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Introduction

Introducing our project on classifying different models for ASL (American Sign Language)
alphabet recognition!

In this project, we aim to explore various models for ASL alphabet recognition, specifically
designed for individuals with hearing impairments. We carefully selected this dataset to
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ensure its relevance and significance. Additionally, our motivation was fueled by having a
close friend who is deaf, making this project personally meaningful to us.

The dataset was discovered on Kaggle, and its potential immediately caught our attention.
Throughout the project's journey, we encountered numerous challenges that prompted us to
rethink and refine our approach continually. These experiences led to new insights and
innovative ideas, shaping the direction of our work.

We are excited to present the outcomes of our efforts and are delighted with the positive
results achieved. Our ultimate goal is to contribute to the advancement of ASL alphabet
recognition models and make a meaningful impact on the lives of the deaf community.

Thank you for joining us on this rewarding journey! Enjoy the project and its findings!

Overview

e Dataset URL: htips://www.kaggle.com/datasets/grassknoted/asl-alphabet

e Description: The training dataset contains 87,000 images, each measuring 200x200
pixels, we will resize to 64x64 to get better performance. There are 29 classes,
including 26 classes for the letters A-Z, as well as 3 classes for SPACE, DELETE,
and NOTHING. Since this dataset is quite extensive, our focus will be primarily on
the 26 letters (A-Z).



https://www.kaggle.com/datasets/grassknoted/asl-alphabet




The questions we want to discuss:
1. Can the model effectively distinguish between two basic signs, say, A and B?
2. Which pairs of signs are the most difficult for the model to distinguish? What features
make them similar to each other?
3. Are there certain signs that the model consistently misclassifies? What common
features might cause this confusion?
4. How well does the model generalize to new signers it has not seen during training?
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Performance of the Alternative Dataset:
1. Can the model effectively distinguish between two basic signs ?

2. Which pairs of signs are the most difficult for the model to distinquish? What features
make them similar to each other?

3. Are there certain signs that the model consistently misclassifies?
What common features might cause this confusion?

4. How well does the model generalize to new signers it has not seen during training?
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Models

Decision trees:

The decision tree model was executed utilizing the scikit-learn library : 70% training data,
30% testing.

Link to code: https://github.com/yakov103/final_ML_project/blob/main/Decision-trees.ipynb

Classification Report:

Accuracy: 0.8925213675213676
Precision: 0.892804923091994
Recall: 0.8925213675213676

F1 Score: 0.8925400055937747


https://github.com/yakov103/final_ML_project/blob/main/Decision-trees.ipynb
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Conclusions from the performance:

e Comparative Performance: Although the decision tree model showed reasonably
good performance with around 89% accuracy, precision, recall, and F1 score, these
results are not as high as those achieved by other models. This indicates that the
decision tree may not be the most effective model for this specific task.

e Feature Interpretation: The model's variable performance across different letters in
the ASL alphabet indicates that it has varying success in interpreting the features of
different letters. For example, it performed well with the letters 'P', 'Q’, 'R’, and 'N’,
suggesting that these letter signs might have distinct or unambiguous features that
the model could easily identify and categorize. Conversely, the model struggled with
letters like 'B', 'V', 'Y', and 'A', suggesting that these letters may share similar features
with other letters, confusing the model.

Logistic Regression:

For the logistic regression, we used the sklearn library and ran it with 1000 iterations.

Link to code :
https://github.com/yakov103/final ML project/blob/main/logistic regression4.ipynb

Classification Report:


https://github.com/yakov103/final_ML_project/blob/main/logistic_regression4.ipynb

Accuracy: 0.91
Precision: 0.91
Recall: 0.91

F1 Score: 0.91

Classification Report:

precision recall fl-score  support
(%] 0.86 0.89 0.87 898
1 0.86 0.90 0.88 865
2 0.90 0.89 0.90 929
3 0.85 0.87 0.86 873
4 0.89 0.85 0.87 892
5 0.91 0.86 0.89 883
6 0.92 0.90 0.91 888
7 0.90 0.91 0.90 878
8 0.93 0.96 0.95 880
9 0.94 0.93 0.94 918
10 0.94 0.96 0.95 926
11 0.93 0.95 0.94 923
12 0.91 0.91 0.91 928
13 0.92 0.94 0.93 929
14 0.93 0.93 0.93 896
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Conclusions from the performance:

1. Overall Performance: The overall accuracy, precision, recall, and F1 score of the
model is 0.91, suggesting a good level of performance across different metrics, not
the best.

2. Individual Class Performance: Looking at the results of individual classes (in this
case, each class corresponds to a different letter in the ASL alphabet), we see that
all classes have f1-scores in a relatively close range, suggesting that the model
performs comparably across all classes. The f1-score for each class lies between
0.84 V and 0.96 Z and P. This shows a good overall consistency in your model's
performance, but there might be room for improvement for classes with lower scores
like V.

3. Best Performing Class: Z and P seem to have the highest f1-score, which indicates
that the model's precision and recall is highest for these classes. This means the
model is best at identifying and classifying these particular letters in the ASL
alphabet.

4. Worst Performing Class: V has the lowest f1-score, meaning that the model's
performance is weakest when identifying and classifying this particular letter.

Random Forest:

For the RandomForest, we've specifically tested the model by setting n_estimators
parameter to 3, 10, and 100, representing the count of decision trees in the model.



Link to code :
https://github.com/yakov103/final ML project/blob/main/random _forest.ipynb

RandomForest with 3 Decision Trees performance:

Accuracy: 0.9091025641025641
Precision: ©.911559058259938
Recall: 0.9091025641025641

F1 Score: ©.9095320334649274

Classification Report:

precision recall fl1-score  support
0 0.76 0.91 0.83 898
1 0.74 0.84 0.79 865
2 0.87 0.88 0.87 929
3 0.85 0.83 0.84 873
4 0.88 0.87 0.88 892
5 0.93 0.87 0.89 883
6 0.89 0.96 0.92 888
7 0.92 0.96 0.94 878
8 0.93 0.95 0.94 880
9 0.97 0.92 0.94 918


https://github.com/yakov103/final_ML_project/blob/main/random_forest.ipynb
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RandomForest with 10 Decision Trees performance:

Accuracy: 0.9700854700854701
Precision: 0.9702112414830204
Recall: 0.9700854700854701

F1 Score: 0.9700942505780453

Classification Report:

precision recall fl1-score  support

0 0.95 0.96 0.95 898
1 0.89 0.91 0.90 865
2 0.96 0.96 0.96 929
3 0.94 0.94 0.94 873
4 0.94 0.92 0.93 892
5 0.97 0.94 0.96 883
6 0.96 0.98 0.97 888
7 0.98 0.99 0.98 878
8 0.98 0.99 0.98 880
9 0.99 0.96 0.97 918
10 0.98 0.98 0.98 926
11 0.98 1.00 0.99 923
12 0.97 0.99 0.98 928
13 1.00 0.99 1.00 929
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RandomForest with 100 Decision Trees performance:

Accuracy: 0.9893589743589744

Precision: ©0.9893822684553306
Recall: 0.9893589743589744

F1 Score: 0.9893435526211527

Classification Report:

precision recall fl1-score  support

0 1.00 0.98 0.99 898

1 0.96 0.96 0.96 865

2 0.98 1.00 0.99 929

3 0.98 1.00 0.99 873

4 0.97 0.96 0.96 892

5 0.99 0.99 0.99 883

6 0.98 0.99 0.99 888

7 0.99 0.98 0.99 878

8 1.00 1.00 1.00 880

9 1.00 0.99 0.99 918

10 0.99 1.00 1.00 926
11 0.99 1.00 1.00 923
12 0.99 1.00 0.99 928
13 1.00 1.00 1.00 929
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Comparison between the number of decision trees

No. of Decision Trees Accuracy Precision Recall F1 Score




3 90.9% 91.2% 90.9% 91.0%
10 97.0% 97.0% 97.0% 97.0%
100 98.9% 98.9% 98.9% 98.9%

From the table and detailed results, we can draw several conclusions:




1. Performance Improvement with More Trees: As the number of decision trees (n_estimators) increases in the Random Forest model,
the overall performance (accuracy, precision, recall, and F1 score) significantly improves. This shows the benefit of an ensemble
learning method like Random Forest that integrates multiple learning models to improve overall performance.

2. Reduced Overfitting: Random Forest, especially with more decision trees, reduces the chance of overfitting which is common in a
single decision tree model. Overfitting happens when a model learns the training data too well, capturing noise along with underlying
patterns. This is reflected in the improved performance from 3 to 100 trees.

3. Class-specific Performance Variation: While the overall performance metrics are impressive, the classification report for each class
reveals some variations. Some classes have marginally lower precision, recall, and F1 scores. This suggests that while the model



performs well overall, its performance on individual classes may vary. The performance generally improves across all classes as the
number of decision trees increases.

Trade-off between Performance and Computation: Although the model with 100 decision trees performed best, it is also the most
computationally expensive. Therefore, there is a trade-off between model performance and computational cost. The model with 10
decision trees, for instance, might offer a better balance for some applications, as it achieves high performance with less computational
cost than the 100-tree model.



CNN:

CNN trained on 60% of the data, and tested on 20%. The other 20% is for validation. Here's why we're using validation data this time:

e Model Tuning: Validation helps us adjust and improve the model without touching the test data.
e Avoid Overfitting: Validation helps prevent this.
e Check Model's Skill: The validation data helps us check if our model can handle new, unseen data.



Link to code: https://github.com/yakov103/final_ML_project/blob/main/cnn.ipynb

Model structure :

Model: "sequential™


https://github.com/yakov103/final_ML_project/blob/main/cnn.ipynb

Layer (type) Output Shape Param #

conv2d (Conv2D) (None, 60, 60, 8) 608

max_pooling2d (MaxPooling2 (None, 30, 30, 8) 0
D)



conv2d_1 (Conv2D) (None, 26, 26, 16) 3216

max_pooling2d 1 (MaxPoolin (None, 13, 13, 16) 0
g2D)

conv2d 2 (Conv2D) (None, 9, 9, 32) 12832



max_pooling2d 2 (MaxPoolin (None, 4, 4, 32) 0
g2D)

flatten (Flatten) (None, 512) 0

dense (Dense) (None, 100) 51300



dense_1 (Dense) (None, 26) 2626

Total params: 70582 (275.71 KB)
Trainable params: 70582 (275.71 KB)
Non-trainable params: © (0.00 Byte)



First Training Session:

Epoch 5/30: Steps 4680, Time 35s, Loss 0.0847, Accuracy 0.9740

Epoch 10/30: Steps 4680, Time 30s, Loss 0.0549, Accuracy 0.9850
Epoch 15/30: Steps 4680, Time 29s, Loss 0.0553, Accuracy 0.9872
Epoch 20/30: Steps 4680, Time 27s, Loss 0.0464, Accuracy 0.9893
Epoch 25/30: Steps 4680, Time 27s, Loss 0.0445, Accuracy 0.9912
Epoch 30/30: Steps 4680, Time 28s, Loss 0.0506, Accuracy 0.9913



Evaluation:

Steps 1560, Time 3s, Loss 0.0435, Accuracy 0.9914
Second Training Session:

Epoch 5/15: Steps 4680, Time 33s, Loss 0.0527, Accuracy 0.9924
Epoch 10/15: Steps 4680, Time 33s, Loss 0.0656, Accuracy 0.9922
Epoch 15/15: Steps 4680, Time 32s, Loss 0.0524, Accuracy 0.9934



Classification Report:

Accuracy score : 0.9932051282051282
Precision score : ©0.9932516616851638
Recall score : ©.9932051282051282



F1l score :
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Conclusions from the performance

e High Accuracy: The CNN classifier achieved an accuracy of 99.32%, indicating that the model correctly classified the majority of the

ASL hand gestures in the test dataset.
o Effective Model Structure: The model structure, composed of multiple convolutional and max pooling layers, followed by a flatten layer
and two dense layers, proved highly effective for the task. The model architecture was able to extract and learn essential features from

the ASL alphabet images, thereby delivering high performance.



Balanced Precision and Recall: The precision and recall for the classifier are balanced and very high across all classes (close to 1).
This suggests that the model has excellent predictive quality and is not biased towards either false positives or false negatives.

Low Overfitting: The validation set was used effectively in tuning the model and preventing overfitting. The high performance on the
test dataset shows that the model generalizes well to new, unseen data.



KNN:

We applied the K-Nearest Neighbors (KNN) model for classifying ASL alphabets in three different scenarios: with 1, 2, and 10 neighbors.
Link to code 1: htips://github.com/yakov103/final ML project/blob/main/KNN.ipynb
Link to code 2: h :/[github.com/yakov103/final_ML_proj lob/main/KNN_newD



https://github.com/yakov103/final_ML_project/blob/main/KNN.ipynb
https://github.com/yakov103/final_ML_project/blob/main/KNN_newData.ipynb

1 neighbour performence :

Accuracy score: 0.9944444444444445
Precision score: ©.994458110222164
Recall score: 0.9944444444444445
F1 score: 0.9944434696284139

precision recall f1-score  support
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2 neighbours performence :

Accuracy score : 0.9870940170940171
Precision score : ©.9871979996967561
Recall score : ©0.9870940170940171

F1 score : 0.9870891719497871

precision recall fl1-score  support



MmO N W >

P OO Rr OO

.97
.97
.00
.98
.97
.00

OO0 R 00 R

.00
.99
.99
.00
.97
.98

O 0O 0O rRr OO0

.98
.98
.00
.99
.97
.99

898
865
929
873
892
883



2T rr ARUHIO®O

P RPORFRPROOO

.99
.99
.98
.00
.97
.00
.00

P P O®O® R R PR

.00
.00
.00
.99
.99
.00
.00

P P OO OO0 R

.00
.99
.99
.99
.98
.00
.00

888
878
880
918
926
923
928



- »n O T O =2

OO O R R KL R

.00
.00
.00
.00
.96
.99
.99

O RO OO0 R

.00
.99
.99
.00
.97
.00
.99

O 0O O R OO0 K

.00
.99
.99
.00
.97
.99
.99

929
896
897
881
964
851
919



N < X =< C

P PO OOO®

.96
.96
.99
.99
.00
.00

R OO0 OO0

.96
.97
.94
.99
.98
.00

P OO0 OO0

.96
.96
.97
.99
.99
.00

909
865
911
885
936
876



accuracy 0.99 23400
macro avg 0.99 0.99 0.99 23400
weighted avg 0.99 0.99 0.99 23400



10 neighbours performence :

Accuracy score : 0.9394017094017094
Precision score : ©0.9407000234824646
Recall score : 0.9394017094017094

F1 score : 0.9396025222201165

precision recall f1-score  support



MmN w >

O 0O 00O

.90
.93
.99
.93
.88
.99

O 0O 0O 000

.94
.95
.95
.97
.91
.93

O 0O 0O 000

.92
.94
.97
.95
.90
.96

898
865
929
873
892
883



2T rr ARUHIO®O

O O 0O OO0

.98
.95
.93
.98
.94
.97
.94

O 0O 0O 0O 00

.95
.99
.96
.97
.95
.97
.95

O 0O 0O 0O 00O

.97
.97
.95
.98
.94
.97
.95

888
878
880
918
926
923
928



- »n O T O =2

O O 0O OO0

.98
.97
.99
.99
.90
.87
.93

O 0O 0O 0O 00

.96
.94
.96
.99
.89
.94
.94

O 0O 0O 0O 00O

.97
.96
.98
.99
.89
.90
.93

929
896
897
881
964
851
919



N < X =< C

[ IR R I )

.82
.87
.95
.93
.98
.97

O 0O 0O 00O

.89
.85
.85
.94
.90
.99

O 0O 0O 00O

.86
.86
.90
.94
.94
.98

909
865
911
885
936
876



accuracy 0.94 23400
macro avg 0.94 0.94 0.94 23400
weighted avg 0.94 0.94 0.94 23400

Metric/Model 1 neighbour 2 neighbours 10 neighbours



Accuracy
Precision
Recall

F1 score

0.9944
0.9945
0.9944
0.9944
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0.9394
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Each of the three models delivered commendable results. However, the model with 1 neighbour achieved the highest performance
across all metrics, indicating its superior capability to accurately predict ASL alphabets. As the number of neighbours increased, we
observe a gradual decline in the performance, which is most pronounced when using 10 neigbours. Hence, when comparing the
models, it becomes apparent that a smaller number of neighbours leads to a better performance of the KNN classifier on the ASL
alphabet dataset.

It should also be noted that the high prediction accuracy across all models could be attributed to the similarity of the images in the
dataset. If the images of the ASL alphabet are very similar to each other, it makes the task of classification less challenging, thus leading



to higher performance metrics. However, the model may struggle to maintain this level of accuracy when faced with more diverse and
complex images, such as images captured under different lighting conditions, angles, or hand orientations.

OVERFITTING ALERT!



Testing an Alternative Dataset with the KNN Classifier.

We observed that the KNN classifier was ready in just a few minutes and delivered excellent performance on the test set, which raised
some suspicion. This is likely due to our dataset being constructed from the hand gestures of a single individual, enabling the model to classify
quickly due to familiar patterns. Therefore, we sought to test it with a different dataset.

We found another dataset named "Synthetic ASL Alphabet" which can be accessed at:
https://www.kaggle.com/datasets/lexset/synthetic-asl-alphabet . This dataset, created by Lexset, includes 27,000 images of the alphabet



https://www.kaggle.com/datasets/lexset/synthetic-asl-alphabet

expressed in American Sign Language. Each image measures 512 x 512 pixels. The data is partitioned into training and testing sets. Within
each set, there are 27 folders - one for each letter, along with an additional folder for random backgrounds. Each training folder contains 900
examples, while each testing folder comprises 100 examples. We resized these images to 64x64 for testing purposes.

Despite its vibrant colors, the dataset's images seem unrealistic. Upon running it on the KNN classifier, we received disappointing
results with an accuracy rate of just 23.9% - a stark contrast to the original dataset's 99.4% accuracy.






Performance of the Alternative Dataset:

Accuracy: 0.23923076923076922
Empirical error: 0.7607692307692308
precision recall fl1-score
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Responding to Questions Using Our Models:

1. Can the model effectively distinguish between two basic signs ?

a. Decision Trees:Yes, not perfect , the model distinguishes between basic signs well. Precision, recall, and F1 scores, all around
0.89, show the model's effectiveness in classifying individual signs accurately.



. Logistic Regression: Yes, not perfect , The accuracy of the model is 0.91 (or 91%), which means the model correctly predicts
91% of the cases. This indicates a strong ability to distinguish between different signs.

Random Forest:Yes, your model is effective in distinguishing between different signs with an overall accuracy of 0.989,
precision, and recall near to 0.99. Most individual classes have high precision and recall scores, indicating a strong performance
in differentiating the signs.

. CNN:The model performs well

KNN: The model performs well. But that because the images are similer



2. Which pairs of signs are the most difficult for the model to distinguish? What features make

them similar to each other?
a. Decision Trees:
'B' with 'A" (81 instances)
'C' with 'D' (71 instances)
'D" with 'B' (49 instances) and 'C' (50 instances)
'E' with 'F' (41 instances)



'F' with 'E' (55 instances)

One of the most significant sources of confusion seems to be between 'F' and 'E', where the model predicted 'F' when it was
actually 'E' 55 times, and between 'B' and 'A' where the model predicted 'B' when it was actually 'A’ 81 times. These could be
considered as the pairs of signs most difficult for the model to distinguish.

'A' and 'B' - Both signs use a single hand with different hand shapes and orientations.
'C' and 'D' - Both signs involve a curved hand shape.



'E' and 'F' - Both involve the thumb and fingers extended in different ways.
. Logistic Regression:

'E' with 'F' (28 instances)

'U' with 'V' (32 instances)

'U" with 'W' (29 instances)

'G' with 'H' (67 instances)

'E' and 'F": Similar finger curling, different thumb positions, can be unclear in low-quality images.



'U', 'V', 'W": Variations in finger separation and angle may cause confusion, especially in low-resolution images.
'G' and 'H': Similar finger extensions with differences in number of fingers extended, blurry images make distinguishing difficult.

Random Forest:

‘E’ with ‘B’ (24 instances)
‘U’ with V' (16 instances)
‘V’ with Y’ (7 instances)
‘Y’ with ‘W’ (7 instances)



E and B: Both signs have all fingers extended and joined, differing only in hand orientation.
U and V: Both signs are made by extending two fingers, differing in the angle between the fingers.

. CNN:The CNN model works very well on the ASL dataset, getting it right 99.4% of the time.
KNN: The KNN also performs well, but as we mentioned earlier, it's because the dataset has very similar images.



3. Are there certain signs that the model consistently misclassifies?

a. Decision Trees: Yes, there are certain signs that the model consistently misclassifies. For instance, sign 'F' is often misclassified
as'E',"T"as'S','U" as 'T'and 'W', and 'V' as 'U' and 'W'. These pairs seem to pose challenges for the model, leading to a higher
number of misclassifications.

b. Logistic Regression:

The model appears to have the most difficulty distinguishing between the signs for 'U', 'V', and 'W'. For instance, the sign for 'V'
is often misclassified as '"W' and vice versa. Similarly, 'U' is frequently mistaken for V' and 'W'.



¢. Random Forest: Since the classifier achieved 98.9 percent accuracy, the model's misclassifications are minor.
d. CNN: No . as the empirical error is less than 1%
e. KNN: No . as the empirical error is less than 1%

What common features might cause this confusion?

For all models:



e Visual similarity: Signs that have similar handshapes, movements, or orientations can be more easily confused by the model. For
example, the signs for "M" and "N" are visually similar, with the only difference being the number of fingers used.

e Image quality and variation: If the images in the training dataset vary in terms of lighting, background, angle, or the hand's position,
the model might struggle to learn the features that differentiate similar signs. It could also have difficulty generalizing to new images that
differ from the training data in these aspects.



4. How well does the model generalize to new signers it has not seen during training?
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b. Logistic Regression:

Our Hand:
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c. Random Forest:






Worst quality test pictures:
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d. CNN:

Our hand:
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€. KNN:
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All the models together :
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Given the results from the different models, it's clear that the CNN is the most effective for recognizing the ASL alphabet, particularly when
dealing with completely new images. Despite being trained on a different dataset, the CNN demonstrated an impressive ability to generalize its
learning to new data by correctly identifying each character from Our’s Hand, which consisted of completely new images that were not present
in the training dataset.



While all models performed well on the "Worst Quality Test Pictures", it's worth noting that these images were similar to the original dataset, and
therefore, easier for the models to classify correctly.

the signs for 'A" and 'M' can be visually similar because of the way the hand is positioned. Both signs involve having all five fingers touch the
palm, which causes some confusion.



Conclusion: Determining the Best Model

Through rigorous analysis and testing of various models on the ASL alphabet dataset, it is clear that our Convolutional Neural Network (CNN)
stands out in terms of effectiveness and efficiency. The CNN model demonstrated an outstanding classification accuracy of 99.4%,
underscoring its superior ability to correctly identify each letter.

Remarkably, the CNN's prowess was further displayed when it successfully classified new images that were not part of its original training set.
This indicates that the model has generalized the patterns of the ASL alphabet effectively, proving its adaptability and not merely its ability to



memorize the training data. The robustness of our CNN model in dealing with unseen data establishes it as a powerful tool for distinguishing
between and accurately identifying the different letters in the ASL alphabet.



THANK YOU
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