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Why Convolutional Neural Networks (CNNs)?

CNNs are used because they are specifically desighed to handle image and grid-like data efficiently and
accurately. Here are the main reasons:

1. Automatic Feature Extraction
Traditional methods require manual feature design (edges, textures, shapes).
CNNs learn features automatically from raw data.

= Early layers > detect edges

= Middle layers > detect shapes

= Deep layers > detect objects

2. Preserves Spatial Information

Instead of flattening the image, CNNs process the image in its natural 2D or 3D grid. By using filters that look at
small "patches" of pixels at a time, the network understands that neighboring pixels relate to one another to form
edges, curves, and textures.

3. Parameter Efficiency (Less Computation)

CNN uses filters (kernels) instead of connecting every neuron.
= Fewer parameters
= Fastertraining
= |ess memory usage
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What is a Convolutional Neural Network (CNN)?

A Convolutional Neural Network (CNN) is a specialized type of artificial intelligence deep learning algorithm
primarily used to analyze and recognize patterns in visual data, such as images and videos. CNNs are composed of
three primary layers: the convolutional layer, the pooling layer and the fully connected layer.

= Convolutional layer: Using filters or
kernels, this layer finds local patterns

and features from the input image.
= Pooling layer: This layer downsamples
the spatial dimensions of the input,

Input image Convolutions Pooling Fully Connected

reducing the network’s computational
complexity and increasing its ability to

recognise patterns regardless of scale e

= 1 Output

and position. Baokg Podiing  Pooling. .. .

= Fully Connected layer: This layer ] o) Yol o
integrates previously extracted ol TA\@ -ttt pog
features into a traditional neural Convelution  Convolution  Convalution NN éﬁ"ﬁt‘io
network, in efforts to learn global rere Hi - i Gver N/ -
relationships and generate task- s e
specific outputs. e Feature Extraction Classification | Probabilistic

Distribution
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What is a Convolutional Neural Network (CNN)?

Convolution layer (CONV): The convolution layer (CONV) uses filters that perform convolution operations as it is
scanning the input I with respect to its dimensions. Its hyperparameters include the filter size F and stride S. The
resulting output O is called feature map or activation map.

Input image

o[ ]2 ]

Output array

Output [0][0] = (9*0) + (4*2) + (1*4)
+ (1%1) + (1% 0) + (1*1) + (2* 0) + (1*1)
=0+8+1+4+1+0+1+0+1
=16

Remark: the convolution step can be generalized to the 1D and 3D cases as well.
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What is a Convolutional Neural Network (CNN)?

Pooling (POOL)The pooling layer (POOL) is a downsampling operation, typically applied after a convolution layer,
which does some spatial invariance. In particular, max and average pooling are special kinds of pooling where the
maximum and average value is taken, respectively.

Type Max pooling Average pooling
Each pooling operation selects the Each pooling operation
Purpose maximum value of the current averages the values of the

view current view
1 2 3 4 i 2 3 4
> 3 ! . Max Pooling & 2 > i 4 5 Average Pooling - <
9 | 10 | 11 | 12 gitlrti?j:a SLZ?Z,:ZZ)XZ 14 | 16 9 |10 | 11| 12 gi{':i‘fj?i:z‘(’fzz)xz 12 | 14
13 | 14 | 15 | 16 SR ¢ | 16

e Preserves detected features e Downsamples feature map

Comments * Most commonly used * Used in LeNet
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What is a Convolutional Neural Network (CNN)?

Fully Connected (FC)The fully connected layer (FC) operates on a flattened input where each input is connected to all
neurons. If present, FC layers are usually found towards the end of CNN architectures and can be used to optimize
objectives such as class scores.

N4
S M OGO
.‘L‘n‘- .‘.L A
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What is Convolution?

Convolution is a mathematical operation used in CNNs to extract features from an image.
Instead of looking at the whole image at once, convolution focuses on small regions and scans the image step by

step.
A small matrix called a filter (kernel) moves across the image and performs element-wise multiplication, then sums

the result to produce a new value.

Mathematical Representation

S j) = +K)(i)) = 2 Z I (i +mj +n) - K(mn)

m
where:
« [=inputimage
 K=filter (kernel)
* S=output (feature map)
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What is a Filter (Kernel)?

A filter is a small matrix (e.g., 3x3 or 5x5) used to detect specific patterns in an image.
Each filter is designed (or learned) to capture features such as:

Kernel:  plur v

++ﬂ+

= edges
. l|neS x 0.0625 x0.125 x 0.0625
= textures
= patterns =
Example of a simple 3x3 filter: .
1 0 _ 1 Click on the image to select a window for convolution _
[1 0 —1] ﬂ
1 0 —1 Kernel:  sharpen v
This filter helps detect vertical edges. . . ﬂ
Step 1: Take a small region of the image oo
Example (3x3 region):
1 2 3
45 6 BB E
7 8 9 Click on the image to select a window for convolution _ ﬂ
Step 2: Apply the filter )
1 0 -1
10 -1 Step 4: Slide the filter
1 0 -1

The filter moves across the image (left to right, top to

Step 3: Multiply element-wise and sum .
bottom), repeating the same process.

(1x1+2x0+3x(-1))+(4x1+5x0+6x(-1))+(7x1+8x0+9x(-1))
=(1+0-3)+(4+0-6)+(7+0-9)
=—-2—-2-2=-6
This value becomes one pixel in the output feature map.

Output: Feature Map

After applying the filter across the entire image, we
get a feature map, which highlights specific patterns
like edges.
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Filter hyperparameters

The convolution layer contains filters for which it is important to know the meaning behind its hyperparameters.

Dimensions of a filter: A filter of size F X F applied to an input containing C channelsisa F X F X C volume that

performs convolutions on an input of size I X I X C and produces an output feature map (also called activation map) of
size0 X0 x 1.

F

N

Filter 1 Filter 2

Filter K

Remark: the application of K filters of size F X F results in an output feature map of size O X O
X K.

Stride: For a convolutional or a pooling operation, the stride S denotes the number of pixels by which the window
moves after each operation.

—
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Filter hyperparameters

Zero-padding: Zero-padding denotes the process of adding P zeroes to each side of the boundaries of the input. This value

can either be manually specified or automatically set through one of the three modes detailed below:

Mode

Value

Purpose

Department of Computer Science & Engineers

ing

Valid Same
ls [é] _I+F—S§
P —
start 2
P=20 I
S [3] _I+F—S§
P —
end

2

e Padding such that feature

e No padding map size has size [ﬂ
* Drops last convolution if

dimensions do not match

eQutput size is
mathematically convenient
* Also called 'half' padding

Chapter 7: Convolutional Neural Networks (CNNs)

Full

Pstart € |[00F —1]]

Popg=F—1

e Maximum padding such
that end convolutions are
applied on the limits of
the input

e Filter 'sees' the input
end-to-end
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Filter hyperparameters

Parameter compatibility in convolution layer: By noting I the length of the input volume size, F the length of the
filter, P the amount of zero padding, S the stride, then the output size O of the feature map along that dimension is

given by:
[ —F + Pstart+ Peopg
0= +1
S

Pstart I Pend
Pstart I Sk s o 0

1B {|||||| |

I e - I "
Pend i SRR O S
Input Filter Ot

Remark: often times, P gtart = P opg = P ,in which case we can replace P gtqrt+ P opyg by 2P in the formula above.
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Filter hyperparameters

Understanding the complexity of the model: In order to assess the complexity of a model, it is often useful to
determine the number of parameters that its architecture will have. In a given layer of a convolutional neural network,
it is done as follows:

F F
R

max
®C Nin Nout
IXIxC IXIxC Nin
0x0XK 0x0XC Nout
Number of parameters (FXFxC+1)-K 0 (Niny + 1) X Noyt
* One bias parameter per filter * Pooling operation done ® Input I.S flattened
. * One bias parameter per neuron
Remarks * [n mostcases,S < F channel-wise .
. . e The number of FC neurons is

e Acommon choice for K is 2C e |n mostcases,S = F

free of structural constraints
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Simple CNN Architecture Example

o — — —>
|nput MaxPool Maxpoo‘
Conv + RelU Conv + RelU 6x6X64
32%32%3 15x15x32 Flatten Softmax
30%30x%32 13x13x64
2304 Dense + RelU n classes
128 neurons
Architecture: Input - Conv(3x3, 32 filters, valid padding, stride 1) - MaxPool(2x2, stride 2)
- Conv(3x3, 64 filters, valid padding, stride 1) - MaxPool(2x2, stride 2) - Flatten » Dense — Softmax
a 3\ a N f N a N V 3 V ' r 3 i 3y
Input Conv2D + RelU MaxPooling Conv2D + RelU MaxPooling Flatten Dense + RelU Softmax
Filters: 32 . Filters: 64 .
| Kernel: 3 x 3 Pool: 2 .x 2 Kernel: 3 x 3 Pool: 2 _X 2 Ed . .
mage Paddina: valid Stride: 2 Padding: valid Stride: 2 6 X 6 x 64 Neurons: 128 Classes: n
32 x 32 x 3 Stric?é' 1 Padding: valid Stric?é' 1 Padding: valid Output: 2304 Output: 128 Output: n

Output: 30 x 30 x 32

Output: 15 x 15 x 32

Output: 13 x 13 x 64

Output: 6 x 6 x 64

Department of Computer Science & Engineering

Convolution Output: ((Input Size - Kernel Size + 2 x Padding) / Stride) + 1
Pooling Output: floor((Input Size - Pool Size) / Stride) + 1

Chapter 7: Convolutional Neural Networks (CNNs)
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Forward Propagations and Backpropagations

Forward Propagation: input data moves layer by layer to produce prediction

. \ ( \ ( \ \ \ \ \ ( \( 3
Input Convolution RelLU Pooling Flatten Fully Connected Softmax Prediction Actual Label
Image | Filters slide Tl f(x)=max(0,x) T Downsampling T2 2D maps Nl Combines M| Class Nk Predicted True
32x32x%3 Feature maps Non-linearity Keeps features - 1D vector features probabilities output ¥ output y
\_ J J U J U J U J U J U @elifitionf/ 2 J J
/ act ely
r <)
Loss Function
Compares prediction with actual
label
Cross-Entropy I_Aoss:
L=-3 y% —
u _/

start backprop
Backpropagation: error moves backward to adjust filters and weights

. Backprop through Backprop through Backprop through Backprop through Backprop through :

Learning Convolution RelLU Pooling Dense Layer Softmax Gradient of Loss
Weights Update filter Block negative : Update dense ; ~
updated weights gradients Route gradient weights Error signal Compute alL/ay

[Learning Rule: W new =W old = n x9dL/oW | n = learning rate]

Department of Computer Science & Engineering
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VGG Architectures

N ' R ' ) ' ) ' ) 0 ) ' ) ' )
00 0 © O © N N N N N N
< <t N N Lo Lo O — ~ — -— ~— -—
o © ~ ~ N (QV] N o Lo Lo Lo Lo Lo
AN ENHRNEHERERENH R REENE NN EREIREIRE
—_— —Q —Q —Q —Q
6 o306 o 2”o(”o o3 o "o o Moo o[ Y YT
(&) (&) = (&) (&) = (&) (&) (&) =0 (8] (&) (&) = O (8] (&) SN HC_J “(_J HC_J
90} (92] (92] (92] (92] o 90} o (92] o o (92] o
X X X X X X X X X X X X X
(a0} (92] (92] (92] (92] o (a0} o (92] o o (92] o
-/ — — ~— — ~— -/ ~— — ~— — ~— -/ ~— / — ~—
[Convolution: 3x3 kernel, same padding, stride 1 | MaxPooling: 2x2 pool, stride 2]
r N\ N\ N\ [ N\ N N\ [ N ~ N
Input Block 1 Block 2 Block 3 Block 4 Block 5 Flatten FC-4096 FC-4096 Softmax
Conv3-64 x2 Conv3-128 x2 Conv3-256 x3 Conv3-512 x3 Conv3-512 x3 out:
P=1, 5=1 J P=1, S=1 J P=1, S=1 J P=1, S=1 P=1, S5=1 J . J Out: 4096 Out: 4096 J A
224x224%3 MaxPool 2x2,5=2  [7]  MaxPool2x2,5=2 17| MaxPool 2x2, 5=2 K MaxPool 2x2, 5=2 K MaxPool 2x2, S=2 Pl Gut2s.088 T Params: Params: Pl plo00
! Out: 112x112x64 Out: 56x56x128 Out: 28x28x256 Out: 14x14x512 Out: 7x7x512 ! 102,764,544 16,781,312 4,097 00‘0
Params: 38,720 Params: 221,440 Params: 1,475,328 Params: 5,899,776 Params: 7,079,424 ' '
\_ J \_ J L \_ J J J J L
Detailed Layer Outputs
Block 1: Block 2: Block 3: Block 4: Block 5:
224%224x64 - 224x%224x64 - Pool —» 112x112x%128 —» 112x112x128 - Pool - 56x56x256 = 56x56x256 —» 56x56x256 - 28x28x512 —» 28x28x512 —» 28x28x512 - 14x14x512 - 14x14x512 —» 14x14x512 -
112x112x64 56x56x128 Pool - 28x28x256

Pool - 14x14x512 Pool =+ 7x7x512

[Total Parameters = 138 million | Same padding keeps spatial size unchanged inside each convolution block | MaxPool reduces width and height by haIf]

ent of Computer Science & Engineeri
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Attention Mechanism

sigmoid output: [[9.477094e-07]]

Attention in computer vision means the model learns which region of an i
image is important for a specific task.

For example, if the task is to identify a dog in a photo, the model should
focus more on the dog rather than the background trees or sky.

Attention in images works like human vision:
= Humans naturally focus on important regions.
= Attention mechanisms help Al models do the same
thing computationally.

Vision Transformer (ViT)

MLP
Head

Transformer Encoder

|
- 60 0D 0 O DO o)

Extra learnable

[class] embedding [ Lmear Pl‘Q]CCthI‘I of Flattened Patches
XEE I I I
man—»lllm

Self-Attention in Vision Transformers (ViT): Modern models like Vision Transformers divide an image into patches and learn relationships between different regions.

Department of Computer Science & Engineering
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Attention Mechanism

Squeeze-and-Excitation (SE) Block Attention

Input SE Block Output
HxWxC ( HxWxC
Squeeze Excitation
Global Average FC RelLU FC Sigmoid
Pooling Scale
@) O @) @) O
» O —» O —» |O| —» [O| —» |O >® >
@) @) @) @) O
O O O O O
1x1xC C/r C 1 x1x€
Hx W x C N\ >
HxWxC
26 i i S e Example: Channel Attention on an Image Feature Map ~—~— T )
Feature Maps (Before SE) SE Block Recalibrated Feature Maps Output Image
(After SE)

Channel Weights

Iﬂﬂllml

1.21 1.05 0.89 0.42 0.30 0.12

(After Sigmoid)

High weight — more important
Low weight — less important

N I Y USRI R B W S S WO T N T I R SO  NUNNRUS e ORI L e S N /
e Squeeze: Global average pooling captures global context of each channel. e Important channels get higher weights.
e Excitation: Two fully connected layers learn channel-wise importance. o Less useful channels get lower weights.
e Scale: Channel weights are used to reweight the original feature maps. —» Helps the network focus on more informative features.
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Attention Mechanism

CBAM (Convolutional Block Attention Module)

1) Channel Attention Module
Input Feature

/'

I
|
|
I AngooI
F € RExHxW : Shared MLP
: (FC>ReLlU > FC)
| wa
I ]
Sigmoid
: i \ igmoi
: MaxPool i @ »@
| |
| U e/
|
|
\

Output Feature

Ms F"eRCXHxW

€ R1xHxW

o

1) Channel Attention (What is important?)
* Uses both AvgPool and MaxPool to capture

2) Spatial Attent

rich channel-wise statistics.
 Shared MLP learns channel importance.
» Output M, assigns a weight to each channel.

Feature Maps
(Before CBAM)

Channel Attention Module

Channel Weights M
(Cx1x1)

~liin-1-

[ aaaaa—
Low Importance High Importance

CBAM = Channel Attention + Spatial Attention (Sequential)

Helps the network focus on “what” is important and “where” it is important.

nt of Computer Science & Engineering

+ Uses AvgPool and MaxPool across channel
to capture spatial information.
« 7x7 Conv generates spatial attention map M.

 Highlights important spatial locations.

Example: CBAM Attention on an Image

Refined Feature Maps
(After Channel Attention)

(CxHxW)

pter 7: Convolutional Neural Networks (CNNs)

ion (Where is important?) Sequential Application

« First refine channels (global “what”).

* Then refine spatial locations (local “where”).
* Result: focus on informative features in both

channel and spatial dimensions.

7

Output Image /
Refined Feature

Spatial Attention Module

Spatial Attention Map M
(I1xHxW)

Refined Feature Maps
(After Spatial Attention)

Low Importance High Importance

@ Lightweight and easy to plug into existing CNNs (e.g., ResNet, MobileNet).
@ Improves performance by suppressing irrelevant features and highlighting meaningful ones.
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Transfer Learning and Fine-Tuning of Pre-trained CNNs

Transfer Learning

= Transfer Learningis a deep learning technique where knowledge from a pre-trained modelis reused
for a new task.

Instead of training a CNN from scratch, an already trained model is adapted for another problem.
= Commonly used in computer vision tasks.

Pre-trained Knowledge~>Adaptation>New Task Performance

Why Transfer Learning?
Training CNNs from scratch requires:

= |arge datasets Examples of Pre-trained CNNs
= High GPU power = ResNet
= |Longtraining time = VGG16
Transfer Learning Solves These Problems = MobileNet
= Reuses learned image features = EfficientNet

= Fastertraining
= Better accuracy on small datasets
= Reduces overfitting General Workflow
1) Load pre-trained model

Benefit 2) Remove original classifier layer
m Fgster Convergence 3) Add new classifier layer
= Better performance with limited data 4) Train on target dataset

Department of Computer Science & Engineering
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Transfer Learning and Fine-Tuning of Pre-trained CNNs

Feature Extraction Approach Fine-Tuning Approach
. Fre.eze convolgtion layer-s. ' = Unfreeze some pre-trained layers
= Train only the final classification layer = Retrain selected layers with new dataset
Characteristics Purpose
= Faste.r training = Adapt the model more specifically to the target task
= Requires less data Characteristics
= |Lower computational cost = Higheraccuracy
Suitable For = More training time
= Small datasets » Requires more data

= Similar tasks

Feature Extraction Fine-Tuning . .
Benefits of Transfer Learning

Freeze most layers Retrain some layers = Faster model training

Faster training Slower training = |mproved accuracy

= Requires fewer labeled images
= Reduces overfitting

Lower computation Higher computation = Saves computational resources

Less flexible More adaptable

Small dataset sufficient Larger dataset preferred
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Transfer Learning and Fine-Tuning of Pre-trained CNNs

Pre-trained Knowledge Adaptation New Task Performance

1. Pre-training on Large Dataset 2. Adaptation to New Task 3. New Task Performance
A CNN is trained on a large dataset Replace the final classification layer and The adapted model makes predictions
(e.g., ImageNet) to learn rich feature representations. fine-tune or train on the new dataset. on new, unseen data.
Large Dataset (ImageNet) . Target Dataset

e e New Input Images

*\. = g "./r, L',
s ‘/ ) :
—3 [Ty -

- ‘ 8 yy o) ‘ 4 /4 Predictions
e Iiﬂ o <p O o 0} o @ Healthy
] ; 0 O ﬁ o *** 0| —» | @ EarlyBlight
O O O @ Late Blight
: ' New Classes @ Leaf Spot
Pre-trained CN.N. 1000 Classes " (eg. 4 Diseases)
| (e.g., ResNet / VGG / EfficientNet) (ImageNet) i - )
X 2 Adaptation Methods:
Feature Extraction J Result
What the model learns: a Freeze all convolution layers, v « Hilthiaccuricy.onithe newtask
» Edges, textures, shapes (early layers) train only the new classifier. ‘ d ’ e ter .cy
« Object parts (middle layers) ‘ s S

~ Fine-Tuning « Works well even with limited data
x_J Unfreeze some or all layers and
train end-to-end with small learning rate.

Pre-trained Knowledge ﬁ Adaptation ﬁ New Task Performance
(Learned from big data) (Fine-tune or train on new data) (Better results on target task)

« High-level patterns (deep layers)
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Performance Evaluation

1. Classification Metrics 2. Confusion Matrix 3. ROC Curve and

Provides detailed insight into model

performance on each class.

TP: True Positive  TN: True Negative FP: False Positive FN: False Negative

d’ Accuracy TP + TN Actual Class
Accuracy = m——————————
Overall correctness TP+ TN + FP + FN 2 2
Positive Negative
Precision P
How many predicted Precision = ———
positives are correct TP + FP Positive TP FP
(True Positive) (False Positive)
Recall (Sensitivity) P "
Q How many actual positives Recall = TP+ FN Predicted
are detected > Class
@ :1 Sconr e g 1 Score = 9ix Precision x Recall Negative FN TN
armonic mean o = T TR T T (False Ni ve) rue Negative
Precision and Recall Precision + Recall e il E !
@ Specificity N
How many actual negatives  Specificity = ———
are correctly identified TN +FP

ROC Curve ROC Curve: Shows trade-off

1.0 1 P between TPR and FPR at
= ’/' different thresholds.
& P AUC (Area Under Curve):
% ,/' Measures the ability of the
f 0.5 // model to distinguish between
3 p classes.
2 7 ~—— CNN Model
t /z’ (AUC = 0.94)
= il -=- Random Guess AUC = 1.0 - Perfect

o o ok et AUC = 0.5 - Random

" 0.0 0.5 10

False Positive Rate

4. Loss and Accuracy Curves 5. Per-Class Performance 6. Other Useful Metrics 7. Model Comparison

Training and Validation Loss Training and Validation Accuracy Per-Class Accuracy . Example: Accuracy Comparison
20 g o o Top-K Accuracy: True label in top K :
— Train Loss predictions. Model A (ResNet50) 92.1%
15 ~— Val Loss 08 0.8
> 0
“ 8 06 o MCC (Matthews Correlation Coefficient): Model B (EfficientNet) [N 94.3%
g1e 2 £ Balanced metric for imbalanced datasets. )
S 04 2 04 Model C (MobileNetV2) 89.6%
05 <
0.2 o5 Balanced Accuracy.. Model D (DenseNet121) 91.0%
o6 . . i o Average of recall obtained on each class. = s . :
0 10 20 30 40 50 0.0 80 85 90 a5 100
Epoch Class1 Class2 Class3 Class4 Class5 Log Loss (Cross Entropy): A o
Classes 3 : curacy (%)
Penalizes confident wrong predictions.
« Train and validation curves help detect overfitting or underfitting. Helps identify classes where the model Compare multiple models using the same
+ Good model: Low loss and high accuracy on both training and validation. performs well or poorly. metrics on the same test set.
Evaluation Workflow Best Practices
— L iy - 5 /\/ 5 @ Useaseparate Look at multiple ) Check per-class Use training curves Compare models
 — a al
g ) — m ' test set for final ‘ ’ metrics, not just m performance for Q to monitor overfitting U and choose the
= evaluation. accuracy. imbalanced data. or underfitting. best trade-off.
1. Test Dataset 2. Trained 3. Predictions 4. Compute 5. Analyze &
(Unseen Data) CNN Model Metrics Compare
J Key Takeaway: Rely on a combination of metrics, curves, and confusion matrix to get a complete understanding of your CNN model's performance.

of Computer Science & Engineeri
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Model Interpretation and Visualization Techniques

Visualizes what each convolution filter Shows the activation output of filters Highlights discriminative regions used by Uses gradients from the target class to Backpropagates the gradients to the
has learned (patterns that activate it). at different layers for a given input. the model to predict a particular class. produce a coarse localization map. input image to show important pixels.

Learned Filters
Example (First Conv Layer) Input Image

(Input Image)
ZIS =
RS
[ ] I

Activation Maps (Layer Example) CAM Heatmap Overlay on Grad-CAM Heatmap Guided Backprop

" Coria Gy Input Image (for "German Shepherd”)  Original Image Input Image (for “Bird") Input Image (Edge-like Saliency)

Insight: Insight: Insight: Insight: Insight:
Early layers learn edges, colors, and Deeper layers capture more complex and Model focuses on the dog (not the background) Important region (bird body and head) Shows fine-grained details (edges
textures. abstract features. for the correct prediction. influences the prediction. and important pixels).
6. Grad-CAM++ 7. Occlusion Sensitivity 8. LIME (Local Interpretable Model-agnostic Explanations) 9. Integrated Gradients
Improved version of Grad-CAM that Part of the image is occluded (patched) to Explains individual predictions by approximating the model locally Attributes the prediction to each pixel by
provides better localization. see how prediction changes. and highlighting important super-pixels. integrating gradients along the path from a
3 o : baseline (e.g., black image) to the input.
Grad-CAM Heatrmap Occlusion Sensitivity Map S  LIME Super-pixels . (eg ge) P
Input Image (for “Elephant”) Input Image (Higher = More Important) (Highlighted = Important) Integrated Gradients
— ' Input Image (Attribution Map)
. > Ry S s s i
Cﬂ I Contribution
R “ -'../:L}?'i:"“ ; o
\ \’ Bl e
\ 3 0 e ‘ ' Negative
s % Contribution
Insight: Insight: Insight: Insight:
More accurate localization of the Red regions are critical; occluding them Shows which regions (super-pixels) are most influential Red pixels push prediction higher; blue pixels
entire elephant. reduces confidence. for the prediction. push it lower.
How These Techniques Help Best Practices Popular Tools and Libraries
Use multiple techniq gether for better under di P
@) @ nmie e | ' 0 iy o
@ Validate with domain knowledge. | K co ll"l
Understand what  Identify important Increase model  Detect model bias  Build trust and @ Interpret both correct and incorrect predictions. TensorFlow Kaida Pytorch OpenCV SHAP LIME
the model learns regions transparency or failure cases reliability @ Be careful: explanations are model-dependent, not absolute truth. (tf-explain)  (Visualizations) (Captum) (Hi )

v Key Takeaway: Visualization helps open the “black box” of CNNs, improves interpretability, and supports better decision-making.
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