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Fig. 13. Banana image Training using YOLOv3-tiny-prn

Fig. 14. Banana image Training using Yolov4-tiny

Fig. 15. Banana image Training using Yolov7

Figs. 10, 11, 12, 13, 14, 15 depicts the curve graph of  the other models. However, the training process is not
the training stage results for the banana image, which  affected if the loss drops to a certain level. After a sharp
can vary depending on the CNN model. In contrast, Yo-  initial decline, the losses stabilize into a gentle curve.
loV4-tiny and YOLOV7 exhibit faster degradation than  This indicates that the model is beginning to under-
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stand the dataset and is adapting to it gradually. The
graph illustrates that the loss remains stable until the
end of the iteration, which is 18,000 iterations for all
models. This result implies that the trained model has
successfully learned the specific banana image dataset
without issues. In training result in Table 2.

Table 2. Training result of detection Banana Image
using CNN model or Yolo Methods

Model Average Loss(%) Approx time
YOLOv3-tiny-prn 0.0836 0.02 hours
YOLO-fastest 1.1 0.0052 0.02 hours

YOLOv7 0.2819 0.19 hours
DenseNet201-YOLOv3 0.0070 0.13 hours
MobilenetV2-YoloV3-Nano 0.0047 0.02 hours
Yolov4-tiny 0.0109 0.02 hours

In Table 2, the average loss of the CNN model in de-
termining performance in detecting bananas is pro-
vided. Table 2 shows that all models have an average
loss below 0.1, which is considered quite low and ac-
ceptable for experiments in detecting fruit images. The
MobilenetV2-YoloV3-Nano model has the lowest aver-
age loss of 0.0047, followed by YOLO-fastest 1.1 with
0.0052, and DenseNet201-YOLOv3 with 0.0070. When
detecting banana objects, the CNN YOLOv3-tiny-prn
model has the second highest average loss of 0.0836
with an estimated training time of 5.1 hours. The final
model tested, YOLOV7, had the highest average loss
of 0.2819 with an estimated training time of 5.2 hours.
However, the difference in training time between the
two models is only 0.1 hour. A solely based on the aver-
age loss value. An overview of the training configura-
tion can be seen in Table 3.

Table 3. Configuration information parameter’s

CNN Model Name  Batch Subdivision MaxBatch Classes

Densent201-YoloV3 28 24 18000 9
Mobilen:;\;i—YoloVS- 3 24 18000 9
Yolo-Fastest 1.1 32 24 18000 9
Yolo3-tiny-pm 32 24 18000 9
Yolov4-tiny 32 24 18000 9
Yolov7 32 24 18000 9

In Table 3 describes the configuration information
from the processing results in detecting banana imag-
es. In general, this process describes the batch starting
from 32 to a maximum of 18,000 to recognize 9 classes
of banana images in each CNN model.

B. Simulation and Results

Before testing the weights trained on the system, the
banana object needs to import the necessary support-
ing files. This file includes training labels for banana
images, image positions, model configurations, and a
.data file called trainer. Data. The trainer. data file is nec-
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essary to run the banana data testing process using the
OpenCV library for inference. Once the supporting files
are imported, the self-service of accuracy and banana
image class detection will automatically be initiated.
Then, an experiment of banana image object detection
ensures the processed the trained object detection
works properly. An overview detect banana fruit class
objects in the banana dataset can be seen in Fig. 16.

Fig.16. Banana fruit image class object detection
simulation on Banana fruit dataset

Fig. 16 showcases the system's capability to accurate-
ly detect multiple classes of bananas in banana videos,
while maintaining acceptable performance and excel-
lent response times. However, achieving real-time ba-
nana object detection requires the implementation of
appropriate methods and concepts to ensure seamless
processing between frames and accurate interactions
within the boundary box.

This approach reduces the processing load, which
can potentially increase processing time. The results of
the bounding box correctness calculation are shown in

Fig. 17.
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Fig.17. Banana image of average precesion after
optimization CNN Model Comparison

Fig.17 shows the average precision results for ba-
nana image detection for 9 classes using 6 CNN mod-
els. Based on the experiments carried out, the Yolov 7
model was able to detect all banana classes very well
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with an average precision of 98%, followed by Yolo v4 -
tiny that delivers an average accuracy of 89%. Based on
experiment this model only the banana Tanduk class
has a detection precision of less than 78%. Another
model whose precision is quite good is Pisang Rjbulu
43% only. the Yolo v3-tiny-pm whose precision reaches
70.5%, while there is 1 class of bananas whose preci-
sion is low namely Rjbulu.

The results of this experiment can be used as a guide for
further research. The mean of Procession (mAP) and time
processing for each Banana object is shown in Fig. 18.

Combined Model Inference Time Graph
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Fig. 18. Combined inference time model graph
before and after optimization

Fig. 18 illustrates the inference time of 6 CNN models
in relation to their mAP@0.50 percentage or their accu-
racy in detecting the banana class. Inference time mea-
sures the processing time between capturing an image
and obtaining the detection results in the form of pre-
dictions. Based on this figure, the CNN model exhibits
an additional 1% accuracy with approximately half the
original inference time. In Banana object detection in-
formed the average inference time significantly higher
than the average accuracy of the images predicted by
the system. For example, the YOLOv7 model achieves
100% accuracy, but its inference time is less than 50%.

Instead, the model's inference time is over 100%,
reaching 110 ms. Other models, such as YOLOv4-Tiny,
demonstrate results above 90%. The YOLOv4-Tiny mod-
el achieves an accuracy of 92.2%, while its inference
time exceeds 50%, reaching 14.2 ms. The YOLO-fastest
1.1 model exhibits an average accuracy of 80.3%, but
its inference time is also above 50%, reaching 8.2 ms.
MobileNetV2-YOLOv3-Nano and YOLOv3-Tiny have
inference times of 9-10 ms and average accuracies of
78% and 80%, respectively. DenseNet201-YOLOv3 pos-
sesses the highest inference time at 90.8 ms but also
has the lowest mAP@0.50 percentage at 72.3%. Con-
versely, YOLO-fastest 1.1 exhibits a low inference time
(8.2 ms) while maintaining good compatibility (80.3%
mAP@0.50). The results are shown in Fig. 19.

Fig. 19 presents an experiment conducted using a Ba-
nana dataset to detect nine object classes. The experi-
ment reveals that the CNN Yolo4-Tiny model achieves
the highest accuracy, with precision, recall, and F1 Score
reaching 84%. The YOLOv7 model follows closely behind
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with an average accuracy of 80%. On the other hand, the
YOLOv3-Tiny-prn and Yolov4-Tiny models exhibit the
lowest accuracy, with an average value of 53-54%. The
minimum average accuracy exceeds 50%, indicating
that this approach has performed well and can detect
objects almost perfectly. To illustrate the combined aver-
age Precision for every CNN model can be in Fig. 20.
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Fig. 19. The information of Precisions, recall, F1-score,
average loU and mAP@0.50 of each model CNN
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Fig. 20. Banana Image object detection
performance using confusion matric

Fig. 20 presents the Yolov4-tiny can recognize more ba-
nana images than other models, specifically 413 images,
which have true positive. However, there are 61 Banana
images that are falsely identified as negative. The Yolov7
model recognizes 396 Banana images as true positive, but
there are 78 images that are falsely identified as negative,
which is more than the previous model. Another model
that recognizes a significant number of banana images
is MobileNetV2-Yolov3-Nano, with 342 images identified
correctly. However, there are 132 images that cannot be
recognized or are falsely identified as negative. On the
other hand, the Yolo-fastest-1.1 model can recognize 295
banana images, but it fails to identify 179 images. this fig-
ure can effectively recognize banana images, with a total
of 400 images recognized accurately.

In this figure, it can be concluded that only two
models, yolov4-tiny and yolov7, effectively recognize
banana images. In the next following tables are the ac-
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curacy results for detecting each class of banana using
each CNN model.
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Fig. 21. Accuracy results in detecting banana
images using the Yolov4- tiny model

Fig. 21 presents comparison of accuracy results for
each Banana Class Detected Using the YOLOvV4-Tiny
Model Based on the experimental results obtained us-
ing the YOLOv4-tiny model, the highest accuracy was
achieved for the Ambon, Barangan, Kepok, and Emas
banana classes, with 100% accuracy. The Rjsereh ba-
nana class followed with an accuracy of 98%, while Uli
and Rjbulu achieved accuracies of 96% and 94%, re-
spectively. Additionally, the model demonstrates good
performance in recognizing other banana classes.

Fig. 22. Accuracy results in detecting banana
images using the Yolov3- tiny-prn model

Fig. 22 shows a comparison of the accuracy results
for each class of banana objects detected using the
yolov3-tiny-prn model. Based on the results of experi-
ments using this model, the highest accuracy results
were found in the Ambon banana classes only, namely
100%. But the others have accuracy lest than 80% such
as Uli, Emas, Rjsereh and Tanduk Banana Class. All the
class banana has accuracy used this model less than
80% but more than 70%. However, based on the ex-
periment this model has a good enough to detect and
recognize the 9 class of Banana.

Fig. 23 presents comparison of the accuracy results
for each class of banana objects detected using the
YOLO-fastest-1.1model. Based on the results of experi-
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ments using this model, the highest accuracy results
were found in the Ambon, Barangan, Cavendish Kepok,
Emas, Tanduk classes is more than 80%. followed by the
RjSereh banana class with an accuracy of less than 70%
and Rjbulu less than 50%. . Based on this image, the ac-
curacy produced by this model can detect several classes
of bananas perfectly. However, for other banana classes,
it is also good at recognizing the detected banana class.
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Fig. 23. Accuracy results in detecting banana
images using the Yolov4- fastest — 1.1 model
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Fig. 24. Accuracy results in detecting banana
images using the mobilenetV2-yolov3-nano

Fig. 24 presents comparison of the accuracy results
for each class of banana objects detected using the yo-
lov3-nano model. Based on the results of experiments
using this model, the highest accuracy results were
found in the Ambon, Cavendish, Rjbulu and Tanduk
banana classes, namely 90% or more, followed by the
Barangan, Kepok banana class with an accuracy of less
than 90%. But Uli and Emas have accuracy at 78% and
63%. Based on this experiment, the accuracy produced
lower than 90%. However, from other banana classes, it
is also good at recognizing the detected banana class.

Fig. 25 presents a comparison of the accuracy results
for each class of banana objects detected using the
YOLO-Fastest-1.1 model. Based on the experimental
results, the Ambon class achieved the highest accuracy
of 90%, followed by the Barangan, Cavendish, Kepok,
and Tanduk classes with accuracies above 80%. How-
ever, the Uli and Rjsereh classes had accuracies below
80%, at 73% and 68%, respectively. The Rjbulu class
had the lowest accuracy of 48%. These results suggest
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that the YOLO-Fastest-1.1 model can effectively detect

several banana classes.
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Fig. 25. Accuracy results in detecting banana
images using the Yolo-fastest- 1.1
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Fig. 26. Accuracy results in detecting banana
images using the Yolov7

Fig. 26 presents a comparison of the accuracy results
for each class of banana objects detected using the
yolov4-tiny model. Based on the results of experiments
using this model, the highest accuracy results were
found in the Ambon, Barangan, Kepok, and Emas ba-
nana classes, namely 100%, followed by the Rjsereh ba-
nana class with an accuracy of 98%, Pisang Uli at 96%,
and Raja Uli at 94%. Based on this figure can be seen
that the accuracy produced by this model can detect
several classes of bananas perfectly.

5. EVALUATION

In the experiment conducted to detect banana fruit
classes, six CNN models were used. These models had
been tested in object detection technology but had
not been previously tested on the banana fruit data-
set. While most of the CNN models used can detect
the Ambon banana class with an average accuracy of
over 90%, the average accuracy for Kepok, Barangan,
and Emas bananas reaches over 80%. The experiments
revealed significant variations in the number of detec-
tions for each banana class across the different CNN
models. One of the challenges encountered is the issue
of camera movement and the size of the objects being
detected. These factors make it challenging for the sys-
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tem to accurately track the targeted objects. Despite
these challenges, the number of objects detected can
serve as an indicator of the model's performance.

6. CONCLUSION

1. Based on the experimental results on the banana
dataset, there are 2 CNN models that have optimal
accuracy. The YOLOv4-Tiny model produces an
mMAP@50 performance percentage of 92%, an av-
erage precision of 88%, while recall and F1 Score
reach 86% and 84%. Meanwhile, the YOLOv7 mod-
el produces an mAP@50 performance percentage
of 10%, while precision, recall and F1 Score pro-
duce the same performance of 84%. However, the
two models have different Intersection over Union
(loV) accuracy, where YOLOV7 is greater at 77%
compared to YOLOv4-Tiny at 71%.

2. Furthermore, the YOLOv4 Tiny model has the best
potential when using the Banana fruit dataset be-
cause of its low inference time, only 13 ms, and
a high mAP@0.50 accuracy percentage, namely
90.2%. The YOLOvV7 model has an inference time of
96 ms and mAP@0.50 accuracy percentage reach-
ing 100%.

3. Based on the low inference time of 12 MS and high
accuracy reaching 90%, YOLOv4-Tiny has the po-
tential to be the best option to be applied in the
case of real-time banana object detection using
video streams of various bananas on processor de-
vices with power limitations. Another option is to
use YOLOV7 because of its high accuracy capability
reaching 100%, but the inference time is also very
high, reaching 110 ms. However, due to its high in-
ference time, it is only recommended when using
high-power devices.

4. In further research recommended to using more
complex and clearer datasets and better object
tracking systems. These improvements have the
potential to enhance the performance of real-time
object detection systems.
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Abstract - This study presents a new method to improve the detection ability of a convolutional neural network (CNN) in pneumonia
detection using chest X-ray images. Using Gray-Level Co-occurrence Matrix (GLCM) analysis, additional channels are added to the
original image data provided by Guangzhou Children's Hospital in Guangzhou, China. The main goal is to design a lightweight, fully
convolution network and increase its available information using GLCM. Performance analysis is performed on the new CNN model
and GLCM-enhanced CNN model, and results are compared with Transfer Learning approaches. Various evaluation metrics, including
accuracy, precision, recall, F1 score, and AUC-ROG, are used to evaluate the improved analysis performance of CNN. The results showed
a significant increase in the ability of the model to detect pneumonia, with an accuracy of 99.57%. In addition, the study evaluates the

descriptive properties of the CNN model by analyzing its decision process using Grad-CAM.
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1. INTRODUCTION

Pneumonia is a leading cause of infant death glob-
ally. Hence, a precise diagnosis is essential for success-
ful treatment. The current standard of care for diagnos-
ing pneumonia consists of imaging techniques and
physical examination, with chest X-rays and computed
tomography (CT) scans being the most common imag-
ing procedures. Radiologists are tasked with interpret-
ing these images, using their training to spot signs of
pneumonia and inform further decisions about patient
care. However, radiologists' views of this procedure
vary, making it subjective. Furthermore, there are dis-
advantages to relying solely on human interpretation,
and the healthcare system faces difficulties due to the
growing need for diagnostic imaging. More objective,
scalable, and practical techniques for pneumonia de-
tection are required because of the limitations associ-
ated with subjectivity, human factors, and technologi-
cal limits [1].

Volume 15, Number 4, 2024

Convolutional Neural Networks (CNNs) are a power-
ful method of deep learning techniques that can iden-
tify complex patterns in images [2-4]. A typical CNN
has many layers of artificial neurons, frequently with
different kinds of layers for various purposes. They are
extensively used in the medical imaging diagnosis and
classification of a wide range of diseases, from brain tu-
mors to skin lesions and, more recently, respiratory ill-
nesses, including pneumonia. Even with their efficacy,
there are still many obstacles to overcome. One major
obstacle is the large amount of computational power
required to train reliable CNN models. Large-scale da-
tasets or complex models may require complex and
time-consuming training methods, which call for so-
phisticated systems that aren't always readily available.

Models for transfer learning, like VGGNet, AlexNet,
MobileNet, and ResNet, have been widely used for
various applications, including the classification of
medical images. Although these models have shown
to be successful, their original architectures were in-
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tended for multiclass classification on datasets such
as Imagenet, which has more than 100 classes. These
models are considered excessive for applications such
as pneumonia detection, where input images are fre-
quently grayscale with a single channel, and there are
just two classification classes. Their larger number of
channels and intricate network architecture also lead
to bulkier model sizes, which require significant pro-
cessing power. As a result, there is an increasing need
for low-complexity, lightweight models, especially for
resource-constrained setups. This paper explores a
novel strategy for creating a lightweight X-ray image
classification model that uses point-wise convolution
and max-pooling to achieve progressive dimension
reduction and channel count reduction. This research
also examines the combination of the Gray-Level Co-
occurrence Matrix (GLCM) to improve the detection
power of CNN models. By incorporating additional data
channels from the GLCM into the original image.

The main idea of this work is to show that a small and
robust CNN model may produce predictions that are
comparable to or better than those produced by cur-
rent techniques, even though it is much smaller in size.
Additionally, adding texture feature information from
images can further improve this performance.

The key contributions of this manuscript include:

«  Creation of a lightweight fully convolutional CNN
model for pneumonia classification

«  Performing necessary preprocessing on the Xray
images

Extracting GLCM-based channels from the given
images and appending them to original images for
the classification task

Experimentation with channel dimensions and
counts while keeping crucial spatial information
for precise predictions

Comparison of the proposed model's classification
performance to transfer learning models (trained
on the same dataset), such as VGG and ResNet

The sections that follow are arranged as follows: The
findings of the literature review are shown in Section
2. In Section 3, the dataset used and methods are de-
scribed in detail. The results are shown and discussed in
Section 4. The manuscript is concluded in Section 6, af-
ter Section 5 examines potential future developments.

2. LITERATURE REVIEW

Souid et al. [5] used a modified MobileNet V2 model
to make predictions from radiographic images. They
applied transfer learning and metadata integration,
extracting data from the NIH Chest-Xray-14 database.
The performance of their method is evaluated using
the AUC statistic, giving an average AUC of 0.558 and
achieving an accuracy of more than 90%.

370

In their study, Oh et al. [6] introduced a deep neural
network model based on patch-based analysis. They
trained the model on a small data set and based their
decisions on broad observations from random lung
patches. In addition, they introduced the Grad-CAM sa-
liency map for detailed information.

Khan et al. [7] developed a CoroNet model using the
Xception architecture to train it on a dataset containing
X-ray images of COVID-19 and pneumonia. Their model
achieved an accuracy of 89.6% and a precision and re-
call rate of 90% and 89.9%, respectively, for COVID-19.

Ozturk et al. [7] proposed a new model in their study
to improve the diagnosis of COVID-19. This model
achieved a good accuracy of 87% in two variable clas-
sifications.

Wijaya et al. [8] used K-Nearest Neighbor and Gray
Level Co-Occurrence methods, achieving the highest
accuracy of 66.20% for K=5.

Polsinelli et al. [9] designed a lightweight CNN based
on SqueezeNet, which correctly detected COVID-19 in
CT chest scans with 85.03% accuracy,

Joshi et al. [10] conducted a study where a CNN mod-
el called LiMS-Net was proposed to solve the problem
of overfitting in training samples and the detection of
COVID-19 by CT scans. With 2.53 million parameters,
the model outperformed the transfer learning ap-
proaches and achieved 92.11% accuracy and 92.59%
F1 score, demonstrating its effectiveness even with
small CT data.

Several other studies [11-13] were also performed to
identify pneumonia using machine learning and X-ray
images of the chest, thus reinforcing the critical role of
machine learning and deep learning in automatic de-
tection.

3. MATERIALS AND METHODS

This study uses X-ray images showing different pneu-
monia patterns as the dataset to build and validate our
model. We designed a simple CNN model to handle the
complexity of pneumonia diagnosis, carefully consid-
ering the balance between model complexity and di-
agnosis accuracy within the limits of a real clinical set-
ting. Our dataset is divided into training, validation, and
testing sections to evaluate the model's performance.
In addition to creating and evaluating the model, we
use Grad-CAM visualization to see the areas in the im-
age that contribute more to pneumonia classification.

The proposed framework and workflow are shown
in Fig. 1. The first step in the process is loading the im-
ages, which are then resized to 224 by 224 pixels and
normalized. These images are then processed using
a feature extractor to extract different texture-based
GLCM feature channels. After that, the extracted chan-
nels are added back to the original image. Now that
this enhanced image has 1+9 channels, we train our
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lightweight CNN model. A loss computation is done,
and the network weights are modified following the
resultant computed loss.

3.1. DATASET

The dataset used for this study consisted of chest X-ray
images of two kinds: one representing pneumonia and
the other showing normal conditions. These radiograph-
ic images were provided by Guangzhou Children's Hos-
pital, China [14]. The dataset is publically available and
can be accessed using this link: https://data.mendeley.
com/datasets/rscbjbr9sj/3. A pneumonia case includes
images that show different levels and degrees of the
disease, while a normal case includes images without
any signs of pneumonia. This diverse dataset serves as a
reliable basis for developing and evaluating our simple
CNN model for diagnosing pneumonia. The image has
different dimensions in the study, although the majority
is 255 x 255 pixels with a depth of 24 bits, and the images
are in PNG format.

Table 1. Train and test split for dataset

Class label Training Testing
Normal 1340 3874
Pneumonia 224 241

3.2. PREPROCESSING

In the study, all images were processed by resizing
them to a size of 224 x 224 pixels. The main goals of re-
sizing were to enhance model performance and com-
putational efficiency. First, resizing ensures consistency
in the data provided to the network by helping to stan-
dardize input dimensions throughout the dataset. This
uniformity is essential for the CNN to efficiently learn
and generalize patterns. Additionally, resizing lessens
the computational effort. This is particularly useful
when training big models on hardware that is con-
strained. Apart from this, resizing also allows effective
comparison of results.

Next, we normalize the pixel values in the image;
Normalizing improves the training stability and con-
vergence of the model. Normalizing guarantees that
features in various channels are on a similar scale and
helps reduce pixel intensity variances. By avoiding prob-
lems like vanishing or exploding gradients. Additionally,
it strengthens the network's resistance to variations in
lighting and enhances its capacity to recognize patterns
in various images. The calculation of normalized pixel
values is performed using the formula [15]:

normalized_value(z) = (pixel_value(x) -
average_value(u)) / standard_deviation(o)

3.2.1. Gray-Level Co-occurrence Matrix (GLCM)
Apart from resizing the images, we also apply the
GLCM method to extract and create nine additional

channels, including Mean, Standard Deviation, Con-
trast, Dissimilarity, Homogeneity, Angular Second Mo-
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ment, Energy, Maximum, and Entropy values. These
additional channels are appended back to the original
image (refer to Fig. 2), and the image is then converted
into a tensor object for model training.

Gray-Level-Co-occurrence Matrix is an image texture
analysis technique commonly used in image process-
ing and computer vision. It defines the spatial relation-
ship between pixel intensity values in a digital image.
A GLCM is constructed by counting the occurrences of
two pixels with strong values at different distances and
directions in the image.

3.3. DEEP NEURAL NETWORK CLASSIFIER

The proposed CNN model is suitable for pneumo-
nia classification, distinguishing between normal and
pneumonia conditions. Its purpose is to diagnose
pneumonia in patients by analyzing chest x-ray im-
ages. The following sections will provide a detailed de-
scription of this CNN model and go into the details of
its development and analysis of its results.

3.3.1. Components of Model

The proposed CNN model is designed to classify
pneumonia, with the primary goal of distinguishing
between normal and pneumonia-related conditions
from chest X-ray images. This model uses layers with
filters of different sizes (kernels), such as 3x3 or 5x5, to
extract essential features from the input image. These
filters combine, creating feature maps representing
different parts of the original image [16]. Batch Nor-
malization is used after every layer. It involves normal-
izing the intermediate feature maps within a batch of
training samples to have zero mean and unit variance.
By applying BatchNorm, the network becomes less
sensitive to variations in the distribution of inputs,
leading to improved training stability and faster con-
vergence [17].

We can define the normalization formula of Batch
Norm as:

Zn:(Z—mZ

s, ) (2)
where m_and s, represent the mean and standard
deviation

Non-linearity is introduced by using an activation
function, namely ELU, which is given by the following
formula [18]:

fx) ={xifx>0and-a * (exp(-x) - 1), if x < 0} (3)

In addition, the model uses a reduction method,
namely Max pooling, to reduce space dimensions
while maintaining essential features. It divides the fea-
ture map into non-overlapping areas and selects the
maximum value in each area, preserving the essential
features and removing the less important details. Glob-
al Average Pooling (GAP) is used at the end to reduce
an entire channel to one value.
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Finally, during training, the model uses Softmax acti-
vation and negative log loss as a function to transform
the existing values into a probability distribution with
a wrong prediction penalty, thus making predictions
more accurate [19].

3.3.2. Architecture of the Proposed Model

The proposed CNN model comprises convolutional
layers, pooling layers, and GAP layers. The PyTorch li-
brary is used to design the model in Python. This model
follows the process of compression and expansion to
add channels and consists of two types of blocks: con-
volutional and transition blocks.

In convolutional block, the input or feature maps
are convolved over by a 3x3 filter with a stride of 1 and
padding of 0, the number of channels in the filter pro-
gressively increases twice (e.g., 16,32,64), and then the
transition block is applied to bring the channels back
to the starting value (e.g., 16). In the study, we have
trained the same CNN model twice, once with the origi-
nal image of 3 channels and again with GLCM images
of 349 channels. Thus, the number of input channels
varies for both cases.

In a convolutional block, we have used a 3x3 kernel
to create feature maps of channel sizes 16, 32, and 64;
after every convolution, a batch normalization and ELU
are added. Once the model reaches 64 channels, the
dimension of the feature map is reduced by using max-
pooling. Additionally, the size of the channels is also
reduced using point-wise convolution.

This transition block can be understood with the
help of Fig. 3. Suppose we have an input of Channels (C)
x Width (W) x Height (H). On this input, we apply max-
pooling, which reduces the dimension of the image by
afactor of r (generally 2). Thus, the resulting output will
become C x W/r x H/r. Note that the number of chan-
nels are still the same, just the dimensions of the image
are reduced. Next, we use point-wise convolution to
reduce the number of channels.

This is done by using a filter of € x 1 x 1. Now, this fil-
ter can be used multiple times depending on the chan-
nels we need as output. Thus, the output after every
transition block will become C/p x W/rx H/r where ris
the reduction factor for dimension and p is the reduc-
tion factor for a number of channels.

This transition prepares the model for another cycle
of increasing channels using a convolutional block. This
cycleis repeated four times until the image size is down
to 11x11 with 16 channels. After this, we convolve us-
ing 3x3 filters twice with channel size increasing to 32
and 64, and then Global Average Pooling is applied,
which gives an output of 64x1x1. We apply point-wise
convolution to reduce this to 2x1x1, our final output
before softmax.

The step-by-step operation is shown in the model
summary table below.
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Table 2. Model Summary

Layer Kernel Size Input Shape  Output Shape
Input = = [3,224, 224]
Conv2d 3x3 [3,224, 224] [16,222,222]
Conv2d 3x3 [16,222,222] [32, 220, 220]
Conv2d 3x3 [32, 220, 220] [64,218,218]
MaxPool2d 2x2 [64,218,218] [64, 109, 109]
Conv2d 1x1 [64, 109, 109] [16, 109, 109]
Conv2d 3x3 [16, 109, 109] [32,107,107]
Conv2d 3x3 [32,107,107] [64, 105, 105]
MaxPool2d 2x2 [64, 105, 105] [64,52,52]
Conv2d 1x1 [64,52,52] [16,52,52]
Conv2d 3x3 [16,52,52] [32, 50, 50]
Conv2d 3x3 [32, 50, 50] [64, 48, 48]
MaxPool2d 2x2 [64, 48, 48] [64, 24, 24]
Conv2d 1x1 [64, 24, 24] [16, 24, 24]
Co;a"ji r(,\gl)'th 33 (16,24, 24] 32,24, 24]
Conv2d 3x3 [32, 24, 24] [64,22,22]
MaxPool2d 2x2 [64,22,22] [64,11,11]
Conv2d 1x1 [64,11,11] [16,11,11]
Conv2d 3x3 [16,11,11] [32,7,7]
Conv2d 3x3 [32,7,7] [64, 5, 5]
AvgPool2d 5x5 [64, 5, 5] [64,1,1]
Conv2d 1x1 [64,1,1] [2,1,1]

3.4. MODEL TRAINING AND TESTING

For training and testing, the dataset is divided into
two parts: training and testing data. During the train-
ing phase, the CNN model is trained using the training
data. Stochastic Gradient Descent has been used as an
optimizer which updates the model parameters to min-
imize the loss function. The learning rate is set to 0.01,
allowing the optimizer to control the step size during
parameter updates. In addition, a momentum value of
0.9 is specified, which helps speed up the convergence
during training. The epochs and batch size are set to 25
and 32, respectively. The model is trained by feeding
batches through the network, calculating losses, and
fitting gradients to improve model parameters. This
process continues until all the epochs are over. Finally,
the trained model is evaluated using test data.

Table 3. Training Hyperparameters

Hyperparameter Value
Optimizer SGD
Learning Rate 0.01
Momentum 0.9
Epochs 20
Batch Size 32

3.5. EXPERIMENTAL SETUP

In this study we have performed all the experiments
on a machine with an NVIDIA GeForce GTX 1050 Ti GPU,
24 GB of RAM, and an Intel Core i5 8th Gen processor.
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All the scripts were written and executed using Python  son, we have chosen to use the total number of trainable
3.9.16 and the major libraries include PyTorch 2.0.0  parameters in the model. Smaller parameter counts lead
with CUDA 11.8, and torchvision 0.15.1. to faster training, especially when using transfer learning

Itisimportant to emphasize thata model's trainingtime  on a range of machines, as the number of parameters is
depends on the system specification hence for compari-  directly proportional to the training time.
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4. RESULTS AND DISCUSSIONS

Results from the proposed models are reported and
discussed in this section and a comparative analysis is
presented, highlighting the differences between our
proposed models and existing models. Shown next
in Table 3 and Table 4 we can see the training and test
evaluation for both the CNN model.

Table 3. Training evaluation for CNN and GLCM

CNN models
Model Accuracy Precision Recall F1
GLCM CNN 0.999 0.999 0.999 0.999
Base CNN 0.999 0.999 0.999 0.99

Table 4. Test evaluation for CNN and GLCM CNN

models
Model Accuracy Precision Recall F1
GLCM CNN 0.9784 0.9785 0.9784 0.978
Base CNN 0.974 0.974 0.974 0.974

Based on the tables presented above, the GLCM-
based CNN model performs slightly better than the
base CNN model. Throughout the training process for
both models, we consistently monitored accuracy for
each epoch to ensure no over fitting. The results for the
same can be seen below in Fig. 4 and Fig. 5.

Train and Test Accuracy

100 4
98 A
> 96 1
o
=
S %1
2
R
90 4 — Train Accuracy
— Test Accuracy
0 5 10 15 20 25
Epoch

Fig. 4. Train and test accuracy for GLCM-based CNN
model

Train and Test Accuracy

88 —— Train Accuracy
86 - — Test Accuracy
0 5 10 15 20 25

Epoch

Fig. 5. Train and test accuracy
for base CNN model
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It can be seen in the above image that fluctuations in
test accuracy is lot lesser in GLCM CNN model in com-
parison.

Below is the comparison of test results of both the
models with transfer learning approaches. The size of
the models is also shown (K denotes 1000, and M de-
notes 100000).

Table 5. Comparison with transfer learning

approaches

Model Accuracy Precision Recall F1 Size

GLCM CNN 0.9784 0.9785 0.9784 0.978 129K

Base CNN 0.974 0.974 0974 0974 129K
MobileNet V2 0.96 0.96 0.96 0.96 2226 M
Resnet34 0.95 0.95 0.95 0.95 21.28M
AlexNet 0.97 0.97 0.97 0.97 57.01M
VGG-16 0.97 0.97 0.97 0.97 13426 M

It can be seen from the table above that the pro-
posed models perform better than transfer learning
approaches, although there is a huge difference in
model size. Hence, it can be concluded that the pro-
posed models are more compact and comparable in
diagnostic capabilities.
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Fig. 7. Size comparison of different models

Fig. 8 shows a heat map generated using the Gra-
dient-weighted Class Activation Mapping (GradCAM)
technique, which is applied to predict pneumonia in a
given input image. These heat maps serve as a critical
medium, providing vital information about some re-
gions of the input image that are critical to influencing
the predictions of our Deep-learning model. By iden-
tifying these essential areas of the input image, Grad-
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CAM allows decision-makers to better understand how
the model approaches its predictions.

Fig. 8. GradCAM output

In Table 4, we assess the performance of our pro-
posed model using the test dataset and compare it to
previous studies. We have only shown the studies that
have used the same dataset. It can be seen from the
table below that the GLCM CNN model performs bet-
ter in terms of all the evaluation metrics compared to
work done by Moujahid et al. [20] and Zhang et al. [21].
Study conducted by Singh et al. [22] and Srivastav et al.
[23] did not report all the metric however our model
still shows better Accuracy and F1 Score.

Table 4. Model comparison

Accuracy Precision Recall F1Score
GLCM CNN Model 0.9784 0.9785 0.9784 0.978
Moujahid et al. [20] 0.9681 0.91 0.97 0.94
Zhang et al. [21] 0.9607 0.9441 0.9082 0.9258
Singh et al. [22] 0.9375 0.9405
Srivastav et al. [23] 0.945

In summary, better model performance scores and
less test accuracy fluctuations show that the GLCM-
based CNN model performs marginally better in pneu-
monia identification than the base CNN model. Fur-
thermore, the proposed models perform better than
transfer learning strategies, demonstrating their ef-
fectiveness and diagnostic potential. Notably, even if
the GLCM-based CNN produces better results, the base
CNN might make sense when resources are limited be-
cause of its comparable performance.

5. LIMITATIONS AND FUTURE SCOPE

Although the current GLCM-based CNN model gives
better accuracy than the base CNN model. The prepro-
cessing and Model training time for the GLCM-based
CNN model is huge. Further work is required to reduce
time and make the process more efficient. It is suggest-
ed to adapt our base CNN model if the decision time re-
quired is less. Additionally, while the current approach
only uses the GLCM method, further improvement of
performance is possible by incorporating different tex-
ture-based features.
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6. CONCLUSION

Our research has led to the creation of a novel model
for pneumonia detection. We have developed a simple,
Fully Convolutional Neural Network (CNN) algorithm
that handles the difficult task of detecting pneumonia.
The CNN model showed exceptional performance in
pneumonia detection. The evaluation metrics dem-
onstrated the model's ability to distinguish between
pneumonia and non-pneumonia. The CNN model
based on the Gray-Level Co-occurrence Matrix (GLCM)
performed the best, achieving training and testing ac-
curacy of 99.99% and 97%, respectively. Although the
base CNN model achieved less accuracy, it significantly
takes less time to train and predict. From a broader
point of view, this study not only shows an advanced
approach but also a bright future for Al-based health-
care. Although we focused on pneumonia, the models
and principles applied in this research have great po-
tential to address similar challenges in healthcare.
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Abstract - Parkinson’s disease (PD) is one of the reformed brain syndromes that results in unintended stiffness and difficulty with
balance and dexterity. To detect PD in medical scenery, physicians commonly use experimental indicators like motorized and non-motor
symptoms and the severity rating depends on the unified PD Rating Scale (UPDRS). However, these medical assessments highly rely
on expertized clinicians and lead to inter-variability discrepancies. Nowadays, gait sensor data assists doctors in diagnosing PD and
estimates the severity level of gait abnormalities in patients. However, the gait sensor data increases the dimensionality issues and is
subjected to high non-linear complexity. Hence, this study suggests an innovative deep learning (DL) technique for accurate PD analysis
using gait patterns. Initially, the gait sensor data is preprocessed by performing data cleaning, and decimal scaling normalization (DS-
Norm) to enhance the data quality. The Hoehn and Yahr (H&Y) scale is a commonly used rating scale for measuring the progression of
Parkinson's disease symptoms. It's typically used to assess motor symptoms like tremors, rigidity, and bradykinesia. The scale ranges
from 0 to 5, with higher numbers indicating more severe symptoms and disability. The preprocessed data are then fed into the proposed
Duo spatiotemporal convoluted kernel boosted ResNet (DSCK-RNet) model for classifying the PD severity rating by learning the gait
spatiotemporal features. The developed method is processed and scrutinized via the Python platform and a publicly available Physio-
Net dataset is utilized for the simulation process. Various assessment measures like accuracy, precision, sensitivity, specificity, PPV, FPR,
and MCC are examined and compared with traditional studies. In the experimental section, the developed DSCK-RNet model achieved
an accuracy of 100%, 99.6%, 99%, and 99.64% for different classes like healthy, severity-2, severity-2.5, and severity-3 respectively.
Compared to the conventional techniques, our suggested approach performs better. The experimental findings demonstrate the clinical
significance of the suggested approach for the impartial evaluation of gait motor impairment in PD patients.

Keywords: Parkinson’s disease classification, severity estimation, Hoehn and Yahr scale, gait patterns, decimal scaling normalization,

spatiotemporal features, Duo Spatiotemporal Convoluted Kernel Boosted ResNet model
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1. INTRODUCTION in movement, uncontrolled shaking, problems with
balance, etc. These kinds of problems are termed mo-
tor symptoms that can be easily identified [3]. The PD
can also produce some non-motor symptoms that can
be determined using gait patterns effectively. The inte-
gration of force-sensitive devices and machine learning

algorithms for gait analysis holds promise for improv-

PD (Parkinson’s disease) is a distressing condition
that causes serious illness to both non-motorized and
motorized functions of the human body [1]. The insuf-
ficient nerve cells in the brain result in the production
of a chemical named dopamine, which is the main rea-
son behind PD illness [2]. Dopamine assists in sending

messages for controlling coordination and movement.
However, the shortage of dopamine leads to slowness
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ing the early diagnosis and management of neurode-
generative diseases [4]. The most common traditional
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techniques like high-speed cameras are utilized for
analyzing the gait patterns that measure the pressure
sensors and motion trails to obtain leg movements and
muscle activities.

However, neuroimaging techniques are cost-effec-
tive in capturing motion illuminations and other force
estimations [5]. Hence, the gait analysis via placing sen-
sors on the human foot becomes an integral role in an-
alyzing leg movements which is a highly accurate and
affordable technique [6]. Also, the spatiotemporal (ST)
features provide the quantitative measure of stroke,
pace length, and strike time that can manipulate the
motor deficiencies and predict the PD severity level
with minimal complexities [7]. Therefore, determining
the gait patterns not only identifies PD but also analy-
ses the severity level of PD effectively. Despite this, the
gait analysis based on sensor data faces numerous
challenges such as increased data dimensionality and
non-linear correlations among the spatiotemporal fea-
tures [8]. To overcome this issue, highly effective data
processing methods are required to assist physicians in
detecting PD accurately.

Currently, artificial intelligence (Al) established ma-
chine learning (ML) and deep learning (DL) techniques
have played an important role in the medical field, es-
pecially in the disease identification process [4, 7]. Sev-
eral existing studies pointed out that ML-based tech-
niques like support vector machine (SVM), decision
tree (DT), random forest (RF), multilayer perceptron
(MLP), artificial neural network (ANN) and naive Bayes
(NB) assist in detecting the abnormal PD level based on
the changes in gait patterns from the motor symptoms
[9]. The ML techniques can overcome complex nonlin-
ear features by considering the essential gait patterns
[10]. However, the ML models have low learning capa-
bility while processing the data with a larger popula-
tion. Moreover, it fails to detect invisible gait features
(non-motor symptoms) due to increased processing
time and high amenability issues [11]. To overwhelm
this issue, an effective and automatic severity rating
classification technique is required for investigating in-
visible gait patterns. Nowadays, DL-based techniques
aid doctors in assessing quantitative gait spatiotempo-
ral features using an enhanced feature learning process
[12]. Subsequently, it can train larger data for a huge
population and can generate quality treatment with
proven clinical outcomes. The DL models have various
neurological-related applications such as diagnosis,
severity assessments, and disease identification [13].
Henceforth, this study presents an innovative DL ap-
proach in PD decision making and severity assessment
using gait ST analysis.

PD has been portrayed for the past few centuries as a
reformed neurodegenerative illness that causes move-
ment, cognitive abnormalities, and other non-motor
symptoms. Even though PD cannot be cured, early de-
tection and treatment with the right drugs and surgery
can manage the symptoms. Even sleep issues, depres-
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sion, tremors, uncontrollably shaking, and cognitive
difficulties can be brought on by Parkinson's disease.
Nevertheless, some of the concealed symptoms are im-
perceptible and necessitate precise methods to iden-
tify PD. Although there are other methods available,
gait-based sensor data is becoming more and more
common since it is an inexpensive and effective way
to analyze the hidden symptoms of Parkinson's dis-
ease. Unfortunately, the gait data lead to low accuracy,
complicated interpretation, and high dimensionality,
particularly when identifying the severity level of Par-
kinson's disease. Numerous previous studies have de-
scribed using gait spatiotemporal characteristics to de-
termine the PD scores through machine learning. Nev-
ertheless, the machine learning model requires more
time to train on a larger population. Furthermore, it
performed poorly in categorization since it was unable
to precisely learn the non-motor symptoms. Therefore,
to detect and categorize PD levels with minimal com-
plexity, an efficient and highly accurate technique is
needed. This served as inspiration for the created study,
which presented a novel DL study that used gait pat-
terns to analyze the PD. Below is a detailed illustration
of the developed study's principal contributions:

« To introduce a novel DL model (DSCK-RNet) that
uses sensor data based on gait to determine Par-
kinson's disease.

To include crucial preprocessing steps to improve
the quality of the gait data, such as data cleaning
and decimal scaling normalization (DS-Norm).

To present a novel Duo spatiotemporal convoluted
kernel boosted ResNet (DSCK-RNet) model that
learns the gait spatiotemporal features in order to
classify Parkinson's disease.

The forthcoming sections are: Section 2 interprets
the literature studies associated to PD classification us-
ing DL techniques. Section 3 describes the developed
methodology. Section 4 determines the results and
Section 5 represents the Concluded portion of the de-
veloped study.

2. RELATED WORKS

The medical industry has seen a significant surge in
the use of Al and deep learning for disease diagnosis
and prognosis due to their rapid expansion and re-
search. Using a range of datasets, numerous research
has been carried out to diagnose Parkinson's disease.

Balaji et al. [14] defined the DL method for perceiv-
ing the severity rating of PD accurately. Here, the LSTM
model was presented to analyze the severity level of
PD using gait data. For solving the overfitting issues, L2
regularization and dropout were utilized. To reduce the
cost-utility, SGO and ADAM optimizers were utilized.
Finally, the rating of PD was estimated via the H&Y and
the unified PD Rating (UPDR) scales. The overall accura-
cy obtained by this method was about 98.6%. However,
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this method faces high gradient sufficiency problems
and high training time.

Asuroglu and Hasan [15] introduced the multiclass
PD analysis using the hybridized DL technique. A hy-
bridized CNN with a Locally Weighted Random Forest
(LWRF) technique was introduced to classify the PD
effectively. Here, essential gait features like frequency
and time components were extracted. The overall
Correlation Coefficient (CC), MAE, and RMSE obtained
values of 0.89, 3.0, and 4.5 respectively. However, this
method was a high cost for training with larger data.

Setiawan and Che-Wei [16] established the DL model
for analyzing PD severity using time and frequency fea-
tures. Three major stages were performed namely pre-
processing, feature extraction, and classification. Here,
the PD rating was analyzed based on VGRF signals. For
the preprocessing, the signals were separated into dif-
ferent time-varying windows. Then, the continuous
wavelet transform (CWT) was exploited to extract the
phase-frequency features. In addition to this, principal
component analysis (PCA) was introduced to enhance
the extracted features accurately. Finally, 5 types of
CNNs were utilized to detect and classify the PD sever-
ity levels. The overall accuracy achieved by this study
was about 96.5%. However, this method increases the
error due to a lack of noise filtering techniques.

Saietal.[17]introduced the DL technique for predict-
ing PD using gait spatiotemporal features. In this study,
CNN-LSTM was introduced to forecast the PD rating on
the basis of H&Y scale study. Various spatiotemporal
features like swing and stance phases were extracted
to identify the PD disease accurately. The overall accu-
racy, precision, and recall obtained the value of 88%,
86%, 94%, and 90% respectively. However, this method
failed to maintain generalizability while appliedto wid-
er datasets.

Vidya and Sasikumar [18] defined the PD severity
analysis using a hybridized DL technique based on gait
signals. Initially, the useful VGRF signals were obtained
by the EMD technique that accurately extracts the
fundamental functions. Then, power spectral analysis
was utilized to select the essential intrinsic functions
of the VGRF signals. Then, the CNN LSTM technique
was introduced to analyze the severity of the PD ac-
curately. Then, the overfitting issues were solved using
L2 regularization and dropout mechanisms. The overall
accuracy achieved by this method was about 98.3%.
However, this method was highly time-consuming and
subjected to increased error.

A residual network with 50 layers called ResNet50
was suggested by Omar El Ariss et al. [19] as a tool for
Parkinson's disease diagnosis. The patient's speech
recordings were subjected to spectral analysis tech-
niques, which resulted in the gathering of frequency
features that were used as data. Next, a 2-D heat map
was created using the frequency features. ResNet50 re-
ceives this heat map and uses it to forecast whether or
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not the patient has Parkinson's disease.

A novel methodology for the precise identification of
Parkinson's disease using handwritten records from a
standard NewHandPD dataset was proposed by Sura
Mahmood Abdullah et al. [20]. To lessen the strain of
training time, the suggested framework is built on
transfer learning models like ResNet, VGG19, and In-
ceptionV3. To create an optimized feature vector for
improved classification outcomes, the combined fea-
tures from the TL models are fed into the genetic algo-
rithm optimization process.

3. PROBLEM STATEMENT

From the deep scrutiny of the existing approaches,
many issues have been reported such as increased di-
mensionality issues, high training time and error, etc.
Several existing studies pointed out electroencepha-
logram (EEG) signals and vocal and handwritten fea-
tures for detecting PD accurately. However, these fea-
tures failed to analyze the severity level of PD due to
low capability in processing with complex nonlinear
features. Moreover, the gait signals are also utilized in
various recent studies to analyze the PD conditions ef-
fectively. However, the gait signals are highly complex
and increase the diagnosing time, and are highly cost-
effective. To overcome this issue, gait sensor data is uti-
lized in present studies in which the sensors are placed
on the foot of a human leg to obtain useful spatiotem-
poral features. Various scaling methods like VGRF and
H&Y scale are employed to analyze the rating of PD.
However, the accuracy of using sensor data is not very
effective due to high nonlinear correlation, poor data
quality, complex interpretation, etc. Hence, this study
presents a novel DL technique to learn the gait spatio-
temporal features and to achieve better performance
in classifying the PD levels accurately. To our knowl-
edge, the proposed study overcomes all the issues
faced in the existing studies and provides outstanding
performance with minimal complexity.

4. PROPOSED METHODOLOGY

PD is one of the progressive brain disorders that re-
sults in inadvertent stiffness and difficulty with balance
and agility. To detect PD in medical scenery, physicians
commonly use irrefutable indicators like motorized
and non-motorized symptoms and the rating based
on the UPDRS. However, these medical assessments
highly rely on expertized clinicians and lead to inter-
variability discrepancies. Fig. 1 illustrates the workflow
of the developed model.

Nowadays, gait sensor data assists doctors in diagnos-
ing PD and estimates the severity level of gait abnormali-
ties in patients. However, the gait sensor data increases
the dimensionality issues and is subjected to high non-
linear complexity. Hence, this study suggests an innova-
tive model for accurate PD analysis using gait patterns.
Initially, the gait sensor data is preprocessed by perform-
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ing data cleaning, and decimal scaling normalization
(DS-Norm) to enhance the data quality. The preprocessed
data are then fed into the proposed Duo spatiotemporal
convoluted kernel boosted ResNet (DSCK-RNet) model for

Nomal walking

classifying the PD severity rating by learning the gait spa-
tiotemporal features. Finally, different classes like healthy,
severity-2, severity-2.5, and severity-3 are classified by the
developed model accurately.

SUEE— > Healthy
E— Preprocessing Feature extraction
Gait S and Classification —> Severity-2
——> VGRF ——> “d :W Datadeaning | e,
a )
—> DSCK-RNet —> Severity-2.5
DS-Norm
Rhythmic cued

walking

Treadmill walking

— Severity-3

Fig. 1. Workflow of the developed model

4.1. PREPROCESSING

The raw sensor data collected from the human foot
contains high noises, missing values, and data redun-
dancy problems. To overcome this issue, data cleaning,
and decimal scaling normalization (DS-Norm) process-
es are introduced in the initial stage to enhance the
data quality. Initially, the data cleaning process is done
in which the corrupted or missing values are identified
and removed from the database. This process improves
the accuracy performance and prevents data redun-
dancy problems. Moreover, the overfitting issues and
unwanted training complexities are eliminated using a
data cleansing process.

After cleaning the data, a decimal scaling normaliza-
tion technique is used that can minimize the non-linear
complexities and speed up the training process. In the
DS-Norm technique, the decimal points of the gait pa-
rameters are moved to obtain a normalized value. Here,
the decimal points are altered using the extreme abso-
lute value of the gait patterns. It can be mathematically
formulated as,

j— DX
e 10_" (1)
Here, ﬁxindicates the normalized data, D_represents
the actual gait sensor data, and nrepresents the small-
est integer in which Max([d])<1.

4.2. FEATURE EXTRACTION AND PD
CLASSIFICATION USING THE DSCK-RNET
MODEL

The preprocessed data are then fed into the pro-
posed Duo spatiotemporal convoluted kernel-boosted
ResNet (DSCK-RNet) model to classify the presence of
PD by learning the gait spatiotemporal features.
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The developed network model consists of a spatio-
temporal network for extracting the gait spatiotem-
poral patterns and it is finally fed into a convoluted
kernel-boosted ResNet model to select the appropriate
features and to classify the PD severity levels accurate-
ly. The developed model decreases the processing time
and prevents dimensionality issues with the aid of an
effective kernel mechanism.

Initially, the preprocessed data are given into two
different streams for extracting the gait spatiotempo-
ral features. The initial stream considered the temporal
features based on convoluted residual blocks and tem-
poral attention (AT) blocks. Here, the narrow multi-layer
feature extractor, max-pooling (MP) layer, AT blocks, and
multi-scale residual blocks (RBs) are deployed. At first,
the narrow gait features are extracted through multi-
scale convolution blocks (CBs). Then, the AT blocks are
emphasized to evaluate the inter-channel relationship
between the gait parameters. Then, the MP layer is im-
plemented to overcome the dimensionality issues dur-
ing the training process. The multi-scale RBs help the
model to understand the extracted features for enhanc-
ing the accuracy performance. In the same way, the spa-
tial attention (SA) block and MP layer were determined
effectively. At the final stage, the extracted features are
then fed into the multi-scale RBs and SA blocks to gener-
ate high-level gait features. The second stream evaluates
the extracted gait patterns and concentrates mostly on
spatial features while processing with SA blocks. Similar
to The A block, the SA contains single multi-scale CB and
triple multi-scale RBs. After connecting the CBs, the TA
blocks and MP layers are determined. Fig. 2 illustrates
the architecture of the DSCK-RNet model.

After extracting the features, the convoluted kernel
boosted the ResNet (CK-RNet) model to choose the
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best features thereby minimizing the time complica-
tion and data idleness problems. In the RBs, convoluted
kernel widths are utilized to select the most relevant
gait parameters from the entire feature. The resultant

Y of the a” kernel is determined using a convolutional
process and it is depicted below:

Yo () = f(X Ba(D) * p + Bias, (1)) 2

Feature extraction using temporal attention block

Preprocessed

IICon\ }semel(“(‘).ReLL Il Temporal attention

Convolutional la\ er (Conv)
' Kemel(7x7)ReLU

Batch Normalization (BN) block

v e 2:
| MP layer, Kemel(2x20 I’ blodk

Conv, Kemel(3x3).ReLU
BN

—————— e

spatial attention

CK-RNet model

Dynamic |

——
Residual subset® | . i

FC layer, ReLU,

Dropout-0.1 Severity Severity | Severity

Haaltty | | = Bl 3
Concatenated
feature blocks

Fig. 2. Architecture of DSCK-RNet model

Here, findicates the activation function (AF),
Brepresents the convoluted kernel, *represents the
convolutional operation, and iindicates the number of
channels. To highlight the useful features and to pre-
vent irrelevant ones, an active selection of gait feature
subsets is introduced behind the MP layers of each
stream. The active selection comprises global average
pooling, (GAP), and dual fully connected (FC) layers in
which the GAP indicates the squeeze operation, and
the FC layer indicates the excitation operation. For gen-
erating the relevant gait patterns, the obtained weights
and channel-wise multiplication between incoming
feature maps are trained carefully. The mathematical
operations for selecting the appropriate features are
depicted as follows:

Xe = sq(:Vc) = %Z?{:l yc(n) (3)

U= Go(x,U) = a(a(x, V) = 0(Upo(x,Uy))  (4)

(5)

Here, U ER“‘and U €R“?indicates the weights of
dual FC layers, drepresents the reduction ratio and its
value is 2, o indicates the rectified linear unit (RelLU),
u_represents the scalar, and y. indicates the actual ex-
tracted features.The feature subsets obtained by vary-
ing kernel widths are then combined using channel-
wise concatenation operation and it is mathematically
formulated as,

Y =con(Y,),a =12,

Ve =uUc XY

(6)

Here, M indicates the total number of convoluted
kernels. Finally, the outcome from the CK-RNet model
can be mathematically defined as,

z=F(@,[UD+usp (7)
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Here, p indicates the input of RB, F(p,[U])indicates the
residual subsets, and Uindicates the weights of active
feature selection. The outcome of a convoluted kernel
block contains the features obtained under varying
kernels. The outcome of MP in the a* channel can be
mathematically expressed as,

MP,(m) = max[z,(mU,(m+ 1)U],0 <m < ; (8)

Here, z represents the input, U indicates the width
of the pooling window, r indicates the stride windows,
and n indicates the feature-length. After the MP layers,
the learned features are given into the dual FC layers to
reduce the feature dimensions and severity classifica-
tion. A total 9 different features like phase time, pace
time, strike time, posture time (s), rhythm (phase/sec),
phase length (cm), pace length (cm), and speed (m/s)
are considered for learning the severity levels of PD.
The consequence of a a neuron can be mathemati-
cally formulated as,

9)

Here, findicates the AF (ReLU) and the softmax are
utilized to predict the outcome under each class. Also,
u *indicates the weights of FC layers in a™ neurons.

F, = f(ul°MP, + Bias,)

5. RESULTS AND DISCUSSION

The developed study is processed and investigated via
the Python platform and a publicly available Physio-Net
dataset [21] is utilized in this study. This dataset consists
of both the H&Y scale and UPDRS score in which three
walking styles were collected from the movement dis-
order unit of the Tel-Aviv Sourasaky Medical Centre, Is-
rael, and Laboratory for Gait & Neuro-dynamics. Totally
8 resistive force sensors are placed at the insole of indi-
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vidual foot and asked to walk at a regular interval of 2
minutes. Finally, 16 VGRF signals are sampled to 100Hz.
The utilized gait dataset was contributed by three re-
searchers from [22]. For investigating the cause of outer
cueing especially in pace length, and gait speed, [22] is
utilized that consists of 29 PD patients with the severi-
ty-2.5 on the H&Y measure. In addition to this, 18 healthy
samples for three mobile scenarios such as rambling on
the ground without assistance, rambling on the ground
with a rambler, and rambling on the drudgery.

In, gait patterns from 29 PD samples and 26 normal
samples are considered for analyzing the pulsating
acoustic stimulus (PAS) on pace-to-pace changeability.
The cognitive and gait functions can be analyzed via
which consist of 29 healthy samples and 35 PD patients
with an average age of 71. It is noted that the pressure
level of foot sensors in PD patients is half while com-
pared with the healthy samples. In this dataset, a total
of 18K samples are recorded for 2 minutes under rhyth-
mic auditory stimulation (RAS). Totally 173 VGRF sensor
data are available with a total number of gait samples
represented in18x13Kx173.

5.1. ASSESSMENT METRICS

In this section, the several metrics like accuracy
(Acc), sensitivity (Sen), specificity (Spe), PPV (positive
predictive value (PPV), FPR (false positive rate), MCC
(Mathew's correlation coefficient (MCC) and precision
(Pre) are analyzed and its mathematical formula is pro-
vided below:

w+x

Acc(%) = o x 100% (10)
Sen(%) =$x 100% (11)
Spe(%) = Wlﬂ x 100% (12)
PPV (%) = x": X 100% (13)

F —score(%) = 2 x % %X 100% (14)

Mcc = \/(x+z)(zil;:)_(jvx32)(W+y) (15)

FPR(%) =ﬁx 100% (16)

Here, w, x, y, zindicates the true negative (TN), true
positive (TP), false negative (FN), and false positive (FP)
respectively.

5.2. PERFORMANCE STUDY OF DEVELOPED
METHOD OVER CONVENTIONAL
METHODS

In Fig. 3, 0 represents healthy, 1 represents severity-2,
2 represents severity-2.5, and 3 represents severity-3. For
class 0 (healthy), a total of 3704 trials are deliberated and
in these 3445 trials are correctly classified as healthy. The
remaining 259 trials are wrongly classified as class 1 (84
trials), class 2 (158 trials), and class 3 (17 trials) respectively.
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For class 1 (severity-2), a total of 2090 trials are considered
and in this 1886 trials are correctly classified as class 1. The
residual 204 trials are misclassified as class 0 (121 trials),
class 2 (64 trials) respectively, and class 3 (19 trials). For
class 2 (severity-2.5), a total of 2843 trials are deliberated
and in this 2245 trials are correctly classified as class 2. The
remaining 598 trials are misclassified as class 0 (487 trials),
class 1 (101), and class 3 (10 trials) respectively. For class 3
(severity-3), a total of 323 trials are considered and in these
307 trials are correctly classified as class 3. The residual 16
samples are wrongly classified as class 0 (15 trials) and
class 1 (1 trial) respectively. The performance obtained by
the developed method over the existing methods is ana-
lyzed via graphical illustration.

17

19

True Label

10

34 15 1 0 307

0 i 2 3
Predicted Label
Fig. 3. Confusion matrix to describe the
performance of the classification model

Numerous performance measures like accuracy, F-
measure, sensitivity, specificity, PPV, FPR, and MCC are
analyzed and compared with other conventional tech-
niques like SVM, NB, KNN, and EC. A detailed analysis of
the graphical illustrations depicted below: Fig. 4 indicates
the accuracy analysis for different techniques under vary-
ing classes. In the graphical elucidation, it is clear that the
suggested DSCK-RNet technique shows better outcomes
compared to existing studies. Further, the proposed and
existing techniques show better performance for identi-
fying healthy samples by learning the gait patterns. How-
ever, the existing studies reduce its performance while
analyzing the gait patterns for PD severity levels. This is
due to that the existing techniques are trained with com-
plex data and failed to consider non-motor symptoms
effectively. The developed method considers the most
relevant spatiotemporal patterns and can determine the
invisible symptoms with minimal complexity.

Fig. 5 indicates the sensitivity analysis for different
techniques under varying classes. In the graphical in-
terpretation, it is clear that the suggested DSCK-RNet
technique shows better outcomes compared to current
studies. It is also illustrious that the proposed and exist-
ing techniques show better sensitivity performance for
identifying healthy samples by learning the gait pat-
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terns. However, the existing studies reduce its perfor-
mance while analyzing the gait patterns for PD severity
ratings. The existing techniques increase the overfitting
issues due to high data redundancy problems. The de-
veloped method considers the most relevant spatiotem-
poral patterns and can determine the hidden symptoms
without the aid of experienced clinicians.

100
| I I I
20

BN Healthy

= Severltw-z

2

Accuracy(%)

&

B Severity-2.5
S Severity-3

e
SVM

s |
proposed

Fig. 4. Accuracy analysis for different techniques
under varying classes
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Fig. 5. Sensitivity analysis for different techniques
under varying classes

Fig. 6 indicates the specificity analysis for different
techniques under varying classes. In the graphical in-
terpretation, it is clear that the developed DSCK-RNet
technique demonstrates better outcomes compared
to existing studies. It is also illustrating that the pro-
posed and existing techniques show better specific-
ity for identifying healthy samples by learning the gait
patterns. However, the existing studies reduce its per-
formance in learning the gait patterns, especially for
PD severity levels. This is due to that the existing tech-
niques lack effective preliminary stages to overcome
the non-linear problems and also fail to consider non-
motor symptoms effectively. The developed method
considers the most relevant spatiotemporal gait pat-
terns and can determine the motor and non-motor
symptoms with minimal complexity.
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Fig. 7 indicates the PPV analysis for different tech-
niques under varying classes. In the graphical inter-
pretation, it is clear that the developed DSCK-RNet
technique demonstrates better outcomes compared
to existing studies. It is also illustrating that the pro-
posed and existing techniques show better perfor-
mance for identifying healthy samples by learning the
gait patterns. However, the existing studies reduce its
performance while analyzing the gait patterns for PD
severity levels. Moreover, the existing studies have very
low performance while the complex data are under ad-
vanced PD levels. The proposed model tackles the dis-
crepancies by considering the larger gait patterns into
small ranges to minimize the network complexity.
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Fig. 6. Specificity analysis for different techniques
under varying classes
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Fig. 7. PPV analysis for different techniques under
varying classes

Fig. 8 indicates the FPR analysis for different tech-
niques under varying classes. In the graphical eluci-
dation, it is clear that the developed DSCK-RNet tech-
nique illustrates less performance compared to existing
studies. It is also noted that the proposed and existing
techniques show better performance for identifying
healthy samples by learning the gait patterns. However,
the present techniques reduce its performance while
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analyzing the gait patterns for PD severity levels. This
is due to that the existing techniques are trained with
complex data and failed to consider non-motor symp-
toms for the training process. The developed method
considers the most relevant spatiotemporal patterns
and minimizes the training error. Fig. 9 indicates the
precision analysis for different techniques under vary-
ing classes. In the graphical explication, it is clear that
the developed DSCK-RNet technique contemplates
better outcomes compared to traditional studies. It is
also emaciating that the proposed and existing tech-
nigues show better precision for determining healthy
samples by learning the gait patterns. However, the
existing studies reduce its performance while analyz-
ing the gait patterns for PD severity levels. This is due
to that the existing techniques failed to consider the
hidden gait patterns and trained with unwanted or cor-
rupted samples. The developed method considers the
most relevant spatiotemporal patterns and can deter-
mine the invisible symptoms with minimal complexity.
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Fig. 8. FPR analysis for different techniques under
varying classes
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Fig. 9. Precision analysis for different techniques
under varying classes

Fig. 10 indicates the F-measure analysis for different

techniques under varying classes. In the graphical illus-
tration, it is clear that the developed DSCK-RNet tech-
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nique provides better outcomes compared to tradi-
tional approaches. It is also defined that the proposed
and existing techniques show better performance for
identifying healthy samples by learning the gait pat-
terns. However, the existing techniques showed less
score while it is trained with complex data and failed to
consider non-motor symptoms effectively. The devel-
oped method considers the most relevant spatiotem-
poral patterns and can determine the invisible symp-
toms with minimal complexity.

Fig. 11 indicates the MCC analysis for different tech-
niques under varying classes. In the graphical eluci-
dation, it is clear that the developed DSCK-RNet tech-
nigue shows better outcomes compared to traditional
techniques. It is also illustrating that the proposed and
existing techniques show better performance for iden-
tifying healthy samples by learning the gait patterns.
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Fig. 10. F-measure analysis for different techniques
under varying classes
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Fig. 11. MCC analysis for different techniques under
varying classes

Table 1 shows the comparative analysis of different
techniques for PD severity levels. From the table, it is
elucidating that the developed approach achieved
better outcomes compared to conventional studies.
Some mL models like NB, SVM, EC, and KNN are com-
pared with the developed DL model.
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Table 1. Comparative analysis of different techniques for PD severity levels

Severity

Methods Acc Spe FPR
levels
0 100 100 1.2
Proposed 1 99.6 100 3
(DSCK-
RNet) 2 99 98.9 7.45
3 99.64 100 8
0 100 100 -
1 96.3 96.3 3.64
EC[9]
2 98.1 29 3.62
3 94.6 98.1 60
0 100 100 -
1 97 97.8 7.13
NB [9]
2 98.8 100 3.62
3 97 98.1 20
0 100 100 -
1 99.4 100 3.62
SVM [9]
2 98.79 98.19 =
3 99.39 100 10
0 93 100 1.41
1 90.2 67.6 17.94
KNN [9]
2 92.5 90.6 12.72
3 94.2 57.1 60

6. CONCLUSION

The developed approach presented and investigated
an innovative DL technique for classifying the PD se-
verity level using gait spatiotemporal data. For learn-
ing the complex spatiotemporal features accurately,
the developed study conquered an effective DSCK-
RNet model that proved an outstanding performance
in determining PD levels. Moreover, the developed
DSCK-RNet technique deliberates the most appropri-
ate features and minimizes the training complexity
efficiently. In addition to this, some preliminary stages
like data cleaning, missing value imputation, and DS-
norm mechanisms helped to achieve better data qual-
ity and minimize the nonlinear correlations among the
gait patterns. The developed study is processed and
analyzed via the Python simulation and a publicly avail-
able Physio-Net dataset is utilized for the simulation
process. Various assessment measures like accuracy,
precision, sensitivity, specificity, PPV, FPR, and MCC are
examined and compared with traditional studies like
NB, SVM, EC, and KNN. In the experimental section, the
developed DSCK-RNet model achieved an accuracy of
100%, 99.6%, 99%, and 99.64% for different classes like
healthy, severity-2, severity-2.5, and severity-3 respec-
tively. Even though the developed study achieved a
better accuracy, there are some limitations and further
extension of the effective PD analysis is required. The
gait patterns considered in the present study consist of
only healthy and moderate PD levels and failed to con-
sider advanced PD levels due to a lack of data availabil-
ity. Moreover, several unidentified motor symptoms,
especially tremor signals will be integrated with the
novel DL frameworks to improve the medical assess-
ments and PD prognosis. Finally, the developed study
failed to determine the time and frequency features

Volume 15, Number 4, 2024

Sen F-score PPV Pre McCC
100 100 100 100 1
97 98.8 100 100 0.99
100 929 97 98.4 0.975
98.3 95.12 100 100 0.974
100 100 100 100 -
96.4 920 84.4 84.4 0.88
96.4 97.4 98.1 98.1 0.96
40 47 57.1 57.1 0.45
100 100 100 100 1.0
92.9 91.3 89.7 89.7 0.89
96.4 98.2 100 100 0.97
80 76.2 727 727 0.75
100 100 100 100 1.0
96.4 98.2 100 100 0.98
100 98.19 96.49 96.49 0.97
920 94.69 100 100 0.95
98.6 99.3 100 100 0.99
91.9 74.1 82.1 67.6 0.69
95.2 88.9 87.3 90.6 0.83
97.9 47 40 57.1 0.45

that can be assessed. While data-driven gait-based se-
verity classification using advanced machine learning
models offers significant potential benefits for Parkin-
son's disease management, addressing the associated
challenges is crucial for maximizing the model's clinical
utility and ethical appropriateness. Collaboration be-
tween clinicians, researchers, and technology experts
is essential to overcome these challenges and harness
the full potential of this approach in improving patient
care. A data-driven strategy utilizing machine learn-
ing approaches may, with additional validation, offer a
more effective diagnostic and prognostic tool that can
support doctors in their decision-making.
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