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Abstract

Knee osteoarthritis is becoming more and more common, as a result there is a need for automated diagnostic system, that
triggers an essential necessity in medical image analysis and greatly impacts health rate due to spreading of Knee Osteoar-
thritis. However, the current knee imaging modalities processes cause more disruption in the medical detection framework
because of the high time-consumption and intricacies in the workload. It is a highly demanding endeavour for Knee Osteo-
arthritis segmentation due to its irregular appearance, distinct densities, osteophytes formation, and joint space narrowing.
Presently, Deep learning-based techniques have been applied to identify the knee joint regions and assist radiologists in the
initial diagnosis and scrutinizing the severity level. The proposed work presents a modified deep angular extreme learning
machine model based deep network architecture with Center of Gravity and Angular Momentum-based segmentation model
for obtaining optimal regions of interest optimization algorithm, which increases the efficiency and performance of the Knee
Osteoarthritis diagnostic model.Two publicly accessible benchmark datasets have been engaged with the pre-processing
task accomplished by image normalization and data augmentation techniques. The Deep Neural angular extreme learn-
ing machine comprises of one input layer, two hidden layers and one output layer. In the input layer, raw X-ray images are
obtained from two datasets, namely, Knee Osteoarthritis Dataset with Severity Grading and OAI (Osteo arthritis Initiative).
Moreover, Center of Gravity and Angular Momentum-based segmentation model for obtaining optimal regions of inter-
est optimization algorithm, has analysed the optimal set of gathered features. In the experimental evaluation, the proposed
model outperformed than CNN Random Forest Kneighbors (CRK), Dense Net 169, by 5.49%, 11.12% respectively in terms
of accuracy for Knee Osteoarthritis Dataset with Severity Grading. The developed Deep Neural extreme learning machine
model attained better accuracy than CNN Random Forest Kneighbors (CRK), Dense Net 169 for the recall rate of Grade 0,
Grade 1, Grade 2, Grade 3, Grade 4 knee osteo arthritis by 4.48%, 6.68% respectively for OAI dataset. The obtained precision
of the developed model is 2.79%, 6.28%, 5.00%, 10.00%, maximized than CNN Random Forest Kneighbors (CRK), Dense
Net 169 respectively, for the segmentation of the knee joint in the Knee Osteoarthritis Dataset with Severity Grading and
OAI dataset. The investigational analysis validates the proposed Deep Neural extreme learning machine model's effectiveness
and performance in obtaining high accuracy in comparison with other state-of-the-art techniques.
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but also imposes a burden on global public health. Osteo-
arthritis (OA) is a disease of unknown etiology and com-
plex pathogenesis. It commonly affects joints subject to
greater loads and higher levels of activity. The knee joint,
the most complex joint in the human body and bearing the
greatest load among all joints, is therefore most susceptible
to developing OA. Osteoarthritis is typically a progressive
disease that could eventually lead to disability. The inten-
sity of clinical symptoms may vary among individuals but
typically becomes more severe, frequent, and debilitating
over time. KOA lesions may involve articular cartilage,
synovium, joint capsule, and periarticular muscles, causing
irreversible articular damage. Currently, there is no cure for
KOA, and the available therapies primarily focus on symp-
tomatic treatment and delaying disease progression. Knee
replacement surgery is typically performed in patients with
advanced disease. The deterioration of joint cartilage is the
principal source of osteoarthritis, leading to rigidity, sore-
ness, and restricted movement. The damage to the joints in
this case is found to be irreparable, making the treatment
both expensive and tedious.

Diagnosing osteoarthritis in knee X-ray images efficiently
uses transfer learning at an early stage. A method called
CNN Random Forest K-neighbors (CRK), introduced in
Rehman et al. (2023), aims to detect osteoarthritis with
improved performance. Utilizing 2D-CNN, the CRK method
extracts spatial features from input X-ray images. These spa-
tial features are then utilized as input for random forest and
k-neighbors techniques, creating a probabilistic feature set.
Finally, by employing machine learning-based techniques
with the obtained probabilistic feature set, osteoarthritis
prediction is reorganized with high-performance scores,
achieving accuracy and precision. Despite being time-con-
suming and highly reliant on manual diagnosis, knee joint
annotations remain the most familiar and common course of
action utilized in osteoarthritis diagnosis. In Abd El-Ghany
et al. (2023), a fine-tuning KOA diagnosis method using
DenseNet169 was proposed with the purpose of improving
KOA diagnosis efficiency by accurately localizing periph-
eral vascular thickening. A robust Feature Selection (FS)
methodology was introduced in Kokkotis et al. (2022) to
handle the multidimensional nature of accessible datasets
and address the dearth of current feature selection meth-
ods contributing to KOA diagnosis. A convolutional neu-
ral network (CNN) was proposed in Yeoh et al. (2021a) to
enhance the effectiveness of the clinical workflow process.
Additionally, a series of radiographic knee osteoarthritis
cases from MRI and X-ray images were presented in Hirva-
sniemi et al. (2022). An in-depth analysis of both the diag-
nosis and classification of early-stage OA was investigated
in Oei and Runhaar (2023), focusing on accuracy despite
the aspects involving diagnosis and classification. Over the
past few years, the evolution of artificial intelligence (Al) in
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medicine has escalated considerably. With the aid of the big
resonance of deep machine learning methods, the healthcare
field has become a collaborative area for Al. Recently, deep
learning in the healthcare field primarily concerns clinical
decision support and data analysis. A generative adversar-
ial neural network was designed in Prezja et al. (2022) to
produce realistic images of knee joint X-rays with varying
osteoarthritis severity. By employing deep learning, not only
has the classification accuracy rate improved, but the loss
rate has also been significantly reduced. An automatic grad-
ing method employing deep learning was proposed in Li
et al. (2023). The transfer learning-assisted 3D deep learn-
ing method, designed in Yeoh et al. (2023), utilizes 2D pre-
trained weights that are transferred into training 3D models.
Additionally, an in-depth analysis to differentiate knees with
and without osteoarthritis was detailed. This transfer learn-
ing technique ensures accurate prediction. A classification
method based on Bayesian network was proposed in Sheng
et al. (2019) with the purpose of classifying people with
knee OA. It not only failed to result in the improvement of
elderly people's healthcare quality but also reduced medical
costs. In Tiulpin et al. (2018), a novel computer-aided diag-
nosis method based on Deep Siamese CNN for validating
knee OA severity in an automatic fashion using the Kell-
gren-Lawrence grading scale was designed, thus improving
accuracy. Due to the constraint in therapy for sophisticated
radiographic KOA, medical practitioners and physicians face
a notable ultimatum in the identification of patients who
are at high likelihood of OA in a timely and suitable man-
ner. Deep neural networks, especially CNNss, are influential
tools in medical diagnosis and detection. A CNN method to
classify KOA into five classes, namely Minimal, Healthy,
Moderate, Doubtful, and Severe, was presented in Alman-
sour et al. (2023) with a focus on accuracy. In McCabe
et al. (2022), a mechanism consisting of a separate diag-
nostic model for KOA and a prognostic model for KOA was
designed. Here, multivariate logistic regression was applied
for diagnosing KOA, while Cox regression was utilized for
prognostic KOA. Through separate mechanisms, a poten-
tial improvement towards clinical patient management was
ensured. Yet another multi-stage CNN designed in Gatti and
Maly (2021) generated effective and precise assessments at
differing disease acuteness levels. A scoring system as input
to the artificial neural network was presented in Yoo et al.
(2016) for predicting knee OA. Also, logistic regression
was employed for determining the scoring system predic-
tors. Based on this design, patient identification at high risk
requiring supplementary assessment and pertinent therapy
prior to worsening was facilitated. A robust deep learning
employing Kernel Extreme Learning Machine was presented
in Khan et al. (2021). Initially, pre-trained CNN was applied
employing transfer learning, followed by obtaining the most
pertinent features using Euclidean Norm and Geometric
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Mean Maximization. Finally, using canonical correlation,
aggregated features were subjected to several classifiers for
final recognition with improved accuracy. Transfer learning
based on CNN was designed in Alshamrani et al. (2023) to
concentrate on the precision and recall aspects. A review of
deep learning techniques for diagnosing KOA was investi-
gated in Yeo et al. (2021b), and a review of machine learn-
ing techniques for both diagnosis and prognosis of KOA
was investigated in Teoh et al. (2022). Yet another method
to minimize human interference employing visual transfor-
mation was designed in Wang et al. (2021) for automating
KOA diagnosis.

Despite these methods, the absence of image augmen-
tation techniques did not ensure a robust balance in X-ray
image data, compromising the overall osteoarthritis detec-
tion accuracy. By using fine-tuning KOA methods, not only
was the diagnosis cost minimized but also the overall diag-
nosis process was sped up with lesser delay. Even though
improvements in diagnosis cost and delay were made, there
was a failure to focus on KOA diagnosis. However, the exe-
cution time was not focused on. OA diagnosis manually,
knee joint segmentation remains the sought-after method,
while it is found to be laborious and tedious. To circumvent
the disadvantages of the frequently utilized method, several
deep learning approaches, particularly an endeavor to aug-
ment the evolution of new management techniques for OA,
are currently emerging. Hence, it becomes significant to dif-
ferentiate between classification and early-stage OA. On one
hand, diagnosis is said to take place in clinical settings, and
on the other hand, classification is said to stratify partici-
pants with OA in clinical settings. The precision aspect was
not focused on, though accuracy was improved, time was not
concentrated on, and 3D complexity was not focused on. OA
diagnosis is presently conducted by estimating symptoms;
however, this procedure suffers from subjectivity. How-
ever, early diagnosis remains one of the major aspects to
be covered. Here we present a computer-assisted diagnostic
(CAD) and prognostic method to detect and automatically
classify knee OA by processing X-ray images via the KL
grade. The proposed Saliency Map Data Augmented-based

Table 1 Knee osteoarthritis dataset with severity grading dataset

Preprocessing learning. Also, optimal regions of inter-
est for diagnosis and prognosis for accurate classification
are ensured by employing Center of Gravity and Angular
Momentum-based segmentation. The methods results of the
classification are compared with the conventional methods
for validation.

Material and methods
Dataset

The methods were designed and simulated using Python
high-level general-purpose programming language using
two datasets, namely, Knee Osteoarthritis Dataset with
Severity Grading https://www.kaggle.com/datasets/shash
watwork/knee-osteoarthritis-dataset-withseverity ?select=
test and the Osteoarthritis Initiative (OAI) dataset https://
nda.nih.gov/oai/ are used for predicting the severity grad-
ing of knee osteoarthritis. This study provides a method
for diagnosing and grading Knee Osteoarthritis based on
X-ray images. The same training strategy was applied for
all three methods training sessions in this study, regardless
of the prediction method. The input sample X-ray images
used for all training sessions are kept identical, as speci-
fied earlier in the dataset section for all the three methods
to ensure fair comparisons. Therefore in order to identify
the efficiency of the method, 5000 samples of knee X-ray
images were selected arbitrarily from two datasets. Moreo-
ver, for each experiment performed, the same dataset was
employed for all the three methods. Moreover, several
evaluation metrics were used to measure the proposed
method. The dataset is divided into 70% for training, 20%
for testing, and 10% for validation. The iteration/matrix
operation consists of 50 epochs, and the optimizer used
is "Adam". The dataset comprises four classes: grade 0,
grade 1, grade 2, grade 3, and grade 4.

The Knee Osteoarthritis Dataset with Severity Grad-
ing dataset contains knee X-ray data for both knee joint
detection and knee KL grading. The Grade descriptions

S. no. Grade Description Number
of images

1 Grade 0 Healthy knee image 639

2 Grade 1 Doubtful—doubtful joint narrowing with possible osteophytic lipping 296

3 Grade 2 Minimal—definite presence of osteophytes and possible joint space narrowing 447

4 Grade 3 Moderate—multiple osteophytes, definite joint space narrowing, with mild sclerosis 223

5 Grade 4 Severe—Ilarge osteophytes, significant joint narrowing, and severe sclerosis 51

Based on the information provided in Table 1, the Knee Osteoarthritis Dataset with Severity Grading contains knee X-ray data categorized into
different grades (i.e., grade 0, grade 1, grade 2, grade 3, and grade 4), which were initially placed in the input layer
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are as given below in Table 1. On the other hand, the
Osteoarthritis Initiative (OAI) dataset as sponsored by
the National Institutes of Health is a multi-center, 10-year
observational study of men and women. The objectives of
the OAI are to enable a better understanding of prevention
and treatment of knee osteoarthritis in adults. The Osteo-
arthritis Initiative (OAI) dataset consists of the clinical
data permanent archive, analysis of bio specimen reports,
quantitative image analysis, radiographs acquired during
the validation. Moreover, it represents longitudinal assess-
ments from 4796 different subjects and nearly 26,626,000
images for analysis and validation.

The Knee Osteoarthritis Dataset with Severity Grading
dataset contains knee X-ray data for both knee joint detec-
tion and knee KL grading. The grade descriptions are as
given below in Fig. 1 along with the training images.

Also, from Osteoarthritis Initiative (OAI) dataset 5000
distinct sample X-ray images were provided as input in the
input layer. The sample X-ray images obtained from these
two datasets formed as input to the input layer with which
the further processing was performed separately. Second
in the first hidden layer, a data augmentation for both the
datasets is formed, owing to the reason that the first data-
set involves different types of images or classes, therefore
resulting in class imbalance. To balance the classes, with the
obtained data augmentation function gradients are obtained
for evaluating the saliency map. Following which the sali-
ency map results for each sample X-ray image pixels are
obtained resulting in the class-balanced and semantically
significant regions. Third, in the second hidden layer, with
the class-balanced and semantically significant regions

Fig. 1 Illustrations a, b, ¢, d,
and e representing KL grades
0, 1, 2, 3, and 4, respectively, to
assess knee OA intensity

WINE IV

optimal regions of interest are selected using the center of
gravity and momentum functions. Here, to obtain optimal
regions of interest, first center of gravity is measured for
each semantically significant region. Finally, both linear
and angular momentum functions are applied to generate
semantically significant region. By evaluating the position
and velocity of the particles or semantically significant
regions linear and angular momentum functions are applied
where by selecting a reference point and evaluating the rela-
tive position and velocity vectors generate optimal region
of interest. Finally in the output layer, using sigmoid as the
activation function, by making a comparison between the
ground truth grading table value and obtained results, pre-
diction of Knee Osteoarthritis is generated for all sample
sets.

Deep neural extreme learning machine-based knee
osteoarthritis prediction

The Deep Neural Extreme Learning Machine (DN-ELM)
tries to make actual hidden layers outputs by adding param-
eter setting step for second hidden layer. The DN-ELM iden-
tifies a better mechanism for mapping association between
input and output osteoarthritis prediction which is the two
hidden layer ELM. The network structure of DN-ELM con-
sists of one input layer, two hidden layers and finally one
output layer. The central point of the DN-ELM algorithm is
the process of measuring and updating the weights between
first hidden layer and second hidden layer in addition to the
bias of hidden layer and output weights between second hid-
den layer and output layer. The process of the DN-ELM

B B,
SI v f(SDH
> Wi > W2 N N
Input layer Hy Hy
First hidden layer Second hidden layer

Fig.2 Structure of deep neural-dual hidden layer-extreme learning machine for predicting knee osteoarthritis from X-ray images
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for Predicting Knee Osteoarthritis from X-ray Images is
depicted in Fig. 2.

As shown in the above Fig. 2, let us consider the
training sample datasets (i.e., Knee Osteoarthritis Data-
set with Severity Grading and Osteoarthritis Initiative)
“{SI,T} = {SI,,1;}*, where the matrix ‘SI’ remains the
input samples and ‘7T refers to the labeled samples. The
Deep Neural Extreme Learning Machine (DN-ELM) with
single input layer acquires the raw sample images from
two datasets.

IL - {SI,T} = {SI,,1;} ()

As given in the above Eq. (1), the overall process starts
employing two datasets where the sample X-ray images
are stored in the input layer. Let us consider the training
sample “{SI,T} = {SI,,T;},where(i=12,...,N)’ with
input matrix ‘SI = [SI,,SI,, .., SIy|" and output resultant
matrix ‘T = [TI LT, ... TI N]’, where the two matrices are
formulated as given below.

SIll SIlZ . SIlN Tll T12 TlN
ST = Slyy Sly .. Shy |, T = Ty Ty - Ty )
SI,, SI, .. SIy Tt Toz - Ty

From the above formulation (2), ‘m’ and ‘n’ represents
the input matrix and output matrix dimensions respec-
tively. Following which the weight and bias between the
input layer and output layer is mathematically stated as
given below.

Wy Wy, o Wy, B Bz - Bim
W= Wy Wy o Wy, |, p= Bor Ty - Bop 3)
Wy Wp o W, Bn Bn - B

From the above formulation (3), ‘W,_-i’ represents the
weights between the ‘j-th’ input layer and ‘i-th’ hidden
layer. Following which the first hidden layer is formulated

as given below.
Hy = pt(W;SI) 4)

From the above Eq. (4), preprocessing function is per-
formed in the first hidden layer. The process is formulated
between the input layer and the corresponding weights (as
discussed in Sect. 2.3). Next, the second hidden layer is
formulated as given below.

H, = SR(WHIEHIE) )

From the above Eq. (§), segmentation function is per-
formed in the second hidden layer. The process is formu-
lated between the first hidden layer and the corresponding
weights. Finally, the models were trained from scratch
employing categorical cross-entropy considering the KL
grades as the ground truth provided in Table 1. Finally, the
classified and graded results for predicting knee osteoar-
thritis from X-ray Image is mathematically formulated as
given below.

.. — 1
8(i.J,SR) = 1 + exp(—(i.SR +)) ©

From the above equation results (6), and matching with
the ground truth table value (i.e., Table 1), both knee joint
detection and knee KL grading results are obtained in an
accurate and precise manner. The pseudo code represen-
tation of Deep Neural Extreme Learning Machine-based
Knee Osteoarthritis prediction is given below.
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Algorithm 1 Deep neural extreme learning machine-based knee osteoarthritis prediction

Input: Dataset ‘DS’, Sample X-ray Images ‘SI = {SI}, S, ..., SIy}’

Output: accurate and precise Knee Osteoarthritis prediction

1: Initialize ‘N’

2: Begin

3: For each Dataset ‘DS’ with Sample X-ray Images ‘SI’
/nput layer

//Acquire sample X-ray images from two datasets

4: Formulate input layer as given in equation (1)

5: Formulate input matrices and output matrices as given in equation (2)
6: Formulate weight and bias between the input layer and output layer as given in equation (3)
//Hidden layer 1 — preprocessing

7: Formulate first hidden layer as given in equation (4)
//Hidden layer 2 — segmentation

8: Formulate second hidden layer as given in equation (5)
//Output layer

9: Formulate output function as given in equation (6)
10:1f “g(i,j, SR) = 0%’

11: Then healthy knee image

12: End if

13:1f‘g(i,j,SR) =1-10%"

14: Then doubtful diagnosis and prognosis knee image
15: End if

16:1f *g(i,j,SR) = 11 — 33%’

17: Then minimal diagnosis and prognosis knee image
18: End if

19:1f ‘g(i,/, SR) = 34 — 66%’

20: Then moderate diagnosis and prognosis knee image
21: End if

22:1f g (i, j,SR) = 67 — 100%’

23: Then severe diagnosis and prognosis knee image

24: End if

25: End for

26: End
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As given in the above proposed DNELM-KO algorithm,
for ensuring accurate and precise diagnosis (i.e., identifies
the condition that is associated with a set of symptoms, a
prediction about the course that a condition will take like,
normal, doubtful, minimal, moderate or severe) and progno-
sis (i.e., a prediction about the course that a condition will
take in the near future). By making an accurate and precise
diagnosis, early detection is said to be made and hence forms
the basis for avoiding in the near future. Initially, initialize
the number of input data obtained from input layer. With
raw input images obtained from two different datasets, they
are subjected to preprocessing in first hidden layer. The
first hidden layer is determined to saliency map-based data
augmentation. Following which the preprocessed sample
images are subjected to segmentation. It utilized to Center
of Gravity and Angular Momentum for obtaining region of
interest. Finally, with the preprocessed and optimal regions,
with ground truth grading, prediction Knee Osteoarthritis is
made in an accurate manner.

Saliency map data augmented-based preprocessing

The Knee Osteoarthritis Dataset with Severity Grading and
Osteoarthritis Initiative (OAI) database needs to be preproc-
essed prior to the scrutiny and analysis of the results. The
preprocessing step is relevant owing to the reason that differ-
ent grading description presents a class imbalance issue. The
influence of class imbalance on classification is disastrous
to the overall performance of the method. Hence, preproc-
essing distinct raw grading X-ray images is a critical step
with the intention of acquiring significant results. Image data

Dataset

augmentation necessitates modified genres of the original
sample X-ray image be linked to the same class. To improve
the class imbalance issue, we applied Saliency Map Data
Augmented-based preprocessing (Fig. 2), therefore creating
new training data from the prevailing data.

From above Fig. 3, describe the saliency map data aug-
mented-based preprocessing method using different data-
sets. Initially, the number of X-ray images acquired from
two datasets. Then, apply the saliency map is determined
to gradients for each data augmentation function are first
obtained for measuring the saliency map and obtain the sali-
ency map results. Finally, extract the semantically significant
regions from these maps as a patch. By applying this pro-
cess, semantically significant regions are said to be utilized
for training the network.

As illustrated in the above figure with the sample
X-ray images acquired from two datasets, let us represent
‘f’ as a data augmentation function, with * fy; (p;)” and
‘fT,(pi,pj,qi,qj)’ denoting single image-based and dual
images-based functions with random training sample
X-ray images ‘p;’, ‘p;” with the corresponding tag ‘g;’,
‘qj’. Then, the data augmentation functions can be inte-
grated as given below.

p! :fTI(fSl(pi)’Qi’fSI(pj)’qj) @)

With the above function results, a saliency map
is employed that with the aid of saliency maps extract
semantically significant regions from these maps as a
patch. By applying this process, semantically significant
regions are said to be utilized for training the network. To
start with, gradients for each data augmentation function

Apply saliency map data

L)
[

Grade Grade

Number of X-ray

4

augmentation function

Measure gradients J

Y

Obtain saliency map results

Y

Class-balanced and semantically significant

regions

Fig. 3 Structure of saliency map data augmented-based preprocessing
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are first obtained for measuring the saliency map. This is
mathematically represented as given below.

oLoss(f(p, 6), q)]

o ®)

Grad = p! [

From the above Eq. (8), the gradient results ‘Grad’
for generating saliency map by partially differentiating
the loss function ‘dLoss’ by utilizing ‘p € R"*#* with
‘W’ and ‘H’ representing the width and height of a data
augmented sample X-ray image. Then, the saliency map
‘SM € R"*H" that specifies the significance of sample
X-ray image pixels is mathematically stated as given
below.

PI = SMap = Max(Grad|i, ]|) 9)

From the above Eq. (9) with the aid of saliency map
‘SMap’ results the spatial support of a specific class (i.e.,
grade 0, grade 1, grade 2, grade 3 and grade 4) in each
sample X-ray image is measured via gradient of output
with respect to input.

As given in the above algorithm with the purpose of mini-
mizing the testing time or total time consumed for computa-
tions Saliency Map Data Augmentation model is designed.
First, raw sample X-ray images are acquired from two differ-
ent datasets. Second, data augmentation function is applied
separately to two distinct datasets for addressing class imbal-
ance issue. Third, for each data augmented results, gradients
are generated wherein the intensity changes of pixels pos-
sessing the most crucial influence on diagnosis and prog-
nosis of Knee Osteoarthritis are evolved. Finally, the sali-
ency map results via gradients forms the class-balanced and
semantically significant regions.

Center of gravity and angular momentum-based
segmentation model

One of the most predominant key issues as far as image
processing is concerned is segmentation. Image segmenta-
tion is the procedure that splits a preprocessed image into its
integral parts. Upon successful completion of segmentation
a binary image is said to be generated where all background
pixels have gray level value whereas all object pixels have

Algorithm 2 Saliency map data augmented-based preprocessing

Input: Dataset ‘DS, Sample X-ray Images ‘SI = {SI;,SI,, ..., SIy}

Output: class-balanced and semantically significant regions ‘PI’

1: Initialize ‘N’

2: Begin

7: Return semantically significant regions ‘PI’
8: End for

9: End

3: For each Dataset ‘DS’ with Sample X-ray Images ‘SI’
4: Formulate data augmentation function ‘f’ as given in equation (7)
5: Measure gradients ‘Grad’ for each data augmentation function as given in equation (8)

6: Obtain saliency map results ‘SMap’ as given in equation (9)
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Semantically significant regions

i :
Dataset Preprocessing S L
image
— y
| Measure Centre of Gravitv |
Vv
| Measnre T M |
Vv

| Meaanre AM |

Y

@Dtimal regions of interest >

Fig.4 Structure of center of gravity and angular momentum-based segmentation model

white level value that in turn involved cropping the image
to the desired region of knee area so that any undesirable
regions are eliminated from the image. In this work, a seg-
mentation algorithm based on Center of Gravity is employed
to segment semantically significant sample X-ray images of
KOA. Figure 4 shows the structure of Center of Gravity and
Angular Momentum-based segmentation model.

As illustrated in the above figure with the semantically
significant regions or preprocessed images provided as input,
center of gravity is initially measured. Following which the
linear and angular momentum for each preprocessed image is
derived with respect to the centre of gravity to obtain optimal
regions of interest or the segmented image for further pro-
cessing. Centre of Gravity is defined as the value acquired
from segment according to its magnitude value. The weighted
position vectors are assigned based on the magnitude value.
Centre of graphic represent the centre of mass for group of
pixels with constant magnitude. Center of Gravity is measured
for each pixel and they are arranged into disjoint regions on
the basis of the measured CG. This is mathematically stated
as given below.

X WPV, ,.m

m,n?

CG,
WPV

m,n

10)

From the above Eq. (10), ‘CG,’ will spot in the same posi-
tion for the corresponding pixels in the same region. Also,
the weighted position vectors for each semantically significant
regions ‘PI’ is measured as given below.

WPVm,n — e—(le—Pln) (11)

From the above equation results (11), the weighted positive
vector ‘WPV, ’ is said to be greater if ‘m-th” and ‘n-th’ pixel
belong to the same region. On the other hand, the weighted
positive vector ‘WPV, ’ is said to be lesser is ‘m-th” and ‘n-
th’ pixel belong to different region. Following which the linear
and angular momentum is applied to the Center of Gravity
to acquire optimal regions of interest. The linear and angular
momentum of a collection of particles or semantically sig-
nificant regions ‘PI’ is simplified by evaluating the position
and velocity of the particles relative to the Center of Gravity.
Let the system of particles or semantically significant regions
‘PI’ of masses or pixels ‘P;” be pinpointed at the coordinates
‘p;»q; with velocities ‘v;”. Let us further select a reference
point ‘R’ and measure the relative position and velocity vec-
tors. Then, the linear momentum and angular momentum with
which the region is interest is detected as given below.

LM = CG,[Pv] (12)
d

AM =Pv[Pi((pi,qi) - R) * —((pi4) ‘R)] .

SR = LM UAM (14)

From the above Egs. (12) and (13), optimal regions of inter-
est are detected based on the linear and angular momentum
results with respect to the Center of Gravity. Finally, seg-
mented region is obtained as given in Eq. (14). The pseudo
code representation of
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Algorithm 3 Center of gravity and angular momentum-based segmentation model

Input: Dataset ‘DS’, Sample X-ray Images ‘SI = {SI;, SI,, ..., SIy}’

Output: Optimal regions of interest

2: Begin

7: End for

8: End

1: Initialize ‘N’, semantically significant regions ‘PI’

3: For each Dataset ‘DS’ with Sample X-ray Images ‘SI’ and semantically significant regions ‘PI’
4: Evaluate Center of Gravity CG, for each pixel ‘m’ and ‘n’ as given in equations (10) and (11)
5: Measure linear momentum LM and angular momentum AM as given in equations (12) and (13)

6: Return segmented area or optimal region of interest ‘SR’

As given in the above algorithm with the objective of
improving both measure of quality and measure of quan-
tity, optimal regions of interest has to be detected. With
this objective, first, the semantically significant regions or
the preprocessed images are subjected to center of gravity
that in turn is associated to spatial pixel region and forms a
group therefore segmentation is performed with respect to
the entire image as a substitute only on the adjacent pixels.
Following which both the linear and angular momentum is
applied to each preprocessed center of gravity images for
acquiring optimal region of interest. This in turn ensures
segmented results improving qualitatively (i.e., improving
precision) and quantitatively (i.e., improving recall).

Table 2 Hyperparameters and description

Segmentation evaluation metrics

Although the different methods are proposed for segmenta-
tion performance in evaluation metrics using dice coefficient
method.

The dice coefficient is measured as ratio of overlapped
region between the segmented region and the truth region
(0 £C,. <1). This is formulated as given below.

_ 2]AnB|
% 1Al +|B|

Dice coefficient was used to quantitatively evaluate the
performance of the segmentation methods. ‘A’ is denotes
the segmented structure, ‘B’ denotes the ground truth
structure, and | * | representing the size of a binary set. The

S.no. Hyperparameters Description
1 Number of hidden layers used More than one hidden layers are used (the hidden layer from the preprocessing and segmen-
tation)
Activation function used in output layer ~ Sigmoid activation function
Batch size Batch size in our work refers to the samples from the training dataset. In our work, the batch
size is 5000 as samples are considered for simulation
4 Number of epochs The number of epochs in our work is 10
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maximum value of C,;. is 1 when the segmented region is
identical with the truth region, and the minimum value is 0
when the segmented region totally misses the truth region.

Results and discussion

We compared our DNELM-KO method to model to exist-
ing CNN Random forest K-neighbors (CRK) (Rehman
et al. 2023) and DenseNet169 (Abd El-Ghany et al. 2023)
using two different datasets to validating the results.
According to four different evaluation metrics are namely

Accuracy
Precision
Recall
Training time

Table 2 given below lists the hyperparameters and their
description employed in our proposed method.

This section illustrates the evaluation metrics that
are employed in the proposed method. The Deep Neural
Extreme Learning Machine-based Knee Osteoarthritis
(DNELM-KO) prediction method were assessed using
standard performance metrics which consists of accuracy,
precision, recall and testing time. First, that refers to the
percentage ratio of properly classified cases to the total
sample X-ray images. Thus it measures the overall perfor-
mance of the proposed method on the sample X-ray images
and is mathematically stated as given below.

TP+ TN

A =
T IPYTN+FP+FN 3

From the above formulate (15), true positive ‘TP’ refers
to sample X-ray images that are accurately classified as posi-
tive, false positive ‘FP’ denotes to how many positive sample
X-ray images that were wrongly classified as negative, false
negative ‘FN’ indicates the number of sample instances that
are incorrectly classified as positive, finally true negative ‘TN’
refers to the negative sample X-ray images that were correctly
classified as negative. Second, precision in Eq. (16) refers to
the percentage ratio of correctly predicted positive classes to
all elements that are expected to be positive as given below.

Pre= 2 (16)
TP + FP
Third, recall in Eq. (17) predicts the probability of identify-
ing all positive sample X-ray images in the dataset. Hence, it
is the percentage ratio of patients who are accurately predicted
over all relevant occurrences and is mathematically formulated
as given below.

TP

Rec = ————
TP + FN

A7)

Finally, testing time is measured on the basis of the time
consumed in performing the overall Knee Osteoarthritis pre-
diction process. This is represented as given below.

N
TT = ) SI,  Time(Pred) (18)

i=1

From the above Eq. (18), the training time ‘77T’ is meas-
ured taking into consideration the total number of sample
X-ray images ‘SI;” and the actual time consumed in preproc-
essing, segmentation and classification ‘Time(Pred)’ for the
overall Knee Osteoarthritis prediction process. It is measure
in terms of milliseconds (ms).

Assessing the performance of accuracy, precision
and recall using knee osteoarthritis dataset

with severity grading dataset and the osteoarthritis
initiative (OAIl) dataset

In this section the performance analysis of precision, recall
and accuracy using two datasets, namely, Knee Osteoarthri-
tis Dataset with Severity Grading dataset and the Osteoar-
thritis Initiative (OAI) dataset is discussed in detail. Table 2
given below show the comparison between the proposed
DNELM-KO and existing methods, CRK (Rehman et al.
2023) and DenseNet169 (Abd El-Ghany et al. 2023). The
results show that our proposed DNELM-KO method outper-
forms other state-of-the-art methods in terms of precision,
recall and accuracy.

Table 3 given above illustrates the graphical represen-
tations of precision, recall and accuracy using the pro-
posed DNELM-KO and existing methods, CRK (Rehman
et al. 2023) and DenseNet169 (Abd El-Ghany et al. 2023)

Table 3 Comparison of

: Method Using knee osteoarthritis dataset with sever- Using the OAI dataset

different state—of—the.—art ity grading dataset

methods for KOA with the

proposed DNELM-KO using Precision (%) Recall (%) Accuracy (%) Precision (%) Recall (%) Accuracy (%)

two datasets (precision, recall

and accuracy) DNELM-KO 95.81 92.85 90.94 92.5 88.88 84
CRK 93.02 88.09 85.45 87.5 84.4 76.92
DenseNet169  89.53 85.71 79.82 82.5 82.2 73.58
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Fig.5 Graphical representation of testing time

respectively. In this work two datasets were used. To ensure
fair comparison, a sample of 5000 X-ray images were
employed for all the three methods. With 5000 sample
images used for simulation, with actual diagnosis and prog-
nosis being 4300, the true positive rate using the proposed
method (i.e., Knee Osteoarthritis Dataset with Severity
Grading dataset) was found to be 4120, whereas using the
existing (Rehman et al. 2023; Abd El-Ghany et al. 2023)
was observed to be 4000 and 3850 respectively. In a similar
manner, the false positive using the proposed method was
identified to be 180 whereas 300 and 450 using (Rehman
et al. 2023; Abd El-Ghany et al. 2023) respectively. As a
result the overall precision using the three methods were
found to be 95.81%, 93.02% and 89.53% respectively. On
the other hand in case of precision, using the OAI dataset,
with actual diagnosis and prognosis being 4200, the true
positive and false positive using the proposed DNELM-
KO method was observed to be 3900 and 300, 3700 and
500 using (Rehman et al. 2023), 3600 and 600 using (Abd
El-Ghany et al. 2023), therefore the overall precision was
found to be 92.85%, 88.09% and 85.71% respectively. In a
similar manner, the recall rate using the proposed DNELM-
KO method when applied with Knee Osteoarthritis Dataset
with Severity Grading dataset was found to be 92.5%, 87.5%
(Rehman et al. 2023) and 82.5% (Abd El-Ghany et al. 2023)
respectively whereas 88.88%, 84.4% (Rehman et al. 2023)
and 82.2% (Abd El-Ghany et al. 2023) respectively when
applied with the OAI dataset. In case of accuracy, when
applied with the Knee Osteoarthritis Dataset with Severity
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Grading dataset, it was observed to be 90.94% using the
proposed method whereas 85.45% (Rehman et al. 2023) and
79.82% (Abd El-Ghany et al. 2023) respectively. From the
inferences the three performance metrics, precision, recall
and accuracy were found to be comparatively better using
DNELM-KO method upon comparison with (Rehman et al.
2023; Abd El-Ghany et al. 2023). The improvement in this
three performance metrics were due to the application of
Center of Gravity and Angular Momentum-based segmen-
tationin the second layer of extreme learning machine for
acquiring optimal regions of interest with which the actual
diagnosis and prognosis were made. By using this model
with the preprocessed sample X-ray images, measurement
of center of gravity were made. Followed by which both
the linear and angular momentum results were derived
according to its magnitude value. Also the weighted posi-
tion vectors for each image were allocated on the basis of
the magnitude value. Accordingly for each pixel measure-
ments were made and arranged into disjoint regions. As a
result, segmentation was performed for the entire image as
a substitute only on the adjacent pixels. This in turn reduced
the true negative and false negative considerably. Finally,
precision was improved using DNELM-KO method by 3%
upon comparison to Rehman et al. (2023) and 4% upon com-
parison to Abd El-Ghany et al. (2023) [6% upon comparison
to Rehman et al. (2023) and Abd El-Ghany et al. (2023)
when applied with OAI dataset] when applied with Knee
Osteoarthritis Dataset with Severity Grading dataset. In a
similar manner, recall rate was enhanced using the proposed
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DNELM-KO method by 9% upon comparison to Rehman
et al. (2023) and Abd El-Ghany et al. (2023) [5% upon com-
parison to Rehman et al. (2023) and 3% upon comparison
to Abd El-Ghany et al. (2023) when using the OAI dataset].
Finally the accuracy improvement was found to be 6% and
7% upon comparison to Rehman et al. (2023) and Abd El-
Ghany et al. (2023) (using Knee Osteoarthritis Dataset with
Severity Grading dataset), 9% and 5% upon comparison to
Rehman et al. (2023) and Abd El-Ghany et al. 2023) (using
the OAI dataset).

Assessing the performance of testing time using
two datasets

In this section the testing time involved in diagnosis and
prognosis of Knee Osteoarthritis using the two datasets Knee
Osteoarthritis Dataset with Severity Grading dataset and the
OALI dataset are discussed in detail. Table 3 given below
lists the results obtained using the proposed DNELM-KO
and existing methods (Rehman et al. 2023; Abd El-Ghany
et al. 2023).

Figure 5 given above shows graphical representation of
testing time using the proposed DNELM-KO and existing
methods, CRK (Rehman et al. 2023) and DenseNet169
(Abd El-Ghany et al. 2023) when applied with two datasets.
From the above figure, x-axis represents 5000 sample X-ray
images provided as input from two different datasets. On the
other hand, y-axis denotes the actual testing time. Here the
testing time refers to the time consumed in preprocessing,
segmentation and classification for diagnosis and prognosis.
From the above figure an increase in the testing time was
observed using all the three methods. However, the testing
time using DNELM-KO method was said to be reduced
upon comparison with (Rehman et al. 2023; Abd El-Ghany
et al. 2023) when applied with two datasets, therefore cor-
roborating the objective. The reason behind the minimiza-
tion of testing time using DNELM-KO method was due to
the application of Saliency Map Data Augmented-based Pre-
processing model in the first hidden layer of extreme learn-
ing machine. Here in the first hidden layer, data augmenta-
tion function was initially applied owing to class imbalance
occupying different grades of sample X-ray images. Next, for
data augmented resultant images, gradients were generated
with which intensity changes of pixels possessing the most
crucial influence on diagnosis and prognosis of Knee Osteo-
arthritis were then obtained. Finally, with the class balanced
data augmented resultant images and generated gradients,
saliency map results were formed to obtain semantically sig-
nificant regions. This in turn aided in minimizing the overall
testing time using DNELM-KO method by 20% compared to
Rehman et al. (2023) and 19% compared to Abd El-Ghany
et al. (2023) respectively.

Conclusion

In this paper, an efficient method called Deep Neural
Extreme Learning Machine-based Knee Osteoarthritis
(DNELM-KO) for diagnosis and prognosis knee OA severity
based on X-ray images has been proposed, which employs
Saliency Map Data Augmented-based Preprocessing model
in the first hidden layer and Center of Gravity and Angular
Momentum-based segmentation model in the second hidden
layer of the Deep Neural Extreme Learning Machine. In this
regard, two hidden layers were created forming base for deep
neural via extreme learning machine. The first hidden layer
was based on saliency map and data augmentation functions
that by employing gradients obtained semantically signifi-
cant regions for classifying and accordingly grading knee
OA severity. Through the Center of Gravity and Angular
Momentum, the proposed DNELM-KO method permits for
exploiting the potentiality of Knee Osteoarthritis to generate
diverse features from X-ray images. By incorporating these
features into sigmoid activation function, excellent clas-
sification accuracy was achieved than the previous meth-
ods. Experiments were conducted on Knee Osteoarthritis
Dataset with Severity Grading and OAI dataset to test the
performance of the proposed method. Experimental results
show that the proposed DNELM-KO method achieved high
accuracy and precision levels with minimum testing time
upon comparison to the state-of-the-art methods. To enhance
diagnostic accuracy, the future scope of this work involves
expanding the DNELM-KO approach to include additional
imaging modalities such as CT and MRI scans. Moreover,
integrating advanced deep learning techniques, such as
attention mechanisms and transfer learning, could improve
the model's performance and its ability to generalize across
diverse patient populations.

Author contributions MSY: Data Creation, Visualization, Software,
Validation, Writing-original draft preparation; GRB: Data collection,
Methodology, SKS: Conceptualization, Writing-review and editing.

Funding There was no specific grant from a funding agency in the
public, commercial, or nonprofit sectors for this research.

Data availability The dataset will be made available on request.

Declarations

Conflict of interest The authors declare that they have no conflict of
interest.

Ethical approval All authors have read, understood, and have complied

as applicable with the statement on “Ethical responsibilities of authors”
as found in the Instructions for Authors.

@ Springer



108

Proceedings of the Indian National Science Academy (2025) 91:95-108

References

Abd El-Ghany, S., Elmogy, M., Abd El-Aziz, A.A.: A fully automatic
fine tuned deep learning model for knee osteoarthritis detection
and progression analysis. Egypt. Inform. J. 24, 229-240 (2023)

Almansour, S.H.S., Singh, R., Alyami, S.M.H., Sharma, N., Reshan,
M.S.A., Gupta, S., Alyami, M.F.M., Shaikh, A.: A convolution
neural network design for knee osteoarthritis diagnosis using
X-ray images. Innov. J. Educ. 19, 1 (2023)

Alshamrani, H.A., Rashid, M., Alshamrani, S.S., Alshehri, A.H.D.:
Osteo-NeT: an automated system for predicting knee osteoarthritis
from X-ray images using transfer-learning-based neural networks
approach. Healthcare 11, 9 (2023)

Gatti, A.A., Maly, M.R.: Automatic knee cartilage and bone segmenta-
tion using multi-stage convolutional neural networks: data from
the osteoarthritis initiative. Magn. Reson. Mater. Phys. Biol. Med.
34, 859-875 (2021)

Hirvasniemi, J., Runhaar, J., van der Heijden, R.A., Zokaeinikoo, M.,
Yang, M., Li, X., Tan, J., Rajamohan, H.R., Zhou, Y., Deniz,
C.M., Caliva, F., Iriondo, C., Lee, J.J., Liu, F., Martinez, A.M.,
Namiri, N., Pedoia, V., Panfilov, E., Bayramoglu, N., Nguyen,
H.H., Nieminen, M.T., Saarakkala, S.: The KNee osteoarthritis
prediction (KNOAP2020) challenge: an image analysis challenge
to predict incident symptomatic radiographic knee osteoarthritis
from MRI and X-ray images. Osteoarth. Cart. 31, 115-125 (2022)

Khan, M.A., Kadry, S., Parwekar, P., Damasevicius, R., Mehmood,
A., Khan, J.A., Naqvi, S.R.: Human gait analysis for osteoarthri-
tis prediction: a framework of deep learning and kernel extreme
learning machine. Complex Intell. Syst. 2021, 1-19 (2021)

Kokkotis, C., Ntakolia, C., Moustakidi, S., Giakas, G., Tsaopoulos, D.:
Explainable machine learning for knee osteoarthritis diagnosis
based on a novel fuzzy feature selection methodology. Phys. Eng.
Sci. Med. 45, 219-229 (2022)

Li, W, Xiao, Z., Liu, J., Feng, J., Zhu, D, Liao, J., Wenjun, Yu., Qian,
B., Chen, X., Fang, Y., Li, S.: Deep learning-assisted knee osteo-
arthritis automatic grading on plain radiographs: the value of mul-
tiview X-ray images and prior knowledge. Quant. Imaging Med.
Surg. 13, 3587 (2023)

McCabe, P.G., Lisboa, P., Baltzopoulos, B., Olier, I.: Externally vali-
dated models for first diagnosis and risk of progression of knee
osteoarthritis. PLoS ONE 17, 0270652 (2022)

Oei, E.H.G., Runhaar, J.: Imaging of early-stage osteoarthritis: the
needs and challenges for diagnosis and classification. Skelet.
Radiol. 52, 2031-2036 (2023)

@ Springer

Prezja, F., Paloneva, J., Polonen, I., Niinimaki, E., Ayramo, S.: Deep-
Fake knee osteoarthritis X-rays from generative adversarial neural
networks deceive medical experts and offer augmentation poten-
tial to automatic classification. Sci. Rep. 12, 18573 (2022)

Rehman, A., Raza, A., Alamri, F.S., Alghofaily, B., Saba, T.: Trans-
fer learning-based smart features engineering for osteoarthritis
diagnosis from knee X-ray images. IEEE Access 2023, 1 (2023)

Sheng, Bo., Huang, L., Wang, X., Zhuang, J., Tang, L., Deng, C.,
Zhang, Y.: Identification of knee osteoarthritis based on Bayes-
ian network: pilot study. JMIR Med. Inform. 7, 13562 (2019)

Teoh, Y.X., Lai, K.W., Usman, J., Goh, S.L., Mohafez, H., Hasikin, K.,
Qian, P, Jiang, Y., Zhang, Y., Dhanalakshmi, S.: Discovering knee
osteoarthritis imaging features for diagnosis and prognosis: review
of manual 1maging grading and machine learning approaches. J.
Healthc. Eng. 2022, 4138666 (2022)

Tiulpin, A., Thevenot, J., Rahtu, E., Lehenkari, P., Saarakkala, S.:
Automatic knee osteoarthritis diagnosis from plain radiographs:
a deep learning-based approach. Sci. Rep. 8, 1727 (2018)

Wang, Y., Wang, X., Gao, T., Le, Du., Liu, W.: An automatic knee
osteoarthritis diagnosis method based on deep learning: data from
the osteoarthritis initiative. J. Healthc. Eng. 2021, 5586529 (2021)

Yeo, P.S.Q., Lai, K.W., Goh, S.L., Hasikin, K., Hum, Y.C., Tee, Y.K.,
Dhanalakshmi, S.: Emergence of deep learning in knee osteo-
arthritis diagnosis. Comput. Intell. Neurosci. 2021, 4931437
(2021b)

Yeoh, P.S.Q., Lai, K.W., Goh, S.L., Hasikin, K., Hum, Y.C., Tee, Y.K.,
Dhanalakshmi, S.: Emergence of deep learning in knee osteoar-
thritis diagnosis. Comput. Intell. Neurosci. 2021, 4931437 (2021a)

Yeoh, P.S.Q., Lai, K.W., Goh, S.L., Hasikin, K., Wu, X., Li, P.: Trans-
fer learning-assisted 3D deep learning models for knee osteoar-
thritic detection: data from the osteoarthritic initiative. Front.
Bioeng. Biotechnol. 11, 1164655 (2023)

Yoo, T.K., Kim, D.W., Choi, S.B., Oh, E., Park, J.S.: Simple scor-
ing system and artificial neural network for knee osteoarthritis
risk prediction: a cross-sectional study. PLoS ONE 11, e0148724
(2016)

Springer Nature or its licensor (e.g. a society or other partner) holds
exclusive rights to this article under a publishing agreement with the
author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of
such publishing agreement and applicable law.





<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.03333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 2250
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (sRGB IEC61966-2.1)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


		2025-04-25T12:53:32+0530
	Preflight Ticket Signature




