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Computer Vision

Computer Vision
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Datasets
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Machine Learning Model



Machine Learning Model

e Our model comprised of four parts:
o Data processing and splitting
o Development
o Training
o Evaluation

m  Where experiments occur
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Machine Learning: Deep Learning

e Why?
o Provides high performance and flexibility.

o .
Pros © Ariificial Intelligence
o H ig h aCCU ra Cy, Development of smart systems and machines that can carry

out tasks that typically require human intelligence
o automatically learn features from the dataset
e Cons:

o Requires large datasets,
o needs significant computational resources.

© Deep Learning
. . Uses an artificial neural
L Im plementatlon . network to reach accurate

conclusions without human
intervention

o Utilize the Tensorflow library ( sequential() )
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Machine Learning: Deep Learning

Layer 2 Layer 3 Fully Connected

Layer 1 Layer

Conv

BatchNorm BatchNorm BatchNorm

— . —-GEZIID
Feature Extractors j \
Labeled Dataset: Total params: ~ 13M
= Dogs Number of hidden
= Cats layers : 4
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Experiments - Hyper Parameter Tuning



# Set up the input shape of the model
Image Width = 128

Image Height = 128
Image_Size=(Image_lidth,Image_Height)
Image_Channels = 3

2D Convolutional
Neural Network

# Define the model architecture
model _base_test = Sequential
model base_test.add(Conv2D(32, (3, 3), activation="relu', input_s
model_base_test.add(BatchNormalization())
model_base_test.add(MaxPooling2D(pool size=(2, 2)))

model base_test.add(Dropout(@.25))

model_base_test.add(Conv2D(64, (3, 3), activation="relu'))
model_base_test.add(BatchNormalization())

model base_test.add(MaxPooling2D(pool_size=(2, 2)))
model_base_test.add(Dropout(@.25))

model _base_test.add(Conv2D(128, (3, 3), activation="relu'))
model_base_test.add(BatchNormalization())

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

model base_test.add(Dropout(@.25))

model_base_test.add(Flatten())
model_base_test.add(Dense(512, activation='relu'))
model_base_test.add(BatchNormalization())

model base_test.add(Dropout(@.5))
model_base_test.add(Dense(2, activation="softmax'))

# Compile the model
model_base_test.compile(loss="categorical crossentropy', optimize

# Print the model summary
model_base_test.summary()

VIRGINIA
TECH.

Step 1: baseline

Baseline Model Accuracy

Kaggle Cats & Dogs

Training ~ 25,000 Images

Train 80% Validate 20%

20K 5K

Testing ~ 12,000 Images

Cats 50%

Dogs 50%

~ 6K
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Source Code Source: https://data-flair.training/blogs/cats-dogs-classification-deep-learning-project-beginners/
Source Images: https://www.kaggle.com/datasets?search=cats+vs+dogs&sort=published



Tunable Parameters

Learning Rate

Dropout Rate

# CNN Layers

# of Filters

Activation Func

Batch Size
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Our Scope

Learning Rate

Dropout Rate

Batch Size

Step 2: Experiment Design

0.00001 0.0001 0.001 0.1
0.1 0.2 0.3 0.4
16 32 64 128
10 20 30 50
SGD Adam RMSProp AdaGrad Nadam




Validation Accuracy

Learning Rate

Dropout Rate

0.85 1 Learning Rate

—o— 1e-05
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0804 —e— 0.001
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0.65 1
0.60 q
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Epoch

Our experiments were
done sequentially assuming
independence between
parameters, please note
that the conditional
dependence does have an
effect on the outcome
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validation Accuracy

Validation Loss
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Validation Loss vs Dropout Rate
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Validation Accuracy vs Dropout Rate
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Step 3: Narrowing Down Parameters
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Validation Loss vs. Epoch Size
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Validation Accuracy vs. Epoch Size
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params = {
'learning_rate": [0.001, 0.1],
'dropout": [0.2, 0.3],
‘optimizer": ['adam’, 'nadam’],
'batch_size": [32, 64],
‘epochsNum’: [20, 30]
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Loss for Different Optimizers
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Accuracy for Different Optimizers
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learning_rate-dropout

— - Step 4: Finalize Model

'learning_rate": [0.001, 0.1],
'dropout”: [0.2, 0.3],
'optimizer". ['adam’, 'nadam’],
'batch_size": [32, 64],
'‘epochsNum': [20, 30]
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Our Baseline

Step 5: Results Comparison

Accuracy
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Image Classification - Live Demo



GUI Demonstratlon

[ JON ) CatsVSDogs Classification CatsVSDogs Classification
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Limitations & Future Work



Limitation / Challenges

1. Common Collaborative Environment
2. Performance
3. Time Consuming

4. Time Constraint
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Future Work

1. Transfer Learning
2. Limit Dataset

3. Specific Parameter
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The importance of performance in image processing is becoming increasingly critical

Asirra: Cats vs Dogs Object Detection Dataset

The overall performance of the model depends on ML algorithm (Neural Network) parameters
Time-Consuming, Less Performance

More experiments could be done such as Transfer Learning
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