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Abstract
Knee Osteoarthritis (KOA) is a major cause of disability all over
the world. For severity assessment, a popular qualitative method
is Kellgren-Lawrence (KL) grading which varies from human to
human. If quantification is added, it will provide an automated
and correct picture of the KOA severity level. In this research, we
have measured the joint space between the tibia and femur for
each grade of osteoarthritis. By identifying the percentage range of
joint space width for osteoarthritic knee joints, we have developed
a method to aid in decision-making for advanced diagnosis and
treatment. The proposed framework achieved an accuracy of 82.96%
in KOA detection, demonstrating its efficiency and suitability for
low-resourced clinical settings.
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1 Introduction
Knee Osteoarthritis (KOA) is a significant global health concern,
with an estimated million individuals (aged 40 years and older) af-
fected globally in 2020. The prevalence of knee OA stands at 16.0%
(95% CI, 14.3%-17.8%), with an incidence rate of 203 per 10,000
person-years (95% CI, 106–331). This degenerative joint disease
primarily impacts the knee, causing pain, stiffness, and reduced
mobility, which significantly impair the quality of life [5, 9, 12].
The prevalence of knee OA has been steadily increasing due to fac-
tors such as aging populations, rising obesity rates, and sedentary
lifestyles. Given its widespread impact, there is an urgent need for
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effective diagnostic tools and treatment strategies to manage this
condition better.

Traditionally, knee OA has been assessed using qualitative meth-
ods such as the Kellgren-Lawrence (KL) [7] grading system. a widely
used tool for classifying the severity of knee OA based on radio-
graphic images. It categorizes knee OA into five grades based on
specific radiographic features such as joint space narrowing, os-
teophyte formation, subchondral sclerosis, and bone deformity.
While the KL grading system provides a standardized framework
for assessing knee OA, and relies heavily on the subjective visual
interpretation of radiographic images by clinicians, that introduces
several challenges like variability in diagnosis, inaccuracy, incon-
sistent treatment plans, lack of precision.

Besides, there are some other challenges to assess the severity
level, because of the unavailability of the labeled data, low quality
and poor contrast ratio of available X-ray images, etc. To address
these challenges [10], our research proposes a novel quantitative
methodology for assessing KOA. Our approach leverages advanced
image processing techniques, including state-of-the-art edge de-
tection algorithms, optimization methods, and local smoothing
techniques, to provide accurate and reproducible measurements
of the knee joint space. This methodology aims to overcome the
limitations of low-quality X-ray images and the subjective nature
of existing detection methods, offering a reliable and efficient tool
for knee OA assessment. Our method is designed to be efficient,
requiring minimal processing time and computational resources,
making it practical for routine use in clinical settings.

This paper has been organized as follows. Section 2 discusses
the relevant background studies, Section 3 provides the picture of
the problem domain, Section 4 states the proposed methodology
in details, 5 provides the results and analysis, and finally, Section 6
summarizes the research contribution.

2 Background Study
This section reviews various methodologies employed in the au-
tomated diagnosis and assessment of knee OA, categorizing them
based on their objectives and approaches, their performance, and
the limitations.
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Kondal et al. [8] developed a two-stage model aimed at auto-
matically grading knee radiographs on the Kellgren-Lawrence (KL)
scale using convolutional neural networks (CNNs). The first stage
involves an object detection model that segments individual knees
from the radiograph. In the second stage, a regression model grades
each knee separately on the KL scale. The researchers utilized the
Osteoarthritis Initiative (OAI) dataset for initial training and a pri-
vate dataset from an Indian hospital for fine-tuning. However, here,
performance drops without fine-tuning on target datasets, lack of
generalizability and the reliance on KL grading is subjective factors
that can affect the consistency of the training data.

Antony et al. [3] proposed a fully convolutional network (FCN )
for the automatic localization of knee joints, followed by a CNN
for multi-class classification and regression to quantify knee OA
severity. The FCN localizes the joints, and the CNN is trained to
predict the severity of OA. However, this is computationally costly,
and performance heavily that depends on the quality and size of
the training datasets, with potential overfitting to specific data
characteristics. That may cause severe bias as well.

Tiulpin et al. [13] utilized a deep Siamese CNN to classify knee
radiographs into KL grades. The network incorporates an attention
mechanism to highlight radiological features influencing the net-
work’s decisions. Here, despite attention maps, the deep learning
model remains as a "black box" and lacks generalization.

Brahim et al. [4] developed a decision support tool for the early
detection of knee OA using a combination of image pre-processing
and machine learning models. However, their method needs sig-
nificant domain knowledge, and may not capture all relevant in-
formation. Not only that, but inconsistencies can arise in feature
extraction and model performance across different datasets.

Heidar et al.[6] presented a deep learning-based method for auto-
matically localizing joint areas on knee radiographs. The approach
combines localization with subsequent diagnostic models. Here, po-
tential errors may propagate through multiple stages of processing,
and may cause overall complexity and computational requirements.
Most of the studies [1, 2, 11] illustrate the diverse approaches to
automated knee OA diagnosis and assessment. While deep learn-
ing based models offer powerful tools for analysis. However, their
dependency on large, high-quality datasets and significant computa-
tional resources are considered as notable limitations. The reliance
on subjective KL grading introduces variability and potential bias
in the training data, highlighting the need for more objective and
consistent measurement techniques. Manual feature engineering
approaches, although valuable, may not fully capture the complex-
ity of the data and require substantial domain expertise.

3 Problem Domain
The traditional method for assessing knee OA is the Kellgren-
Lawrence (KL) grading system. KneeOA is typically detected through
X-rays, but X-rays can not store a lot of information, making it very
difficult to determine the severity and details of the condition accu-
rately.

While the KL grading system is widely used, it has several limi-
tations:

(1) Subjectivity: The system relies heavily on the visual inter-
pretation of radiographic images by clinicians, leading to

inter-observer variability and potential inconsistencies in
diagnosis.

(2) Qualitative Nature: The KL grading system provides a
broad categorization of knee OA severity but lacks the granu-
larity needed for detailed assessment and precise monitoring
of disease progression.

(3) Diagnostic Variability: Different clinicians may interpret
the same radiographic features differently, resulting in vari-
ability in the assigned KL grades and affecting the reliability
of the grading system.

Given these limitations, there is a pressing need for objective,
quantitative methods that can provide consistent and precise mea-
surements of knee OA severity from radiographic images.

By developing quantitative methods that utilize advanced im-
age processing algorithms and machine learning techniques, we
can achieve accurate and reproducible measurements of key radio-
graphic features. Specifically, measuring the knee joint space—the
gap between the tibia and femur bones—has emerged as a critical
parameter in evaluating the severity of OA.

3.1 Dataset
Our study utilizes two primary datasets: one obtained from a pub-
licly available source and another generated through our image
processing pipeline.

Open Dataset- This is the primary dataset that has been collected
from a publicly available source, specifically from the Kaggle plat-
form. This dataset consists of knee X-ray images that have been
graded according to the Kellgren-Lawrence (KL) grading system.
The KL grading system categorizes knee osteoarthritis (OA) sever-
ity into five distinct grades based on specific radiographic features.
The distribution of images across these grades is as follows:
Grade 0, 1, and 2: Each grade contains 1000 images, Grade 3: Con-
tains 750 images and Grade 4: Contains 150 images. All images
in this dataset are in grayscale and have a resolution of 224 x 224
pixels. The grayscale nature of these images presents a challenge in
accurately detecting and measuring knee gaps due to the varying
contrast and quality of the X-rays.
Generated Dataset: To enhance the accuracy and reliability of our
measurements, we have generated a secondary dataset using ad-
vanced image processing techniques. We have employed the Fast-
SAM image segmentation algorithm to process the grayscale X-ray
images from the primary dataset. FastSAM, known for its efficiency
and precision, was used to segment the images and detect the knee
gaps, resulting in a new set of images with enhanced features.

The FastSAM method [14] produces segmented images in RGB
format, which facilitates more accurate detection of knee gaps. The
segmentation process involved identifying the boundaries of the
tibia and femur bones, which are crucial for measuring the knee
joint space. This new dataset, generated through our preprocessing
pipeline, provided a more detailed and precise representation of
the knee joint structure, enabling more accurate measurements of
the knee gaps.

3.2 Data Processing
The processing steps for generating the secondary dataset included:
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• Image Segmentation: The grayscale X-ray images were
processed using the FastSAM algorithm to segment the knee
joint and identify the boundaries of the tibia and femur
bones.
• Image Conversion: The segmented images were converted
from grayscale to RGB format to enhance the detection ac-
curacy.
• Knee Gap Measurement: The segmented images were
analyzed to measure the knee gaps, providing quantitative
data on the knee joint space.

Leveraging both the publicly available dataset and the generated
dataset, our study aims to address the limitations of traditional KL
grading, and provides a more objective and quantitative method for
assessing kneeOA severity. This comprehensive approach combines
the strengths of existing data with advanced image processing
techniques to improve the accuracy and reliability of knee gap
measurements, ultimately contributing to better diagnostic and
treatment strategies for knee OA.

4 Proposed Methodology
In this section, we provide problem formulation and the details.

4.1 Problem Formulation
The problem of KOA assessment can be formulated as a regression
task where the goal is to predict a continuous score representing
the severity of OA from knee radiographs. The key steps involved
in this process include:

(1) Image Pre-processing: Enhancing the quality of knee ra-
diographs is crucial to facilitate accurate edge detection and
joint space measurement. This step involves techniques such
as Gaussian Blurring to reduce noise and adaptive thresh-
olding to enhance the contrast of edges in the image. By
preprocessing the images, we ensure that, the subsequent
edge detection algorithms can operate on higher quality,
more distinct images.

(2) Edge Detection: The next step is to identify the edges of
the tibia and femur bones using advanced edge detection
algorithms. In our approach, we utilize a combination of
Sobel and FastSAM edge detection techniques. The Sobel
operator highlights intensity gradients in the image, which
correspond to the edges of the bones. FastSAM, although
not specifically trained on X-ray images, is adapted to de-
tect object boundaries effectively. The combination of these
techniques allows for a more robust edge detection process,
crucial for accurate joint space measurement.

(3) Joint Space Measurement: After detecting the edges of
the tibia and femur bones, we calculate the distance between
these edges to quantify the knee joint space. This measure-
ment is a critical indicator of the severity of knee OA, as
the narrowing of the joint space is a hallmark of the dis-
ease. By applying simulated annealing and local smoothing
techniques, we refine the edge detection results to ensure
precise joint space measurements. This step provides the
quantitative data needed to assess the progression of knee
OA.

(4) Severity Prediction: Instead of using machine learning
models to predict OA severity based on the measured joint
space, we focus on a more direct quantitative analysis. By
measuring the percentage shrinkage of the joint space, we
can predict the grade of the KL based on these quantita-
tive measurements. This approach provides a clear, objective
metric to evaluate the severity of knee OA, reducing the sub-
jectivity associated with traditional methods. The severity
of OA is measured in terms of the percentage reduction in
joint space, allowing for a more precise assessment of disease
progression.

4.2 Detail Steps
Our approach for knee OA assessment using image processing
techniques is described in detail as follows.

4.2.1 Image Preprocessing. The initial step involves enhancing the
quality of knee radiographs to facilitate accurate edge detection
and joint space measurement.

• Applying Sobel Operator: The Sobel operator has been
applied to the X-ray images to highlight edges and create
clearer images for further processing.
• Generating Dataset for FastSAM: The enhanced images
have been then used to generate a dataset suitable for the
FastSAM segmentation algorithm.

Algorithm 1 Applying Sobel for Edge Detection on Original
Dataset
Require: Image 𝑖𝑚𝑔

Ensure: Sobel magnitude image 𝑠𝑜𝑏𝑒𝑙_𝑚𝑎𝑔

1: 𝑠𝑜𝑏𝑒𝑙_𝑥 ← Sobel in x-direction
2: 𝑠𝑜𝑏𝑒𝑙_𝑦 ← Sobel in y-direction
3: 𝑠𝑜𝑏𝑒𝑙_𝑚𝑎𝑔←

√︁
𝑠𝑜𝑏𝑒𝑙_𝑥2 + 𝑠𝑜𝑏𝑒𝑙_𝑦2

4: 𝑠𝑜𝑏𝑒𝑙_𝑚𝑎𝑔← Normalize to 0-255 scale
5: return 𝑠𝑜𝑏𝑒𝑙_𝑚𝑎𝑔

4.2.2 Edge Detection. We utilize the advanced edge detection al-
gorithms on the segmented images generated by FastSAM.

• Preprocessing RGB Image:We enhance edges by applying
Gaussian blur and adaptive thresholding to each channel of
the RGB image.
– Gaussian Blur: This reduces noise in the image by aver-
aging the pixel values with their neighbors.

– Adaptive Thresholding: This converts the image to bi-
nary form by setting pixel values above a certain threshold
to 255 (white) and below to 0 (black). It adapts to different
lighting conditions in the image.

– Morphological Operations: Operations like closing and
opening help in removing small noise and closing small
holes in the detected edges.

• Detect Combined Edges: We combine edges detected in
each channel using bitwise operations.
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Algorithm 2 Pre-processing RGB Image
Require: RGB Image 𝑖𝑚𝑔

Ensure: Combined edge-detected image
1: Split 𝑖𝑚𝑔 into channels
2: for each channel do
3: Apply Gaussian blur
4: Apply adaptive thresholding
5: Apply morphological operations
6: Detect edges using Canny
7: Append edges to list
8: end for
9: Combine edges from all channels
10: return combined edges

4.2.3 Finding Initial Edges. We identify the initial edges of the tibia
and femur bones using the preprocessed images.

• Detect Upper and Lower Edges: Iterate through columns
of the image and detect the upper and lower edges based
on intensity values. For each column, we start from the top
(for the upper edge) and bottom (for the lower edge) of the
image and move towards the center, looking for significant
changes in intensity that indicate the presence of an edge.

Algorithm 3 Find Initial Edges
Require: Image 𝑖𝑚𝑔, Interval 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 , Step 𝑠𝑡𝑒𝑝 , Gap 𝑔𝑎𝑝
Ensure: Upper and lower edge arrays
1: Preprocess 𝑖𝑚𝑔 to detect edges
2: Initialize edge arrays
3: for each column in 𝑖𝑚𝑔 do
4: Detect upper edge
5: Detect lower edge
6: end for
7: return upper and lower edge arrays

4.2.4 Simulated Annealing. To refine the detected edges, we have
applied simulated annealing, which optimizes the edge positions
for accuracy.

• Initial Temperature: Start with a high temperature to allow
significant changes in edge positions.
• Cooling Schedule: Gradually reduce the temperature to
limit the changes and focus on fine-tuning the edge positions.
• Cost Function: Calculate the cost based on the difference
between the current and new edge positions. Accept new
positions if the cost is lower or with a certain probability if
the cost is higher.

Algorithm 4 Simulated Annealing
Require: Edge positions 𝑒𝑑𝑔𝑒𝑠 , Parameters 𝑝𝑎𝑟𝑎𝑚𝑠

Ensure: Optimized edges
1: Initialize temperature 𝑡𝑒𝑚𝑝

2: while 𝑡𝑒𝑚𝑝 > threshold do
3: for each edge point do
4: Generate new position
5: Calculate cost
6: if new cost is better then
7: Update edge position
8: else
9: Accept with a probability
10: end if
11: end for
12: Reduce temperature
13: end while
14: return optimized edges

4.2.5 Local Smoothing. We further smooth the detected edges us-
ing a moving average filter to remove any noise and irregularities.

Algorithm 5 Local Smoothing
Require: Edge array 𝑒𝑑𝑔𝑒𝑠 , Window size𝑤𝑖𝑛𝑑𝑜𝑤_𝑠𝑖𝑧𝑒
Ensure: Smoothed edges
1: Apply moving average filter to 𝑒𝑑𝑔𝑒𝑠
2: return smoothed edges

We process all images in the dataset to detect and refine the
edges, and calculate the joint space.

Algorithm 6 Process All Images
Require: Input folder 𝑖𝑛𝑝𝑢𝑡_𝑓 𝑜𝑙𝑑𝑒𝑟
Ensure: Edge detection results and joint space calculations
1: for each image in 𝑖𝑛𝑝𝑢𝑡_𝑓 𝑜𝑙𝑑𝑒𝑟 do
2: Preprocess and detect edges
3: Apply simulated annealing
4: Smooth edges
5: Calculate joint space
6: Save results to CSV files
7: end for

4.2.6 Joint Space Calculation. We calculate the joint space by mea-
suring the distance between the upper and lower edges detected.

Algorithm 7 Calculation of Joint Space
Require: Upper edge 𝑢𝑝𝑝𝑒𝑟_𝑒𝑑𝑔𝑒 , Lower edge 𝑙𝑜𝑤𝑒𝑟_𝑒𝑑𝑔𝑒
Ensure: Joint space 𝑗𝑜𝑖𝑛𝑡_𝑠𝑝𝑎𝑐𝑒
1: 𝑗𝑜𝑖𝑛𝑡_𝑠𝑝𝑎𝑐𝑒 = 𝑙𝑜𝑤𝑒𝑟_𝑒𝑑𝑔𝑒 − 𝑢𝑝𝑝𝑒𝑟_𝑒𝑑𝑔𝑒
2: return 𝑗𝑜𝑖𝑛𝑡_𝑠𝑝𝑎𝑐𝑒
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4.2.7 Processing Pipeline for New Images. When a newX-ray image
is received, the processing pipeline involves the following steps:
• Image Pre-processing:
– Applying Sobel operator to enhance edges.
– Converting to RGB format for FastSAM.
• Edge Detection:
– Using FastSAM to segment the image.
– Applying Canny edge detection to detect combined edges.
• Refinement:
– Using simulated annealing to optimize edge positions.
– Smoothing the edges using local smoothing techniques.
• Joint Space Measurement:
– Measuring the distance between the upper and lower
edges to calculate the joint space.

– Calculating the shrinkage percentage relative to the maxi-
mum shrinkage observed in grade 4 images.

• Prediction:
– Based on the calculated shrinkage percentage, prediction
of the KL grade for the new image.

5 Results and Analysis
In this section, we provide the results and the relevant analysis.

5.1 Testbed Description
The testing environment for our experiments involved Google Co-
lab, providing free access to GPUs (such as NVIDIA Tesla T4, P4, or
P100) and TPUs. We have also used Kaggle Kernels: Part of Kaggle’s
platform, Kaggle Kernels provides AMD EPYC or Intel Xeon CPUs,
along with GPUs like NVIDIA Tesla P100 or T4. It supports both
Python and R languages, offers up to 16 GB of RAM, and enables
collaborative data analysis through shared notebooks and datasets
of Kaggle.

We have used pre-trained segmentation model FastSAM for gen-
erating segmented dataset. Additionally, we used CV, a collection
of algorithms for image processing and computer vision (CV), as
well as the libraries associated with Google Colab, the cloud-based
platform for statistical data analysis, and Visual Studio Code, which
is widely used for Python development.

5.2 Edge Detection
Our model successfully detected the edges by first performing seg-
mentation of the image, then applying an algorithm that includes
smoothing and simulated annealing for local refinement. This pro-
cess ensured high precision in edge detection a visual representation
of which can be seen in Figure 1

Our algorithm very accurately detected the upper and lower
edges, crucial for the subsequent steps in osteoarthritis detection.

5.3 Joint Space Computation
We have determined the coordinates of multiple points along both
the upper and lower edges of the knee joint. By calculating the
distance between these corresponding points, we obtained precise
measurements of the joint space width. Subsequently, we filtered
out the regions of interest (ROIs) to focus on the most relevant
sections for osteoarthritis detection. Specifically, we isolated the
joint space widths in the left and right parts of the joint. These

Figure 1: Detected upper edge and lower edge of the knee
joint

measurements were then used for further statistical analysis. For
each image, we calculated the joint space width by averaging the
distances within the ROIs. Next, we performed a comprehensive
statistical analysis of the joint space widths across all images within
each grade, calculating key metrics such as the mode, mean, and
standard deviation for both the left and right gaps. This rigorous
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Figure 2: Illustration of edges and Regions of Interest (ROI )

Figure 3: Point distances with Left and Right ROI markings

approach allowed us to accurately characterize the joint space
widths for different grades of osteoarthritis.

5.3.1 Joint Space Width per Image. The joint space width for each
image was determined through a detailed process:

(1) At first, we have identified the y-coordinates of 56 points
along the upper and lower edges of the knee joint in 224-pixel
images, spaced at 4-pixel intervals.

(2) Next, we have calculated the distances between correspond-
ing points along the upper and lower edges to establish the
joint space.

(3) We have then filtered out the left region of interest (ROI)
from pixel index 40 to 70 (corresponding to points 10 to 17
out of 56) and the right ROI from pixel index 155 to 185
(points 39 to 46).

(4) Scaling the values within these ROIs allowed us to identify
the most frequently occurring value (mode), which repre-
sents the joint space width for both the left and right sides
of the joint in each image.

Figure 2 visually represents the process, showing the identified
points along the upper and lower edges, the calculation of point
distances, and the delineation of the left and right ROIs.

Figure 3 illustrates the point distances for all 56 points in the
images, with the left and right ROIs marked accordingly.

The table (Table 1) illustrates similarities and frequent occur-
rences of values in both the left and right Regions of Interest (ROI),
derived from knee joint edge point distances.

After calculating the distances between points along the upper
and lower edges and filtering out the regions of interest (ROI), the
values were scaled, and the mode was calculated as the left and
right joint space widths. The table 2 presents these measurements
for several images.

Table 1: Left and Right ROI values for images

Image Left ROI Right ROI

Number 10 11 12 13 14 15 16 17 39 40 41 42 43 44 45 46

1 18 18 18 19 7 19 21 8 22 22 22 22 22 22 51 60
2 11 11 11 9 9 4 7 7 7 6 6 6 7 9 8 9
3 11 11 11 11 11 11 12 12 11 11 11 2 10 11 19 28
4 12 12 12 19 19 18 12 12 16 13 11 8 11 8 7 7

Table 2: Joint Space Width for some selected images

Image_ID Grade Left Joint Space Width Right Joint Space Width
9865771R 0 18 15
9176441R 1 15 15
9761503R 2 15 12
9914944L 3 12 12
9568974L 4 9 12
9528886L 0 18 18

Table 3: Joint Space Width statistics for different grades

Grade Mode Left Mean Left Std Dev Left Mode Right Mean Right Std Dev Right
0 18 18.91 2.58 18 18.88 2.42
1 18 15.94 2.87 18 16.32 2.84
2 15 14.30 4.07 15 14.45 3.76
3 12 11.80 4.01 12 12.68 2.41
4 12 11.38 4.71 12 11.73 4.82

5.3.2 Joint Space Width per Grade. For each grade, we performed
a statistical analysis on the joint space widths obtained from all
images of that grade. This analysis involved several key steps:

1. Through statistical analysis, we identified the most probable
value of joint space width in the left and right regions of the knee
joint for each grade.

2. We calculated the mode, mean, and standard deviation for both
the left and right gaps, providing a comprehensive understanding
of the joint space characteristics for each grade.

3. Additionally, we computed the percentage joint space width,
which normalizes the joint space width relative to the overall joint
size, offering a clearer perspective on joint space variations across
different grades.

To visualize the distribution of joint space widths, we plotted
the distributions for the left and right joint spaces separately for
each grade. After denoising the data, we combined the distributions
into a single image. The figures 4 illustrate the distribution plots
for each grade.

The figure 4 shows the distribution plots of the joint space widths
for the left and right regions separately, as well as the combined
denoised plots for each grade. The images illustrate the similarity
and multiple occurrences of values in the joint space widths across
different grades.

The table 3 summarizes the joint spacewidth statistics for various
grades.

Finally, by analyzing the mode, mean, and standard deviation
for each grade from Table 3, we determined a standard value of left
and right joint space for each grade. This joint space width was
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Grade 0

Grade 1

Grade 2

Grade 3

Grade 4

Figure 4: Distribution of Joint Space Width for different KL
grades

Table 4: The width of joint space for different grades.

Grade Joint Space Width (px) Joint Space Width (%)
Left Right Left Right

0 19 19 8.0 8.0
1 16 16 7.0 7.0
2 14 14 6.0 6.0
3 11 12 5.0 5.0
4 11 11 5.0 5.0

also expressed as a percentage of the total image height, which is
224 pixels. The table 4 presents these values.

Variation in joint space widths across different grades, as shown
in Table 4 is crucial for understanding the role of joint space nar-
rowing in detecting and assessing the severity of osteoarthritis.

5.4 Joint Space Analysis
Our analysis reveals that joint space width is a significant indicator
in detecting osteoarthritis. Images with a joint space width of less
than 7% of the image height (224 pixels) are typically identified

Table 5: Accuracy per KL grade

Grade Total Correct Accuracy (%)
0 92 78 84.78
1 96 73 76.04
2 98 98 100.0
3 94 67 71.28
4 25 20 80.0

as osteoarthritic. This threshold corresponds predominantly to
Grades 4 and 3, and occasionally to Grade 2. Conversely, images
with joint space widths greater than 7% are usually classified as
non-osteoarthritic, corresponding to Grades 0 and 1, and sometimes
Grade 2.

Optimum Range for Osteoarthritis Detection:
• Images from Grades 3 and 4 consistently exhibit osteoarthri-
tis.
• Grade 2 images with narrowed joint space are often os-
teoarthritic.
• Joint space width below 7% of the total image height (224
pixels) is a reliable marker for osteoarthritis.

Therefore, if a knee joint under diagnosis exhibits a joint space
width of less than 7%, it can be inferred that the joint is affected by
osteoarthritis.

Joint Space Width < 7% Joint Space Width ≥ 7%

The validity of this discovery has been rigorously tested, ensur-
ing robustness and reliability. Performance metrics are detailed in
the subsequent section to further substantiate these findings.

The testing process involved evaluating images from the test
dataset using our algorithm. Each image underwent segmentation
and edge detection, followed by measurement of left and right joint
spaces. If joint space width was under 7% (for images from folders
0, 1, or 2), or over 7% (for folders 2, 3, or 4), osteoarthritis was
predicted; otherwise, it was not. Results were recorded for accu-
racy assessment against actual diagnoses, ensuring our algorithm’s
effectiveness in osteoarthritis detection.

We have used the following metrics for performance measure.
Accuracy per Grade: Bar charts showing the accuracy achieved
for each grade of osteoarthritis in Table 5

5.5 Performance Analysis
Performance metrics were computed to quantitatively assess the
algorithm’s effectiveness:
• Specificity: The proportion of true negative results among
the actual negatives.
• Sensitivity/Recall: The proportion of true positive results
among the predicted positives.
• F1 Score: The harmonic mean of precision and recall.
• Overall Accuracy: The ratio of correctly predicted images
to the total number of images tested.

The performance metrics table (Table 6) summarizes key evalu-
ation metrics for the algorithm. Specificity and Sensitivity/Recall
indicate balanced detection capabilities, with Specificity at 74%
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Table 6: Output of performance metrics

Metric Value (%)
Specificity 74

Sensitivity/Recall 73
F1 Score 62

Overall Accuracy 82.96

highlighting accurate negative predictions. The F1 Score of 62%
reflects moderate precision and recall balance, crucial for classifica-
tion tasks. Overall Accuracy at 82.96% underscores the algorithm’s
effectiveness across all predictions, demonstrating robust perfor-
mance across varied conditions.

6 Conclusions
Our contribution lies in developing an efficient, low-resource sys-
tem that eliminates the need for labeled data in edge detection and
model training. This approach enables rapid pre-diagnosis, saving
significant time and computational resources.

Efficient Low Resource System: Our approach eliminates the
need for labeled data in edge detection and model training, signifi-
cantly reducing computational requirements.

Pre-Diagnosis Potential: By leveraging minimal resources and
rapid computation, our method offers the potential to expedite
pre-diagnosis processes, saving valuable time and costs.

In this study, we measured the joint space between the tibia and
femur for each grade of osteoarthritis. By identifying the percent-
age range of joint space width for osteoarthritic knee joints, we
developed a method to aid in decision-making for advanced diagno-
sis and treatment. The proposed framework achieved an accuracy
of 82.96% in osteoarthritis detection, demonstrating its efficiency
and suitability for low-resource clinical settings.
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