Seeing with CNNs

Deep Learning for Object Recognition

Track 2: Deep Learning (CNNs & Transfer Learning)
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CIFAR — 10 Dataset

‘ Canadian Institute for Advanced
Research (CIFAR)

CIFAR-10: One Sample Image per Class
automobile berd deer

‘ 60,000 color images

‘ 10 different image categories

‘ Common Benchmark for computer
vision



CIFAR — 10 Dataset

Red Channel

Green Channel

Biue Channel

Pixels

Each color image in CIFAR-10 is 32 by 32 pixels. Each

pixel color is represented by its red, green and blue
intensity values.
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Splitting the Dataset

Why split the
dataset?

How the dataset was split

CIFAR-10
Dataset

Prevents overfitting

lraining Set

Guides parameter tuning

Validation Set

Ensures fair model evaluation




o Simplified CNN structure: from input to classification Uses of a CNN include:

1 - CAR

/ - TRUCK

N Y\E =
L.]

Facial Recognition

- Bicreu
ULy
Ll T -
INPUT CONVOLUTION «+ BRIV POOLING CONVOLUTION « RILU  POOUING FLATTEN CONNECTED SOFTMAX

FEATURE LEARNING CLASSIFICATION

Image Detection

A Convolutional Neural Network (CNN) is a deep learning
model that automatically learns and detects patterns within

image data.
Medical Imaging



vHow does a CNN work?

o Simplified CNN structure: from input to classification

CNN Steps
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Pooling Layers
Convolutional Neural Network Process

Flattening
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Baseline CNN Model

Model was implemented in python
+ ¥ using Tensor Flow and Keras

T

Video of the Initial training and review of the baseline model in python and Visual Studio Code Initial Model review Baseline mode’s most confident misclassifications

=== Tradning Summary e=- ' . mwisie
% 0.9
wainiig ACCaracy [N
< bfih 0oel RS - Geenes O - piunr [T 5 Pk % H Chgpa w i L dation fcruracy: @.4132
i o k Training Loss! 1.5872
1 walidetion Loax: ]

N Erdi damia comeisbarnr

=== Tt Ferformance ===
Test sccuracy: 9.8125
m-g etk 1aE Tast Lesa: L.E2Rs

o FTV Y- REANRONT POATT Bayeldrs_madel = i earas, Sequantis

mam lasaificatlen Rapor] ===
FLOL e LS LS

el sbon (2 e ]
Lone"ralu’, paddlng-"wams" ), L 1l

, B, 5l B.5L
[

# . horap. ey Oecan] 64, sctivatlas-"rela’), 6.5 oA

B s d ey Devai 10, @€t lywtlaone "o imee J

4§ SCELPBCY

Banelire mofel.coaplled BACTD BVE
eptinlarat o e c ki | Lo il Al welghred wig . ot
Bogsa" Lpprae Cotpgrrdchl_croscantmapy ', P oirwck (8 M P srpew D
mirlca-] Tieoarany |

rr o w

Rfsrery: Wyoeiiod = brceline aadel. fiTi
2 %raln, y trals;
it b it vl 7 wadi;
Bpieheh,
batch_xlz
airinrigad

FEFTETYRBRYT R

whrbiaed §
1

red claceen, diglitesls}




Data Augmentation

Examples of Data
Augmentation

Horizontal
Flip

Rotate 90
Degrees

Translate
+3,+3

Zoom in
+10%

Increase
Contrast
+30%

Benefits of Data Augmentation

Increase Dataset Diversity
Improve Model Robustness
Reduces Overfitting

Simulates Real-World Variations
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Tuning the Model Hyperparameters

Kernel Size (3x3): Captures local image
patterns effectively

Pooling (MaxPooling): Reduces size, keeps
key features

Architecture (32-64-128 + Dense 128):
More layers = richer feature extraction

Learning Rate (0.0005): Controls training
speed and stability

Epochs (25): Number of full passes
through the data

Batch Size (25): Smaller batches can
improve generalization

Activation (ReLU): Fast and effective for
deep nets

Video showing the training of the new tuned model on the augmented data

Baseline Accuracy: 41%
Tuned Accuracy: 74%

Model Test Results

accuracy 8.74 18088
macro avg 8.74 8.74 8.73 laee
weighted avg 8.74 8.74 8.73 16088

Model results Confusion Matrix




Transfer Learning

Baseline Accuracy: 41%
Tuned Accuracy: 74%
Transfer Learning Accuracy: 90%

Result of using the MobileNetV2
Pretrained Model

Most Confidant Misclassifications
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Comparing ML Approaches

Traditional
Machine Learning

Strengths:

* Simple and fast to implement
*  Works with smaller datasets
* Low computational cost

Weaknesses:

* Requires manual feature

engineering

e Struggles with complex
patterns

* Lower accuracy compared to
CNNs

-

2 Custom CNN

-

Strengths:

*  Learns hierarchical features
automatically

*  High accuracy with tuning

*  Effective for visual pattern
recognition

Weaknesses:

*  Data hungry for optimal
performance

*  Requires careful hyperparameter
tuning

e High training time and

computational cost

Transfer Learning

Strengths:

*  High accuracy with less data and
time

*  Leverages powerful pretrained
models

*  Reduces overfitting, efficient
training

Weaknesses:

* Less flexibility over learned
features

*  Must select a suitable pretrained
model

*  Slightly more complex setup than
training from scratch




Summary of Project Scope

Understanding the CIFAR-10 dataset

Splitting the dataset

CNNs and how they work

Initializing a baseline CNN

Tunning the model’s hyperparameters

6 Methods of augmenting the data

7 Transfer learning with pre-trained models

8 Comparing different ML approaches

Conclusion

Lessons Learned

Data preparation and splitting
1 are essential to ensure fair and
reliable evaluation.

CNNs automatically learn visual
features, but performance depends
heavily on hyperparameters and
data diversity.

Data augmentation is crucial for
improving generalisation without
collecting more data.

Transfer learning offers a powerful
shortcut, leveraging pretrained

knowledge for excellent results with
fewer resources




Thank you

For you time and attention!
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