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Problem
Statement:
Background

* Face recognition purpose:

* |dentification or verification of
individuals
* Applications:

e surveillance, access control,
authentication, and personalized
services




Why ML?

* Traditional methods of face
recognition often rely on
handcrafted features

* CNN:

* learn and extract complex
patterns from vast amounts
of data

e excel in feature learning and
abstraction,
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Fig. 3: CNN Process Example




Data Preparation

om tqdm import tqdm
Crete_Folder_Images(name, directory, tn):
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Fig. 4: Script Photo Automation

df = pd.DataFrame(columns=[f'pixe range(dim[@] x dim[1])] +

min_images = float('inf')
r folder in fo H
folder_path = path.join(main_path, folder)
files = os.listdir(folder_path)

e Run a script to take 2,500 photos per class (Member team)

Pictures are resized to a standard 100 * 100 pixels

folder_path = os.path.join(main_path, folder)
files = os.listdir(folder_path)

e ke Labels are one-hot encoded into a csv

th.join(folder_path, files[il)).convert('L")
img.resize(dim)
img_arra array(img_resized).flatten()
df.locllen(df)] = list(img_array) + [cls]

Data is split into training and testing sets

df.index.name = '

df.to_csv(filename, index=True)
print('Task Co ed')

Fig. 3: Script Convert to CSV




Training Process

Statistics of the Dataset Class Labels: [1, 2, 3, 4]
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Fig. 5: Class Photos




Clusters

Some clusters are linearly separable in
certain dimensions
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Fig. 6,7,8: Cluster of 4 classes




Model Proposed

model

model.
model.
model.
model.
model.
.add(BatchNormalization()) #——————————
model.
model.

model

model.
model.
model.
model.
.add(Conv2D (128, kernel_size=5, padding='same', activation='relu'))
model.

model

model

model.
.add(BatchNormalization())

.add (MaxPooling2D(pool_size=(2, 2)))
model.

model
model

model.
model.
model.
model.
model.
model.

model.

= Sequential(name = model_name)

add(Conv2D (64, kernel_size=3, activation='relu', input_shape=(100, 100, 1)))
add(BatchNormalization()) #-——————————e—e—

add(Conv2D(64, kernel_size=3, activation='relu'))

add(BatchNormalization()) #-——————-———————

add(Conv2D(64, kernel_size=5, padding='same', activation='relu'))

add (MaxPooling2D(pool_size=(2, 2)))
add(Dropout(0.2)) #——-——-——~

add(Conv2D (128, kernel_size=3, activation='relu'))
add(BatchNormalization())
add(Conv2D(128, kernel_size=3, activation='relu'))
add(BatchNormalization())

add(BatchNormalization())

.add (MaxPooling2D(pool_size=(2, 2)))
model.

add(Dropout(0.2))

add(Conv2D(256, kernel_size=3, activation='relu'))

add (Dropout(0.2))

add(Flatten())

add (Dense(256))
add(BatchNormalization())
add(Dense(128))

add (BatchNormalization())
add(Dense(5, activation='softmax'))

summary ()

Fig. 9: Script Photo Automation

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 98, 98, 64) 640
batch_normalization (BatchNo (None, 98, 98, 64) 256
conv2d_1 (Conv2D) (None, 96, 96, 64) 36928
batch_normalization_1 (Batch (Nene, 96, 96, 64) 256
conv2d_2 (Conv2D) (None, 96, 96, 64) 182464
batch_normalization_2 (Batch (None, 96, 96, 64) 256
max_pooling2d (MaxPooling2D) (None, 48, 48, 64) o
dropout (Dropout) (None, 48, 48, 64) ']
conv2d_3 (Conv2D) (None, 46, 46, 128) 73856
batch_normalization_3 (Batch (None, 46, 46, 128) 512
conv2d_4 (Conv2D) (None, 44, 44, 128) 147584
batch_normalization_4 (Batch (None, 44, 44, 128) 512
conv2d_5 (Conv2D) (None, 44, 44, 128) 409728
batch_normalization_5 (Batch (None, 44, 44, 128) 512
max_pooling2d_1 (MaxPooling2 (None, 22, 22, 128) [
dropout_1 (Dropout) (None, 22, 22, 128) [}
conv2d_6 (Conv2D) (None, 20, 20, 256) 295168
batch_normalization_6 (Batch (None, 20, 20, 256) 1024
max_pooling2d_2 (MaxPooling2 (None, 18, 1@, 256) [}
dropout_2 (Dropout) (None, 10, 1@, 256) L]
flatten (Flatten) (None, 25600) L]
dense (Dense) (Nane, 256) 6553856
batch_normalization_7 (Batch (None, 256) 1024
dense_1 (Dense) (None, 128) 32896
batch_normalization_8 (Batch (None, 128) 512
dense_2 (Dense) (None, 5) 645

Total params: 7,658,629
Trainable params: 7,656,197
Non-trainable params: 2,432

Fig. 10: Script Photo Automation




Problem Encounter:
Overfitting

Complex Model: With its 7.6 million
parameters, the complex model is learning
very detailed features from the data.

* high level of detail can be a disadvantage
if the training dataset is not large or diverse
enough.

* The model starts learning noise and
errors in the data as if they were significant
features, leading to overfitting.

* |t might perform well on the training
data, it could perform poorly on new,
unseen data because it has learned to fit the
training data too closely.

Fig. 11: Script Photo Automation



Model: "simple_cnn_model"

conv2d_27 (Conv2D)

batch_normalization_35 (Ba
tchNormalization)

max_pooling2d_11 (MaxPooli (None,
ng2D)

dropout_15 (Dropout) (None, 49, 49,
flatten_3 (Flatten) 153664 )

dense_11 (Dense)

Total params: 769221 (2.93 MB)
Trainable params: 769093 (2.93 MB)
Non-trainable params: 128 (512.00 Byte)

Fig. 12: Edited Model
MG

Param #

Model Architecture

* TensorFlow's Keras API, .

* Input Layer: The first layer is a 2D convolutional layer
(Conv2D) with 64 filters, each with a kernel size of 3x3.

e Activation function: ReLU

e Batch Normalization: maintains the mean output
close to 0 and the output standard deviation close to 1.

* Max Pooling: A 2D layer follows, with a pool size of
2x2.

* Dropout: This layer randomly sets a fraction (20% in
this case) of the input units to zero at each update
during training time. This helps prevent overfitting.

* Flatten: flattens the output of the previous layers
into a single long feature vector

* Qutput Layer: 5 units and a softmax activation
function. where each of the 5 units corresponds our
class categorization problem



Training
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Fig. 13: Classes Display

Fig. 14: Eigen Faces of the Dataset




Results
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Fig. 11: Confusion Matix Accuracy

Fig. 3: Script Photo Automation




Results

Actual:4 Predicted:Attual:4 Predicted Attual:3 PredictedAxtual:2 Predicted Aztual:3 Predicted: 3

.

Actual:2 Predicted:A¢tual:1 Predicted Attual:4 PredictedAktual:3 Predicted:Axtual:4 Predicted: 4

Actual:3 Predlctedﬁ(ttual 4 Predicted Attual:4 PredictedAttual:1 Predicted:Attual:2 Predicted: 2

Actual:3 Predicted:Axtual:3 PredictedA®tual:1 PredictedAttual:2 Predicted:Attual:2 Predicted: 2

\' H '
FAY ‘!

Fig. 12: Sampe Results




Gradient-weighted Class Activation Mapping

Image 1

Fig. 14:Heatmap Weight
Fig. 15: Weight Calculation Classes
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Gradient-weighted Class Activation Mapping
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Summary

Our model has proven to be a reliable implementation of a CNN. However, one significant challenge we've
encountered is overfitting, particularly when the dataset is small. This underscores the importance of data
size in ensuring the model's robustness. Scaling up the project to a larger dataset would undoubtedly
require higher computational power, considering factors such as processing time, data collection time, and
analysis time.

This project has promising applications beyond its current scope. For instance, it could be expanded to
serve as an identification feature for students during exams or for simple security process.



Takeaways: future & details

1. Effective CNN Implementation: Demonstrated CNN's effectiveness for the task.
2. Overfitting Challenge: Addressing overfitting with small datasets is crucial.

3. Data Size's Significance: Larger datasets improve model robustness, but require more computational
resources.

4. Working as a Team: Efficient processing.

5. Future Development: Continue with a larger dataset.
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Fig. 16:ML Process




Thank you

Team 5: Questions?

* Fernando Sepulveda
e Derek Cisneros
e Marco Garcia Fernandez

e Francisco Parra
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