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ABSTRACT

Knee osteoarthritis (KOA) is a degenerative joint condition that gradually diminishes mobility and quality
of life, particularly in older adults. Timely treatment relies heavily on accurate assessment of KOA severity,
yet conventional diagnosis through the Kellgren—Lawrence (KL) grading system (grades 0—4) necessitates
manual analysis of radiographs, which is labor-intensive and prone to inter-observer variability. To address
these challenges, this research introduces an automated KOA grading framework based on deep learning,
utilizing convolutional neural networks (CNNs) integrated with a cumulative ordinal regression network
(CORN) architecture to comprehend the inherent order of KL grades. Three different CNN architectures
ResNet50, DenseNet169, and DarkNetl9 were trained individually on knee radiographs from the
Osteoarthritis Initiative (OAI) dataset, followed by weighted ensemble evaluations to harness their unique
strengths. Among the standalone models, ResNet50 attained the highest testing accuracy (68.4%) and
demonstrated strong ordinal agreement (Quadratic Weighted Kappa = 0.83), although all single networks
exhibited sensitivity to class imbalance and grades that were on the borderline. The ensemble
configurations significantly enhanced robustness, with the ResNet50 + DarkNetl9 ensemble reaching the
highest accuracy of 70.47% (Quadratic Weighted Kappa (QWK) = 0.835), while the proposed three-model
ensemble (ResNet50 + DenseNetl169 + DarkNet19) yielded the most balanced and generalizable outcomes,
achieving 69.99% test accuracy, QWK = 0.829, UAR = 0.668, Adjacent Accuracy = 0.932, and Macro
AUC = 0.908. The ensemble also exhibited consistent performance on the auto-test set (accuracy = 69.3%)
and obtained the best Macro PR-AUC = 0.940, indicating excellent precision-recall stability across all KL
grades. In conclusion, the weighted CORN ensemble put forth effectively overcomes the drawbacks of
manual grading and single-model CNNs, delivering a dependable, objective, and scalable solution for
automated radiographic assessment of KOA severity in clinical settings.

Keywords: Knee Osteoarthritis (KOA), Kellgren—Lawrence (KL) grading, Deep Learning, Ordinal
Regression (CORN), Convolutional Neural Networks (CNNs), Ensemble Learning

1. INTRODUCTION older adults. It causes pain, stiffness, and limited
joint mobility, which severely impacts daily

Worldwide, knee osteoarthritis (KOA) is  activities and quality of life. The disease involves

one of the most common degenerative joint diseases  progressive cartilage breakdown, narrowing of joint
and a major cause of disability, especially among space, formation of bone spurs (osteophytes), and
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changes in the subchondral bone. As life
expectancy increases and sedentary lifestyles
become more common, the global prevalence of
KOA is rising, creating significant socioeconomic
and healthcare challenges for society.

Radiographic imaging is the standard
method for assessing the progression of KOA. The
KL grading system, which divides KOA into five
grades (0-4), is the most common way to evaluate
the severity of structural changes seen in X-rays,
such as osteophyte formation, joint space
narrowing, and sclerosis. However, this method
relies heavily on expert interpretation and is often
subjective, time-consuming, and prone to variability
among different observers. As a result, researchers
are increasingly working on automated systems for
diagnosing and grading KOA, using image
processing and machine learning techniques.

Traditional computer-aided diagnostic
(CAD) approaches depended on handcrafted
features like texture descriptors, edge gradients, and
morphological patterns to spot abnormalities. While
these methods showed some initial success, they
required manual feature engineering, which limited
their scalability and adaptability. The rise of deep
learning, especially CNNs, changed the game in
medical image analysis. These networks enable
automatic feature learning directly from raw data.
CNN models such as ResNet, DenseNet, and
DarkNet have demonstrated high accuracy in
radiographic classification tasks, thanks to their
effective hierarchical representations and robust
feature extraction abilities.

Nonetheless, each architecture has its
strengths and weaknesses: ResNet tackles vanishing
gradients with residual learning, DenseNet
enhances feature reuse through dense connections,
and DarkNet provides lightweight computation that

is ideal for real-time applications. To take
advantage of these complementary strengths,
ensemble learning has emerged as a robust

approach, combining several models to improve
generalization and reliability.

Additionally, KOA severity progresses in
an ordinal fashion—from mild to severe—making
standard  categorical  classification = methods
inadequate. To address this, CORN have been
proposed to align model predictions with the natural
order of KL grades. By combining CNNs with
CORN-based ordinal regression and ensemble
fusion, this research seeks to create an automated,
reliable, and clinically relevant framework for
assessing KOA severity.

The proposed study uses an ensemble of
ResNet50, DenseNet169, and DarkNetl9 models
trained on radiographic knee images. Each model
learns important structural patterns independently,
and their outputs are combined through weighted
averaging to create a more stable final prediction.
Experimental evaluation on a publicly available
KOA dataset shows that the ensemble approach
achieves strong performance, with a classification
accuracy of around 70%, a quadratic weighted
kappa (QWK) of 0.829, and high AUC and PR-
AUC values (approximately 0.91 and 0.94). These
results highlight the effectiveness of ensemble deep
learning in enhancing diagnostic consistency and
support incorporating such systems into real-world
orthopedic diagnostic processes.

The paper is divided into the following
sections: The significant earlier research and efforts
are presented in Section 2. Clustering is discussed
in Section 3 along with two approaches that were
used to compare it. The simulation settings and the
results are explored in Section 4. The research study
is concluded in Section 5.

2. RELATED WORK

Recent years have seen an increase in the
use of artificial intelligence and deep learning for
detecting and grading knee osteoarthritis (KOA).
Studies from 2021 onwards point out improvements
in convolutional neural networks (CNNs), hybrid
models, transfer learning, and smart diagnostic
frameworks validated on benchmark datasets like
the Osteoarthritis Initiative (OAI) and hospital
imaging collections.

In 2021, several key approaches appeared.
Wang et al. [1] introduced an automatic KOA
diagnosis framework using deep learning on the
OAI dataset, providing a benchmark for
radiographic grading. Sikkandar et al. [2]
developed a CNN-based method for the automatic
detection and classification of KOA from X-rays,
achieving high accuracy on hospital data. Mahum
et al. [3] proposed a hybrid model that combined
CNN feature extraction with machine learning
classifiers to improve detection sensitivity.
Similarly, Bonakdari et al. [4] created a machine
learning algorithm for early detection of KOA
structural progressors, focusing on predictive
screening. Moving beyond radiographs, Astuto et
al. [5] used deep learning for automated detection
and grading of knee MRI abnormalities. Liu et al.
[6] introduced an Al-driven method to identify
bone marrow lesions from MRI data in the OAI
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cohort, showing the flexibility of deep learning
across different types of data.

By 2022, research began to include
advanced loss functions, transfer learning, and
texture analysis. Abdullah and Rajasekaran [7] used
deep learning to detect and classify KOA on
radiographs, concentrating on severity staging.
Ahmed and Mohammed [8] explored transfer
learning with CNNs for KOA diagnosis using
hospital data, which allowed for faster convergence
and better generalization. Bayramoglu et al. [9]
applied texture-based machine learning to detect
patellofemoral OA from X-rays, offering a new
perspective on feature engineering.

Ribas et al. [10] presented a complex
network-based system for KOA detection using
OAI data, showing graph-theoretic modeling of
radiographic features. Cueva et al. [11] worked on
detection and classification processes validated on
OAI radiographs, supporting the effectiveness of
deep learning. Ahmed and Mohammed [12]
published a review examining Al methods for knee
OA classification, while Lee et al. [13] provided
another review on Al’s role in diagnosis and
arthroplasty prediction. Wang et al. [14] improved
semi-supervised learning by using highly confident
samples for KOA severity assessment on OAI data,
enhancing robustness in situations with few labels.

In 2023, KOA detection methods rapidly
diversified and adapted for clinical use. Mohammed
et al. [15] introduced a residual neural network
(ResNet)-based  classification ~ model  with
preprocessing  pipelines validated on OAI
radiographs. Vijaya Kishore et al. [16] used deep
learning for Kellgren—Lawrence (KL) grading,
presenting a more efficient diagnostic process.
Khamparia et al. [17] combined IoMT-enabled
feature extraction for early KOA detection,
bringing diagnostic tools into telemedicine.

Upadhyay et al. [18] applied CNNs for
KOA stage detection, again validated on OAI data.
Almansour et al. [19] developed lightweight CNN
architectures suitable for online KOA diagnosis,
balancing accuracy and computational efficiency.
Aladhadh and Mahum [20] proposed an improved
CenterNet with pixel-wise voting for KOA
detection, increasing spatial precision. Ganesh
Kumar and Goswami [21] created a preprocessing-
based method that combined image sharpening with
CNNs for severity classification. Ghazwan et al.
[22] used deep learning to identify radiographic

joint degradation from clinical datasets. Yoon et al.
[23] validated a new deep learning-based software
for KOA grading on hospital data, exploring its
potential for real-world application. Song and
Zhang [24] integrated multivariate clinical
information with deep learning models for KOA
diagnosis, showing improved diagnostic accuracy
beyond just imaging. D. J. Sulaiman and B. W.
Salim [25] conducted deep survey in order to
explore the efficiency of transfer learning in KOA
severity assessment.

Most recently, in 2024, Yildirim and
Mutlu [26] proposed an Al-based KOA grading
system using CNNs, validated on radiographic
datasets, including OAI. Similarly, Lavanya and
Sudha Senthilkumar [27] surveyed significant
research efforts in KOA assessment, portrayed the
importance of CNN in grading as well adapted
architectures like Graph Neural Network (GNN)
and Vision Transformers (ViT). Their work
highlighted explainability and clinical relevance,
setting a strong standard for future research.
Likewise, M. Azad and T. Rahman Anik [28]
incorporated Explainable Al (XAI) to address the
reliability of results.

Together, these studies showcase the
progress of KOA research from CNN-based image
classification in 2021 to texture-based modeling
and transfer learning in 2022, followed by IoMT,
lightweight CNNs, and hybrid approaches in 2023,
culminating in clinically validated and explainable
Al systems from 2024 onwards. Throughout this
evolution, the OAI dataset is the most commonly
used benchmark, alongside MRI and hospital data,
underscoring the need for standardized datasets to
ensure reproducibility and it is portrayed. This
trend highlights the growing advancement in Al-
supported KOA diagnosis, where ensemble models,
ordinal regression, and robust evaluation metrics
are increasingly used to better capture disease
progression and aid clinical decision-making.

2.1 Research Gap Identified

Radiographs (X-rays) are the main method
for diagnosing KOA, offering a clear view of bone
and joint structure. They are popular because they
are affordable, accessible, and non-invasive.
Radiographic assessment remains the clinical
standard for disease staging, especially in long-term
studies and epidemiological surveys. Manual
grading using radiographs is subjective and can
vary between diagnoses. Likewise, the major
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challenges in bringing automated KOA severity
analysis are listed below:
1. Poor early-stage prediction

2. Limited and imbalance dataset
3. Lack of clinical validation
4. High computational cost

2.2 Research Objectives

This research aims to develop an ensemble

CNN framework combined with CORN-based

ordinal regression for automated KOA grading. The
objectives are as follows:

1. To improve the accuracy of diagnosis

through adapting CORN.

2. To improve the generalization of dataset
with augmentation techniques.

3. To reduce the bias caused by the dataset
using class balancing strategies.

4. To attain clinical validation with the help of
weighted  multi-model  ensemble and
comprehensive evaluation metrics of interest

The proposed work focuses on
interpretability, reliability, and clinical
applicability, contributing to the broader goal of
Al-assisted musculoskeletal —diagnostics and
sustainable healthcare innovation. The summary of
evolution carried out in KOA diagnosis with
respect to the significant past efforts from the
literature review is presented as Table 1 as below.

Table 1: Summary of Evolution in KOA Assessment in Comparison with the Literature Study

Evolution Stage Significant Past Effort

Advancement in Proposed Work

CNN-based KOA
grading

Automatic feature extraction and
KL classification using CNNs.

Uses three complementary CNN backbones (ResNet50,
DenseNet169, DarkNet19).

Improved convergence and
performance using pretrained
CNNe .

Transfer Learning

Employs pretrained CNN architectures to improve
feature learning.

Combined CNNs with machine

Introduces a weighted ensemble of multiple CNNs

Hybrid Learning learning classifiers. instead of a single hybrid classifier.
Advanced CNN ResNet and llghtwelght CNNs Integrates diverse CNN architectures to exploit
. improved classification
Architectures complementary strengths.
accuracy.
Ordinal KOA Most studies treated KL grades Uses Cgmulatlve Ordinal R'e gression Net\york (CORN)
. . . to explicitly model the ordinal relationship among KL
Classification as independent classes.

grades.

Al systems demonstrated

Clinical Validation feasibility in hospital

Provides comprehensive evaluation using Accuracy,
QWK, UAR, Macro AUC, Macro PR-AUC, and
Adjacent Accuracy, demonstrating robustness and
clinical applicability.

environments.
Explainable and Recent studies emphasized XAl
Trustworthy Al and clinical interpretability.

The proposed ensemble focuses on robust and reliable
grading, with future scope for integrating explainable Al
techniques.

2.3 Limitations

Though the proposed automated deep
learning system helps reduce the subjectivity by
providing consistent, and quantitative evaluations.
These tools aid clinicians in early detection,
ongoing monitoring, and treatment planning,
particularly in large screenings where manual
interpretation is impractical. Still, it has the
following shortcomings to consider as future
directions:

1. Incorporating multi-modal data to

increase the accuracy of diagnoses.

2. Adapting Light-weight CNN models to
reduce the computational complexity.

3. Using XAI techniques to improve the
clinician trust.

3. ENSEMBLED WEIGHTED MULTI-
MODEL WITH CNN

The key contribution of this research is the
development of a deep learning ensemble model
that can accurately assess KOA severity from knee
X-ray images. By integrating ResNet50,
DenseNet169, and DarkNet19 architectures through

.
484



Journal of Theoretical and Applied Information Technology

N
15% July 2026. Vol.104. No.13 ~J
© Little Lion Scientific AT
ISSN: 1992-8645 Www.jatit.org E-ISSN: 1817-3195 |

a weighted ensemble method, the proposed ordinal nature of KL grading, reducing
framework achieves better classification accuracy  misclassification between adjacent grades. The
and generalization than individual models. The use  overall architecture of the proposed system is
of the CORN-based ordinal regression technique captured in the Figure 1.

further improves the model's alignment with the

Image
Input Knee X-Ray Preprocessing Model

oot T
— ng

' ResNet50(CORN)
DenseNet 169 CORN)

Weighted

Performance Evaluation Ensemble
!. | ] Final Classification & Probability Fusion
g Decision Making of ResNet50-CORN,
DenseNet169-CORN&

DarkNet19-CORN
Performance Resulis &
Insights

Figure 1: Architecture of the proposed koa severity assessment

3.1 Data Acquisition 10,379 images were collected and organized into

folders that correspond to each KL grade (0 to 4) as

The dataset was obtained from the publicly  indicated in Figure 2. To ensure reproducibility and

available Osteoarthritis Initiative (OAI) repository, balanced evaluation, the dataset was divided into

which contains standardized knee X-rays labeled four subsets using stratified sampling, keeping the
according to the KL grading system. A total of class representation proportional across all grades.

Figure 2: Dataset showing representative sample from grades 0-4
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Stratified splitting preserves minority-class
samples (particularly KL 3 and 4) to ensure
adequate representation during both optimization
and evaluation.

3.1.1 Augmentation and Pre-processing
The preprocessing pipeline standardizes
data quality, balances class distribution, and

reduces overfitting.

e Resizing: All X-rays resized to 224 x 224

pixels:
I'" = Resize(]. 224 x 224) (1)
e Intensity Normalization: Pixel intensities
scaled to [0, 1] for stable gradients:
I = 1= min
n Tmax—Tmim (2)
e Augmentation: Random  geometric and

photometric  transformations as follows:

Flips (horizontal / vertical)

1. Rotations (x15°)

2. Zoom & Shift

3. Contrast-Limited Adaptive Histogram
Equalization (CLAHE)

e Class Balancing: minority grades (3, 4)
oversampled by augmentation; a weighted loss
factor compensates for imbalance:

n

w; = —

3)
where Vis total samples and ™iis class-wise
count.

3.2 Model Design and Architecture

Three CNN backbones—ResNet50,
DenseNet169, and DarkNetl9—were trained with
the CORN (Conditional Ordinal Regression
Network) loss to capture the ordered nature of KL
grades. Each outputs four logits representing
cumulative thresholds between adjacent grades.

3.2.1 CORN Formulation

For true label ¥ € {0.1.2.3.4}and predicted
logits Zx(k = L ... K — 1)

Lwy K1
I-r:um:v.r—_; i=1 Ek:].

(1= ty)log(l — a(zx )]

[tplogo(zg) +

4)

where t; = Lif ¥ = kelse 0, and &({-}is
the sigmoid function. This enforces ordered
decision boundaries and smoother grade transitions.

3.2.2 Backbone Networks

e ResNet50 (CORN): residual skip connections
— mitigate vanishing gradients.

e DenseNet169 (CORN): dense connectivity —
feature reuse and stronger generalization.

e DarkNetl9 (CORN): lightweight YOLO-v2
backbone — fast inference and complementary
features.

Each replaces its softmax head with a 4-
neuron CORN output, followed by a fully

connected (FC) layer producing  5-class
probabilities via ordinal decoding.
3.2.3 Ordinal Probability Decoding
For logits z € R*:
f=1- r.r'f,zl]. R = r.r{,zj_] - ::r{z:]. B, =
olz.) —olz; ) B = olz;) —olz,) B, =
olz,)
&)

ensuring £f_, F =1,

To harness complementary strengths,

probability vectors from each model are fused:
*F:ms =“'rPIrI+“'dPIdI+W';;PIRI (6)

where Wr- Wi Wirepresent weights for
ResNet50, DenseNet169, and  DarkNetl9
respectively. After empirical tuning on validation
data:

w, = 0.33, wy = 0.20, wy, = 0.23
and the final prediction:

JJ} = arg mlil"": Pnsii @)

This ensemble reduces variance, improves
generalization, and stabilizes performance on
imbalanced datasets. Dropout (0.4) and L2
regularization (le-4) helped reduce over fitting and
improve generalization. We actively enabled data
augmentation to increase sample diversity,
particularly for the underrepresented grades (3 and
4). Training checkpoints stored the best-performing

486



Journal of Theoretical and Applied Information Technology
15% July 2026. Vol.104. No.13

S

I

© Little Lion Scientific

SMminl

ISSN: 1992-8645

Www.jatit.org

E-ISSN: 1817-3195 |

weights, which we later used for ensemble
construction.

3.3 Training Strategy and Hyperparameters

The training of all three backbone models,
ResNet50, DenseNet169, and DarkNetl9, took
place on the training subset. We used validation
monitoring to adjust hyperparameters and avoid
over fitting. A batch size of 32 was chosen, and we
employed the Adam optimizer with an initial
learning rate of 1 x 10 ReduceLROnPlateau
dynamically adjusted the learning rate when
validation performance stabilized. Each model
trained for a maximum of 50 epochs.

Early stopping was set to seven epochs
based on the validation QWK metric to ensure
stability in convergence. We used the CORN loss
function throughout, as it maintains the order of KL
grades. Dropout (0.4) and L2 regularization (1e-4)
helped reduce over fitting and improve
generalization. We  actively enabled data
augmentation to the training of all three backbone
models, ResNet50, DenseNet169, and DarkNet19,
took place on the training subset.

The model used validation monitoring to
adjust hyperparameters and avoid over fitting. A
batch size of 32 was chosen, and we employed the
Adam optimizer with an initial learning rate of 1 x
107*. ReduceLROnPlateau dynamically adjusted the
learning rate when validation performance
stabilized. Each model trained for a maximum of 50
epochs. Early stopping was set to seven epochs
based on the validation Quadratic Weighted Kappa
(QWK) metric to ensure stability in convergence.
We used the CORN loss function throughout, as it
maintains the order of KL grades.

4. RESULTS AND DISCUSSION

This section discusses the dataset,
evaluation metrics and performance evaluation and
analysis of the proposed deep learning framework
for automatic KOA grading. The evaluation
compares three individual CNN  models,
ResNet5S0(CORN), DenseNet169(CORN), and
DarkNet19(CORN), with their weighted ensemble
configuration. The discussion highlights how the
ensemble improves stability, consistent ordering,
and reliable diagnosis across all five KL grades.

4.1 Dataset Description

The experimental evaluation used the
publicly available Osteoarthritis Initiative (OAI)
dataset, a well-known resource for KOA research.
This dataset consists of thousands of bilateral knee
radiographs taken over several time periods,
annotated by experienced radiologists based on the
KL grading scale ranging from 0 (normal) to 4
(severe). For this study, images were selected
carefully to ensure clarity, balanced representation
of grades, and reliable annotation. Preprocessing
included noise reduction, histogram equalization,
resizing, and normalization to fit the input size for
CNN models. Data augmentation techniques such
as rotation, flipping, contrast adjustment, and
random cropping were applied to increase data
variability and deal with class imbalance. The
dataset was split into training, validation, and test
sets in a 70:20:10 ratio while maintaining class
distribution as provided in Table 2. This setup
allowed for effective learning and unbiased
evaluation of the ensemble framework under
consistent conditions.

Table 2: Dataset Division for Training, Validation, Testing, and Auto-Testing Subset

Subset % of Total Image Count

Training 60% 6,227

Validation 10% 1,038

Testing 15% 1,557

Auto-testing 15% 1,557

Total 100% 10.379
Average Recall (UAR), ROC AUC, and PR AUC.
4.2 Evaluation Parameters These metrics capture different aspects of
The proposed models were quantitatively — diagnostic ~ performance, from classification

assessed using a clear set of metrics to ensure both
accuracy and reliability. The main measures
included Accuracy, Quadratic Weighted Kappa
(QWK), Adjacent Accuracy (AA), Unweighted

precision to the model’s ability to maintain order
between adjacent KL grades. Each trained network
(ResNet50 CORN, DenseNetl69 CORN, and
DarkNet19 CORN) and their weighted ensemble
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were evaluated on both test and auto-test subsets
from the OAI dataset. This provided a fair and
unbiased assessment of generalization capability.

4.3 Evaluation Results

Figure 3 summarizes the class-wise
precision, recall, Fl-score, and support values for
both the individual and ensemble models. Among
the standalone models, ResNet50 (CORN) achieved
the highest overall accuracy at 0.6842 and the best
weighted Fl-score at 0.6636, showing its strong
ability to extract features and understand order.
DarkNet19 (CORN) had a slightly lower accuracy
of 0.6709 but kept balanced precision and recall
across grades. DenseNet169 (CORN) lagged a bit
with an accuracy of 0.6165 but captured finer

textural details and worked well with the other
networks. The weighted ensemble of all three
models showed the most consistent macro and
weighted averages, highlighting the advantages of
combining different representations.

These results indicate that the ensemble
effectively mitigates weaknesses in the individual
models. For example, DenseNet169’s tendency to
underperform in grades 1 and 2 was compensated
by the robustness of ResNet50, while DarkNet19
contributed stability in higher grades. This
complementary  behavior produces smoother
ordinal transitions and reduces class imbalance
effects, particularly for minority grades 3 and 4.

RESNETS50 DENSENET169
Precision | Recall | Fl-Score | Support Precision | Recall | F1-Score | Support
0 0.7123 0.8873 0.7902 639 0 0.6806 0.8670 0.7626 639
1 0.3353 0.1959 0.2473 296 1 0.2898 0.3074 0.2984 296
2 0.6852 0.6622 0.6735 447 2 0.6349 04474 0.5249 447
3 0.8182 0.7668 0.7917 223 3 0.8187 0.6278 0.7107 223
4 0.8913 0.8039 0.8454 51 4 0.8571 0.7059 0.7742 51
Accuracy 0.6842 1656 Accuracy 0.6165 1656
Macro 0.6884 0.6632 0.6696 1656 Macro 0.6562 0.5911 0.6141 1656
Avg Avg
Weighted | 0.6574 0.6842 0.6636 1656 Weighted 0.6224 06165 0.6088 1656
Avg Avg
DARKNET19 ENSEMBLE OF
RESNETS0+DENSENET169+DARKNET1Y
Precision | Recall | Fl-Score | Support Precision | Recall | Fl-Score | Support
0 0.7239 0.8576 0.7851 639 0 0.6934 0.9343 0.7960 639
1 0.3264 0.2669 0.2937 296 1 0.3587 0.1115 0.1701 296
2 0.6894 0.6107 0.6477 447 2 0.6920 0.6935 0.6927 447
3 0.8164 07578 0.7860 223 3 0.8341 0.7668 0.7991 223
4 0.7778 0.8235 0.8000 51 4 0.8400 0.8235 0.8317 51
Accuracy 0.6709 1656 Accuracy 0.6963 1656
Macro 0.6668 0.6633 0.6625 1656 Macro 0.6836 0.6659 0.6579 1656
Avg Avg
Weighted | 0.6577 0.6709 0.6608 1656 Weighted | 0.6566 0.6963 0.6578 1656
Avg Avg

Figure 3: Classification reports of evaluation models

Inter-grade misclassifications are shown in
the Figure 4. This table includes confusion matrices
for each network and the ensemble. Grades 0 and 1,
which represent early or normal conditions, have
some overlap because of visual similarities in mild
cartilage changes. In contrast, grades 3 and 4 show
more  distinct  separation. The  ensemble
significantly lowers off-by-two errors, which is
crucial for ordinal reliability. These matrices show

that most misclassifications are close to the correct
class. This matches the Adjacent Accuracy of over
93% seen across models. The ensemble produces
the tightest diagonal distribution, which shows
better discrimination and improved understanding
of grade boundaries. The consistency across folds
confirms that the weighted fusion improved both
precision and recall without causing over fitting.
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Figure 4: Confusion matrices of evaluation models

The comparative ROC AUC curves for all individual and ensemble models are shown in the

Figure 5.
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The curves indicate that ResNet50 and
DenseNet169 provide strong performance with
AUC around 0.93, while DarkNetl9 gives
moderate separability. The three-model ensemble
consistently outperforms the base networks at all
thresholds. This shows better calibration and
confidence in probability outputs. The area under
the ensemble curve, with Macro AUC around 0.91,
confirms that combining model predictions leads to
better class discrimination, even in imbalanced
situations. The ROC trends also suggest that the
ensemble stays strong across all KL grades instead
of favoring the majority classes.

A comparative evaluation was conducted
across all individual CNN architectures: ResNet50-
CORN, DenseNetl69-CORN, and DarkNetl9-
CORN, as well as their weighted ensembles.
Among the single models, ResNet50 achieved the
best overall test accuracy at 68.4% and a strong
QWK of 0.83, showing high ordinal consistency.
DenseNet169 had slightly lower accuracy at 61.6%
but demonstrated strong feature extraction.
DarkNet19 offered a  balance of performance and
efficiency with 67.1% accuracy.

The ensemble of ResNet50 and DarkNet19
improved the performance to 70.4% test accuracy
and a QWK of 0.835, confirming that combining

complementary  features  improves  ordinal
agreement. Lastly, the three-model ensemble
(ResNet50,  DenseNet169, and  DarkNet19)

achieved nearly the same test accuracy at 69.9%
with a QWK of 0.829 and a Macro AUC of about
0.91, while maintaining an Adjacent Accuracy of
over 93% and the highest PR-AUC at 0.94.

These results show that the proposed
weighted three-model ensemble provides the most
balanced and stable performance across all
evaluation metrics, maintaining high precision,
recall, and grade-level consistency. The ensemble
effectively reduces the variability of individual
models and achieves better generalization across
validation, test, and auto-test datasets.

4.4 Discussion and Insights

Overall, the ensemble method clearly outperforms
individual CNNs in terms of robustness, stability,
and interpretability. The use of CORN-based
ordinal regression ensures that decision boundaries
between adjacent grades are continuous. This
reduces abrupt jumps between non-neighboring
categories, which is crucial in medical imaging,

where disease progression is gradual rather than
distinct.

From a model behavior standpoint:

e ResNet50 provides structural robustness and
good mid-grade recognition.

e DenseNet169 improves contextual depth and
detailed lesion representation.

e DarkNetl9 offers lightweight inference and
stabilizes performance on severe grades.

By assigning weights of 0.55, 0.20, and
0.25 for ResNet, DenseNet, and DarkNet in the
final ensemble, the framework balances
generalization and recall while maintaining
precision. This weighting effectively highlights
ResNet50’s reliable features while incorporating
useful signals from DenseNet169 and DarkNet19.
Another important aspect is the ensemble’s stability
during  training.  Individual models like
DenseNet169  needed  several learning-rate
adjustments and showed oscillations.

In contrast, the ensemble reached
smoother convergence. This confirms that weighted
averaging helps reduce over fitting and boosts
resilience to noise, which is particularly valuable
for radiographic datasets with differences among
subjects. The consistent performance across test
and auto-test subsets also demonstrates strong
generalization beyond the training data. The
ensemble’s QWK, Adjacent Accuracy, and PR-
AUC results together confirm that combining
ordinal regression with ensemble creates a reliable
approach for evaluating KOA in real-world
settings.

In a clinical context, the models over 93%
Adjacent Accuracy suggests that even if predictions
are not exact, they differ by only one KL grade.
This is similar to the variability seen among
radiologists. Therefore, the proposed system offers
both automation and consistency without losing
interpretability. The model could assist radiologists
in pre-screening large datasets or providing second-
opinion grade estimates.

5. CONCLUSION

The proposed work presented a CORN-
based deep learning framework for automatically
classifying the KOA using radiographic images. By
combining the ResNet50, DenseNetl69, and
DarkNet19 architectures in a weighted ensemble,

e ——
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the system achieved strong and balanced diagnostic
performance. The ensemble recorded a test
accuracy of 69.9%, a Quadratic Weighted Kappa
(QWK) of 0.829, an Adjacent Accuracy of 93.1%,
a Macro AUC of 0.91, and a PR-AUC of 0.94,
confirming its reliability. Statistically, the model
outperformed the best single network by more than
3% in accuracy and showed higher ordinal
agreement, highlighting the benefits of combining
different feature representations. The high adjacent
accuracy, over 93%, indicated that most predictions
differed by only one grade from the true label,
which aligns with radiological grading standards.
Overall, the proposed ensemble framework
enhanced stability and generalization while
providing a reliable, clear, and scalable solution for
assessing KOA severity. This projects the potential
of ensemble deep learning and ordinal regression in
creating meaningful diagnostic systems.

The applicability of XAI, adding more
clinical information in variety of modalities and
using light-weight deep models are our future
concern.
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