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Abstract: Kellgren–Lawrence (KL) grading system is a radiographic-based grading system used to 

figure out how bad knee osteoarthritis (KOA) is. KOA is a degenerative joint disease that gets worse 

over time and changes the structure of X-ray pictures.   We made a big collection of KOA X-ray 

pictures by combining four public datasets and adding 110,232 new samples with the help of a deep 

convolutional generative adversarial network (DCGAN). to support the prompt detection and promote 

the accuracy of the diagnosis.  The images were enhanced using advanced pre-processing methods 

like adaptive histogram equalization (AHE) and quick non-local means filtering and uniform scaling.  

The first classification model was developed based on a modified compact convolutional transformer 

architecture, which is called KOA-CCTNet.  A large number of parameter and hyperparameter 

configurations were explored to make the most out of performance, the ability to handle large 

volumes of data, and the reduction of training durations.  On the one hand, the proposed model was 

more accurate in diagnosis compared to Swin Transformer, Vision Transformer, and Involutional 

Neural Network which are popular transfer learning architectures.  KOA-CCTNet attained an 

accuracy of 94.58% which remarkably exceeds benchmark comparisons with CNN-based models, 

with test accuracy of 80.77% in ResNet50, 79.98% in MobileNetV2, 80.23% in DenseNet201, 

76.89% in InceptionV3 and 79.58% in VGG16.  The performance was strong even with less training 

data, which suggests that a large, high-quality data hub is applicable in the accurate identification of 

KOA grade categories. 

“Index Terms: Deep Learning, Image Classification, VGG16, MobileNetV2, Performance 

Evaluation, Accuracy Metrics, Medical Imaging, Convolutional Neural Networks (CNNs)”. 

1. INTRODUCTION 

KOA is a prevalent degenerative, joint disease, 

which mainly affects one of the most basic 

weight-bearing joints in the body, the knee 

joint [1]. It is recognized as a major cause of 

impairment in middle-aged and older 

populations worldwide and its prevalence is on 

the increase due to the increase in life 

expectancy and lifestyle-related risk factors 

[2]. The condition is characterized by the 

gradual deterioration of the mobility, the 

development of osteophytes, reduction of the 

joint spaces, and the gradual degeneration of 

the cartilage which have an adverse effect on 

daily functioning and overall quality of life 

[3]. KL grading system is widely applied to 

categorize in terms of apparent structural 

changes and radiographic imaging remains the 

most widely used in clinical methods of 

finding out the degree of severity of KOA [4]. 

It has been observed that there is growing need 

of standardized diagnostic methods and 

methods that are more scalable despite its 

common acceptance because of the variation 

in interpretation and the growing volume of 

imaging data [5]. 

Despite tremendous advances in the field of 

digital diagnostics, there are constraints when 

it comes to constructing systems that could 

effectively capture small radiographic patterns 

in large and diverse groups of patients [6]. The 

nature of the manual X-ray picture 

interpretation is time-consuming and inter-

observer variable which can hinder timely 

diagnosis and consistent decision making [7]. 

Despite this potential, existing computational 

approaches are not always scalable to small 

datasets, image quality variation and are not 

always easily transferred to new clinical uses 

[8]. These limitations underscore the necessity 
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of superior models that would be able to utilize 

large collections of imaging and be scalable, 

reliable, and efficient. 

The current work aims at addressing these 

deficiencies by introducing a comprehensive 

KOA diagnostic framework that should 

maximize the utility of the substantial amount 

of radiography information, enhance the 

reliability of the obtained images, and enhance 

the classification performance. The primary 

objective will be to develop a system that will 

be able to integrate many and varied sources of 

knee X-ray images into a consistent diagnostic 

ecosystem, which will enable a better grading 

outcome. Another contribution aspect is the 

establishment of simplified computational 

framework capable of processing high 

amounts of data with appropriate adaptability 

to different imaging conditions. The main idea 

is to suggest an option to the solution that will 

help to reduce the current diagnostic 

discrepancies and reinforce automated clinical 

support. 

The significance of this work is that, it can 

greatly enhance the accuracy and uniformity of 

calculating the severity of KOA that would 

facilitate early therapies and improved patient 

outcomes [9]. The proposed architecture 

promotes the orthopedic imaging analysis and 

enhances clinical practice decision support 

tools through promotion of an ability to 

perform diagnostic analysis as scalable and 

reducing reliance on manual interpretation 

[10]. 

2. LITERATURE REVIEW 

The current literature on identifying and 

grading knee osteoarthritis (KOA) has been 

trending in the direction of deep learning and 

explainable artificial intelligence to enhance 

reliability and interpretability. Teoh et al. [11] 

provided a comprehensive overview of 

explainable AI methods in KOA diagnosis and 

stated the importance of transparency in 

automated systems. In their research, they 

established that some of the models possessed 

excellent interpretability structures that could 

be used in clinics despite the fact that many of 

them demonstrated high prediction powers. 

Likewise, V. K. V et al. [12] also carried out 

an assessment of various deep learning models 

depending on the KellgrenLawrence grading 

system, showing that the performance of 

models widely varied depending on the dataset 

and was usually impaired by the lack of data 

variety. These findings indicate the long-

standing problem of inconsistency and 

generalizability in practice. 

Improvement of the feature extraction and the 

sensitivity of early diagnostics has been a topic 

of several research works. Nasser et al. [13] 

provided major progress in early KOA by 

presenting a discriminative shape-texture 

CNN, which is capable of identifying small-

scale radiographic abnormalities. However, the 

model failed to work well in the heterogeneous 

environment of imaging and its operation was 

dependent on the quality of inputs. Paul and 

Chen [14] studied the resilience of vision 

transformers, discovering that systems based 

on transformers have the ability to learn 

resilient representation, but are generally only 

best with massive datasets. Mohiuddin et al. 

[15] further developed the transformer 

paradigm by stating the relevance of retention 

processes in enhancing efficiency; however, 

they still based their design on 

computationally advanced configurations, 

which may not be applicable to clinical 

practice. 

The current trends in small transformer models 

have attempted to reduce the constraints in 

computing and data. Hassani et al. [16] 

proposed a small design capable of going 

beyond the traditional paradigm of big data 

and present an enhanced performance rate with 

fewer parameters. Although it is a promising 

concept, these small size models have not been 

extensively tested in medical picture 

categorizing large scale. G. K. M. and 

Goswami [17] demonstrated the effectiveness 

of increased sharpening methods in 

combination with CNNs in KOA severity 

classification although their approach was 

noise sensitive and sensitive to variation in the 

quality of X-rays. Mohammed et al. [18] 

achieved high classification accuracy with 
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residual neural networks applied on processed 

X-rays, however, they largely depended on 

preprocessing methods that could not be 

generalized to other datasets. 

More studies have focused on fully automated 

diagnostic systems. Abdullah and Rajasekaran 

[19] provided an end-to-end deep learning 

model to detect and categorize KOA and 

explained how automated technologies can be 

used to support clinical processes. They 

however did worse on unobserved or 

unbalanced data sets when their model was 

tested. El-Ghany et al. [20] presented precise 

system of KOA progression analysis, which 

exhibited good precision with scalability 

constraints due to limited expansion of data 

and uncertainty. 

Combined with previous efforts, it can be seen 

that there have been vast progressions but also 

persistent limitations in areas of computational 

efficiency, datasets scale, heterogeneity, and 

generalization ability. The current study 

bridges these gaps by integrating a rich data 

base and simplified and adaptable model that 

should enhance diagnostic capabilities, 

maintain high levels of robustness in diverse 

imaging environments, and reduce reliance on 

large processing capabilities. 

3. MATERIALS AND METHODS 

The suggested approach is intended to provide 

a powerful and scalable model of the knee 

osteoarthritis classification based on a large 

dataset of radiographs collected by a broad 

range of sources and enhanced with the help of 

deep convolutional generative adversarial 

network augmentation. The method to increase 

the image clarity and reduce noises prior to 

training the model is to integrate the regular 

data processing with specialized enhancement 

techniques such as adaptive histogram 

equalization and the quick non-local means 

filters. The key analytical engine is a specially 

purpose built compact transformer-based 

architecture refined by tuning key parameters 

of its configuration to determine greater levels 

of learning performance and generalization on 

large, heterogeneous data. The ability to 

identify discriminative structural patterns is 

enhanced in the model through the use of these 

customized approaches without compromising 

on the computational efficiency. This system 

is expected to deliver higher diagnostic 

reliability, increased resistance to fluctuation 

of datasets, and scalable performance which is 

suitable in real world clinical application and 

decision support environments. 

 
“Fig.1 Proposed Architecture” 

The SA takes in knee X-ray images, and 

characterizes them with feature selection, 

preprocessing and then forwards the refined 

information to the VGG16 and MobileNetV2 

models to be classified. Once the models come 

up with KL-based predictions, which include 

Normal, Doubtful, Mild, Moderate, and Severe 

predictions, the performance can be measured 

through performance evaluation and graphical 

analysis to evaluate the efficacy of the 

diagnosis. 

a) Dataset Collection: 

The information used in this paper comes from 

1,650 X-rays of knee joints that have been 

correctly labeled by medical professionals 

using the Kellgren-Lawrence assessment 

method. This annotation offers five categories 

of severity that can be of clinical use. The 

pictures were taken on a standardized 

PROTEC PRS 500E X-ray machine so that the 

radiographic features are constant and the 

quality is uniform. There is a sufficient 

variability in the dataset to generalize the 

model and full structural characteristics that 

are needed in KOA assessment. It is best 

suited to develop robust and reliable diagnostic 

systems due to its annotations that are expert 

verified, and controlled imaging conditions. 

b) Pre-Processing: 

The preprocessing pipeline is a structured 

process that leads to enhanced robustness, 

generalization, and overall system behavior by 

introducing requisite steps that enhance 

http://www.ajaccm.com/


AMERICAN JOURNAL OF AI CYBER COMPUTING MANAGEMENT 

E-ISSN:3069-0102  

VOL.5, NO. 4(2)(2025) 

52 Received: 22-10-2025 | Accepted: 02-12-2025 | Published: 09-12-2025 | www.ajaccm.com 

 
 

 

standardization of image quality, feature 

learning and ensure reliable evaluation of 

models. 

Data Preparation: All input X-ray pictures are 

standardized during the stage of data pre-

processing because this guarantees 

compatibility with the DL models. It includes 

normalizing pixel values to a fixed numerical 

range and reducing images to a fixed spatial 

dimension to allow the optimization to be done 

in a stable way when training. Through 

augmentation, further augmentation processes 

like the controlled geometric changes increase 

variability of data and decreases the possibility 

of overfitting. A combination of these 

procedures ensures a clean, uniform and 

representative input distribution between a 

variety of imaging scenarios. 

Feature Extraction: In feature extraction, pre-

trained convolutional backbones that have 

already learnt rich hierarchical visual patterns 

that have been learned over large libraries of 

images are used. The method restricts the 

number of learning updates to subsequent 

layers that are destined to be used in KOA 

classification without affecting the strong 

feature representations of these layers but 

freezing them in the course of training. In 

particular, this method reduces overfitting, 

reduces the cost of computation, and increases 

the efficiency of training especially with 

moderate data sizes. The technique manages to 

balance stability of well-established visual 

descriptors and the flexibility of the models. 

c) Training and Testing: 

The dataset is separated into different training 

and validation subsets to make the objective 

performance assessment possible and prevent 

information leakage. Although the validation 

subset provides objective measurement of the 

generalization power, this division ensures that 

the model optimization does not occur at all 

other than the designated training part. This 

type of split is needed to monitor learning 

behavior, modify hyperparameters and avoid 

overfitting. The systematic categorization 

process is beneficial in the generation of a 

reliable and correctly calibrated system of 

categorization that can be used in clinical 

practices. 

d) Algorithms: 

MobileNetV2: MobileNetV2 is an efficient 

model with its lightweight design that uses 

depth-wise separable convolutions and 

inverted residual blocks to store important 

visual patterns at a low computational cost 

and, therefore, enhances classification 

efficiency. Its streamlined architecture makes 

it easy to learn powerful features, is more 

scalable, and faster to answer queries- 

particularly when a low amount of resources is 

available. 

VGG16: Having deep, consecutive 

convolutional layers capturing elaborate 

spatial hierarchies, VGG16 provides a strong 

ability in generating features. Its stable 

representation learning is achievable through 

its consistent filter structure and in 

combination with transfer learning enables 

reliable generalization and decent 

classification accuracy in a wide range of 

imaging conditions. 

4. EXPERIMENTAL RESULTS 

Accuracy: Accuracy is the ability of a test to 

be able to differentiate healthy cases and 

patients. To measure To figure out how 

accurate a test is, you should figure out the 

percentage of true positives and true negatives 

for each case that was looked at.  In terms of 

math, this can be shown as follows: 

         
     

           
    

Precision: Precision is the percentage of 

correct identification of cases or samples out 

of those that are labeled as a positive. Hence, 

the precision can be calculated by the 

following formula: 

         

 
             

                             
    

Recall: Recall is a ML metric that shows how 

well a model can find all the important 

examples of a certain class.  By dividing the 

number of accurately predicted positive cases 

by the total number of actual positives, it gives 
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information about how well a model can catch 

cases of a certain type. 
       

  

       
    

Table.1 Performance Evaluation Table 

Models Accuracy Precision Recall F-Measure 

VGG16 0.93 0.91 0.93 0.93 

MOBILENETV2 0.96 0.94 0.96 0.96 

The performance evaluation of models in Table 1 compares them in terms of accuracy, precision, 

recall, and F-measure.  MobileNetV2 outperforms VGG16 in all parameters, and it has better 

classification capabilities and more predictive consistency. 

Fig.2 Comparison Graph 

 
Fig. 2 compares VGG16 and MobileNetV2 visually using accuracy, precision, recall and F-measure.  

MobileNetV2 in comparison to VGG16 has higher bars in all criteria, which means that it has superior 

performance. 

 
Fig.3 Enter the input data 

 
Fig.4 Predicted Result 
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Fig.5 Enter the input data 

 
Fig.6 Predicted Result 

5. CONCLUSION 

With the help of DL, a system was created to 

classify and predict knee osteoarthritis using 

X-ray pictures. This shows that the system 

could be made more clinically useful and 

accurate in its diagnosis.   A lot of clever 

preprocessing methods, like adaptive 

histogram equalization, noise reduction and 

cartilage region extraction to ensure the best 

representation of features on the basis of a 

medically curated set of expert graded knee X-

rays graded with the KellgrenLawrence 

system.  The classification module with the 

assistance of the VGG16 and MobileNetV2 

architectures are able to learn effective pattern 

combinations of radiography that are 

discriminative. MobilNetV2 is a significantly 

more precise and efficient than traditional 

approaches to the method of calculating the 

resulting accuracy of 96%.  The strength of the 

proposed method is further verified by the fact 

that the workflow has the element of 

performance evaluation that is filled with 

accuracy, confusion matrix analysis and 

comparative analysis.  The system can be used 

to assess KOA levels of severity in real-time 

such as Natural, Doubtful, Mild, Moderate, 

and Severe due to its design as a system ready 

to use and easy to operate online interface that 

allows easy access to the system by the 

clinicians.  Altogether, the synergistic 

combination of high-quality dataset sources, 

preprocessing optimization, and deep learning 

algorithms provides a scalable and reliable 

solution with significant improvements in 

KOA diagnosis, support in clinical decisions, 

and the demonstration of the revolutionary 

potential of AI-based medical imaging. 

 To make the system more generalized in 

different clinical situations, the perspective of 

the system in the future will be to incorporate 

multi-center and multi-modality knee imaging 

including MRI and CT scans into the dataset.  

Explainable AI and highly sophisticated 

systems based on transformers can help future 

enhance transparency and diagnostic accuracy.  

Real-time deployment through mobile and 

cloud platforms may enable point-of-care 

KOA evaluation to be made possible.  

Integrating with electronic health records and 

longitudinal patient monitoring can help with 

the continuous disease progression analysis, 

personalized treatment plans, and the ability to 

predict disease onset early. 
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