand landmarks prediction = model.predict ([ np.asarray (data aux)])
for i in range(len(hand landmargslandmark)) # Get the predicted character corresponding to the numeric

x = hand landmarks landmark[i].
abel

y = hand landmarks landmark[i].
predicted character = labels dict [int (prediction [0])]

# Draw a bounding box around the hand region and display

y_.append(y) the predicted character

[}

X .append(x

cv2.rectangle (frame, (x1, v1), (x2, vy2), (O
for i in range(len(hand landmarks landmark))

r 0’ O r 4)
% — hand landmarks landmark[i].x cv2.putText (frame, predicted character , (x1, yl - 10),

y = hand landmarks landmark[i] . cv2.FONT HERSHEY SIMPLEX , 1.3, (0, 0, 0), 3,

data_aux.append(x - min(x )

data_aux.append(y - min(y_) # Display the frame with the drawn landmarks and bounding box

cv2.imshow ('frame', frame)
# Calculate bounding box coordinates for the hand regi : R
. . # Check for the 'Esc' key to exit the infinite loop
x1l = int(min(x ) * W) - 10

yl = int(min(y ) * H) - 1 cv2.waitKey (1)

‘

X2 = int(max(x )

[
(=]

Release the camera connection and close all OpenCV windows
cap.release ()
cv2.destroyAllWindows ()

ES
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y2 = int(max(y ) * H) -
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Results (cont.)




Next Steps for our Project

Increase diversity of the dataset. Currently the model is only trained on one
member’s hand. We need to account for different hand shapes/colors

ASL uses both hands and some of the hands signs have motions associated with
their meaning. For example, J is similar to 1, the difference being the motion of
the letter J] made with the pinky. The model needs to be improved for this

There are currently issues with, similar hand signs. I.e m, n, and t are similar and
casily confused by the model, same with d and z

The UI could also be further improved to save letters/words to display full
sentences
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