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Abstract

The proposed methodology for innovative image recognition in knee joint diagnostics introduces a sophisticated multi-stage
process that leverages advanced machine learning techniques to enhance diagnostic accuracy and effectiveness. The
approach begins with the application of convolutional neural networks (CNNs) for image data processing, utilizing
convolutional layers, activation functions like ReLU, and Max pooling to extract and refine features. The subsequent stages
involve advanced feature fusion, dimensionality reduction, and classification techniques, further improving diagnostic
performance. Evaluation metrics such as accuracy, precision, recall, F1-score, sensitivity, and specificity demonstrate that the
proposed method significantly outperforms traditional techniques like CNNs and Transfer learning. The method achieves
higher accuracy and precision, indicating its superior capability in identifying and classifying knee joint conditions. Enhanced
recall and Fl-score reflect its effectiveness in detecting true positives and providing balanced performance. The
comprehensive approach not only improves diagnostic outcomes but also offers insights into the potential of advanced
machine learning techniques in medical imaging. The proposed methodology represents a significant advancement in knee
joint diagnostics, showcasing the effectiveness of integrating sophisticated algorithms and optimization techniques. This
innovative approach promises to deliver more accurate and reliable diagnostic results, enhancing the overall quality of knee
joint analysis and providing valuable contributions to the field of medical image recognition.
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1. Introduction deep learning algorithms has significantly enhanced the
In recent years, advancements in medical imaging and deep accuracy and efficiency of diagnosing conditions that
learning have revolutionized the field of arthroplasty necessitate knee replacement surgery. This section explores
diagnostics, particularly in knee joint replacement. The the current developments in this domain, the principles

integration of innovative image recognition techniques with guiding these technologies, the solutions proposed by recent
research, and the main contributions of this study.
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in particular, have shown great promise in identifying and
classifying various conditions that affect the knee joint. These
networks can process large datasets of knee images, learning
to distinguish between healthy and diseased tissues with
remarkable accuracy. Furthermore, the integration of these
systems with existing hospital information systems allows for
seamless diagnostic workflows, enhancing the overall
efficiency of arthroplasty diagnostics.

In addition to improving diagnostic accuracy, current
developments in this field have focused on real-time analysis
and decision support systems. These systems can provide
immediate feedback to clinicians during the diagnostic process,
allowing for quicker and more informed decisions regarding
knee joint replacement.”” The advent of 3D imaging and the
use of artificial intelligence (Al) to interpret these images have
also contributed to more accurate preoperative planning and
postoperative assessment, further advancing the field of
arthroplasty.

1.2 Principal

The principal guiding the development of innovative image
recognition for knee joint replacement is the need to enhance
diagnostic precision and efficiency while reducing the burden
on healthcare professionals. Deep learning algorithms,
particularly CNNs, are at the heart of these advancements.
These algorithms are designed to automatically learn and
identify patterns in medical images, enabling them to make
highly accurate predictions about the condition of the knee
joint.

The core principle of deep learning in this context is the
use of large datasets to train neural networks. These datasets
typically consist of annotated medical images, where the
condition of the knee joint is already known. By learning from
these examples, the neural network can generalize its
knowledge to new, unseen images, making it a valuable tool
for clinicians.’) The use of deep learning also allows for
continuous improvement of the diagnostic system, as it can be
retrained with new data, ensuring that it remains up to date
with the latest medical knowledge.

Moreover, the principle of explainability is becoming
increasingly important in the application of deep learning to
medical diagnostics. Clinicians need to understand how the Al
system arrives at its conclusions to trust its recommendations.
As aresult, recent developments have focused on making deep
learning models more transparent, allowing users to see which
features of the medical images the model is using to make its
predictions.

1.3 Proposed solutions

Several innovative solutions have been proposed to address
the challenges associated with knee joint replacement
diagnostics using image recognition. One of the key solutions
is the development of specialized CNN architectures tailored
to the unique characteristics of knee joint images. These
architectures have been optimized to handle the specific
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challenges of medical imaging, such as varying image quality
and the presence of artifacts.

Another solution involves the integration of multimodal
data into the diagnostic process. By combining information
from different imaging modalities, such as X-rays, MRI, and
CT scans, deep learning models can gain a more
comprehensive understanding of the knee joint's condition.
This approach not only improves diagnostic accuracy but also
provides a more holistic view of the patient's health, which is
crucial for effective treatment planning.

In addition, the use of transfer learning has been proposed
as a way to overcome the limitations of small medical image
datasets. By leveraging models pre-trained on large, general
datasets, researchers can fine-tune these models for specific
medical applications, such as knee joint replacement. This
approach reduces the need for extensive labeled datasets,
making it more feasible to develop effective diagnostic tools
for rare or complex conditions.

Furthermore, real-time decision support systems powered
by deep learning have been proposed to assist clinicians during
the diagnostic process.’! These systems can analyze medical
images in real-time, providing immediate feedback and
suggestions for further action. This not only speeds up the
diagnostic process but also helps ensure that no critical details
are overlooked.

1.4 Main contributions
The main contributions of this study are as follows:

- Development of a novel deep learning-based image
recognition system specifically designed for diagnosing
conditions that require knee joint replacement.

- Optimization of CNN architectures for analyzing medical
images of the knee joint, resulting in improved diagnostic
accuracy and efficiency.

- Integration of multimodal imaging data to provide a
comprehensive assessment of the knee joint, enhancing the
quality of diagnostic decisions.

- Application of transfer learning techniques to adapt pre-
trained models for knee joint diagnostics, reducing the need
for large, labeled datasets.

- Implementation of real-time decision support systems to
assist clinicians during the diagnostic process, ensuring timely
and accurate treatment planning.

These contributions represent significant advancements in
the field of arthroplasty diagnostics, offering new tools and
methods for improving patient outcomes in knee joint
replacement.l’! By leveraging the power of deep learning and
innovative image recognition technologies, this study aims to
pave the way for more effective and efficient diagnostics in
the future of arthroplasty.

2. Related works

In recent advancements in image recognition for knee joint
replacement and arthroplasty diagnostics, several innovative
methods have emerged, each offering unique strengths and

Engineered Science Publisher


https://www.espublisher.com/

Engineered Science

Research article

challenges. CNNs are foundational in deep learning,
particularly effective in extracting features from medical
images through multiple layers of convolutions, pooling, and
non-linear activation functions. Transfer Learning builds upon
pre-trained models, adapting them to new datasets with limited
training, thereby improving performance with reduced
training times and computational resources. 3D-CNNs extend
traditional CNNs by processing volumetric data, making them
particularly suitable for analyzing complex 3D medical
images like MRI scans of knee joints. Generative Adversarial
Networks (GANs) generate synthetic data to augment training
datasets, enhancing model robustness and performance in
scenarios with limited annotated.””” U-Net excels in medical
image segmentation with its encoder-decoder architecture,
facilitating precise delineation of anatomical structures crucial
for diagnostics. Autoencoders perform unsupervised learning
by encoding data into lower dimensions and then
reconstructing it, useful for feature extraction and
dimensionality reduction in medical imaging.

Recurrent Neural Networks (RNNs), though less common
in image analysis, are used for sequential data, potentially
improving the analysis of time-series data or longitudinal
studies. Attention Mechanisms enhance neural networks by
focusing on important features, which improves the model's
ability to interpret and analyze specific regions within images.
Multimodal Deep Learning combines data from various
imaging modalities, such as MRI and X-ray, to create a
comprehensive diagnostic tool that leverages multiple data
sources for improved accuracy.®! Finally, Explainable Al (XAI)
provides transparency in decision-making processes of deep
learning models, making them more interpretable and
trustworthy in clinical settings where understanding model
predictions is crucial for patient care.

The provided evaluations reveal that 3D-CNN methods
excel in accuracy, precision, recall, and F1-score, highlighting
their effectiveness in complex imaging tasks despite their
higher training and inference times. Transfer Learning and
Attention Mechanisms offer competitive performance with
faster inference and training times, making them practical for
real-time diagnostics. U-Net leads in accuracy and Fl-score
among segmentation-focused methods, emphasizing its
precision in delineating knee joint structures. Multimodal
Deep Learning achieves balanced performance across metrics
by integrating various imaging modalities, while GAN and
Autoencoders provide valuable contributions in augmenting
datasets and extracting features, respectively. Explainable Al
(XAI), while slightly lower in performance metrics, adds
crucial interpretability to deep learning models, enhancing
their clinical applicability.” Overall, these methods
collectively advance the capabilities of knee joint diagnostics,
each addressing different aspects of the diagnostic process
from feature extraction to interpretability. Accurate medical
diagnosis is dependent on respecting privacy, generalizability,
and accessibility. Zero-shot learning (ZSL) is an innovative
approach. This strategy provides new circumstances for the
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model. The presence of anomalies in the knee joint
identification training data is debatable. You could be better
off with one of these. Additional research is necessary to
confirm these findings. One could expect the ZSL approach to
meet some of these needs. This method may allow computers
to discriminate between new categories without the need for
conventional training materials. One particularly impressive
example is the algorithm's ability to properly predict an
unknown knee problem using research data and medical
images. The computer may then identify the most probable
grouping.

A dynamic therapeutic environment might benefit from
development in several ways, such as unexpected diseases or
post-operative complications. Protecting sensitive data and
merging the operations of several companies are the two
primary issues that federated learning (FL) tries to solve.
Many healthcare institutions restrict access to patient medical
data in accordance with the General Data Protection
Regulation (GDPR) and the Health Insurance Portability and
Accountability Act. We appreciate our patients' privacy; thus,
we do this. Using federated learning, various healthcare
institutions may train several models without access to raw
data. It appears that the company's gift is worthless. Data sets
from various educational institutions train the system. We can
easily transfer weights and gradients to a central server to
enhance the model's performance. Our unique distributed
training technique has the potential to retain patient
information while increasing model generalizability. It also
enables healthcare institutions to collaborate on Al efforts.
Patients, imaging procedures, and demographics differ across
institutions. By incorporating FL into our system, we were
able to access a big and relevant collection of datasets stored
on the computers of several educational institutions. If
successful, integration may reduce prejudice and domain shift.
Our team is looking into practical applications for our
technique. Our FL-ZSL technique addresses distributed
system challenges while maintaining user privacy. We'll next
discuss architectural improvements and the advantages and
disadvantages of combining ZSL and FL into our multi-stage
diagnostic system. The firm analyzed the system's
comprehensiveness and improved communication. We will
continue to enhance our prototype such that it is scalable,
extensible, and reliable for clinical use. The project's use of the
aforementioned strategies exacerbates the issue.

Table 1 presents a comprehensive evaluation of five
different methods—CNN, Transfer Learning, 3D-CNN, RNN,
and Attention Mechanisms—used in knee joint diagnostics.
The performance parameters include accuracy, precision,
recall, F1-score, inference time, training time, and sensitivity.
The 3D-CNN method still leads in accuracy and F1-score,
making it ideal for complex 3D imaging tasks, although it
requires more training time. Transfer Learning and Attention
Mechanisms offer faster inference times and good overall
performance, making them suitable for real-time diagnostic
applications.[10-14]
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Table 1: Comprehensive performance evaluation of CNN, transfer learning, 3D-CNN, RNN, and attention mechanisms in knee joint

diagnostics.
Method Accuracy (%)  Precision (%)  Recall (%) F1-Score (%) Inference Training Sensitivity
Time (ms) Time (hrs) (%)
CNN [19] 92.5 91.8 90.2 91.0 45 12 89.5
Transfer
) 94.0 93.5 92.0 92.7 30 8 91.2
Learning ['']
3D-CNN [12] 95.2 94.5 93.8 94.1 50 15 92.8
RNN 13 91.0 90.2 88.5 89.3 40 10 87.7
Attention
Mechanisms 94.5 93.8 923 93.0 35 9 90.9

[14]

Table 2: Comprehensive performance evaluation of GAN, U-Net, autoencoders, multimodal deep learning, and explainable Al (XAI)

in knee joint diagnostics.

Inft Training Ti Sensitivit
Method Accuracy (%)  Precision (%)  Recall (%) F1-Score (%) n.erence Faning fume - SCnstvity
Time (ms) (hrs) (%)
GAN [15] 89.5 88.7 87.0 87.8 55 20 85.4
U-Net 93.8 92.5 91.0 91.7 40 18 90.2
Autoencoders
6] 90.2 89.5 88.2 88.8 48 10 87.6
Multimodal
Deep Learning 92.0 91.2 89.5 90.3 52 14 88.7
[17]
Explainable Al
xpraimabie 915 90.8 89.0 89.9 50 16 88.2

(XAI) [18]

Table 2 provides an in-depth evaluation of five advanced
methods—GAN, U-Net, Autoencoders, Multimodal Deep
Learning, and Explainable Al (XAI)—in knee joint
diagnostics. The table includes performance metrics such as
accuracy, precision, recall, F1-score, inference time, training
time, and sensitivity. U-Net continues to excel with the highest
accuracy and Fl-score, affirming its suitability for detailed
image segmentation tasks. Multimodal Deep Learning
integrates various imaging modalities, offering balanced
performance across metrics. XAl, while slightly lower in
accuracy, adds value by providing interpretability, making it
crucial for clinical adoption.!'s-!®)

3. Proposed methodology

The dataset comprises a total of 2,500 high-resolution knee
joint images, collected from multiple open-access sources
including the Kaggle Medical Imaging repository and
institutional datasets with ethical clearance and de-
identification. One of the primary datasets used is titled “Knee
Osteoarthritis Severity Grading using X-ray images”,
available on  Kaggle at the following link:
https://www.kaggle.com/datasets/kmader/knee-osteoarthritis-
image-data.['!

The dataset includes images from multiple modalities,
primarily X-ray and MRI, to support multimodal learning. We
ensured demographic diversity by incorporating patient data
from a wide age range (20-85 years), with a near-equal
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distribution of male and female subjects. Furthermore, the
dataset includes balanced samples across different stages of
knee conditions, including early, moderate, and severe
osteoarthritis. This diverse and comprehensive dataset played
a crucial role in enhancing the robustness and reliability of the
proposed model. The proposed methodology for innovative
image recognition in knee joint diagnostics involves a multi-
stage process that integrates advanced machine learning
techniques to enhance diagnostic accuracy and effectiveness.
The initial phase starts by processing image data through
convolutional neural networks. The process involves applying
convolutional layers with filters to extract features from the
images. Activation functions like ReLU introduce non-
linearity, enabling the model to learn complex patterns. Max
pooling layers then reduce the spatial dimensions while
preserving crucial features. Several convolutional layers
follow, where batch normalization stabilizes and accelerates
the training process. The output is flattened, and dropout is
employed to prevent overfitting, enhancing generalization.?*-
231 This output is then processed through fully connected layers,
and final classifications are made using a softmax function,
which provides probabilistic outputs for each class.
Performance is evaluated using cross-entropy loss, with
weights updated via backpropagation and Adam optimization.
Training spans multiple epochs, refining the model, which is
assessed using metrics such as accuracy and precision.
Hyperparameters are tuned based on validation results to
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further improve performance.??*?”1 The trained model is then
used for inference on new images, with additional metrics like
the Fl-score calculated to gauge overall effectiveness,
ensuring robust image recognition capabilities for accurate
knee joint diagnostics.

The subsequent phase enhances the foundational model by
incorporating advanced feature fusion techniques.?® This
involves normalizing features derived from the previous phase
and integrating features from various sources to form a
comprehensive set. Dimensionality reduction is applied to
these features to eliminate redundancy and enhance
computational efficiency.l*”! The refined feature set undergoes
aggregation, scaling, and selection processes to improve its
quality and relevance. These enhanced features are combined
with previously obtained features and used for outcome
prediction through a classifier. The classifier's performance is
evaluated by computing the loss, which is then used to update
model parameters. This phase leverages sophisticated data
processing and feature optimization to improve diagnostic
accuracy, creating a more informative and effective diagnostic
tool.[30-381

The final phase further refines and evaluates the features
processed earlier. It begins with normalizing the input feature
vector to ensure data consistency and stability. Dimensionality
reduction is reapplied to focus on significant features. Feature
enhancement techniques are employed to improve feature
quality. Classification follows, with results visualized and
analyzed to provide insights into model performance.
Threshold adjustment optimizes classification accuracy, and
reclassification ensures precise outputs.??l Post-processing
validation and final report generation complete the diagnostic
process, offering a comprehensive assessment of results. The
system database is updated, and results are validated before
final archiving. This meticulous approach enhances
classification accuracy, ensuring that diagnostic outcomes for
knee joint analysis are both robust and reliable.

Overall, the methodology integrates CNN-based image
recognition with advanced feature fusion and refinement
techniques, resulting in a highly accurate and reliable
diagnostic system for knee joint replacement. The use of
sophisticated algorithms and optimization techniques ensures
that the diagnostic process is thorough and effective,
delivering high-quality results and valuable insights for
clinical applications.

Algorithm 1: Enhanced CNNs for knee joint diagnostics.
Step 1: Initialize the input image I of size m X n. Perform
convolution using filter F of size k X k, applying padding
p and stride sss:

. Convolution operation in Eq. (1):

o Iconv(x:y)=Z£{=1Z§=1I(x+i_p;y+j_p)'F(i,j)
@)

. Apply activation function o]

(ReLU or Leaky ReLU): in Eq. (2)
o o(x) = max(0,x) or o(x) = max(0.01x, x)

)
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. Max pooling operation to down sample in Eq. (3):
o Ply)=  max = leon (x+5Ly+)) 3)
Step 2: Forward propagate through multiple convolutional

layers with different filter sizes and strides. Apply Batch
Normalization after each convolution in Eq. (4):

) Batch Normalization formula: BN(x) =y - \/’% +
+B “4)

Step 3: Flatten the output of the final convolutional layer into
a one-dimensional vector V. Apply dropout to the fully
connected layers in Eq. (5):
o Dropout operation: V.o, = V - dropout(p) ®)
Step 4: Pass the flattened vector through fully connected
layers with activation functions such as ReLU and sigmoid in
Eq. (6):
. Activation in fully connected layers :H = G(W .
Vdrop + b) (6)
Step 5: Apply softmax activation to the output layer to obtain
class probabilities in Eq. (7):

eZc
] (7
Step 6: Compute the cross-entropy loss function for
classification in Eq. (8):
o Cross — entropyloss:L = —Y5_, y. log(¥,) ®)
Step 7: Perform backpropagation to compute gradients. Use
the chain rule for gradient computation in Eq. (9):
e QGradient calculation: Vi, L = oL _ 8L 9% Oz 9)

ow ~ dy; 0z, ow

Step 8: Update weights using optimization algorithms like
Adam in Eq. (10). The parameter update rule is:

eAdam update rule: W « W — 1) - \/% (10)
t

Step 9: Iterate through steps 2 to 8 for multiple epochs until
the loss converges in Eq. (11). Adjust learning rates
dynamically based on performance:

e Learning rate adjustment:n;,; = 1 - decay (11)
Step 10: Evaluate the trained CNN on a validation set.
Compute performance metrics such as accuracy and precision
in Eq. (12) and Eq. (13):

. Accuracy calculation:
Number of correct predictions

. Softmax function: ¥, =

o Accuracy = 12
y Total number of predictions ( )
° Precision calculation:
o .. True Positives
o  PositivesPrecision = (13)

True Positives+False Positives
Step 11: Fine-tune hyperparameters based on validation

performance. Update hyperparameters 1, batch size, and
dropout rate in Eq. (14):

Hyperparameter update:n,.,, = Noiq - adjustment factor (14)
Step 12: Save the trained model for future use. Serialize model
parameters and architecture in Eq. (15):

e  Model saving:
SaveModel(model parameters,model architecture) (15)
Step 13: Load the saved model for inference. Deserialize the
model parameters in Eq. (16):

e  Model

LoadModel(saved parameters,saved architecture)

loading:
(16)
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Step 14: Perform inference on new knee joint images.
Compute the prediction from the model output in Eq. (17):
ePrediction:Prediction = argmax(7y,) a7
Step 15: Analyze results and compute additional metrics like
Fl1-score in Eq. (18):

. Precision-Recall
eF1-score calculation: F1 = 2 -

-Recall  (18)

Precision+Recall
Notations in Algorithm 1

. I: Input image of size m X n.

. F: Filter or kernel used in convolution, of size k X k.
o I.onw (X, ¥): Result of convolution at position (x, y).
. o(x): Activation function (ReLU or LeakyReLU).

[ ]

P(x,y): Result of pooling operation at position

(x, ).

. V: Flattened vector from final convolutional layer.
. Varop: Output vector after applying dropout.

. W: Weights of the network.

. b: Bias in fully connected layers.

¥e: Predicted probability for class c.

. z.: Score for class ccc before applying softmax.

o L: Loss function for training.

. 1n: Learning rate in optimization.

. Accuracy: Metric to evaluate the performance of the
CNN.

. Precision : Measure of the accuracy of positive
predictions.

. Recall: Measure of the ability to find all positive
samples.

. F1: F1-score metric to assess the balance between

precision and recall.

Algorithm 1 details a sophisticated approach for knee joint
diagnostics using CNNs. It begins by initializing the image
data and performing convolutions with filters, incorporating
computed for training. Backpropagation and Adam.
optimization update the model's weights, iterating through
activation functions like ReLU to add non-linearity. Following
convolution, max pooling is used to reduce dimensionality

Initialize Input Image
Set up the i‘lgut image I.

Convolution Operation

Apply convolution with filter ¥, padding p, and stride sss.

Max Pooling

P

orm max pooling on feature maps.

Batch Normalization
Normalize the feature maps.

Flatten Output

|¢

Flatten the outpué into vector VVV.

Dropout

Apply dropout to reduce overfitting.

iﬁ

Fu
Pass through full

Connected Lavyers

connected layers.

Softmax Activation

|¢“<

Compute class probabilities using softmax.

Compute Loss

|¢

Calculate loss us%n'g Cross-entropy.

Backpropagation
Compute gradients for weight updates.

|¢

Optimize Weights
Update weights with O%t:l;mization (e.g., Adam).

Evaluate Model

Assess performance on validation data.

Fine-

Adjust hyperparameters

based on results.

|¢

Save

odel

Save the trained model.

Inference

|¢

Load model and predict on new data.

Fig. 1: Enhanced CNNs process for knee joint diagnostics, from image initialization to model inference.

6| Eng. Sci., 2025, 35, 1588

Engineered Science Publisher


https://www.espublisher.com/

Engineered Science

Research article

while retaining essential features. The model is advanced
through multiple convolutional layers, applying batch
normalization to stabilize learning. After flattening the output
and applying dropout for regularization, the model's output is
processed through fully connected layers.!?’! The final output
is generated using softmax, and cross-entropy loss is multiple
epochs to refine performance. The model is evaluated using
accuracy and precision metrics, and hyperparameters are fine-
tuned based on validation results. The trained model is saved
and used for inference on new images, with additional metrics
like Fl-score computed to assess the model's overall
effectiveness. This method ensures accurate and reliable
image recognition for knee joint replacement and diagnostics.

Fig. 1 outlines the process for using enhanced CNNs in
knee joint diagnostics. It begins with initializing the input
image and progresses through a series of steps including
convolution, max pooling, and batch normalization to refine
feature maps. The output is then flattened and passed through
fully connected layers, followed by softmax activation to
obtain class probabilities. Loss is computed using cross-
entropy, and backpropagation updates the model weights. The
model is evaluated, fine-tuned, and saved for future use.
Finally, it is loaded for inference on new data, completing the
diagnostic workflow

Algorithm 2: Advanced feature fusion and classification for
knee joint diagnostics.

1. Input from Algorithm 1
o Receive flattened vector V from CNN output.
2. Feature Normalization
o Normalize features using in Eqgs. (19-21):
Fi—
Frormi = ° . (19)
1
 p=_ XL F (20)
1

" of =N (F - w? 1)
3. Feature Fusion
o Combine features from multiple sources in
Eq. (22):
" Ffusedz[FleBFZEB"'EBFM] (22)
4. Dimensionality Reduction
o Apply dimensionality reduction in Eq. (23):

Fredqucea = P - Ffused (23)
5. Feature Scaling
o  Scale features using in Eq. (24) and Eq. (25):

Fy
Fscatea = ﬁ (24)
_ Freduced—Min(Frequced)

Fscaled N max(Freduced) ~Min(Freduced) (25)
6. Apply Transformation
o Transform features in Egs. (26) and (27):
" Ftransformed =T - Fscatea (26)
- Ftransformed =U - (Fscarea — b) (27)

7. Feature Aggregation
o Aggregate features using average pooling in Egs. (28)

and (29):
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"Fagg = N ?,:1 Firansformea,i (28)
"Fagg = maxi(Ftransformed) (29)
8. Feature Selection

o Select features based on importance in Egs. (30)
and (31):

"Fsetectea = S(Fagg) (30)
"Foelected = argmax (importance(Fag g)) 3
9. Concatenate with Previous Features

o Combine selected features with previous
ones in Egs. (32) and (33):

" Ffinal = Fselected @ Fpreviaus (32)
" Ffinal = Fselected + Fprevious (33)
10. Apply Classifier

o Pass through a classifier in Egs. (34) and (35):
"Yorea = Classiﬁers(F f,-na,) (34)
"Yyrea = Softmax (W - Ffina; + b) (35)

11. Compute Classification Loss
o Calculate loss using in Egs. (36) and (37):

"Loss = — X{_; ¥; log(p,) (36)
"Loss = %Z’i\'zl CrossEntropy (y;, p;) (37)
12. Update Model Parameters

o Update parameters using gradient descent in
Egs. (38-40):

"Woew = Woia —nVLoss (38)
Whew = Worg =15 (39)
Notations

. F;: Feature vector component.

. i: Mean of features.

. o: Standard deviation of features.

. Fryseq: Fused feature vector from multiple sources.

. P: Projection matrix.

. T: Transformation matrix.

. U: Orthogonal matrix for transformation.

. b: Bias vector.

. Ficatea: Scaled feature vector.

. Frequceq: Reduced-dimensional feature vector.

. Fpq4: Aggregated feature vector.

. N: Number of features.

. Fierectea: Selected features based on importance.

. Fpyrevious: Features from the previous algorithm.

. Yprea: Predicted class probabilities.

. Classifier: Classification function.

. Loss: Loss function value.

. W: Model parameters.

. 1: Learning rate.

Algorithm 2 enhances knee joint diagnostics by utilizing
advanced feature fusion techniques. It starts with feature
normalization derived from Algorithm 1, followed by
integrating features from various sources to form a
comprehensive feature set. Dimensionality reduction and
transformation are applied to refine these features.
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Input Data from
Algorithm 1

Normalize

THremiiees erd Feature Fusion

Dimensionality
Reduction

Feature
Aggregation

Apply
Transformation

Concatenate with
Previous
Features

Feature Selection g

mrd Apply Classifier

Compute
Classification
Loss

Update Model

Parameters

Fig. 2: Advanced feature fusion and classification for knee joint diagnostics.

Aggregation, scaling, and selection processes further enhance
the feature set before combining it with previously obtained
features.? The final feature set is used to predict outcomes
through a classifier, and the loss is computed to update model
parameters. This algorithm leverages sophisticated data
processing and optimization techniques to improve diagnostic
accuracy.

Fig. 2 illustrates the steps for executing Algorithm 2. It
starts with receiving data from Algorithm 1 and proceeds
through normalization, fusion, reduction, and scaling of
features. It then applies transformations, aggregates features,
and selects the most relevant ones.?! The features are
concatenated with previous data, classified, and evaluated for
loss. Finally, model parameters are updated based on the
computed loss, completing the diagnostic process.

Algorithm 3: Enhanced classification and post-processing for
knee joint diagnostics.
1. Input Features from Algorithm 2

o Receive feature vector Fyinq; from Algorithm 2.

2. Feature Normalization

o Normalize using in Egs. (40-42):

* Fiorm = @ (40)
1¢nN

" U= N &i=1 Ffinal,i 41)

1 2

» o= ;Zlivﬂ(Ffinal,i — ) (42)

3. Dimensionality Reduction

o Apply reduction in Egs. (43) and (44):

*  Freauceda = P - Foorm (43)

*Freducea = SVD (Frorm) (44)

4. Feature Enhancement

8| Eng. Sci., 2025, 35, 1588

o Enhance features using in Eqgs. (45) and (46):
" Fonnanced = Freducea X EnhancementFactor 45)
*  Fenhancea = Normalization(Fyeqycea) (46)
5. Apply Classifier
o Classify using in Eqgs. (47-49):
" Ypred = Classifier(Fepnancea) (47)
" Ypred = Softmax(W - Fepnancea + b) (43)
* Loss = — X, y;log(p:) (49)
6. Compute Evaluation Metrics
o Evaluate using in Eq. (50):
" Accuracy = %Z?:l S(Ytrue,i: Ypred,i) (50)
7. Feature Post-Processing
o Process features in Egs. (51) and (52):
*  F,ost = PostProcessing(Fennancea) (51)
" Fpost = Filter(Fennancea) (52)
8. Visualization and Analysis
o Visualize results in Eq. (53):
* Visualization = Plot(Fpps) (53)
9. Threshold Adjustment
o Adjust threshold in Eqgs. (54) and (55):
* Threshold,y; = Adjust(CurrentThreshold) (54)
=  NewThreshold = Optimization(Thresholdad j) (55)
10. Reclassify with Adjusted Threshold
o Reclassify using in Egs. (56-58):
Yreciassifiea = Reclassify(Fpost,NewThreshold)Y (56)
" Losspew = ComputeLoss(Ytrue, Yreclassified) (57)
Waew = Woia — NVLOSSpew (58)
11. Generate Final Report
o Report generation in Eq. (59):
= Report = GenerateReport(Yreclassiﬁed,Metrics) 59)
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12. Update System Database . Report: Generated report of classification results.
o Update in Egs. (60) and (61): . System Database: Database for storing results.

® Database,qqrea = Update(SystemDatabase,Report) — (60)
= SystemDatabase = IntegrateData(Databaseupdated) (61)
13. Perform Post-Processing Validation

o Validate in Egs. (62) and (63):

= Validation = Validate(SystemDatabase) (62)
= ValidationResults = AssessValidation(Validation) (63)
14. Finalize and Save Results

o Save results in Egs. (64) and (65):

= FinalResults = SaveResults(ValidationResults) F (64)
= SavedResults = Archive(FinalResults) (65)
Notations

. Ffinq;: Feature vector from Algorithm 2.

. Form: Normalized feature vector.

. u: Mean of features.

. o Standard deviation of features.

. Frequceq: Dimensionality reduced feature vector.

. P: Projection matrix for dimensionality reduction.

. Enhancement Factor: Factor for feature enhancement.
. Fennancea: Enhanced feature vector.

. Classifier: Classification function.

. Yprea: Predicted class labels.

. Loss: Loss value for classification.

. Visualization : Visualization of post-processed
features.

. Threshold,4;: Adjusted threshold value.

. NNewThreshold: Optimized threshold value.

. Yreclassifiea: Reclassified output after threshold
adjustment.

Input Features from
Algorithm 2

e Normalize Features =g

Validation Results: Results from validation checks.

Algorithm 3 advances the diagnostic process by refining
and evaluating the features processed in Algorithm 2. It begins
with normalizing the input feature vector and then applies
dimensionality reduction to enhance the feature set. Feature
enhancement and classification follow, with a focus on
visualizing and analyzing results. Threshold adjustment and
reclassification ensure optimal performance, while post-
processing validation and final report generation provide
comprehensive results.?* The system database is updated, and
results are validated before final archiving. This structured
approach improves classification accuracy and ensures robust
diagnostic outcomes for knee joint analysis.

Fig. 3 illustrates the steps of Algorithm 3 for enhanced
knee joint diagnostics. It starts with inputting feature data from
Algorithm 2 and proceeds through normalization,
dimensionality reduction, and feature enhancement. The
process continues with classification, evaluation metric
computation, and post-processing. Results are visualized,
thresholds adjusted, and reclassification performed.l?”
Following this, a final report is generated, the system database
is updated, and validation checks are conducted. The flowchart
captures a comprehensive process to ensure accurate and
effective diagnostic results, highlighting each stage of feature
processing and classification.

4. Results and discussion
The comparative performance evaluation of the proposed
method against Convolutional Neural Networks and Transfer

. Apply
Dimensionality
Reduction

Enhance Features Classify Features

Post-Process
Features

Compute Evaluation
Metrics

Visualize Results Adjust Threshold

5 Adjusted Threshold

Generate Final
Report

Reclassify with >

Update System
Database

Perform Validation

Finalize and Save
Results

Fig. 3: Steps of Algorithm 3 for advanced knee joint diagnostics.
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Table 3: Performance evaluation of proposed method vs. CNNs and the transfer learning approach.

Performance Metric Proposed Method CNNs Transfer Learning
Accuracy (%) 94.5 91.2 92.0
Precision (%) 93.8 89.5 90.1
Recall (%) 923 87.8 88.5
F1-Score (%) 93.0 88.6 89.3
Sensitivity (%) 90.9 85.4 87.6
Specificity (%) 95.1 92.0 93.2

Learning underscores the significant advancements in knee
joint diagnostics achieved through the new methodology. The
first table illustrates a direct comparison between the proposed
method and CNN, highlighting the superior performance of
the former across several critical metrics. The proposed
method achieves an accuracy of 94.5%, surpassing CNN'’s
91.2%. This difference signifies a more precise diagnostic
capability, which is crucial for accurately assessing knee joint
conditions. Precision is another key performance indicator
where the proposed method scores 93.8% compared to CNN’s
89.5%. Higher precision reflects the method’s enhanced
ability to correctly identify relevant features and reduce false
positives, leading to more reliable diagnostic outcomes.

Similarly, the proposed method excels in recall, with a
score of 92.3% versus CNN’s 87.8%. This indicates that the
new method is more effective in identifying true positives,
which is essential for comprehensive diagnostics. The F1-
Score, combining precision and recall into a single metric, is
also higher for the proposed method at 93.0%, compared to
CNN’s 88.6%. This shows a balanced performance,
integrating both high precision and recall, leading to better
overall diagnostic accuracy. Sensitivity, at 90.9% for the
proposed method, further demonstrates its ability to detect true
positive cases, outperforming CNN’s 85.4%. Specificity,
which measures the method’s ability to correctly identify
negatives, is also higher for the proposed method at 95.1%
compared to CNN’s 92.0%. This indicates fewer false
positives, ensuring more accurate diagnostics.

The second table provides a comparison between the
proposed method and Transfer Learning, showcasing similar
improvements. The proposed method’s accuracy of 94.5%
outstrips Transfer Learning’s 92.0%, indicating better overall
performance in diagnostic accuracy.?®?’! Precision, recall, and
F1-Score are higher for the proposed method (93.8%, 92.3%,
and 93.0%, respectively) compared to Transfer Learning
(90.1%, 88.5%, and 89.3%). These results highlight the
proposed method’s advanced capability in identifying and
correctly diagnosing knee joint issues. Sensitivity and
specificity are also superior in the proposed method, with
scores of 90.9% and 95.1%, respectively, compared to
Transfer Learning’s 87.6% and 93.2%. These metrics
underscore the proposed method’s enhanced diagnostic
accuracy and reliability, leading to fewer missed diagnoses
and incorrect identifications.
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In summary, the proposed method demonstrates a marked
improvement over both Convolutional Neural Networks and
Transfer Learning in key performance metrics. Its higher
accuracy, precision, recall, Fl-score, sensitivity, and
specificity make it a more effective tool for knee joint
diagnostics. This comprehensive performance evaluation
highlights the advanced capabilities of the proposed
methodology, showcasing its potential to deliver more reliable,
accurate, and efficient diagnostic results compared to
traditional methods. By incorporating sophisticated
algorithms and advanced feature processing techniques, the
proposed method offers a significant enhancement in medical
image analysis, providing valuable insights for the accurate
assessment of knee joint conditions.

Table 3 compares the proposed methodology against CNNs
and transfer learning in key performance metrics. The
proposed method consistently outperforms CNN in accuracy,
precision, recall, F1-score, sensitivity, and specificity shown
in Fig. 4. The higher values indicate that the proposed method
provides a more accurate and reliable diagnostic tool for knee
joint analysis, offering superior feature extraction and image
recognition capabilities compared to CNN. This suggests that
the proposed approach is better suited for complex medical
imaging tasks.

Fig. 5 visually compares the performance of the proposed
method with Convolutional Neural Networks across six
metrics: accuracy, precision, recall, F1-score, sensitivity, and
specificity. The proposed method consistently shows higher
performance in all metrics, indicating its superior ability to
analyze knee joint images accurately. The chart highlights the
proposed method's enhanced diagnostic capabilities compared
to CNN, demonstrating its effectiveness in extracting and
evaluating features from medical images. The proposed
method shows better results across all performance metrics,
including accuracy, precision, recall, F1-score, sensitivity, and
specificity. These results highlight the proposed method's
superior ability to handle and analyze knee joint diagnostic
images effectively. The improvements in these metrics
demonstrate that the proposed approach enhances diagnostic
reliability and effectiveness beyond what Transfer Learning
offers, confirming its advanced capabilities in medical image
analysis. All the data used in this study were sourced from
publicly available and fully anonymized datasets, thereby
ensuring adherence to ethical guidelines. No personally
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Fig. 4: Performance comparison of the proposed method with traditional methods.
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Fig. 5: Performance comparison of proposed method and CNNs in knee joint diagnostics.

identifiable information (PII) was used. For future clinical
validation involving institutional data, we have prepared
protocols aligned with GDPR and HIPAA guidelines, which
will be reviewed and approved by the Institutional Ethics
Committee (IEC). Patient data will be anonymized, and
informed consent procedures will be followed where
applicable to ensure complete ethical compliance and data
privacy.

Fig. 6 presents a comparative analysis of the proposed
method against Transfer Learning across six performance
metrics: accuracy, precision, recall, F1-score, sensitivity, and
specificity. The chart illustrates that the proposed method

Engineered Science Publisher

outperforms Transfer Learning in all metrics, underscoring its
advanced diagnostic accuracy and reliability.

The wvisual representation emphasizes the proposed
method’s enhanced performance in medical image diagnostics,
making it a more effective tool for knee joint analysis
compared to Transfer Learning. The ablation research shown
in Table 4 details performance benefits at each level of the
recommended technique. Using the CNN architecture, feature
fusion may improve recall, accuracy, and precision. Efficiency
and  generalizability = improve  significantly  after
dimensionality reduction. Since it has the highest accuracy
(94.5%), precision (93.8%), and F1-score (94.0%), the final.
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Fig. 6: Performance comparison of the proposed method and transfer learning in knee joint diagnostics.

Table 4: Ablation study of the proposed method.

Ablation Stage Accuracy (%)  Precision (%)  Recall (%)  F1-Score (%) Sensitivity (%)  Specificity (%)
CNN Only 91.2 89.5 87.8 88.6 85.4 92

NN +F
CNN*+Feature o) 8 91.2 90.4 90.8 88.9 93
Fusion
CNN + Feature
Fusion +

. . . 93.7 92.5 91.5 92 89.8 94.1
Dimensionality
Reduction
Proposed Full

94.5 93.8 92.3 93 90.9 95.1

Method

model should make better diagnoses. Even after all the
changes, this assertion remains true. The development process
shows that each pipeline step has distinct advantages,
emphasizing their relevance. Integrating innovative ideas has
improved the model's knee joint diagnostics. Ablation studies
evaluate every facet of the intended procedure to determine its
influence. Before feature fusion, the CNN-only baseline
accuracy was 91.2% (x1.1%); throughout the trial, it increased
to 92.8% (£0.9%). With the inclusion of dimensionality
reduction, accuracy rose to 93.7% (£0.7%), surpassing the
whole model's 94.5% (£0.6%). We observed steady
enhancements in accuracy, recall, and Fl-score. Every
measure has a 95% confidence interval to guarantee
dependability. Paired t-tests revealed that the suggested
approach was notably different (p < 0.01) from CNN and
transfer learning. This data confirms the dependability and use
of the suggested medical diagnostics approach by proving that
performance gains are not random.

12| Eng. Sci., 2025, 35, 1588

5. Conclusion

The proposed methodology for knee joint diagnostics
significantly advances the state-of-the-art in medical image
analysis by integrating cutting-edge machine learning
techniques. This approach combines Convolutional Neural
Networks with advanced feature fusion and refinement
processes to achieve superior diagnostic performance. Through
a multi-stage process that includes convolutional feature
extraction, dimensionality reduction, and sophisticated
classification techniques, the proposed method demonstrates
remarkable improvements in accuracy, precision, recall, F1-
Score, sensitivity, and specificity compared to Convolutional
Neural Networks and Transfer Learning approaches. The
performance metrics reveal that the proposed method excels in
identifying true positives and reducing false positives,
providing a more reliable diagnostic tool for knee joint analysis.
The higher accuracy and precision ensure that the method can
effectively discern between different conditions, reducing the
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risk of misdiagnoses. Additionally, the method's enhanced
recall and Fl-score indicate a balanced performance,
integrating both high precision and sensitivity to provide
comprehensive diagnostic capabilities. In summary, the
proposed methodology not only surpasses existing techniques
in terms of diagnostic accuracy and efficiency but also
highlights the potential for advanced image recognition
technologies to transform knee joint diagnostics. The
integration of sophisticated algorithms and feature
optimization techniques underscores the method's robustness,
offering significant improvements in medical image analysis.
This approach represents a significant step forward in
providing reliable, accurate, and efficient diagnostic solutions
for knee joint conditions, paving the way for future
advancements in the field.
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