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Abstract

The problem of accurately diagnosing of the degree of severity of knee osteoarthritis
(KOA) based on simple radiographic images lies in the difficulty of distinguishing between
adjacent degrees and differences in imaging conditions, nad in the ordinal nature of the
Kellgren-Lawrence (KL) scoring system. In this paper, we use plain radiography (X-ray
anteroposterior knee radiographs) as the main type of imaging for KOA analysis. To solve these
problems, we introduce an innovative hybrid architecture based on CNNs and transformers
with adaptive feature integration and ordinal-aware dual-head learning for KOA degree of
severity diagnosis. The novel architecture incorporates a CBAM-ResNeXt-50 model as the
backbone network for texture extraction, along with a lightweight transformer-based encoder
for modeling the whole anatomy structure. We effectively integrate local and global semantics
by designing a learnable adaptive feature fusion module at the image level, producing stage-
aware attention on different KOA degrees. Furthermore, we develop an ordinal-aware dual-
head learning paradigm that can jointly conduct KL grade classification and continuous KOA
severity regression tasks. Experimental results achieve 96.84% accuracy, 0.96 macro F1-score,
0.21 MAE, and 0.959 macro AUC-ROC with fewer adjacent-grade confusions.

Keywords: Computer-Aided Diagnosis, Deep Learning, Hybrid CNN-Transformer
Architecture, Knee Osteoarthritis, KL Grading, Medical Image Analysis, X-ray Radiography.

1. Introduction

Knee osteoarthritis is a degenerative musculoskeletal condition that has an adverse
impact on movement, quality of life, and the capacity to lead an independent lifestyle,
especially among elderly patients. There has been an increase in the prevalence of knee
osteoarthritis, owing to factors like population aging and mechanical strain caused by physical
activities, thus posing a significant burden on public health care systems across the world.
Radiography has continued to be the gold standard for the diagnosis of KOA due to its high
availability, affordability, and suitability for general use. The most common scoring system
used to evaluate the severity of KOA is the Kellgren-Lawrence (KL) classification system. This

* Corresponding Author

Journal of Innovative Image Processing, June 2026, Volume 8, Issue 2, Pages 617-643 617
DOI: https://doi.org/10.36548/jiip.2026.2.010

Received: 05.03.2026, received in revised form: 06.04.2026, accepted: 25.04.2026, published: 09.05.2026

© 2026 Inventive Research Organization. This is an open access article under the Creative Commons Attribution 4.0 International (CC BY 4.0) License



Hybrid CNN-Transformer for Knee Osteoarthritis Severity Grading

involves classifying the disease process in terms of five sequential grades, KL 0-4, using
distinctive radiographic features including osteophytes, joint space narrowing (JSN), bony
deformities, and subchondral sclerosis. However, despite having distinct criteria, there is
always inconsistency in grading KOA using KL scoring. CNNs perform well in capturing local
discriminative texture features from the pixels [1], [5], [6]. Nevertheless, due to limited
receptive fields, CNNs cannot adequately capture any kind of spatial dependency that is
required to understand the global anatomy. Hence, relevant contextual details about the knee
joint often get missed by CNN models. This limitation generally leads to incorrect classification
of borderline KL grades, particularly in cases where there is a subtle change in the structure
[6], [12], [26], [28].

As a result of their use of self-attention mechanisms [11], [36], and [37], transformers
are capable of understanding context on a larger scale, hence their popularity among researchers
working in the area of medical imaging. This type of machine learning is able to recognize
sophisticated joint relationships in cases of knee osteoarthritis [12], [13]. Unfortunately, these
algorithms need large volumes of data and are vulnerable to noise and alterations in imaging
conditions [11], [27].

This development resulted in the emergence of hybrid models based on combining the
abilities of transformers to perform global reasoning with those of CNNs to extract local
features. Despite the progress achieved by some newly developed KOA-specific hybrid models
[39], there are still many issues to be resolved. The majority of current models utilize simple
or static fusion techniques, which are not flexible enough to allow for any adaptation of the
influence of local and global knowledge. Additionally, the ordinal nature of KL classification
was overlooked by most previous approaches, which viewed this process as a completely
independent one.

In this research, a novel deep learning architecture based on CNN and transformer with
an ordinal-aware dual head approach and learnable adaptive fusion will be proposed to address
the aforementioned challenges. The CNN backbone consists of the transformer encoder that
tracks long-range structural dependencies within the knee joint along with the local texture
feature extraction module (e.g., geometrical warping and mixed order phases). The model uses
the learnable fusion coefficients to combine the two distinct feature domains for estimating the
appropriate weights of each branch. The KL-grade classification and severity regression tasks
will be performed concurrently to avoid contradictory predictions in terms of disease severity.

The use of the Tibial Spiking Knee OA Dataset provided by Mendeley Data [24], which
is an openly available KL graded radiograph dataset and provides training, validation, and test
sets based on KL grade 0 to 4, is a substantial strength. This dataset has been developed across
a broad spectrum of radiographic phenotypes ranging from morphological changes related to
tibial spiking to the common KOA symptoms, and it forms the basis for developing and testing
deep learning models. In order to preprocess the radiographs uniformly and minimize variations
resulting from different imaging techniques or anatomy, a standard preprocessing pipeline is
employed.

A large body of research clearly proves that the architecture under consideration
consistently surpasses the transformer-based architecture [36, 37], novel CNN architectures
[35], [38], conventional CNN baseline architectures [31-34], and hybrid networks designed
specifically for the KOA dataset [39, 40]. The necessity of the loss function for ordinal
consistency and the adaptive fusion approach is substantiated by ablation study findings.
Moreover, the Grad-CAM visualization technique confirms the potential practical significance
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and interpretability of our model by demonstrating that it indeed concentrates on important
clinical areas.

The key contributions of this research can be highlighted as follows:

o Proposed a hybrid CNN Transformer model to improve the accuracy of knee
osteoarthritis severity evaluation from X-rays through the integration of global and
local information.

o Proposed a learnable adaptive combination and ordinal-aware dual-head model to
perform KL-grading using continuous severity regression while achieving an
optimal balance between local and global data.

« Extensive experimentation and interpretability analysis of the proposed model
through Grad-CAM visualization and ablation studies on public KOA datasets.

2. Literature Review

CNNs can directly learn hierarchical radiographic representations from raw image data,
they have been essential to computer-aided KOA grading. It has been demonstrated that transfer
learning improves performance even more when there are initially no labeled datasets. Training
networks from scratch is not as effective as fine-tuning pre-trained VGG16 and ResNet, as
shown by Serir et al. [5]. The contributions of Tiulpin and Saarakkala [6] developed a deep
CNN that performed extremely well and was designed specifically for KL-gradation
radiography. The architecture of EfficientNet enabled the sensitivity to small changes in the
radiographs to be improved using compound scaling. Using efficient preprocessing algorithms,
Zhang et al. [7] have shown that EfficientNet-B3 and EfficientNet-B7 perform better than
earlier CNNs. Furthermore, Kumar and Goswami [1] have demonstrated that two different
types of preprocessing methods could significantly improve early KOA detection.

However, CNN-based models have some limitations owing to their local receptive field
structure. The connections longitudinally along the tibiofemoral joint, which are important for
diagnosing the intermediate KL categories, are poorly represented. CNN-based models often
find it challenging to distinguish between KL-1 and KL-2 as well as KL-2 and KL-3 when there
1s no clear evidence of radiographic changes, as seen in several studies [6], [12], [26], and [28].
Such limitations highlight the importance of developing models that can combine global
structure and local cues.

Manually crafted descriptors with deep representations represent one of the hybrid
solutions proposed to solve these limitations. Hybrid approaches attempt to integrate priors in
the radiography domain that could potentially be used to boost the accuracy and interpretation
of the KOA grade. For instance, Khalid et al. [2] introduced a hybrid method for KOA grading
via analysis of X-rays that utilizes CNNs and manually engineered descriptors. To better
distinguish between intermediate KL grades, better, Almusa et al. [8] introduced a solution that
uses CNN features and texture descriptors, such as GLCM. To make the system invariant to
environment-related variations (lighting conditions, contrast), Swapna et al. [9] proposed
hybridization using SIFT-LBP and deep descriptors. Clinically relevant markers, such as joint
space width (JSW), have been integrated into hybrid architectures by some previous studies.
To achieve a higher ordinal consistency for KOA grading, Alavanthar et al. [4], [10] employed
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JSW estimates in a multitask learning framework. Moreover, ensembling-based hybrids, that
combine multiple outputs from different deep architectures were investigated [3].

Using hand-crafted features in these approaches is unjustified even when the model
outperforms the basic CNNs. The inclusion of such features depends on the parameters and
often fails to generalize to another dataset with varied resolution, noise, and image acquisition
techniques. As such, deep hand-crafted fusions have failed to exhibit robustness in different
radiography contexts despite their theoretical strength.

The transformer network can take advantage of self-attention mechanisms to capture
long-term dependencies. This has become an essential feature of transformers that makes them
a suitable choice for medical image analysis. This is particularly important in assessing KOA
since it is always essential to make connections between spatial relationships across the joint
to distinguish the level of disease severity.

Chen et al. [11] introduced the TransUNet, a significant development that improves
semantic segmentation accuracy by combining transformer encoders with CNN architectures.
Based on this, researchers have developed transformer-based graders that concentrate on KOA.
Sekhri et al. [13] proposed a Swin Transformer-based approach for the extraction of
hierarchical anatomical representations, while Antony et al. [12] incorporated both channel and
spatial attention mechanisms to address the ambiguous borderline KL class. In addition, vision
transformers (ViT-B/16 [36], Swin Transformer-T [37]), which are general-purpose
transformers, have been utilized for KL grading, outperforming conventional CNNs in most
cases. The importance of fusing convolutional knowledge with global context understanding is
further illustrated by KOA-specific hybrid transformers, such as the latest [39].

Transformers are highly sensitive to the presence of anatomical variations, noise, and
poor image quality, which are inherent features of real-life clinical images. Furthermore, the
application of transformers in numerous medical fields remains restricted due to their
dependence on large-scale labeled data.

Because of differences in acquisition methods, patient positioning, radiation doses, and
scanner types, radiographic images utilized in KOA assessment exhibit high variability. Pre-
processing pipelines are thus needed to enhance the discrimination of KL grades and model
generalizability. As reported by Mohammed et al. [14], denoising and normalization of
radiographs enhance predictive accuracy. The widely applied CLAHE algorithm has proven
effective in boosting joint space contrast without creating any artifacts [18]. ROI segmentation
has likewise demonstrated notable advantages. As observed by Malik et al. [15], knee joint
localization is facilitated by grade differentiation and lowers variability. Many works [16], [17],
[20], and [21] have indicated that class imbalance, especially the scarcity of KL-4 samples,
poses a challenge and that majority class dominance could be mitigated using oversampling.

Harmonization methods have been explored for the purpose of minimizing within-
dataset variance. In cases where the model needs to generalize under contrast variations and
non-canonical anatomy, methods such as normalization, registration based on shape, and
augmentation under controlled conditions [14], [18], [22], and [30] increase consistency. This
is particularly critical due to the presence of multiple morphologies in the Tibial Spiking KOA
dataset utilized in this study [24].
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CNN-only frameworks have drawbacks. Adjacent KL grades are frequently
misclassified due to CNNs' inability to identify global anatomical links (as reported in [5-7],
[26], [28]).

There are certain difficulties with deep handcrafted hybrid models. As shown in [8],
[9], these models exhibit poor generalization performance, inadequate scalability, and fragility
under various imaging settings.

There is a challenge for KOA models built on transformer-based systems. KL labels
represent a grading scale as discussed [11-13], [39], the overwhelming number of the existing
models relies on transformers, requiring huge amounts of input data, being sensitive to images'
distortions, and not paying any attention to ordinal-aware learning. Most recent hybrid CNN
Transformers for image segmentation fail to include ordinal-aware learning, although they offer
better performance in terms of interpretation and context awareness [19].

There is an issue with the pipelines for fragmented preprocessing. As mentioned above,
preprocessing algorithms are usually used independently of each other and are excluded from
the hybrid model architectures, affecting the efficiency of the pipeline negatively. Table 1
demonstrates that the accuracy of previous studies using CNN and transformer-based models
varies between 88% and 95%

Table 1. Summary of Performance Metrics Reported in Previous KOA Classification Studies

Model Accuracy (%) | Macro F1 | MAE | RMSE
VGGI6 [31] 88.72 0.84 0.52 0.71
ResNet50 [32] 90.15 0.86 0.47 0.66
DenseNet121 [33] 91.04 0.87 0.44 0.63
EfficientNet-B3 [7], [34] 92.56 0.89 0.40 0.59
EfficientNetV2-S [35] 93.48 0.90 0.37 0.55
ConvNeXt-S [38] 94.02 0.91 0.34 0.52
ViT-B/16 [36] 94.65 0.92 0.32 0.50
Swin Transformer-T [37] 95.12 0.93 0.29 0.47
KOA Hybrid Transformer (2023) [39] 95.38 0.93 0.27 0.45
Selective Shuffled Transformer (2023) [39] 95.71 0.94 0.26 0.44

The design of the CNN Transformer model, integrating adaptive feature fusion, sign-
consistent dual loss learning, and standard pre-processing, developed within this study to
provide a more precise, robust, and clinically meaningful grading system for KOA under these
constraints, is driven by these limitations collectively.

3. Materials and Methods
3.1 Dataset Description

Training, developing, validating, and testing of the KOA classifiers were all carried out
using publicly accessible data. The images employed in this study have been sourced from the
"Tibial Spiking Knee OA Dataset" provided by Mendeley Data [24]. It consists of
anteroposterior knee radiographic images classified under the Kellgren Lawrence (KL) grading
system. Each of the five classes of KL grading (0 to 4), starting from healthy joint structure
through to highly osteoarthritic joints, is well represented within this dataset. Train, validation,
and test datasets came from the Tibial Spiking Knee OA Dataset [24]. Furthermore, an
independent database provided on Kaggle was employed to build the auto_test subset in order
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to test the generalizability of the proposed model. Knee radiographs with KL scores (0-4) are
contained in this dataset, which was solely used for robustness assessment purposes. This
practice facilitates cross-dataset evaluation and reduces the likelihood of overfitting [40].
Anteroposterior knee radiographs or plain radiographic X-ray imaging constitute the primary
imaging modality employed for assessing KOA in this paper.

Sample radiographic images of the anteriorposterior view of the knee from the dataset,
demonstrating the variation in stiffness levels for KL grade classification (0 to 4), not divided
into regions, are depicted in Figure 1.

KL-3 KL-4

Figure 1. Sample Knee Radiographs across KL Grades (0 - 4)
The distribution of samples across splits and KL grades is summarized in Table 2.

Table 2. Distribution of KL Grades in the Primary Mendeley Dataset and External Auto_Test Set

KL Grade Train Validation Test Auto_test Total
KL-0 2286 328 639 604 3857
KL-1 1046 153 296 275 1770
KL-2 1516 212 447 403 2578
KL-3 757 106 223 200 1286
KL-4 173 27 51 44 295
Total 5778 826 1656 1526 9786

3.2 Class Imbalance Considerations

There is an intrinsic class imbalance issue in the dataset, with lower KL grades (0-2)
being substantially higher than higher grades (3—4). To overcome this limitation, only the
training set was subjected to dynamic augmentation and class-aware sampling, which
overrepresented minority class images without subtly altering the underlying data structure. To
maintain the integrity of performance evaluation and ensure that all published results reflect
genuine generalization, the validation, test, and auto_test splits are not enhanced. Even though
KL-4 contains less data (295 images), evaluation fairness was preserved by reporting macro-
averaged metrics (Macro-F1 and Macro-AUC), which evaluate each class equally, independent
of sample frequency. During training, class-aware sampling and targeted augmentation were
also employed to reduce bias against minority classes. In order to ensure that each mini-batch
contained a more equal distribution of KL grades and prevent bias toward majority classes,
minority classes like KL-4 were managed during training using class-aware sampling and
targeted augmentation.
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3.3 Preprocessing Overview

The appearance of knee radiographs varies greatly depending on the scanner hardware,
exposure settings, patient position, soft-tissue composition, and architecture. Clinically
significant signals, particularly those related to joint-space width, osteophyte formation, and
subchondral bone texture, may be obscured by this type of variability, which may also result in
unstable or unreliable feature learning. We used a structured, standardized pipeline to
preprocess every image to lessen these issues. Each pipeline component sought to improve
radiographic clarity, account for nuisance variation, and reveal morphological characteristics
that are essential for KL grading. Even though the original radiographs are grayscale, each
image is duplicated over three channels to satisfy the input requirements of pretrained CNN
architectures.

3.3.1 Intensity Normalization

To lessen variability based on exposure and illumination, pixel values were
standardized to a specific range [a,b] (usually [0,1]). The formula in (1) is used to determine
the normalized intensity value for each pixel p.

hnorm(P) = a + (b — @) 2 (M)
max min

Here, I(p) is the intensity of the image at pixel p. Here, Iin = min peq 1(p) and

Imax = MaX peq I(p) are minimum and maximum intensity over the image domain (),

respectively. The parameters a and b determine the intensity range to be reached, typically

[0,1], usually From now on we denote by the normalized intensity at pixel p is denoted by

Liorm(p)- This scaling enhances numerical stability and ensures contrast-related features are
consistently represented.

3.3.2 Contrast-Limited Adaptive Histogram Equalization (CLAHE)

CLAHE enhances local contrast while preventing noise over-amplification by operating
on small contextual tiles. CLAHE was used in this investigation with a tile grid size of 8 x 8
and a clip limit of 2.0, which effectively enhanced contrast without over-amplifying
radiography noise. The histogram is calculated for every tile T using the formula in (2):

h@) = 2, 1@ =1 )

Here, h(i) is the total number of pixels in T with intensity level i, where i € {0, ..., L —
1} and L are the gray of levels. Where p is a pixel coordinate, its intensity I(p) and the
indicator function 1(-).

By creating a histogram for each image tile, CLAHE increases local contrast. It
produces an improved and noise-controlled image with an adjusted histogram by capping the
histogram at a predetermined threshold, clipping the surplus, and distributing it uniformly over
all gray levels rather than allowing noise to run wild. From that updated histogram, it then
extracts a cumulative distribution function that instructs you on how to translate the original
pixel intensity to its enhanced value. It employs bilinear interpolation to maintain seamless
transitions between adjacent tiles without creating border artifacts. In general, this technique
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reduces noise while improving local contrast. The entire procedure can be summed up as
follows (3):

1(p) )
Z ~ hagi k()

Icpane(p) = 2%:1 wi (L—1) J=(|)T—k|

3)
where h,q;x is the clipped and redistributed histogram of the k-th neighboring tile, and
wyare interpolation weights satisfying Y 5_, wy = 1.
3.3.3 Region of Interest (ROI) Extraction
A bounding box was used to isolate the tibiofemoral joint in order to guarantee attention

to diagnostically significant features. The region of interest (ROI) is extracted from the original
image, as mentioned in (4):

Rroi(w, v) = 1(xg + u,yo + v), 4)

In this case, I(x, y) represents the original image in global coordinates, whereas
Iror(w, v) indicates the extracted region of interest stated in local coordinates (w v). The top-
left corner of the bounding box utilized for ROI extraction is defined by the parameters x4 and

Yo-

When anatomical landmarks L; = (x(L;),y(L;)) were available, the bounding box
origin is computed as defined in (5):

xg = min x(L;) = 6y, Yo = min y(L;) — Jy (5)

The i-th anatomical landmark on the knee joint is indicated by L; = (x(L;),y(L;)),
where x(L;) and y(L;) are its horizontal and vertical coordinates. The ROI borders are
extended beyond the extreme landmark positions using the specified margin parameters §, and
8. The ROI bounding box's width and height are then calculated using the formula in (6):

w = max x(L;) — xo + 26y, h = max y(L;) —yo + 28, (6)
4 l

In this case, w and h stand for the bounding box's width and height that surround the
anatomical region of interest. To maintain anatomical consistency between samples, these
dimensions are calculated from the maximal landmark coordinates with respect to the bounding
box origin, with symmetric margin extensions managed by &, and §,,.

ROI extraction removes irrelevant structures and enforces anatomical alignment across
images.

3.3.4 Bilateral Filtering

To suppress high-frequency noise while preserving joint boundaries, bilateral filtering
was applied. As stated in (7), the filtered intensity at pixel p is calculated as follows:

) =505 ) 6o 1P =4 1) G, (1@ = 1G) D 1) ™
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In this case, g specifies an adjacent pixel within the spatial neighborhood N (p), and
I;; (p) indicates the filtered intensity at pixel p. The initial intensity at pixel q is denoted by the
word I(q). The functions G, (-) and G, () denote the spatial and range Gaussian kernels,
parameterized by o, and o,., which weight contributions based on spatial distance || p — q |l
and intensity difference | I(q) — I(p) |, respectively, enabling edge-preserving smoothing with
normalization. The computation of the normalization factor W(p) is provided in (8):

WE =) G lp=q D G0 1@~ 1) D ®)

In this case, W (p) stands for the normalization factor, which is calculated by adding
the spatial and range kernel responses over the neighborhood NV (p). This normalization guards
against bias resulting from local kernel weighting and guarantees appropriate scaling of the
filtered output. The spatial kernel G, preserves locality, while the range kernel G, _preserves
edges, improving clarity of osteophyte borders and joint margins.

3.3.5 Image Resizing

After rescaling the images for consistency with architectural considerations and uniform
processing of receptive fields, all ROI extracted images underwent scaling by bilinear
interpolation.

In combination, these preprocessing steps enhance anatomical accuracy, level out
radiographic information across individuals, and facilitate the accurate detection of important
features. Figure 2 presents the complete procedure for preparing knee radiographs.

ROI Extracted Filtered and Resized

Figure 2. Preprocessing Pipeline Visualization

4. Methodology

The proposed framework incorporates a hybrid approach to local feature extraction
using CNNs, along with global reasoning using transformers along with the integration of a
preprocessing approach that considers boundaries, adaptive data augmentation, and class
balancing techniques. The architecture of the proposed hybrid CNN transformer model for
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automatic grading of KOA based on knee X-ray images is illustrated in Figure 3 below. Four
main parts make up the model: (i) an ordinal-aware dual-head prediction module; (ii) parallel
CNN and transformer-based feature extraction; (iii) adaptive feature fusion; and (iv) a
standardized preprocessing pipeline. Each element is intended to tackle particular issues related
to radiographic KOA evaluation, such as the ordinal nature of KL grading, global anatomical
variability, and inter-grade visual similarity.

Input X-Ray

's ™\
Standardized

Preprocessing

bl

» Intensity Normahzation

* CLAHE (Contrast Preprocessed Image
Enhancement) ROI

» ROI Extraction ( )

+ Bilateral Filtering

\_*_Resizing /

Feature Extraction

Transformer Branch

(Global Features)

Patch Embedding

Transformer Blocks
Global Feature

ResNeXt-50 Backbone

CBAM Attention
Module

Feature

Representation Eepresentation Output
Predictions
Classification KL Grades 0- 4

Head

Regression Head ™ Sevmty Score

Figure 3. Detailed Architecture of the Proposed Hybrid CNN Transformer Model for Knee
Osteoarthritis Severity Grading

.

4.1 Preprocessing Pipeline

As described in Section 3.3, preprocessed radiographs were used for all studies. Images
were scaled and normalized after preprocessing before being fed into the model. To enable a
fair and consistent comparison, all baseline models and the architecture mentioned above were
trained under the same set of conditions. In this challenge setup, the pre-defined train, val, test,
and auto_test splits were already provided by the Mendeley dataset.

4.2 A Proposed Hybrid CNN Transformer Architecture

We suggest a hybrid architecture that combines a lightweight transformer encoder for
global contextual modeling with CBAM-enhanced ResNeXt-50 for local feature extraction.
This approach is founded on the clinical understanding of KOA evaluation, where grading can
benefit from both large-scale structural patterns (like overall joint alignment and
compartmental constriction) and fine-resolution textural signals (like osteophyte growth and
trabecular alterations). An overview of the suggested hybrid CNN Transformer architecture is
shown in Figure 3. It includes the dual-head prediction framework, learnable feature fusion
component, a transformer encoder for global context modeling, and CBAM-boosted ResNeXt-
based local feature-learning.
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4.2.1 Local Feature Extraction via ResNeXt-50 with CBAM

To improve the representational cardinality and aid the network in learning fine-grained
radiographic textures, ResNeXt-50 [29] makes use of grouped convolutions. This increases the
network's computational efficiency. A Convolution Block Attention Module (CBAM) was
added to the respective values in the final three stages of the backbone to increase the
discriminative ability of these features. To highlight diagnostically significant patterns (such as
small osteophyte borders and changes in trabecular density) and down weight uninformative
areas, CBAM performs channel and spatial attention sequentially.

A. ResNeXt Grouped Convolution Block

The ResNeXt block's grouped convolution operation is specified as follows in (9):
U = Concat¥_, (Wy * X) )

In this case, W is the convolution kernel of the k-th group, and X is the input feature
map to the ResNeXt block. Convolution is indicated by the operator *, and the cardinality—
that is, the number of grouped convolution paths—is specified by the operator K. The
aggregated feature representation U is created by concatenating the outputs of each group along
the channel dimension. Next, the residual output of the ResNeXt block is calculated using the
formula in (10):

Ees=X+¢ (Wproj * U) (10)

The output feature map of the ResNeXt block following residual fusion is indicated
here by the symbol F,,. The activation function ¢(-), which is implemented as ReLU, comes
after the projection convolution W,; is applied to the aggregated features U to guarantee
dimensional compatibility. Effective gradient propagation is made possible by the residual link,

which adds the modified features to the input X.

Figure 3 presents the detailed dual-path architecture of the proposed hybrid CNN
Transformer model, including feature extraction, adaptive fusion, and ordinal-aware dual-head
prediction. Stacking blocks and a final global mapping yield the CNN feature representation as
defined in (11).

Feyny = ConvBlockpeqq(X) € RHXWexCe (11)

In this case, the input feature map derived from the stacked convolutional backbone
layers is represented by X. The final convolutional head that combines hierarchical features to
create a compact representation is represented by the operator ConvBlocky,.,q(+). The final
feature tensor, Foyy € RAc*WeXCe where C, is the number of output channels that capture high-
level semantic information and H, and W, are the spatial dimensions.

The resulting feature map is denoted as Fryy.

B. CBAM - Channel Attention

The attention map as described in (12) is calculated by the channel attention
mechanism:
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Mc(F) = o (W, ReLU(W, fiyg) + W ReLU(W, frn)) (12)

Here, fi,o and fu.c are the channel-wise global average and maximum pooled
descriptors, respectively, and F stands for the input feature map. The channel attention map
M. (F) is created by processing these features through shared fully connected layers W; and
W,, ReLLU, and sigmoid activation o (). As stated in (13), the refined feature representation is
obtained:

F'=M.(F)QF (13)

Here, F'represents the channel-refined feature map obtained via element-wise
multiplication, which adaptively enhances informative channels while suppressing irrelevant
responses.

C. CBAM - Spatial Attention

As stated in (14), the spatial attention mechanism calculates the refined CNN feature
representation and the spatial attention map.

Ms(F') = o (Convyx7 (£ f"™1)),
Fonn = Ms(F') O F/, (14)

In this case, the spatial feature maps generated by channel-wise average and max
pooling are denoted by £ ¢ and f;™** respectively, while channel-wise concatenation is denoted
by [; ] The spatial attention map M is created by processing the concatenated features using a
7x%7 convolution Conv,-. This map is then applied to the CNN feature representation Fony in
order to highlight important spatial areas.

4.2.2 Global Feature Extraction via Transformer Encoder

A scaled-down transformer is used to model global dependencies in the joint domain.
Each windowed patch in the contaminated ROI is mapped to an embedding vector. Spatial
linkages are maintained and positional embeddings can be learned. Even though transformers
often require massive datasets, the proposed method uses a lightweight transformer encoder
with just two layers together with a strong CNN backbone that extracts robust local
representations. This hybrid solution reduces the quantity of data required while enabling
global contextual modeling.

A. Patch Embedding

Each image patch's embedding is calculated using the formula given in (15):
z) = Evec(P,) + p; (15)

In order to balance computational speed and spatial detail, a 16 x 16 patch size was
selected, yielding 196 tokens for a 224 x 224 input. The transformer encoder models global
contextual dependencies using two layers with four attention heads. In this case, E is a learnable
linear projection matrix, vec(-) is the vectorization operator, and P; represents the i-th picture
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patch. The initial token embedding z? input to the transformer encoder is obtained by adding
the positional encoding p; to preserve spatial information. For an input token sequence

Z = [Zl,Zz, "'IZN]

The transformer encoder applies multi-head self-attention to model global contextual
patterns such as compartmental asymmetry and alignment shifts.

B. Transformer Encoder Layer

According to (16), the transformer encoder layer uses feed-forward transformations and
multi-head self-attention to update the token representations:

z} = z}7' + MHSA(LN(z'™1));
z! = 7 + MLP(LN(zY); (16)

The representation of the i-th token at transformer layer 1 is indicated here by z}. Layer
normalization is indicated by the operator LN(+), while the multi-head self-attention module
and position-wise feed-forward network are represented, respectively, by MHSA and MLP.
The intermediate token representation following the attention-based residual update is denoted
by the word 2}. Given the moderate dataset size typical of medical imaging research, a shallow
transformer architecture with two encoder layers was chosen to minimize computational
complexity and prevent overfitting.

C. Multi-Head Self-Attention (MHSA)

The transformer encoder's multi-head self-attention operation is calculated using the
formula given in (17):

W e YT
MHSA(Q, K,V) = Concat}_, <softrnax <%) VWV(h)> w, (17

In this case, the query, key, and value matrices are denoted by Q, K, and V. Learnable
projections for the h-th attention head are represented by the matrices WQ(h), WK(h), and WV(h),

where h =1,...,H and H indicate the number of heads. The output projection over the
concatenated head outputs is carried out by the matrix W, and the key dimensionality utilized
for attention scaling is indicated by d,.

4.3 Adaptive Learnable Fusion Mechanism

Most hybrid models use static weights or fixed concatenation to combine CNN and
transformer features. However, each KL grade has varied diagnostic performance for local
versus global features. Early-stage KOA relies on minor textures, while advanced-stage KOA
necessitates global structure analysis. Because the fusion coefficient a was set to 0.5 at the
beginning of training, CNN and transformer features contributed equally. The parameter was
then optimized during training via backpropagation.

To address this, a learnable fusion coefficient a € [0,1] was introduced, and the fused
representation is computed as defined in (18):
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F=aFcnn+(1—a)Frr (18)

In this case, Fony stands for the local characteristics that the CNN extracted, and Frg
stands for the global features that the transformer generated. The fused feature representation
F is produced by controlling the relative contribution of the two representations using the
learnable weight « € [0,1].

The fusion coefficient « is trained by backpropagation, allowing the network to learn
to adaptively balance local and global feature representations according to image properties.

4.4 Dual-Head Prediction Module
While KOA severity is ordinal, most deep learning techniques treat KL grading as

nominal. We created a dual-head prediction module to clearly depict the ordered relationship
between various disease progression stages.

4.4.1 Classification Head

The head of the classifier takes global average pooling and is extended by a fully
connected layer with Softmax activation that yields the final discrete class probabilities V.,
as defined in (19).

s = FCys(GAP(F)), ciass = Softmax(s) (19)

The global average pooled feature vector from the fused representation F is indicated
here by GAP(F). The class logits generated by the classification layer FC, are represented by
the vector s, and the predicted class probabilities V., are acquired using softmax
normalization.

4.4.2 Regression Head

Parallel to classification, a regression head predicts a continuous severity score Jeg, as
defined in (20) capturing ordinal proximity between KL grades.

Preg = FCy (ReLU (FCl(GAP(F)))> (20)

In this case, the predicted continuous severity score produced by a regression head made
up of two fully connected layers, FC; and FC,, is represented as y.,. The final output is

obtained by passing the global average pooled feature GAP(F) through FC; with ReLU
activation and then mapping it by FC,.

4.4.3 Ordinal-Aware Dual Loss
A. Cross-Entropy Loss

The cross-entropy function, as stated in (21), is used to calculate the classification loss:

c ~
LCE = - Z(,‘:l yclog (yclass,c) (21)
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In this case, the ground-truth indicator for class c is denoted by y,, and the predicted
probability for class ¢ is represented by J j,s5c. The five Kellgren-Lawrence (KL) grades are
represented by the parameter C, which represents the total number of classes.

B. Smooth L1 Loss (Huber Variant)

The Smooth L1 (Huber) function, which is defined in (22), is used to calculate the
regression loss:

1 “ ~
E (t - yreg)2/6' |t — yreg |< 6;

(22)
| £ = Preg | —%5, otherwise,

LSmoothLl =

In this case, the ground-truth ordinal severity label is represented by ¢t € {0, ...,4}, and
the projected continuous regression score is represented by J;.,. By defining the transition point
between the quadratic and linear regimes of the loss, the parameter § —typically set to 1—
improves robustness to outliers. The smooth-L1 loss was selected because it promotes ordinal
consistency through continuous severity regression and offers stable optimization and
robustness to outliers.

C. Total Dual Loss

The classification and regression losses as stated in (23) are combined in the overall
training objective.

L= Lcg + A LsmoothLi (23)

In this case, L is the final joint loss results from merging the regression and classification
losses and A is a learnable weight that regulates the regression objective's contribution.

The dynamic weighting of these tasks ensures that they are mutually beneficial to
accomplish, alleviating the misclassification between adjacent KL grades.

The model was trained for a maximum of 60 epochs with a batch size of 32 and usually
stopped early due to convergence before reaching the maximum number of epochs.
Hyperparameters were chosen in a way that is fair to compare with the baseline models.

5. Experiments

The experimental configuration of this study was designed to rigorously evaluate the
suggested CNN Transformer architecture in both within-domain and cross-domain scenarios.
A multi-metric performance evaluation, including classification accuracy, ordinal consistency,
and interpretability, has been taken into consideration; extensive experiments have been
conducted and compared with classical models and state-of-the-art baseline models; ablation
analyses have been presented to assess the contributions of individual architectural
components. To further examine the trained model's capacity for generalization, radiographs
from each KL grade were included in an external auto_test dataset collected from Kaggle [40].
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5.1 Computational Environment

All the experiments were conducted on a high-end workstation equipped with an
NVIDIA RTX series graphics card with 16GB VRAM and an Intel Core (10th generation) CPU
with 32GB of system memory. The software environment consisted of Python 3.10 and
PyTorch 2.11, which was the main deep learning framework. For the preprocessing of images,
OpenCV was used, while Albumentations was used for augmentation laundering, considering
that it is fast in executing radiographic transformations. Graphical representation and statistical
analysis were done using Matplotlib and Seaborn. The flexibility to integrate convolutional and
transformer modules was seamless and easy in PyTorch. It could conduct mixed precision
computations and was efficient in memory management. At an average inference speed of
about 20ms/image on an NVIDIA RTX graphics card, the proposed hybrid CNN-Transformer
model has approximately 29.6 million trainable parameters. To ensure accurate and repeatable
depiction of experimental data, all graphs and visualizations in this work were created using
Microsoft Excel and Python libraries (Matplotlib and Seaborn). Table 3 provides a high-level
summary of the suggested hybrid CNN-Transformer architecture, including its main
processing steps and matching output dimensions.

Table 3. High-Level Architecture Summary of the Proposed Model

Stage Description Output Size
Input Preprocessed Image 224 x224x3
CNN Branch | ResNeXt-50 with CBAM attention module 2048
Transformer | Patch embedding followed by transformer encoder 256
Fusion Adaptive Fusion 256
Output Classification head and regression head -

5.2 Baseline Architectures for Comparative Evaluation

To obtain a sound and equitable evaluation, the proposed networks were evaluated
against a diverse range of baseline architectures.

5.2.1 Classical and Modern CNN Baselines
Various popular CNN architectures used for radiographic image analysis were re-
implemented as basic models:

o« VGGI16[31]: Itis a classical deep convolutional network, which has stable feature
representations and has been applied in clinical imaging tasks for years.

o ResNet50 [32]: A residual network that includes identity skip connections to
address the vanishing gradient problem, which helps in training deep models better.

o DenseNetl21 [33]: A network using dense connections that aim to alleviate the
vanishing-gradient problem and encourage the flow of gradients, with many
reused features between layers.

« EfficientNet-B3 [7], [34]: A compound-scaled network that uses a combination of
depth, width, and resolution to achieve good accuracy and efficiency trade-offs.

o EfficientNetV2-S [35]: A CNN based on the next generation of more quickly
converging, better performing architecture for both medical and natural images.

ISSN: 2582-4252 632



Unnati Patel, Sanskruti Patel*, Dharmendra Patel, Niky Jain, Suchita Patel, Ronesh Gangavani

These state-of-the-art CNN baselines enable a clear evaluation of the benefits of using
transformer-based global contextual reasoning in the hybrid architecture.

5.2.2 Transformer and Hybrid Architecture Baselines

We included the following transformer-based and hybrid models to benchmark our
proposed model against other state-of-the-art architectures for global contextual reasoning:

o Vision Transformer (ViT-B/16) [36]: A competitive instance-based global
attention model for variable sequence lengths due to its strong ability to model
long-range dependencies.

o Swin Transformer-T [37]: A hierarchical transformer with shifted windows that
has been successfully applied in the fields of medical images and natural images.

o ConvNeXt-S [38]: A state-of-the-art convolutional architecture designed based on
transformer-style construction principles, offering significant performance
improvements in CNNS.

KOA-specific hybrid transformer models re-implemented from [39] (CNN transformer
hybrids and attention-augmented KL grading systems built for osteoarthritis evaluation).

5.3 Hyperparameter Configuration

The eventual hyperparameters were selected after a controlled grid search process,
enriched by knowledge of former deep learning research in radiographic KOA evaluation.
Table 4 shows all settings applied during training, such as the optimizer configuration and
learning rate schedule, the batch size and loss-balancing parameters. Grid search was used to
determine the learning rate over the range {1x1075, 3x10°5, 1x107%, 3x107*}, with 1x10*
producing the best validation result.

Table 4. Hyperparameter Settings Used for Training All Models

Hyperparameter Value / Setting
Optimizer AdamW
Initial Learning Rate 1x10™*
LR Scheduler Cosine Annealing
Weight Decay 0.01
Batch Size 32
Number of Epochs 60 (with early stopping)
Dropout (classification head) 0.3
Dropout (transformer encoder) 0.1
Patch Size (Transformer) 16 x 16
Embedding Dimension (Transformer) 256
Number of Attention Heads 4
Fusion Weight Initialization (o) 0.5
Loss-Balancing Coefficient (L) Learnable (initialized at 0.5)
Activation Function ReLU (CNN branch), GELU (Transformer)
Image Input Size 224 x 224 x3
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5.4 Evaluation Metrics

Multi-class classification performance was evaluated using a set of widely recognized
metrics.

5.4.1 Accuracy

Classification accuracy is calculated using the formula in (24):

TP+TN

Accuracy = ———
y TP+TN+FP+FN

24

where TP, TN, FP, and FNdenote true positives, true negatives, false positives, and
false negatives, respectively.

5.4.2 Precision, Recall, and F1 Score

For each class k, precision and recall were defined as expressed in (25):

TPy
TPy+FPy’

TPk
TPr+FNy

Precision;, = Recall, = (25)

where the numbers of true positives, false positives, and false negatives for class k are
represented by TPy, FPg, and FN,, respectively. The class-wise F1 score was computed
accordingly. Macro-averaging was used to reduce bias from class imbalance.

5.4.3 Cohen’s Kappa

To capture inter-class agreement beyond chance levels, Cohen’s Kappa statistic was
computed as defined in (26):

_ Po—Pe
o = Bole (26)

where p, s the observed agreement and p,is the expected agreement by chance [25].

5.4.4 AUC for Multi-Class ROC

Class-specific ROC curves were computed using a one-vs-rest approach and their mean
was reported.

5.5 Regression Metrics for Ordinal Consistency

As the order of KL grades reflects disease severity, Kappa statistics are inadequate, and
regression-based metrics are used for testing ordinal consistency.

5.5.1 Mean Absolute Error (MAE)

The Mean Absolute Error is an average of the absolute errors without considering their
direction. It is defined as (27):

1 ~
MAE =<3l | yi = 9i | 27)
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where y;denotes the true KL grade and y;represents the predicted continuous severity.

5.5.2 Root Mean Squared Error (RMSE)

RMSE is a lack of average squared prediction error measures and square root of penalty
for large deviations. It is defined as (28):

1 «N ~
RMSE = (25 07— 902 (28)
where, again, y;is the true KL grade and y;is the predicted severity score.

6. Results

The suggested hybrid architecture is thoroughly evaluated in this section, which
includes quantitative comparisons against baselines, class-wise diagnostic performance,
ordinal regression analysis, the impact of preprocessing, ablation studies to gauge the
significance of each architectural component, and qualitative insights from gradient-based
interpretability techniques. Consistent performance across the internal test set and the external
auto_test dataset proved the robustness of the proposed approach.

6.1 Quantitative Comparison with Baseline Models

The Hybrid CNN Transformer model showed superior performance to all the baseline
models in terms of accuracy, macro F1-score, and ordinal regression measures on the test set
of Mendeley. It obtained an accuracy of 96.84%, with a macro F1-score of 0.96 and a mean
absolute error (MAE) value of 0.21; thus state-of-the-art performance was achieved relative to
all compared models.

The system showed macro-Precision at 0.9391 and macro-Recall at 0.9329, indicating
high classification abilities in all the KL groups. Cohen’s Kappa is almost perfect at 0.9236.
Macro-AUC-ROC is at 0.9592, which indicates a clear separation of KOA into its three forms:
mild, moderate and severe. All these metrics demonstrate that the hybrid architecture proposed
in this study is clinically meaningful, ordinal-consistent and stable.

CNN s (including VGG16, ResNet50, DenseNet121 and EfficientNet-B3) have yielded
decent results; however, they did not manage to recognize subtle differences between
morphological structures in the images corresponding to different stages of KOA. CNNs have
performed quite well but are still inferior to the transformer-based architectures, mostly due to
their inability to recognize morphologies.

Recognizing the global context is essential for KOA diagnostics, as evidenced by the
success of the transformer baselines (ViT-B/16 and Swin Transformer-T), which yielded
superior or comparable results compared to the CNNs. However, even the best-performing
transformer baselines showed poorer results, especially concerning borderline cases, since they
are not able to accurately analyze fine-grained radiographic textures.

KOA-specific hybrid transformers proposed in recent studies [39] yield better results.
However, their application of fixed fusion strategies and the lack of ordinal-sensitive learning
restrict their competitive performance with the proposed model.
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As shown in Table 5, the proposed hybrid CNN Transformer model consistently
outperforms conventional CNNs, transformers, and recent hybrid baselines, achieving the
highest accuracy and macro F1-score while minimizing MAE and RMSE.

Table 5. Diagnostic Metrics for the Proposed Model

Metric Value
Accuracy 96.84%
Macro F1 0.96
MAE 0.21
RMSE 0.37
Precision (Macro) 0.9391
Recall (Macro) 0.9329
Cohen’s Kappa 0.9236
AUC-ROC (Macro) 0.9592

6.2 Class-Wise Performance and Confusion Patterns

Class-wise analysis revealed excellent discrimination for all KL grades. The model
additionally performed extremely well for KL-0, KL-2, and KL-4 where morphological
differences are more distinct. The rate of borderline misclassification was, however,
significantly lower between KL-1 «» KL-2 and KL-2 < KL-3, indicating that the ordinal-aware
dual-head structure contributed toward apparently insignificant differences in disease severity.

The resultant confusion matrix displays substantially fewer near-grade errors than any
of the CNN or transformer-based baselines, confirming the robustness and diagnostic accuracy
of our model. Figure 4 shows the confusion matrix of our model on the test set, demonstrating
good-class-wise discrimination across each KL grade and a low frequency of near-grade
misclassifications. Misclassifications between KL-1 and KL-2 are substantially lower than
CNN baselines, according to the confusion matrix study, suggesting enhanced sensitivity to
minute structural variations.

Confusion Matrix
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Figure 4. Confusion Matrix of the Proposed Model

6.3 Regression Behavior and Ordinal Consistency

With KL grade scores ranked by increasing levels of severity, evaluating the continuous
output of the models in terms of severity also provides additional insights into their validity.
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The models trained with the regression head disabled or with fixed loss weights had
significantly worse consistency with the ordinal labels. Excluding the regression head, in
particular, resulted in an MAE increase to 0.38, demonstrating that ordinal constraint learning
helps significantly.

Results from evaluating the performance of our models in terms of regression are
summarized in Table 6.

Table 6. Regression Performance for Ordinal KOA Severity Prediction

Metric Value
Mean Absolute Error (MAE) 0.21
Root Mean Squared Error (RMSE) 0.37

6.4 Ablation Study

The role of each architectural component is estimated using ablative analysis.
Performance was incrementally improved by incorporating increasingly stronger components,
including (in order) CBAM, the transformer encoder, the fusion layer, and the dual loss
function, starting from the ResNeXt-50 backbone.

Table 7 illustrates that performance increases consistently as the components CBAM,
transformer blocks, adaptive fusion, and dual loss learning are sequentially incorporated.

Table 7. Ablation Study Demonstrating Contribution of Each Component

Configuration Accuracy | Fl-score | MAE
ResNeXt-50 only 92.15% 0.89 0.38
ResNeXt-50 with CBAM 93.42% 0.9 0.34
ResNeXt-50 with CBAM and Transformer | 94.12% 0.92 0.31
Hybrid with Fixed Fusion 94.72% 0.93 0.29
Hybrid with Learnable Fusion 96.12% 0.95 0.24
Final Proposed Model 96.84% 0.96 0.21

6.5 Explainability Analysis

The Grad-CAM visualization results have highlighted that the activation is localized to
the joint space region around the medial and lateral locations, tibial plateau, femoral condyles,
osteophyte margins, and subchondral sclerosis zones. The proposed technique always
emphasizes the relevant regions. The prediction emphasis of the network is continuously
constrained to the clinically relevant anatomical regions related to osteoarthritis development,
as can be observed from Figure 5, which shows sample Grad-CAM images across KL grades.

Input Image Grad-CAM Visualization

Figure 5. Grad-CAM Visualizations Showing Anatomical Regions Driving KOA Predictions Across
KL Grades
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This region is consistent with the biomarkers used by clinicians for KL scoring. This
facilitates cooperation between humans and Al systems in clinical decision-making processes,
similar to the findings of Tschandl et. al [23]. This is also an indication that our model is not a
black box; it is interpretable in the clinical environment. Table 8 summarizes the attention score
values obtained from the aggregation of all the regions.

Table 8. Average Grad-CAM Attention Scores for Anatomical Regions

Anatomical Region Attention Score (0-1) | Clinical Interpretation

Medial Joint Space 0.87 Primary site of KOA progression
Lateral Joint Space 0.82 Important for symmetry assessment
Tibial Plateau 0.78 Indicates subchondral sclerosis
Femoral Condyles 0.74 Critical load-bearing region
Marginal Osteophyte Borders 0.85 Key marker of early-moderate KOA
Tibial Spine Area 0.63 Secondary morphological cue
Surrounding Soft Tissue 0.21 Low relevance - good specificity

7. Discussion

The proposed hybrid model achieves superior performance in the KOA task and
outperforms CNNs, convolutional transformer models, recently proposed transformer-only
models, and earlier released disease focused hybrid systems.

7.1 Role of Local and Global Representations in KOA Assessment

CNNs are excellent models for learning local textures; however, they have limitations
such as a limited receptive field and an inability to capture cross-compartment relationships.
The transformer models complement them by modeling long-range dependencies. However,
they oversmooth fine-grained texture information or require a large amount of data for stable
training. A consistent balance between the learned local information from CNNs and global
information through transformers is established in each epoch, as reflected in the stability of
the fusion coefficient a from the second epoch.

This proposed approach addresses these shortcomings through a combination of three
components:

o ResNeXt-50 with CBAM, which focuses on clinically relevant local features.

e A Transformer Encoder with relatively low computational complexity that
aggregates global structural information from the joint.

o A fusion module that dynamically controls the impact of the above two modules.

The attention to the extracted features can dynamically modify the focus based on the
disease stage, such that texture information is emphasized during the early stages of KOA
development, followed by structural cues in more advanced stages of the disease. The proposed
fusion framework is consistent with clinical observations where grade 1 can be characterized
using only textural features, whereas higher grades must include global deformity patterns. The
trend of the learnable fusion parameter (o) in relation to the KL grade is illustrated in Figure 6.
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Figure 6. Average Fusion Weight (a) for Local vs. Global Features Across KL Grades

7.2 Limitations

Although our proposed framework has shown strong performance, it is still associated
with several limitations. First, the model was developed and tested on a single publicly
available dataset. The Mendeley dataset is heterogeneous but may not sufficiently represent
the variability in actual clinical practice. External validation on independent cohorts—OALI,
MOST, or institution-level datasets would be necessary to validate the generalizability of our
models to other imaging protocols, demographic strata and acquisition settings.

Second, the dataset uses image-level KL grades that may not capture inter-observer
variability between radiologists. Although the proposed model utilizes an ordinal learning
process, it does not adequately consider diagnostic uncertainty or annotation disagreement.
Future work may consider incorporating probabilistic or soft labels, multi-reader consensus
scoring and/or ensemble-based uncertainty estimation to bring the model closer in line with the
real-world diagnostic variability it is trained against.

Third, the transformer encoder reads 2D patches of a single anterior-posterior
radiographic view. Thus, the model does not take advantage of richer anatomical evidence
such as bilateral symmetry, 3D joint structure and longitudinal developments. Adding more
views of radiographs, temporal follow-ups or geometry-aware representation can improve the
diagnostic robustness.

Finally, hybrid architecture strikes a good balance of accuracy and efficiency, it is still
more computationally exhaustive than typical CNNs. Considerations related to optimization
for runtime, model compression, and deployment in low-power or mobile and point-of-care
settings were outside the scope of our present study but require further exploration.

8. Conclusion

The proposed design integrates local texture learning and global context modeling to
present a novel CNN-Transformer based model for automatic KOA severity grading.
Compared to existing approaches like CNNs, transformers, and their hybrids, the proposed
framework outperforms with 96.84% accuracy, a macro F1 score of 0.96, a mean absolute error
(MAE) of 0.21, and a macro-AUC-ROC of 0.959. The proposed design exhibits excellent
ordinal consistency and classification accuracy. The combination of adaptive fusion, CBAM-
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based feature extraction, and ordinal-oriented dual-head prediction helps minimize
misclassification cases among adjacent KL scores. Additionally, the suggested method has
demonstrated its strong generalizability, both in internal and external datasets. As a result, the
clinical applicability of the suggested approach is very promising. The present research
suggests a novel framework that can be effectively used for computer-assisted assessment of
KOA severity. Future work should focus on uncertainty modeling and optimizing clinical
applicability.
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