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CNN-Based Feature Extraction and Transfer Learning Basics

1. Introduction

Traditional feature extraction methods (GLCM, LBP, Hu moments, HOG, etc.) rely on hand-crafted
descriptors designed by domain experts. Convolutional Neural Networks (CNNSs) instead learn
hierarchical feature representations directly from data, automatically discovering the most discriminative
features for a given task. This makes CNNs the dominant approach in modern image classification,

detection, and recognition.

Transfer learning builds on this by reusing a CNN already trained on a large dataset (such as ImageNet)
for a new, often smaller, task — significantly reducing training time and data requirements.

2. CNN-Based Feature Extraction

2.1 Basic Architecture of a CNN

A CNN is composed of a stack of layers that progressively transform the raw input image into
increasingly abstract feature representations, ending in a classification/regression output:

Layer
Convolutional Layer

Function
Applies learnable filters/kernels via
convolution to input

Purpose
Extracts local features — edges,
textures, patterns

Activation (ReLU)

f(x) = max(0, x) applied element-wise

Introduces non-linearity

Pooling Layer (Max/Avg)

Downsamples feature maps over local
regions

Reduces spatial size, provides translation
invariance

Fully Connected Layer

Flattens and connects every neuron to all
outputs

Combines features for final classification

Softmax Layer

Converts outputs to class probabilities

Final classification decision

2.2 Convolution Operation

A convolutional layer applies a set of learnable filters (kernels) that slide across the input, computing dot

products to produce feature maps:

@) =dA*K)(E)) =2, % 1(+m, j+n) K(m.n)
where | is the input image/feature map and K is the filter kernel. Each filter learns to respond to a specific
local pattern (edge, corner, blob, texture, etc.).

Key parameters:

Filter size (e.g., 3x3, 5x5) — receptive field of each neuron.
Stride — step size the filter moves; controls output size and downsampling.

Padding — zero-padding preserves spatial dimensions (‘'same") or reduces them (‘valid").

Number of filters — determines depth (number of feature maps / channels) of the output volume.

2.3 Hierarchical Feature Learning
A key strength of CNNs is that stacking many convolutional layers builds a hierarchy of features:

.
textures.

Early/shallow layers — learn low-level, generic features: edges, corners, color blobs, simple

Middle layers — learn mid-level features: shapes, motifs, object parts.
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e Deep/later layers — learn high-level, task-specific, semantic features: object categories, complex
patterns.

This layer-wise abstraction is what allows a CNN's early/middle layers (trained on one large dataset) to
generalize well and be reused for other visual tasks — the basis of transfer learning.

2.4 Pooling and Feature Map Reduction

Pooling layers (typically max pooling) reduce the spatial dimensions of feature maps while retaining the
most salient activations, providing a degree of translation invariance and reducing computational cost and
overfitting:

MaxPool: y(ij) = max{x(i+p, j+q) | (p.q) € window}

2.5 CNN as a Feature Extractor

After training (or using a pretrained network), the output of the last convolutional/pooling layer (before
the fully connected classifier) can be treated as a compact, learned feature vector (an 'embedding’)
representing the input image. These deep features can be fed into a separate classifier (e.g., SVM, k-NN,
softmax layer) — this is precisely how CNNs are used for feature extraction rather than end-to-end
classification.

Popular pretrained CNN architectures used as feature extractors: LeNet, AlexNet, VGGNet,
GoogLeNet (Inception), ResNet, MobileNet, EfficientNet.

3. Transfer Learning Basics

Transfer learning is a machine learning technique where a model developed/trained for one task (the
source task, typically on a large dataset like ImageNet with millions of labeled images) is reused as the
starting point for a model on a second, related task (the target task), instead of training a new network
from scratch.

3.1 Motivation

e Training deep CNNs from scratch requires huge labeled datasets and heavy computational
resources.

e Many real-world target tasks have limited labeled data — insufficient to train a deep network
from scratch without overfitting.

e Low-level and mid-level features learned by CNNs (edges, textures, shapes) are largely generic
and transferable across visual domains/tasks.

3.2 How Transfer Learning Works
1. Take a CNN pretrained on a large source dataset (e.g., ImageNet with 1000 classes).
2. Remove (or repurpose) the final classification layer, which is specific to the source task's classes.

3. Add a new classifier head suited to the target task (e.g., new fully connected + softmax layer matching
the target number of classes).

4. Choose a transfer strategy — feature extraction or fine-tuning (see below) — based on target dataset
size and its similarity to the source domain.

5. Train (or fine-tune) on the target dataset, typically with a small learning rate to avoid destroying useful
pretrained weights.

3.3 Transfer Learning Strategies
Strategy When to Use Approach
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Feature Extraction

Small dataset, similar to source domain

Freeze all convolutional (base) layers;
train only a new classifier head

Fine-Tuning (partial)

Medium dataset, moderately similar
domain

Freeze early layers (generic features);
unfreeze and retrain later layers +
classifier

Fine-Tuning (full)

Large dataset, different domain

Unfreeze most/all layers; retrain entire
network with a low learning rate

Train from scratch

Very large dataset, very different domain

Use pretrained architecture only (not
weights); train all weights from random

init

3.4 Advantages of Transfer Learning

[ ]
pretrained representations.

Zero).

3.5 Limitations / Considerations

Requires significantly less labeled training data for the target task.
Faster convergence and reduced training time compared to training from scratch.
Often achieves better generalization/accuracy, especially with small datasets, by leveraging rich

domains transfer poorly (‘negative transfer’).

rate.

4. Applications

5. Conclusion

Reduces computational resource requirements (no need to train millions of parameters from

Performance depends on how similar the source and target domains/tasks are — very dissimilar
Requires careful choice of which layers to freeze/fine-tune and an appropriately small learning

Pretrained models may carry biases present in the original (source) training dataset.

Medical image diagnosis (e.g., X-ray/MRI classification with limited labeled medical data).
Obiject detection and recognition in surveillance and autonomous vehicles.

Face recognition and biometric verification systems.
Industrial defect detection and quality inspection.
Remote sensing and satellite image classification.

CNN-based feature extraction replaces hand-crafted descriptors with automatically learned, hierarchical
feature representations — from low-level edges in early layers to high-level semantic concepts in deeper
layers — making CNNSs highly effective for complex visual recognition tasks. Transfer learning leverages
this hierarchy by reusing the generic, transferable features learned on large source datasets, allowing
effective model development for new tasks even with limited data and computational resources. Together,
these technigues form the backbone of modern deep-learning-based computer vision systems.
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