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W Research Framework — Phase 1
C s>

Come out with a research topic

!

Phase 1 : Problem formulation & Data collection Literature review
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Activity 1 : Identification and justification of research problem

Activity 2 : |dentification and justification of research goal , objective and scopes

Activity 3 - Data Collection
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Activity 4 - Literature Reviews




Problem formulation & Data collection Literature review

BW Background of Study

Qe UNVERSITI TEKNOLOGI MALAYSIA

WhatiskOA? [ - Who will interact
| with KOA?

knee osteoarthritis, is a common

musculoskeletal disease

primarily affects elderly

Why dOes KOA P P - 4 individuals, but it can also impact

those with risk factors such as
occur ?

due to the degeneration of joint

obesity, prior joint injuries, or a
family history of osteoarthritis

cartilage in the knee, which leads to
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joint pain and disability



Problem formulation & Data collection Literature review

W Pproblem Statement ©OUIM

1. Need for Improved Diagnostic Techniques

Predicting KOA 1is crucial because it’s still caused
by many factors, affects quality of life, and varies
widely in how it develops.

Source : An Evolutionary Machine Learning Approach for KOA

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8000487/
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Osteoarthritis



https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8000487/

Problem formulation & Data collection Literature review

A
Goal

1. To improve the

To extract features vector
from deep learning models

GCC.U’ cgc.y and (CNN) for later fusion with
reliability of KOA handcrafted features.
grading, thereby

To fuse handcrafted
features with network
features using features level
fusion.

facilitating early
detection and
appropriate
management
strategies for knee
osteoarthritis.

To implement Feed-
Forward Neutral Network
for classification of KOA
using fused features.
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Problem formulation & Data collection Literature review

4 ©UIM
Scope Importance
1. Covers KOA analysis < ), % -6 - - > 1. Enhances KOA
using feature diagnosis by
extraction, \ . combining deep

learning and
handrcfated features,

classification
methods, evaluation
metrics, and aiming for higher
comparison of accuracy, reliability,
different approaches | and improved patient
for accurate diagnosis care.

and severity

classification.
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Problem formulation & Data collection Literature review

.Studies for KOA using Features
I e e R

Chen et Fully automatic knee osteoarthritis This study detect knee joints using a DenseNet
CETRI R EIM PP ) B severity grading using deep neural customized one-stage YOLOv2 network then InceptionV
networks with a novel ordinal loss. fine-tune the most popular CNN modelsto 3, Resnet,
classify the detected knee joint images with VGG
a novel adjustable ordinal loss

w7’ UNIVERSITI TEKNOLOGI MALAYSIA

Fusion HEMERIGI Feature level fusion framework for brain  This study propose an efficient fusion Feature
aand MR image classification using supervised framework for brain magnetic resonance Level
Prakash deep learning and handcrafted features  (MR) image classification using deep Fusion
(2022) learning and handcrafted feature extraction

method

Hand- Khalid et Automatic Analysis of MRI Images for This study extract MRI image that by deep DWT,
o= 1PV Early Prediction of Alzheimer’s Disease learning technique and combine with DWT, GLCM, LBP
Stages Based on Hybrid Features of CNN GLCM and LBP. , CNN

and Handcrafted Features

Table 1 Studies KOA in DL



Problem formulation & Data collection Literature review

.Studies for KOA using Machine Learning

Reference Approach Methodology Accuracy /
F1 Score

w7’ UNIVERSITI TEKNOLOGI MALAYSIA

EEHEEE-9 Predicting total knee replacement from This study uses longitudinal assessments of 81.2%
al.,(2020) symptomology and radiographic structural radiographic changes, knee pain, function, and

from the osteoarthritis initiative (OAl) networks (ANN)
Kokkotis et Identification of risk factors and machine This study uses a robust feature selection 74.07%
al.,(2020) learning-based prediction models for knee approach combining filter, wrapper, and

osteoarthritis patients. embedded techniques, followed by

classification with SVM

Su et Improved Prediction of Knee Osteoarthritis  This study uses a dataset combining clinical 0.553 (F1
al.,(2023) by the Machine Learning Model XGBoost. parameters, imaging data, and patient history,  Score)
then classifies by Model XGBoost
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Table 2 Studies KOA in ML



Problem formulation & Data collection Literature review
-Studies for KOA using Deep Learning

Tiwari, Using deep learning methods for orthopedic This study uses Al and DL to develop a neural 74%
L VEIETCM radiography, artificial intelligence models for network-based assessment for classifying KOA

Bagaria osteoarthritis of the knee are evaluated. severity from radiographic images annotated
(2021) with KL grades

K/
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Yunus et YOLOvV2 is used to identify knee This study uses 3D radiographic images with 90.6%
al.,(2022) osteoarthritis (KOA), and convolutional LBP features and deep features from Alex-Net

neural networks are employed for and Dark-net-53, then classifies by CNN
classification.

\lelsElnlnl=cM Knee Osteoarthritis Detection and Severity  Propose the application of six pretrained DNN  64%

et al.,(2023) Classification Using Residual Neural models, namely, VGG16, VGG19, ResNet101, (VGG19)

Networks on Preprocessed X-ray Images MobileNetV2, InceptionResNetV2, and 69%
DenseNet121 for KOA diagnosis using images  (Resnet101)
obtained from the Osteoarthritis Initiative
(OAl) dataset.

Table 3 Studies KOA in DL
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Problem formulation & Data collection Literature review

BW Data Collection ®GUTM

Knee Osteoarthritis (OA) Severity

Grade 0, no reactive changes + healthy knee.

Kel Igren Grade 1, indicating a possible development of osteophytes
and

Grade 2, definite osteophytes E
Lawrence o £
grad es Grade 3, exhibits moderate osteophyte growth, §

Grade 4, exhibits a large amount of osteophyte growth.

11



Problem formulation & Data collection Literature review

BW Description of Datasets - OAI

° Osteoarthritis Initiative  (University of California, San Francisco's Osteoarthritis Initiative (OAI))

UNIVERSITI TEKNOLOGI MALAYSIA

Categories Explanation of KL Grading Aft_Select

Amount
X-ray that is Healthy 3857 1468
X-rays showing joint restriction with tipping osteophytes 1770 855

Evidence of minimal osteoarthritis with constrained joint 2578 1643

spaces and osteophytes.

X-rays show numerous osteophytes, mild sclerosis, and 1286 986

moderate osteoarthritis with joint space stenosis.

Extensive injuries visible on X-rays include massive 295 295
osteophytes, extensive sclerosis, and obvious joint

constriction.
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Total 9786 5277
Table 4 Description of data OAI
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W Research Framework — Phase 2
;

Fhase 2 : Data Pre-process then Generate Features and Fused Features
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Activity 5 - Auto Selection X-ray images then pre-process

Activity 6 - Improve X-ray images

Activity 7 - Generate handcrafted features { GLCM , DWT , LEFP ) then combines 3 of them

O b = 1 Activity 8 - Generate network features { VGG-19 and ResNet-101) through convolutional layers , pooling layers and
J some auxiliary layers after applying data augmentation technique

Activity 9 - Generate 3 fusion features by fusing VGG-19 with handcrafted features , ResNet-101 with handcrafted
features and VGG-19 with Resnet-101 with handcrafted features by using feature-level fusion
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dataset
9786

.Architectu re Diagram + ' _—

Preprocess of AutoSelection,
Average filter & CLAHE method
T
Step 1: Preprocess Data 77 . é{ . }

Preprocess of AutoSelection,
Segmentation & ROI

Research Design & Implementation X oftne ORI Iﬁ-l
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|s277
Train : B0% ¢
Step 2: Sp||t Dataset Vsidson - 20% ron s ‘ Split into trainivalftest sets
Step 3: Augment Tra|n|ng Set Only ‘Augrg:;:agﬁ:'al'::jw;l:)nadtafor Total : 5277 + 3260 = 8545
CMN | | Handcrafted

'L ‘
Step 4: Extract CNN Features on Preprocessed CNN Images _
(S|

VGG-19 ResNet-101 Technigue
: I
2 Step 5: Extract

40pe ¢ Tsre e Handcrafted Features on
Preprocessed Hand Images

Fusion

Fusion
VGG19 and VGG19 and
Handcrafted Resnet101 and

\_‘I:I‘_e_l_rﬂ:raﬂed

Step 6: Concatenate Features Fusion

VGG19 and

Handcrafted

Step 7: FFNN Classification FFNN FENN FFNN

Predicted
o Classification "

Step 8: Final Comparative Evaluation ’!ﬁy‘
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Research Design & Implementation

EHCHANCED X-RAY ANALYSIS AND DIAGNOSIS LIM YONG WEI B22EC0025

OF KNEE OSTEQARTHRITIS GRADE THROUGH l l I M

[
HYBRID TECHNIQUE USING FUSION OF CNN AND o786 ) @
HANDCRAFTED FEATURES UNIVERSITI TEKNOLOGI MALAYSIA

OAl DATASET
CNN v 5277 5277 v Handcrafted ruULING h 4
] lf‘ 1*1 CONV,512 EXRACT 3
Preprocess of AutoSelection, Preprocess of AutoSelection, CONV5_1 3*3 CONV.512 STATUSTICAL
AVRG FILTER & CLAHE METHOD SEGMENTATION & ROI CONV5_2 1*1 CONV,2048 FEATURES
AVG POOL T
CONV5_3
HIGH-HIGH
CONV5_4 FILTER DETAIL
POOLING COMP
h 4 +
Trein - B0% Split into trainivaltest
Validation : 20% from train P EXRACT 3
[ sets STATUSTICAL
l FEATURES
¥
h 4 ' vL ¥
Augmentation Train Aug : 3250 FEATURE MATRIX FEATURE MATRIX FEATURE MATRIX
Data for each cnn and T FC Dense (4098)
handerafied Total: 6277 + 3280 = 3548 FC Dense (2048) (0786 X 13) (0786 X 12) (9786 X 203)

CNNl |Handcraﬂed — — l
feature metnc feafure metnc

FUSION HANDCRAFTED FEATURES

| I
1 et

NETWORK HANDCRAFTED / J' ¢ ¢
FEATURES TEXTURE TECHNIQUE Yy v
224X224X3 224%224X3 CONCATENATION .| CONCATENATION CONCATENATION
LAYER (FUSION *| LAYER (FUSION LAYER (FUSION
v v v VGG-19 AND RESNET-101 AND RESNET-101 AND
HANDCRAFTED HANDCRAFTED HANDCRAFTED
GLCM DWT LBP
VGGE-19 RESNET-101 FEATURES) FEATURES) FEATURES)
J, J, CONVERT TO GREY DIVIDE INTO 4 CONVERT TO GREY
CONVI 3 SCALE MATRIX SCALE MATRIX
— i
convi_2 CONV64.STRIDE2 F\L#g;&%ﬁox v
POOLING v COMP CALCULATE FEED FORWARD NEUTRAL NETWORK
k2 SPATIAL INFO
CONVZ_1 ANALYZE TECTURE ¥
- FEATURES USING NEIGHBORS
CONV2_2 EXRACT 3
oG 1*1 CONV,64 (SMOOTH/ROUGH) STATUSTICAL 1 >
- 3*3 CONV.54 1 FEATURES £
CONV3_1 1°1 CONV.256 v PROCESS EACH E
TR 1 EXTRACT 13 LOW-HIGH PICEL USING LEP
. FEATURES FILTER DETAIL 5
CONV3_3 1*1 CONV. 128 COoMP l Predict CLASSIFICATION .
Conva a 33 CONV128 v 2
POOLING 1*1 CONV 512 EXRACT 3 REPLACE TARGET gsigg l1) S
JE STATUSTICAL PIXEL WITH LBP 3
v
CONV4_1 FEATURES VALUE GRADE 2
- 1*1 CONV. 256 GRADE 3
CONV4_2 3*3 CONVP56 v Jv GRADE 4
1*1 CONV 1024 HIGH-LOW
CONV4 3 FILTER DETAIL EXTRACT 203
CONv4_4 comp BINARY FEATURES
POOLING ¥




Research Design & Implementation

Step 1: Preprocess Data

oS

Freprocass of AulaSelecion
fyverape Tilkar & CLAHE maethod

5277

k|

]

Handorafied

B

Prepeocess of AutoSeleclion
Sagmeniabion & ROI

LT
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Research Design & Implementation

Datasets Pre-Processing — AutoSelection

*Auto-selection Objective:
Select only the clearest images to ensure high-quality
Input for deep learning.

*Sharpness Measurement:

Used variance of the Laplacian operator to evaluate
Image clarity.

Higher variance = sharper image.

*Selection Process:

From 9,786 images, the top sharpest 5,277 images
were retained.

Ensured balanced representation across KL grades.

Input and output size is 240 X 240

loating-point round-off errors from different computation orders. To turn them off, set the environmen
Loading and selecting data...

Total: 5277 images [@: 1468, 1: 885, 2: 1643, 3: 986, 4: 295]
After selection: 5277 images

= B UNIVERSITI TEKNOLOGI MALAYSIA

Exp Non-
clear ORI
Images

9003126L

9002116L

9127484L

Categories

Aft_Select

Amount

3857 1468

1770 855

2578 1643

1286 986

Grade 4 295 295
Total 9786 5277

Table 5 Dataset OAI bef and aft selection
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Research Design & Implementation

Datasets Pre-Processing — Segmentation & ROI

@, Objective:
Enhance image clarity by isolating the knee joint to ensure accurate and consistent handcrafted
feature extraction.

Input size is 240 X 240

wwgS”  UNIVERSITI TEKNOLOGI MALAYSIA

PNG format.

Step 1: Segmentation:
«Convert image to grayscale.
*Apply binary thresholding to isolate the knee joint.
*Detect contours and identify the largest contour as the knee region.

Step 2 : Region of Interest (ROI) Cropping:
*Crop a rectangular region around the detected knee joint.
*Add 10-pixel padding around the bounding box to retain anatomical context.
*Resize the cropped image to a fixed resolution of 224 x 224 pixels.

[V]JCombined Benefit:
Ensures that handcrafted features (like texture and shape) are extracted from the most meaningful

part of the image.

[[3 Post-Processing Step for Handcrafted images:

All enhanced images are saved and organized into separate folders based on their KOA grade (e.g., O,
1, 2,3, 4).

Preprocessed images are now ready for dataset splitting into training, validation, and testing sets.
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Research Design & Implementation

Visual Reference- Segmentation & ROI

\ori data\FYP data\hand\preproAuto

Qe UNVERSITI TEKNOLOGI MALAYSIA

k1

9003658R 9055038 1 9003406R

9§

9053047L

LPESSN .T 4

9226021R

g

I.'1t-

v
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Research Design & Implementation

Datasets Pre-Processing — Average Filter & CLAHE

@, Objective:
Enhance visual quality of the grayscale image for better feature extraction.

Input size is 240 X 240

Step 1: CLAHE (Contrast Limited Adaptive Histogram Equalization)
eImproves contrast to make bones and joints clearer, especially helpful for medical images with uneven

lighting.

*Step 2: Average Filtering
eSmooths the image by reducing noise while keeping important details.

Final Processing:
*Resize to0 224 x 224 x 3.
*Convert to three-channel image to match CNN input format.

(V] Combined Benefit:
*Balances contrast enhancement and noise reduction.
*Produces a clearer and cleaner image for downstream feature extraction.

[ Post-Processing Step for CNN images:
All enhanced images are saved and organized into separate folders based on their KOA grade (e.g., 0, 1, 2, 3, 4).
Preprocessed images are now ready for dataset splitting into training, validation, and testing sets.

wetfS”  UNIVERSITI TEKNOLOGI MALAYSIA

mage Forme
All images in
PNG format.

www.utm.my



Research Design & Implementation

Visual Reference - Average Filter & CLAHE

\ori data\FYP data\cnn\preproAuto

\..'

9003658R

0
-

w Ly
_-hd
9055038 1 9053047L

NiF

A die
9226021R

19003658R|
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Research Design & Implementation
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¥

StEp 2 Slﬂ'llt Dataset :,..I ver || Siplf into rainivaltes! sets
_ l . gy | 320W
Step 3: Augment Training Set Only Augmentaion Train Data for |t 2277+ 320 - s
ki I II.I-M-—--H-.H
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Research Design & Implementation

Data Division and Arrangement

The OAIl dataset will be partitioned into 80:20 (train test) and validation sets will be obtained from 20% of training data segments because to

its substantial size. Accordingly, training will occupy 80% of the data, with the remaining 20% going toward testing and validation for each.

Classes |GradeO |Gradel |Grade?2 |[Grade3 |Grade4 |Total _
\cnn\augBefSplit

&

68> 1643 986 235 \hand\augBefSplit
J > - oridata
Phase/Classes Training 80% (Validation 20% Testing (20%
Grade 0 940 (234)
Grade 1 567 (141) Name i
Grade 2 1052 (263) B test
Grade 3 630 (159) ::Iin

Grade 4 189 (47) '
Total 3378 (844)

www.utm.my

Table 6 Data Division and Calculation



Research Design & Implementation
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Balancing with Augmentation Data on Train Split

@, Purpose:
Enhance model robustness and generalizability, Artificially expand the dataset by creating new,
diverse samples from existing images.

v] Applied Only to:
The training set
(X not on validation or test sets because to reflect true model performance in real-world scenarios).

datagen = ImageDataGenerator

Augmentation Techniques Used: > (rotation_range=30,

horizontal flip=True,

vertical_ flip=True,
width_shift_range=0.2,

'Why It’s Important: height_shift _range=0.2,
-Helps in medical imaging, where labeled data is often limited. iAol

*Prevents overfitting by increasing diversity in training data.
*Encourages learning of general features useful for unseen cases.

[[© Post-Augmentation Step for CNN images and Handcrafted images:

All enhanced augmentation images are saved and organized into separate folders based on their KOA grade (e.g.
0,1,2,3,4).

Then waiting for next step : Overall Data Partitioning
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Research Design & Implementation

Visual Reference - Balancing with Augmentation Data on Train Split

wetfS”  UNIVERSITI TEKNOLOGI MALAYSIA

Pre-Processing —
Segmentation &
ROI

Pre-Processing —
Average Filter &
CLAHE

aug_1_0
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Research Design & Implementation

Visual Reference - Augmentation on Training Split UTM

Most classes had roughly one image added per original, but augmentation was applied more selectively. For example, Grade 4, the least
represented, had around five images added per original, while Grade 2, despite having more original images, received fewer augmentations
(only +336).

’ aug_17 e |_4_1 5

aug 0.7
AR

0 (700 items) izl pr) 2 (336 items) -10 4 (984 items)
-& ~C N “ 4 3 (559 items)

- i g
[~ | Select a sinale file to ne Select a Slngle — - -

[ i —

MName

- Classes

. Bef-aug

im>

-- aug

- Aft-aug 3

£

\handg}Aug Table 7 Training Split Specification Summarization §

\cnn\Aug



Research Design & Implementation
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Data Partitioning Overall After Augmentation

Phase/Classes Training 80% Validation Testing 20%

+ Aug (20%)

940 +700 = 1640 234 394 2168

Grade 1 567 +690 = 1257 141 177 1575 \hand\augAftSplit

&
\cnn\augAftSplit

1052 + 336 1388 263 328 1979

A
1 [file name label  se
8527 9997869R. png
8528 9998089L.png
8529 9998089R.png
8530/9998089_1.png
8531/9998089_2.png
8532/9998384L.png
8533|9998384R.png

630 + 559 1189 159 197 1545

3

Grade 4 189 + 984 1173 47 59 1279

Name 8534/9998384_1.png
3378 + 3 269 _ 6647 844 1055 8546 8535/9999295L.png
B ALL Imagd [

Table 8 Data Partitioning |

8539 9999510L.png
8540 9999510R.png
8541/9999862L.png
. train 8542 9999862R.png
8543 9999862_1.png
8544 9999865L.png

W vl 8545 9999865R. png
3545/ 9999878L.png

5
S N N N N -]
P P = P P P o g e g e
A A A A A A A A A A A A A A
NSRS NN RERE N RS RN L R

85 "7/9999878R.png
’E. labels_with_set [
8549
8550
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labels_with_set ()
)

Save all each processed and aug images (CNN and Hand) in “All Images” folder.
Create “labels_with_sets.csv” with filename, label, set (train/val/test).



Research Design & Implementation
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chl |

v v
Step 4: Extract CNN Features on Preprocessed CNN Images % @
VEG-19 FesHed-101
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Research Design & Implementation

Network Features Extraction

some auxiliary layers after applying data augmentation technique

Obj 1 Activity 8 : Generate network features ( VGG-19 and ResNet-101) through convolutional layers , pooling layers and
I

VGG19 and ResNet101 used as feature extractors.

Used : CNN-based feature extraction pipeline before classification
Purpose : Run inference to extract features (not training)

(¥ Input: Use cnn preprocessed knee X-ray images.

from tensorflow.keras.applications import VGG19, ResNetlol
# ..

# VGG19 Layer used ‘FC2’ which flattened 4096D vector
model = Model(inputs=base_model.input, outputs=base_model.get_layer('fc2').output)

# Resnetl1019 Layer used ‘GAP’ which is 2048D vector
model = Model(inputs=base_model.input, outputs=base_model.get layer(gap’').output)

il Model Surmary

Model: "functional 1"

| Layer (type)

| image (InputLayer)

| conv2d (ConvaD)

| max_pooling2d (MaxPaoling2D)

| batch_normalization

| conv2d 4 (Conu2D)

| conv2d & (Comv2Dy

| convad € (Conu2D)

| conv2d 7 (Com2Dy

| convad 8 (Conu2m)

| convzd_18 (C

| conv2d_11 ¢Ca

| output Shape
| (Hone, 22

| (Hone,

| (None,

| (None, 58, s, E64)

| tNome, 14, 14
| (None, 14, 14, 256}
| (Nene, 14, 14, 256} | thone, 14, 14
| (None, 14, 14, 1024)
| (Mone, 1#, 1%, 1824) | thone, 14, 14

| tNene, 14, 14
| max_pooling:

| flatten (Flatten)

| tNone, 14, 14, &

| tone, 14, 14, &

| thone, 14, 14, &

| tNone, 14, 14, 5

UNIVERSITI TEKNOLOGI MALAYSIA

16,781,312 |
8|

8,308,656 |

www.utm.my




Research Design & Implementation

CNN (VGG_]_Q) Visual Geometry Group 19-layer network

It's a deep convolutional neural network with 19 layers.

UNIVERSITI TEKNOLOGI MALAYSIA

FPre-process & Aug

VG o & Consists of a series of convolutional layers -> max-pooling layers -
ilter

CLAHE method >fully connected layers (FC2) for features extract
Input matrix .InpUt Iayer .
(224x224x3) - *Conv Block 1: 2 Conv layers (64 filters)
| ' Max *Conv Block 2: 2 Conv layers (128 filters)
Conv1_1 Conv2_1 | Conv2_2 > Poling |—>»] Conv3_1 > Conv3_2 .
64x3x3 128x3x3 128x3x3 o2 256x3x3 256x3x3 Conv Block 3: 4 Conv |ayer5 (256 f||ters)
Siride 2 *Conv Block 4: 4 Conv layers (512 filters)
v *Conv Block 5: 4 Conv layers (512 filters)
Conv5 1 P’(‘]"‘Iﬁ[’j <« |Conva 4|  |Conva 3| |Conva 2| |Conva 1| | P'glﬁﬁ < |Conva 4| |cConva 3 'FU”y Connected (FC) Layers:
512x3x3 | 2}(29 - 512x3x3 [ | 512x3x3 | 512x3x3 512x3x3 2x29 256x3x3 | | 256x3x3 'FCl 4096 unlts
Stride 2 Stride 2 FC2: 4096 units
A F
s\ *FFNN
Sraxaxs [ S ] s1mams [\ (aose (056) > Handcraftea—> FFNN e eTotal=2+2+4+4+4+3 =19 layers
Combined rade(0,1,2,3and4
Features

convolution filters throughout the network, which allows for deeper architectures
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Research Design & Implementation

CNN (VGG-19) — Result Visualization show in Streamlit &
Proposed Model

st.title("Optimized KOA Feature Extraction Pipeline")

handcrafted_images_path = r'C:\UTM Degree\y4s2\PSM1 Dr Nies\KOA\data\ori data\FYP data\hand\augSplitAfter\ALL_ Images' Input method to
handcrafted labels path = r'C:\UTM Degree\y4s2\PSM1 Dr Nies\KOA\data\ori data\FYP data\hand\augSplitAfter\labels with set.csv' extract features
cnn_images_path = r'C:\UTM Degree\y4s2\PSM1_Dr Nies\KOA\data\ori data\FYP data\cnn\augSplitAfter\ALL_Images'
cnn_labels path = r'C:\UTM Degree\y4s2\PSM1_Dr Nies\KOA\datalori data\FYP datalcnn\augSplitAfter\labels with_set.csv'
# Output directory

save _dir = r'C:\UTM Degree\y4s2\PSM1 Dr Nies\KOA\data\ori data\AugPre\features'

os.makedirs(save _dir, exist_ok=True) Samples Size m Batch per Epoch

Method of a pre_trained Keras model Network Features 6277 4 6277/4 = 1662
Extraction

UNIVERSITI TEKNOLOGI MALAYSIA

J Teatures. ..
8:01.029363: I tensorflow/core/platform/cpu_feature guard.cc:218] This TensorFlow binary is optimized to use available
rformance-critical operations.

To enable the following instructions: AVX2 FMA, in other operations, rebuild Tensorflow with the appropriate compiler flags.
1662/1662 ——————— 21965 1s/step
Extracting ResNet101 features...

&, Select Feature Type to Extract

VGG19
Block 2 Feature Map

# Start Feature Extraction

. '
8 —
—

Block 3 Feature Map

B Feature extraction complete!

__§ § R

Block 4 Feature Map

s 30| o om0 e oms 2 s e [ Showtop5exp
' __ output in Streamlit

2.1914 0.1609

1.4496 0.8908
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13117 0 0. 7875

Block 5 Feature Map 4 0.707 1.6585 o

Auto save in

=
B Feature CSV saved to: C:\UTM Degree\y4s2\PSM1_Dr Nies\KOA\data\ori h d .
data\AugPre\features\Vggl9.csv p at I r
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CNN (ResNet_lol) Residual Network with 101 layers.

5 ; UNIVERSITI TEKNOLOGI MALAYSIA

A very deep convolutional neural network with 101 layers.

Pre-process &
Aug

AVG filter & Consists of a series of max-pooling layers -> Residual Block->
CLAHE method . 0
Avg Pooling -> Global Average Pooling for features extract

Input matrix /\

224x224x3) Residuil Block Residuadl Block °In put Layer
 ox \ *1 conv layer (Conv1)
» — Conv1 ‘ Polling Conv2_1 Ly Conv2_2 N Conv2_3 [ || |[Conv3_1 L > Conv3_2 L > Conv3_3
64x7x7 \ ' 64x1x1 64x3x3 | 256x1x1 128x1x1 128x3x3 | | 512x1x1 *3 blocks (COﬂVZ_X) x 3 Iayers =9
Stride 2 *4 blocks (conv3_x) x 3 layers =12
! *23 blocks (conv4_x) x 3 layers = 69
] Residual Block Residual Block x23 3 blocks (COﬂVS_X) x 3 layers =9
GAP ‘ P?L:I?ng ‘ Convb_1 Convb_2 Convb_3 | |l¢«< |Conv4_1 Conv4_2 Conv4_3 .Average POOIIng Layer (after ConVS_X)
(2048) \ 7 J 512x1x1 | 7| 512x3x3 | ] 2048x1x1 256x1x1 | ] 256x3x3 | | 1024x1x1 .
N/ *Global Average Pooling Layer
* fully connected layer (FFNN)

Total=1+9+12+69+9+1=101 layers

Features ResNet101

Fusion with
Handcrafted
Combined Features

A residual block contains a few convolutional layers plus a shortcut (skip connection), allows the network to learn residuals
(what needs to change), rather than mapping everything from scratch to help avoid vanishing gradients

—>» FFNN

Predict Classification
Output
Grade(0,1,2,3and4)
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CNN (Resnet-101) — Result Visualization show in Streamlit
& Proposed Model

st.title("Optimized KOA Feature Extraction Pipeline")

handcrafted_images_path = r'C:\UTM Degree\y4s2\PSM1_Dr Nies\KOA\data\ori data\FYP data\hand\augSplitAfter\ALL_Images’ Input method to
handcrafted_labels_path = r'C:\UTM Degree\y4s2\PSM1_Dr Nies\KOA\datalori data\FYP data\hand\augSplitAfter\labels with_set.csv' extract features
cnn_images_path = r'C:\UTM Degree\y4s2\PSM1_Dr Nies\KOA\data\ori data\FYP data\cnn\augSplitAfter\ALL_Images'
cnn_labels path = r'C:\UTM Degree\y4s2\PSM1_Dr Nies\KOA\datalori data\FYP data\cnn\augSplitAfter\labels with_set.csv'
# Output directory

save_dir = r'C:\UTM Degree\y4s2\PSM1_Dr Nies\KOA\data\ori data\AugPre\features'

os.makedirs(save_dir, exist_ok=True)

4 UNIVERSITI TEKNOLOGI MALAYSIA

Samples Size | Batch | Batch per Epoch

Method Of a pre—trained Keras model Network Features 6277 4 6277/4 = 1662
Extraction

(LA LR L0

Extracting ResNet101 features...

1662/1662

@, Select Feature Type to Extract

ResNet101
# Start Feature Extraction

Filter 1 Filter 2 Filter 3 Filter 4 Filter 5 Filter 6 Extracting features... please wait.

¥ Feature extraction complete!

gy [rars Parmel Vool ey proseost ovs Show top 5 exp
output in Streamlit

Block2

Filter 1 Filter 2 Filter 3 Filter 4 Filter 5 Filter 6 0.6151

0.4768

0.8818
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11393

M Feature CSV saved to: C:\UTM Degree\y4s2\PSM1_Dr Nies\KOA\data\ori :
data\AugPre\features\Resnet101.csv AUto save I n
.
path dir

Filter 1 Filter 2 Filter 3 Filter 4 Filter 5 Filter 6
E— T —) I — A
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¥
'I-. e r = ]
nf Coon | |remmecneiee Step 5: Extract
2 o > | " Handcrafted Features on
e
a0 ¢ e ) Preprocessed Hand Images
":H___—_' vy

ovefare
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Proposed Model — Handcrafted
(DWT, GLCM and LBP)

¥ UNIVERSITI TEKNOLOGI MALAYSIA

DWT
Approximation (cA) Vartesl Detad (cV)
Fully
High-Low .
Low-Low Exfract 3 ; Extract 3 Conpact
,:[ir:fﬁ e fimar Apgro | Statusbical Ee'n"!’l Statustic s Concatenate with
AR Comp Features Cnr:;:' Feslures W
* Vggl9 features extract
. *i * Resnetl01 features extract
r
Horzonial Deted (cH) Diaganal Detail (cD)
Liowy-High Hagh-High
Eifler Eﬂral:! 3 , Fitar Exhac.‘.l 3
Imput miafre: Diatail — Slatustical Detsi —»{Statuslica
Pre-process ; (E26224c) Camg Featuras Comp Feafures
Segmentation and | /
Region of Interest Fusion with
— ——af
{ROI) extraction GLCM " Network Fealures FNN ’( Classification Output
- Grade(0,1,2 Jand4)
Y
» Conver fo G_re:-‘ﬂr.nle . Anatyze Tecture »| Exiract 13 Fealuras
Matrix | Fealues
LEP
S| ComerttoGry | i Processeach | | Fevtace Frmet P Exlract 203 Binary
Scale Malr ' Pixel using LBF fredil 7 Features

Innovating Solutions
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Handcrafted Features (DWT )

UNIVERSITI TEKNOLOGI MALAYSIA

@, Purpose: Captures both frequency and spatial details of the image.

DwWT

(¥ Input: Use handcrafted preprocessed knee X-ray images. Approximation (cA) et Detad (¢¥) -
Divide b 4 Low-Low Extract 3 Hi%?;t?uv Extract 3 {::::n;.:r
chjcHeMeDy [ 1'1“é£;r"'“""'s',_.f;f§' peian ”T_:::?;f Layer
- peial _
DWT Decomposition: ——
Apply Discrete Wavelet Transform (Haar) to split the image into four subbands: | l
= = Horzontal Detad (cH) Diagonal Detail (cDv)
.ApprOXImatlon (CA) L:l'-;'.-;‘Hul: E:etral:l3i l--:}h-Hl:lh Extracl 3
eHorizontal (cH) B ey Detan [ s
e\/ertical (cV)
eDiagonal (cD)
DWT Features:
Feature Calculation (per subband): 7 OWT_Festre.2: 102 554400579045
Extract 3 statistical features from each subband: TN M it

DWT_Feature_5: 4.6218378724280695

*Mean poprimation A ertical Detail :
Standard Deviation I _— I (R —
° E n e r gy g y DWT_Feature_8: 4.374824344880934

DWT_Feature_9: 276011.7500000001

DWT_Feature_10: -0.004618055555555562

DWT_Feature_11:0.5693223859277287

\/ Output: . .w ‘~'.' 4 ) "jr‘:. ~, DWT_Feature_12: 4667.750000000003
Combine all stats into a 12-dimensional feature vector (4 subbands x 3 stats). |EE—_—_—S—_—_——— Diagonal Detail (cD P
This captures both spatial and frequency details for classification.
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Handcrafted Features (GLCM)

@, Purpose: Measures texture by analyzing pixel intensity relationships.

UNIVERSITI TEKNOLOGI MALAYSIA

(% Input: Use handcrafted preprocessed knee X-ray images. | GLCM

GLCM Generation : | | ComenioGreyScale L, Anemelectre | »lEdract 13 Fealures
Create a Gray-Level Co-occurrence Matrix using pixel pairs at:

e1-pixel distance

*4 angles: 0°, 45°, 90°, 135°

GLCM Features:

Feature Calculation: P —
From the GLCM, extract 5 texture features across angles:
e Contrast o s
(] Di S Si m | Ia rity GLCM_Feature_5: 3.049267782426821
-Homogeneity B——
L4 E n e rgy GLCM_Feature_8: 4.138302900859678
Y CO rre I at i o n GLCM_Feature_9: 0.3159367316669163

GLCM_Feature_10: 0.24272175466585488

GLCM_Feature_11: 0.38662961080890706

V O u t p u t : GLCM_Feature_12: 0.2686383843489354
Combine into a 13-dimensional feature vector (padded if needed).
This captures spatial texture patterns important for diagnosis.
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B Model Summary: GLCM '::I L |: I'1'1 I'-'ll d 1. I ..i':. |_ (=5 ] 1. map
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Handcrafted Features (LBP)

@, Purpose: Detects local patterns and textures around each pixel.

LEF

(¥ Input: Use handcrafted preprocessed knee X-ray images. |
| | Comvetosrey | loo te sostalinto}— |  Processescn || “‘*‘“‘““ﬂf,[ﬁ”“”e' Exlract 203 Binary

|

[

I . Y
Scale Malrix Pixed using LBF LEF Valug Feaiures

LBP Calculation:

For each pixel, compare it with its 8 surrounding neighbors.

|f neighbor > center pixel - assign 1, else O. At 10180 Histogan
eConvert the 8-bit binary pattern into a decimal value (0—255).

LBP_Hist_1: 0.004652777777697
LBP_Hist_2: 0.00407986111104028

LBP_Hist_3: 0.009201388888729142

Histogram Generation: -
eBuild a histogram of all LBP values across the image.
eNormalize the histogram to ensure uniformity.

LBP_Hist_7: 0.017899305555244802

LBP_Hist_8: 0.003923611111042993

V O u t p u t : LBP_Hist_9:0.00017361111110809704
eExtract the first 203 values from the histogram as the LBP feature vector. B v o
eCaptures local texture patterns and edge structures important in medical imaging.

www.utm.my
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Handcrafted Features Extraction in Streamlit (DWT, GLCM and LBP)

st.title("Optimized KOA Feature Extraction Pipeline")

handcrafted_images_path = r'C:\UTM Degree\y4s2\PSM1_Dr Nies\KOA\data\ori data\FYP data\hand\augSplitAfter\ALL_Images' Input method to
handcrafted labels path = r'C:\UTM Degree\y4s2\PSM1 Dr Nies\KOA\data\ori data\FYP data\hand\augSplitAfter\labels with_set.csv'

cnn_images_path = r'C:\UTM Degree\y4s2\PSM1_Dr Nies\KOA\datalori data\FYP data\cnn\augSplitAfter\ALL_ Images' extract features
cnn_labels path = r'C:\UTM Degree\y4s2\PSM1_Dr Nies\KOA\datalori data\FYP datalcnn\augSplitAfter\labels with_set.csv'

# Output directory

save_dir = r'C:\UTM Degree\y4s2\PSM1 Dr Nies\KOA\data\ori data\AugPre\features'

os.makedirs(save_dir, exist_ok=True)

®, Select Feature Type to Extract

Handcrafted

# Start Feature Extraction

B Feature extraction complete!

Show top 5 exp
output in Streamlit feat 1 feat2 feat 3

306.5996 243.8179 1,924,883.493 04329 209741 5,520,615 D.0087 21.9697
0.135 262683 S5 -0.0659 28.2813
357.6726 2 23.5601 ) 5 0.2305 22.9263

3 3116339 2334288 1,901,72897925 01022 299355 11,241,272.35 0.059 36.5651 16,7714

1 2405895 2439804 1,528,182 23005 1137 290605 10,609,751.25 0.1548 285953 10,2574
r

.
AUto save I n B Feature CSV saved to: C:\UTM Degree\y4s2\PSM1_Dr Nies\KOA\data\ori
p at h d i r data\AugPre\features\Handcrafted.csv
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All features extracted will store in csv file (Vggl9 , Resnetl01 and Handcrafteds)

m features
labels_with_set - E

Draw  Page Layout Formulas Data Review View Help  Acrobat Q Tell me what you war* o do

vgg19 features - Excel

e

Paste Insert Draw  Paae lavout  Formulas  Data  Review  View  Helo  Acrobat  ? Tell me what vou w2z w do

‘Z. handcra T "L handcrafted_features - E
Clipboard T Fo D 1 Calibri
5| past - a o
xB Handcrafted @ POSSIBLE DATA LOSS fl e ¢ B I U- resnet101_features - Excel
{. e Clipboard = D .y Calibri - .
labels - B Insert  Draw  Page layout Formulas Data Review View Help  Acrobat
Paste . B I U-
#B labels with set © PossisLe DATA LOSS -7 B o5 calibri L A = General -
:.F' - Clipboard T Font D B - e e Sl =
%R Resne - — . i
esnet ] A B Al Some featu] Paste B I U-|F-|&- A' === Merge & Center - $ - % » <0 O CondemaI Formatas Cell Inse
B Voo - 0 POSSIBLE DATA LOSS RlereImat] = Formatting - Table - Styles - =
P 1. filename |label Clipboard = Font (5 Alignment [ Number (5 Styles
b]
2 5001635L. 0 Al = POSSIBLE DATA LOSS Some features might be lost if you save this workbook in the comma-delimited (.csv) format. To preserve these features, save it in
3 9001897L. 0 | A B o file format.
1 9003126L. 0 1 0 1 .
5 9003126R. 0|2 0 0 Al M S |0
6 9003175L. 0|3 0 0 R S T
7 9003175R. 0 4 | 0.161088 ol 1 17 18 19
1 2 | 26.21161 8626686 0.279217
2 9003175_: ; > 0:393773 ° 3 | 25.90752 8422084 0.113919 A B ¢ D E F G H ! ) K L M
3003175 3 o |6 0 U : : 1 0 1 2 3 4 5 6 7 8 9 10 11 1
10 9003316L. 0 7 0 ol 4 32.0821 12919021 0.471779 L]
2 | 1.314896 0.097045 0.011923 0 0.460998 0.301606 0 0.039395 1.789953 0.24556 1.203077 0.38135
11 9003316_: 0 8 0 o| 5 | 30.09458 11366535 0.071309
= 3 | 0.829678 0.084177 0 0 0.678247 0.523182 1.393286 0.016944 4.067006 0.039187 0.219615 0.515019 0.0755¢
12 9003430L. 0 9 0 ol & 25.3624 8073765 0.022321
4 | 0.283812 0.178909 0 0 1.804218 0.43882 0.006067 0.570513 1.835175 0 0.337003 0
13 19003658L. 0 10 0 o| 7 | 28.38809 10117329 -0.03249 >
5 | 1.335445 0.000669 0 0 1.300377 0.209771 0.065734 0 2.632722 0.004588 0.974396 0.296284 0.0171 E
11 1381332 o| 8 | 35.62985 15926304 0.378029 =
|abe|5_W|t|‘ . 9 | 11.57523 1681236 -0.47708 6 | 0.142893 0.282403 Q 0 0.178208 0.825679 0.432007 0.429831 3.600708 0.578146 0.607061 1.535826 0.0864( E
Ready E3) 0.080085 L 10 3713718 17306015 o 1aga| 7 | 0-533188 0.004937 0.006589 0 0.025289 0.226049 0.573332 0.123485 2.251964 0.074508 0.540732 0.169171 0.0505: &
13 0 U 11 1.1 0383 1528413 062766 8 | 1.067671 0.156229 0.006784 0 1.058861 0.201412 0.24%617 0.069072 2.104892 0.991471 1.005539 0.216504 0.00¢ g‘
Lg_fea 12 17 é6847 3017977 0[314987 9 | 0.191466 0.325765 0 0 1.309444 (0.235994 0.015146 0.044463 3.080331 0.266719 1.345797 0.017943 0.0110% ;
: . 10 | 0.641337 0.091403 0.056055 0 0.550935 0.422622 0.01562 0.503187 0.588748 0.243327 0.190626 0.382475 0.0014; g
13 | 25.05097 7881553 -0.02332
11 | 0.044745 0.186892 0 0 0.230064 0.30513 0.022938 0.101745 5.038644 0.467444 1.96564 0.042441
handcrafted featurs 15 | 5 156143 0.026692 0 0 1.137063 0.517027 0.306983 0.045895 2.051105 0.40443 1.156162 0.310586 0.0212:
Ready 13 | 0.400424 0.131199 Q 0 0.415289 0.226404 0.662824 0.248789 4.4639 0.755357 0.481138 0.535373 0.054:

resnet101_features ) P

Reachs
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Step 6: Concatenate Features

Fuzian

WGEGE1S and
Resn101 and
Handorafted

$”  UNIVERSITI TEKNOLOGI MALAYSIA
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BW Feature Level Fusion

| LR T - L I

4 UNIVERSITI TEKNOLOGI MALAYSIA

Feature-level fusion ‘

i Extract i — | features : . Activity 9 - Generate 2 fusion features by fuse VGG-19 and handcrafted features & fuse ResMet-101 and handcrafted
Fi e L """" Obj 2 features by using feature-level fusion

:  Extract ‘_J mEmE =

. is a technique where features extracted from multiple
cre Fusion Features o sources or models are combined into a single,
(us6.) ‘ Feature Level Fusion |  exiracted by from different models to create richer,
N 5:—> e, | more informative representations for the final
R classification task.
----------- Reouel 101 —————— Input method to fusion features Enhanced FFNN Classifier with
(2048-D) Fusion Features
po— FusedFeawre | Feadino | st.header("Upload Feature CSVs and Labels ture CSVe and Labels CSV
ostires F—) (2276) classifier csv" )
ey vgg_csv = st.file_uploader("Upload VGG19 o

features CSV", type=['csv'])
resnet _csv = st.file uploader("Upload

ResNet101 features CSV", type=['csv']) >
Vao — handcrafted csv = st.file uploader("Upload g
(4096-D) Handcrafted features CSV", type=['csv']) =
Features Y Fused Feature Feed into labels_csv = st.file_uploader("Upload Labels §
. R(ezsél:gl:)(? @E—) Egefzt;; —> clzzgger ............ CSV", type=[ ICSV']) ;
Features
.. Handcrafted

(228-D)
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Feature Level Fusion — After ‘receive’ the features vector

Step 1: Load Features & Labels
 Load VGG19, ResNet101, and handcrafted feature sets. T T |
 Load the corresponding KOA grade labels.
e Convert the labels into a format suitable for classification.

LRERL LN 016 016 0.058 puRy o -0.081 0011 | 043 041 EOEEN 0. . 0.89 JEEING

[xl 0.43 BUELE 0.17

— - 047 0.43 0.6 NLLE 084 0.65 0.4 0.016 QX

~ =034 021 038 032 gUGLE 0.29 UKL 0.066 019

0.41

0.25 0.091 gkl 0.18 037 0028 014 017 0.054

Step 2: Combine Features
* VGG19 + Handcrafted: Merge both into one combined feature

et \ /
* ResNet101 + Handcrafted: Merge these into another

com blned set. Fused Features (CNN + Handcrafted)
* All Features Together: Combine VGG19, ResNet101, and
handcrafted into a single rich feature set.

hc0 hcl hc2 hc3 hcéd hc5 hc6 hc7 hc8 he9

enn_1

Step 3: Normalize Features
» Standardize each feature set so they are on the same scale for
better learning performance.
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UTM

Feature Level FUSion Visualization in Streamlit Feature Index Map (Single Sample) UNIVERSITI TEKNOLOGI MALAYSIA

Fusion: VGG19 + Handcrafted

Features loaded and fused successfully. St 4013 Fealure Type
feat 3777 VGG
Ll —— Handcrafied

feat_3305

at_
Feal_2833
feal_2547
tezt_2361
fet 2125

Fusion Summary

Featura ValLe

Number of Samples: 8547

VGG19 Feature Length: 4096
2000

ResNet101 Feature Length: 2048 Feature Index

Handcrafted Feature Length: 228

Fusion: ResNet101 + Handcrafted
VGG19 + Handcrafted: (8547, 4324)

Fealure Type

ResNet101 + Handerafted: (8547, 2276) f—

— Handcrafied

All Combined: (8547, 6372)

Faatura \alue

feal_119
feal_1

fusion_resnet_handcrafted - Excel LIMYONGWEl @ o X Fealure Index
Pagelayout Formulas Data Review View Help Acobat Q Tellme S Share

Conditional Formatting =

Fol

rmat as Table - 3 Fusion: VGG19 + ResNet101 + Handcrafted

Cell Sty

3]
B
=

feat_4013

BZO BZP BZQ 5 BZT BZW BZY
2042 2043 2044 2046 2047 1 2

1.811625 0.082259 0.289029 0.047044 0.318637 . 11.48436 0.096038 0.015714 0.8250¢
0.277925 0.259208 0.042538 0.606826 0 . 11.45764 0.096151 0.015739 0.8910]
0.128319 0.311555 0.217892 0.35126 0.015801 . 0.10878 0.018068
0.192098 2662 0.056398 0.020307 0.811396 0.347654 188.6809 9. 0.113425 0.018441
4.046192 0.289548 0.551708 0.094432 0.404587 258.3289 4 0.086701 0.014837
1.734858 0.239903 0.087402 0.021229 0.3868! .3208 . . 0.068522 0.01155
1.941393 0.341455 0.196438 0.255976 0. 5.0255 0. 0.013221
0.030189 0.118305 0.171536 2.201979 . . 0.030225
0.203093 0.413801 0.457988 0. 0.119781 0. 546.0552 . . 0.013889
1.187674 0.107109 0.564682 0 1.479205 0 275.9958 0.143903 0.021196

0.34281 1504 0.310375 0.118273 0.496144 0 192.6511 55 0.130584 0.01841 0.938] Feature Index

_resnet_handcrafted D

Feature Value

www.utm.my
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Step 7: FFNN Classification FRIN FENN FRNN
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Develop FFNN Classifier

B reed-Forward ' ®UTM
Neutra I Netwo rk Phase 3 : Develop FFNN model

Activity 10 : Feed Forward Neutral Network (FFNN) with Model 1, VGG-19 with handcrafted features

O b_] 3 Activity 11 : Feed Forward Neutral Network (FFNN) with Model 2, ResNet-101 with handcrafted features

retaining the most important wannng saviny ang
information performance

||||||||||| andomly

&ops units

L'/;.",f., to Activity 12 : Feed Forward Neutral Network (FFNN) with Model 3, VGG-19 with Resnet-101 with handcrafted features

event

Input

Pooling Pooling  Pocling E
s I ¥
n 1 4

Convolution  Convolution  Convolution

SRR 2222

and improve
‘ generalizatic

Kenel o Réw Rety Aoty Flatter
Layer
Activation Layer

11 & ) A A
FFNN N A - i
\ \ \ \ *  Produces the final predictions

( Feed- Forward Neutral Network ) I \ *  For classification tasks, it might

. Tewt «— use a softmax activation function
type of artificial neural network where o [ .

i . / to output probabilities

each neuron in one layer is connected to /
every neuron in the next layer.

* Consist of 5 hidden layers of neurons
* Learn to capture complex patterns and
relationships in the data

set of features
extracted from
an image
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Develop FFNN Classifier

After fusing the features, the dataset is still divided into:

*Training set: Used to train the model. ensure you get an honest estimate
Evaluation set (Validation + Test): Used to measure model performance. ' med! performance.

*The training features and labels are separated from the evaluation ones based on the "set" column (train, val, test).

L7
FexnoL 00 g UNIVERSITI TEKNOLOGI MALAYSIA

FFNN Train recognize patterns in your training data by adjusting its internal weights.

(¥ FFNN Model Architecture
— Define the network structure: dense layers(2048 — 1024 — 512 — 256 — 128), activation functions(Leaky
ReLU and SELU ), batch normalization, dropout and output layer (Softmax)

(¥ Optimizer, Early Stopping, and Learning Rate Reduction
— Set up training strategies: ADAM optimizer to adjust weights, early stopping to prevent overfitting, and learning
rate reduction for fine-tuning.

(¥ Fitting the Model
— Train the model using training data, validate on a small portion, and apply callbacks during training.
— The model was trained using batches of 64 samples over a maximum of 100 epochs.

(¥ Update Model Weights to Minimize Loss
— During each epoch, weights are updated to reduce the classification error using the chosen loss function (e.g.,
categorical crossentropy).
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Develop FFNN Classifier

Exp FFNN Train Code
FFNN Model Architecture

def build ffnn(input_dim, num_classes):
model = Sequential([
Dense (2048, input_shape=(input_dim,)),
LeakyRelLU(alpha=0.1),
BatchNormalization(),
Dropout(90.5),

train the model.

Dense(1024),
LeakyRelLU(alpha=0.1),
BatchNormalization(),
Dropout(0.4), Regulization
Dense(512),

LeakyRelLU(alpha=0.1),
BatchNormalization(),

Dropout(9.3),

Dense(256, activation='selu'),
BatchNormalization(),
Dropout(90.2),

Dense(128, activation='selu'),
BatchNormalization(),
Dense(num_classes, activation='softmax')

D

return model

Updates the model weights to minimize the loss function

# After load

# After Fusion F
# Split b
train_idx
eval idx
# Prepare
X_train =
y_train =
X_eval =
y_eval =
y_eval la

help prevent overfitting
and adapt the learning
rate.

Fitting Model
history_vgg hc =

st.subheader("FFNN Training (VGG19 + Handcrafted)") ShowingexpforVGG+hc

model_vgg hc =
model _vgg hc.compile(
optimizer=optimizer,
loss="'categorical_crossentropy’,
metrics=["'accuracy']

build ffnn(X_train.shape[1], num_classes)

UNIVERSITI TEKNOLOGI MALAYSIA

evaluated on

of model performance

eatures
y 'set’

= np.where(set == 'train')[0]

= np.where((set == 'val') | (set == 'test'))[0]
train/eval sets

features_vgg handcrafted[train_idx]
y_cat[train_idx]

features_vgg handcrafted[eval_idx]

y_cat[eval_idx]

bels = y[eval_idx]
Optimizer, Early stopping and Learning Rate
Reduction

optimizer = Adam(learning rate=0.0001)

early stop = EarlyStopping(monitor='val loss', patience=15,
restore_best weights=True, verbose=1)

reduce_lr = ReducelLROnPlateau(monitor='val loss', factor=0.2,
patience=7, min_lr=le-7, verbose=1)

model vgg hc.fit(
X_train, y_train,
epochs=100,
batch_size=64,
validation_split=0.1,
verbose=1,
callbacks=[early stop,

model sees the training data in 64 batches
and multiple passes by 100

monitor validation performance
during training.

reduce_1r]

>
£
£
E
3
s
s




Develop FFNN Classifier

FFNN Evaluate measured on unseen data, metrics are reported

UNIVERSITI TEKNOLOGI MALAYSIA

Fitting Model +to compute loss and accuracy on the evaluation set

# FFNN EVALUATION
eval loss, eval acc = model_vgg hc.evaluate(X_ eval, y eval, batch_size=32, verbose=1)

Model predict get predicted classes for the evaluation set.

y_pred = np.argmax(model vgg hc.predict(X_eval, batch_size=32), axis=1)
st.write("Classification Report:")

st.text(classification_report(y_eval_labels, y pred))

st.write("Confusion Matrix:")

fig2, ax2 = plt.subplots(figsize=(6, 5))

sns.heatmap(confusion_matrix(y_eval_labels, y pred), annot=True, fmt="d", cmap="Blues", ax=ax2)
st.pyplot(fig2)

*Metrics like accuracy, classification report, and confusion matrix are calculated to assess performance.

Network features 6647 6277/4 = 1662
Extraction
FFNN Training 6647 64 6647/64 = 104

Table 9 Batch Processing Configuration for Network Feature Extraction and FFNN Training & Evaluation

>
£
£
E
3
s
s




Develop FFNN Classifier

Epoch 24: ReducelROnPlateau reducing learning ra 1 7503e-05.
Result of FFNN and
learning curve for

VGG 19 Wlth Epoch : ReducelROnPlateau reducing learning - L.
T T In all three training runs,
Handcrafted Epoch 54: ReducelROnPlateau reducing learning . 60000B18697756e-87 .

33/33 8s 10ms/step the callback is

33/33 @s 6ms/step
c:\UTM Degree\y3s2\PSM Dr Nies‘\KOA\.venv\lLib\site-packages\keras\src\layers\core\dense.py:87: Us actlvely redUCIng the Iea rnlng rate

at regular intervals (every 10 epochs
warnings .warn( or SO)

Result Of FFNN and Epoch 19: ReducelROnPlateau reducing learning rate to 1.9999999494757583e-85.
Iea rn|ng Cu rve for Epoch 29: ReducelROnPlateau reducing learning rate to 3.9999S
Resnethl With Epoch 39: ReducelROnPlateau reducing learning rate to 7

33/33 1s 1lms/step Val /S 5 p /Eff
6 alue/Settin urpose, ect
Handcrafted il , = e : ; i
C:\UTM Degree\y3s2\PSM_Dr Nies\KOA\.venv\Lib\site-packages\keras\src\layers\core\dense.py:87:
1s, prefer using an ~Input(shape)” object as the first layer in the model instead.
IR (et i yoreactivi i 2 1) R

Epoch : ReducelROnPlateau reducing learning

Controls max training

50 or 100 (with ) ]
duration, stops if no
early stop)
progress
Epoch 28: ReducelROnPlateau reducing learning
Result of FFNN A
and Iearning Epoch 38: ReducelROnPlateau reducing learning ra : 898951501e-06. Batch 32 (eval) Efficient training and =
f VGG 19 Epoch 48: ReducelROnPlateau reducing learning 2l stable evaluation E
curve for :
Wlth Resnet101 Epoch 58: ReducelROnPlateau reducing learning 1.600000018697756e 07 . P 0.0001 (adaptive ::;:?:\5 sat::‘:?ne ;
Wlth Epoch 68: ReducelLROnPlateau reducing learning 1e-087. Rate TEdUCtiOI'I) tuningg §
Handcrafted = :

33/33

Table 10 Summary
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W Research Framework — Phase 4 OUIM

v

FPhase 4 : Testing and Evaluation

Activity 13 : Evaluate and analyse the performance in term of accuracy of the KOA KL grading classification method

[ Classification |

Step 8: Final Comparative Evaluation " crade
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Testing and Evaluation

Performance Confusion Metric Calculation of FFNN Classifier

is a table that summarizes the performance of a

classification model

Actual (Healthy)
Grade 0-1

Actual (OA)
Grade 2-4

Table 11 Confusion Matrix of FFNN Classifier

Predicted (Healthy)

Grade 0-1

True Negative

(TN)

False Negative

(FN)

Predicted (OA)

Grade 2-4

False Positive

(FP)

True Positive

(TP)

UNIVERSITI TEKNOLOGI MALAYSIA

Predicted
0 1 2 3 4
TN FP FP FP FP
(True Grade 0) (Missclassified  (Missclassified  (Missclassified  (Missclassified
Grade 1) Grade 2) Grade 3) Grade 4)
FN TP FP FP FP
(Missclassified (True Grade 1)  (Missclassified  (Missclassified  (Missclassified
Grade 0) Grade 2) Grade 3) Grade 4)
FN FN TP FP FP
(Missclassified (Missclassified (True Grade 2) (Missclassified  (Missclassified
Grade 0) Grade 1) Grade 3) Grade 4)
FN FN FN TP FP
(Missclassified (Missclassified  (Missclassified (True Grade 3)  (Missclassified
Grade 0) Grade 1) Grade 2) Grade 4)
FN FN FN FN TP
(Missclassified (Missclassified  (Missclassified (Missclassified  (True Grade 4)
Grade 0) Grade 1) Grade 2) Grade 2)

Table 12 Overall Confusion Matrix of FFNN classifier
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Testing and Evaluation

Qe UNVERSITI TEKNOLOGI MALAYSIA

__4 Performance Measurement Calculation

Then, the systems' performance as determined by the evaluation scales listed in

TN + TP

Accuracy = TN+ TP + FN = FP % 100% overall correct predictions
e TP .
Sensitivity = TP T FN x 100% ability to detect KOA cases
Specificity = IN % 100 ability to detect healthy cases
TN + FP
Precision TP x 100% tness of positive predictions
= 0 correc
TP + FP :
E
3
TPRat g
AUC = =25 % 100% ]

FPRate



True Labels

Grade 3 Grade 2 Grade 1 Grade 0

Grade 4

Testing and Evaluation

Result Confusion Metric for 3 Models :

I
Grade 0

Confusion Matrix

1 I I 1
Grade 1 Grade 2 Grade 3 Grade 4
Predicted Labels

VGG19 + Handcrafted

200

150

- 100

-50

True Labels

Grade 3 Grade 2 Grade 1 Grade 0

Grade 4

Confusion Matrix

I 1 I I 1
Grade 0 Grade 1 Grade 2 Grade 3 Grade 4

Predicted Labels

Resnetl101 + Handcrafted

10

10

5l

200

150

- 100

- 50

True Labels

Grade 3 Grade 2 Grade 1 Grade 0

Grade 4
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Confusion Matrix

0
200
2
150
12
- 100
12
-50
0 0 3 4 52
| ! ' l i -0
Grade 0 Grade 1 Grade 2 Grade 3 Grade 4

Predicted Labels

VGG19 + Resnet101 +
Handcrafted
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Testing and Evaluation

- Correct Prediction Comparison between 3 Models
4 200 210 205

. $7  UNIVERSITI TEKNOLOGI MALAYSIA

39

177 120 120 125
Grade2 [P 230 245 238
Grades  ETY. 155 165 160
59 35 51 52
1055 750 801 780

Table 8 Correct Prediction on 3 Models

Correct Predictions per Class (Diagonal Values) | Correct Predictions per Class (Bar Chart)

>
250 1 l BN Vggl9 + Handcrafted
I ResnetlOl + Handcrafted
| Vgglf + Resnetl0l + Handcrafted

Vggl9 + Handcrafted
200

1]
=
[=]
£ 150 A
. ;
T Resnet101 + Handcrafted =
g o
o
S 100 =
S €
£
)
=]
50 - 3
Vggl9 + Resnetl0l + Handcrafted g

Class 1 Class 2 Class 3 Class 4 Class 5
Class

| 1
Class 1 Class 2 Class 3 Class 4 Class 5
Class



Testing and Evaluation

Y Comparison of FFNN Performance between 3 Models
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Trainin Trainin Validation Validation Testin Sensitivit Specificit
Accuracy Loss Accuracy Loss Accuracy

0 0.822 0.680 0.941 0.680 0.810
VG619+ 0.8249  0.4757  0.6732 0.8463 0.6771 0.5809 0.9208  0.5806
1 0.848 0.680 0.939 0.680 0.810 Handcrafted
e ) 0.821 0.700 0.892 0.700 0.796 0.8553  0.4104 0.709 0.7786 0.7122 0.621 0.9296  0.6199
+ - - - - - Handcrafted
Handcrafted 3 0.889 0.790 0.963 0.790 0.877 VCoUPSM 03243 04831 0688 0.7667 0.702 0.599 09271  0.5892
4 0.976 0.760 0.996 0.760 0.878 Resneti01+
Handcrafted
0 0.840 0.720 0.947 0.720 0.834
1 0.865 0.740 0.945 0.740 0.843 Table 14 Model Performance Summary
Resnet101 + 2 0.842 0.750 0.899 0.750 0.825 o
Accuracy of FFNN classifier
Handcrafted 3 0.899 0.840 0.966 0.840 0.903
72
4 0.980 0.860 0.997 0.860 0.928 -
0 0.830 0.700 0.944 0.700 0.822 20
VGG19 + 1 0.855 0.710 0.938 0.710 0.824 69
Resnet101 + 2 0.828 0.730 0.891 0.730 0.811 68
4 0.978 0.880 0.997 0.880 0.939 66 g
65 5
3
Table 13 Performance Resu It On FFN N MW VGG19 + handcrafted Resnet101 + handcrafted M VGG19 + Resnet101 + handcrafted g

Comparison of ACC from 3 models



Testing and Evaluation

Why ResNet101 fusion Handcrafted performed well ?

First , it conduct with a Deep architecture with residual connections (if compare with
VGG19) which helps in learning both low-level and high-level features, preventing vanishing

gradients.

Second, with a Powerful hybrid features which combination of deep semantic features from

ResNet101 and handcrafted features (GLCM, LBP, DWT) boosts discriminative power.

Then only generate Strong metrics like highest accuracy ,sensitivity and class-wise prediction

performance, especially for difficult cases like Class 5 (Grade 4)
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Result, Analysis & Discussion

IV Discussion

Reference

Images
Size

Methodology

Classifier

Accuracy
(%)

Wahyuningrum et al.

(2020)

4737

images

Data augmentation, normalization,
CLAHE, Region of Interest (ROI)

CNN

77.24%

Kokkotis et
al.,(2020)

9786

images

Hybrid FS (filter+wrapper+embedded)

2 class

SVM

74.07%

Tiwari, Poduval and
Bagaria (2021)

2068

images

ResNet50, VGG-16, InceptionV3,
MobileNetV2, EfficientNetB7,
DenseNet201, Xception, NasNetMobile

5 class

Transfer

Learning

54-93%
(Best:
DenseNet201
= 93%)

Yunus et al.,(2022)

9786

images

LBP handcraft + AlexNet + Darknet-53 —

PCA feature reduction — fusion

5 class

Hybrid:
traditional ML
classifier (likely
SVM or similar);
YOLOvV2 for
localization

90.6%

Mohammed et al.
(2023)

9786

images

VGG16

VGG19

ResNet101

MobileNetV2

InceptionResNetV2

DenseNet121

5 class

DNN

Nurmirinta et al.
(2024)

1213

images

3 class

Balance Random
Forest
(ML)

The Proposed
Method

5277

images

VGG19 + Handcrafted

Resnet101 + Handcrafted

VGG19 + Resnet101 + Handcrafted

Table 15 Comparative Analysis of Studies for KOA Severity Classification
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Result, Analysis & Discussion

- Discussion

Reference Images Methodology Class Classifier Accuracy :
Size Size (%) UNIVERSITI TEKNOLOGI MALAYSIA
Wahyuningrum et al. | 4737 Data augmentation, normalization, 5 class CNN 77.24%
(2020) images | CLAHE, Region of Interest (ROI)
Kokkotis et 9786 Hybrid FS (filter+wrapper+embedded) 2 class SVM 74.07%
al.,(2020) images
Tiwari, Poduval and 2068 ResNet50, VGG-16, InceptionV3, 5 class Transfer 54-93%
Bagaria (2021) images I\DllobiIeNetVZ, Efficit_entNetB?, _ Learning (Best:
enseNet201, Xception, NasNetMobile
DenseNet201
= 93%)
Yunus et al.,(2022) 9786 LBP handcraft + AlexNet + Darknet-53 — 5 class Hybrid: 90.6%
images | PCA feature reduction — fusion traditional ML
classifier (likely
F o
YOLOvV2 for
localization
Mohammed et al. 9786 VGG16 5 class DNN 66%
(2023) images | VGG19 .. . 64%
Their results validate that fusion = oSNeIoL Similar backbone, no fusion (63-69%) |__
with handcrafted features adds MobileNetV2 67%
value—our model reached InceptionResNetV2 63%
71.22% vs their 69% using DenseNet121 64%
ResNet101 alone. Nurmirinta et al. 1213 - 3 class Balance Random | 65.9%
(2024) images Forest *Relevant to your model
ML) architecture and method
*Illustrative of your model’s
The Proposed 5277 VGG19 + Handcrafted 5 class FFNN 67% strengths and weaknesses
Method images | Resnet101 + Handcrafted 71% *Diverse in methodology
VGG19 + Resnet101 + Handcrafted 70%

Table 15 Comparative Analysis of Studies for KOA Severity Classification
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REFERENCES

Corresponding Hyperparameters definition and Ranges'

Element
index

Corresponding hyperparameters
definition

Corresponding
range

1.

Learning Rate

[1e-5 — 1e-3] Very small
numbers, e.g., 0.00001
to 0.001

Batch Size

[20 - 100]

Epochs

[20 - 500]

Dropout Rates

[0.2-0.5]

Dense Layer Sizes

[128 — 2048]

Activation Function (Hidden layer and
Output layer)

[ReLU, LeakyRelLU
(«=0.1), SELU, Tanh,
ELU, Softmax]

EarlyStopping Patience

[5 - 50]

Class Weights

[None, Inverse frequency,
Median frequency]

The value of rotation (If YES)

0°—30°

The value of width shift (If YES)

[0-0.2]

The value of height shift (If YES)

[0-0.2]

The value of shear (If YES)

[0-0.2]

The value of zoom (If YES)

[0-0.2]

The value of horizontal flipping flag (If
YES)

[Yes, No]

The value of vertical flipping flag (If YES)

[Yes, NoO]

Table 16 Hyperparameters

UNIVERSITI TEKNOLOGI MALAYSIA
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REFERENCES

Configuration

Datasets

Table 3.2

Apply data shuffling?

Yes

Input images size

224x224%3

Hyperparameters optimizer

Convolutional Neutral Network

Train split ratio

80% to 20%(80% for training9and
validation) and 20% for testing)

Activation Function (Hidden layer and

Output layer)

[ReLU, LeakyReLU (0=0.1), SELU, Tanh, ELU,

Softmax]

Pre-trained models

VGG-19, ResNet-101

Pre-trained parameters initializers

Table 4.2

Hyperparameters

Table 4.3

Scripting language

Python

Python major packages

Streamlit, Tensorflow, Keras, NumPy,
OpenCV, Matplotlib, Skimage and PIL

Working environment

Visual Studio

Table 17 Configuration
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Conclusion

Achievement on
Objective
Research Constraint

Suggest Improvement
and Future Work
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CONCLUSION

Achievement of Project Objective

Qe UNVERSITI TEKNOLOGI MALAYSIA

CNN Feature Insight

*Analyzed how convolutional neural networks (CNNs), such as VGG19 and ResNet101, extract abstract and
hierarchical features from medical images.
*These insights helped shape a hybrid approach that leverages the best of both feature extraction methods.

Feature-Level Fusion Approach

sImplemented feature-level fusion to combine features from VGG19, ResNetl101, and handcrafted methods.
*Handcrafted features included DWT (frequency domain), GLCM (texture), and LBP (local patterns).
*Fusion of deep and handcrafted features enhanced the model’s ability to capture both global and fine-
grained details.

Classification and Results

*Used a Feedforward Neural Network (FFNN) to classify the fused feature vectors.

*The ResNetl101 + handcrafted fusion model achieved the best testing accuracy of 71.22%.

*It also achieved a sensitivity of 62.1% for severe KOA cases.

*The results demonstrate the effectiveness of hybrid models for complex medical image classification
tasks like KOA grading.

www.utm.my




CONCLUSION

Research Constraints

* The study faced key constraints including high computational
demands, class imbalance in the dataset, and the complexity
of fusing deep learning and handcrafted features. These
challenges highlight the need for more efficient processing
strategies, improved data balancing techniques, and scalable

solutions to enhance the model's accessibility in future KOA
classification research.




CONCLUSION
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Suggestions for Improvement and Future Works

Suggested Improvement:

* To overcome current hardware limitations, increasing memory and applying better feature
selection methods can help improve processing speed, training stability,overall model
performance and increasing dataset size for better generalization.

* Future improvements can be guided by previous successful approaches, such as applying
dimensionality reduction methods like PCA and localization techniques (as seen in Yunus et
al., 2022), to reduce feature redundancy and improve efficiency.

Future Work:

For future KOA research, it is recommended to explore advanced feature selection, multimodal
fusion, explainable Al, and Real-time diagnosis tools for clinical deployment.
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RESULT

What | had done ?
Awwiies | Doneinsm1i |poneinpsuz

Phase 1 : Problem Formulation & Data Collection Literature Review

5
< 7 Py aon O y UNIVERSITI TEKNOLOGI MALAYSIA

Activity 1 : Identification and justification of research problem
Activity 2 : Identification and justification of research goal, objective and scopes

Activity 3 : Data Collection

NN E

Activity 4 : Literature Review

Phase 2 : Data Pre-process then Generate Features and Fused Features
Activity 5 : X-ray images pre-process

Activity 6 : Improve X-ray images (Network features)

Activity 7 : Generate handcrafted features ( DWT , GLCM , LBP)

Activity 8 : Generate network features (VGG-19 and ResNet-101)

N EOE

Activity 9 : Generate 2 fusion features (Network fuse with handcrafted features)
Phase 3 : Develop FFNN model

Activity 10 : FFNN Classifier Model 1 ( VGG-19 + Handcrafted)

Activity 11 : FFNN Classifier Model 2 (Resnet101 + Handcrafted)

NI

Activity 12 : FFNN Classifier Model 3 (VGG19 + Resnet101 + Handcrafted)

Phase 4 : Testing and Evaluation

&

Activity 12 : Evaluate and analysis the performance in term of accuracy of the KOA KL grading classification method
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