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Abstract

Our work's main goal is to render a deep panoptic segmentation model specifically for medical image
analysis, with an emphasis on recognizing common neurological disorders. Our model seeks to
precisely identify and categorize various regions in brain scans through the integration of sophisticated
segmentation technique with Autoencoder based deep Neural Network, thereby aiding in the
identification and diagnosis of Neurodegenerative neurological disorders. This method could lead to
more successful patient outcomes in neurological healthcare by increasing the accuracy of medical
image interpretation. The proposed methodology is geared towards furnishing precise and efficient
automated detection and segmentation of neurological irregularities, encompassing lesions, in medical
imagery using brain scan images. This innovative approach holds significant promise in revolutionizing
the landscape of medical image analysis, offering valuable support to healthcare practitioners in their
diagnostic and therapeutic undertakings in web-based form for neurological disorders. The proposed
model is designed to support healthcare diagnosis by providing a reliable and effective system that
enables automatic recognition and categorization of neurological disorders using imaging techniques
of the brain. By leveraging specially designed U-NeuroSegNet infused with big data Spark processing,
we achieved exceptional accuracy and efficiency in identifying neurological abnormalities. In the
proposed NeuroSegNet, the work focuses to contribute significantly to advancements in neuro-
oncology and personalized patient care, ultimately benefiting individuals affected by neurological
disorders. Our study utilized big datasets consisting of brain scan images. Our NeuroSegNet model
achieved F1-score of 95.6%, a high accuracy of 98.2%, precision of 97.8%, sensitivity of 93.7% and
recall rate of 98.0. These results demonstrate the NeuroSegNet models effectiveness in accurately
detecting Neurological disorders, lesions and tumors.

Keywords: U-NeuroSegNet, Panoptic Segmentation, NIWatershed Algorithm, Intersection over
Union, Accurate Boundary Detection, Neorological Disorders.

1. INTRODUCTION

The work revolves around the implementation of panoptic instance segmentation for automated analysis
of medical images, particularly focusing on neurological conditions using brain scans. Our work
comprises a trained deep learning model to identify and precisely delineate neurological anomalies, and
lesions. The model is designed to provide real-time results, enabling healthcare professionals to make
faster and more accurate diagnoses. Dataset was taken from Kaggle public dataset and Chennai Brain
and Spine Centre. In the context of our work, we employ deep learning algorithms, notably an
enhanced and modified UNet, to scrutinize medical images and discern patterns indicative of various
brain abnormalities. Conventional manual examination of medical images is laborious and susceptible
to human error. In response to these challenges, we propose panoptic segmentation model suitable for
brain scans based on modified UNet, a deep learning methodology, to automate and enhance the
accuracy of identifying and segmenting neurological abnormalities using brain scans.

2. BASIC CONCEPTS

The work done in this research underscores the paramount significance of precise and efficient medical
image analysis within the domain of neurology. Neurological disorders, such as lesions,necessitate
prompt diagnosis and meticulous delineation to facilitate effective treatment planning. Conventional
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manual examination of medical images is laborious and susceptible to human error. In response to these
challenges, we propose employing panoptic segmentation based on U-NeuroSegNet, a deep learning
methodology, to automate and enhance the accuracy of identifying and segmenting neurological
abnormalities using brain scans.

This research endeavor holds immense potential for substantially elevating the standard of care provided
to patients grappling with neurological conditions. The initial exposition of this kind of endeavor
accentuates the critical and meticulous role medical imagery plays in the sphere of neurology.
Conditions affecting the nervous system, within the brain demand swift and precise diagnosis to inform
and gain insights on effective treatment strategies.

In response to these challenges, we advocate for the adaptation of a DNN-based panoptic segmentation
technique, leveraging the power of deep learning infused with Apache spark big data processing
framework to automate and refine the process of identifying and delineating neurological anomalies
present in brain scans.This innovative research initiative holds the promise of significantly augmenting
the caliber of healthcare services rendered to individuals afflicted with neurological disorders.

Our NeuroNet can detect the following Anold Chiari malformation, Arachnoid Cyst, Cerebellah
Hypoplasia, Cisterna Magna, Colphocephaly, Encephalocele, Holoprosencephaly, Hydracenphaly,

Moderate Ventriculomegaly, Intracranial hemorrhage, Severe Ventriculomegaly and Polencephaly.

Table -1: The Neurodegenerative Disorders addressed in this work along with description

Neurodegenerative Description

Disorders

Anold Chiari Anold Chiari malformation occur when brain tissues are pressed down to

malformation spinal cord due to skull being small at one side. This affects neuromuscular
function.

Arachnoid Cyst Archnoid cysts are fluid-filled growths in the brain and spinal cord that,

when they enlarge beyond 3cm or bleed internally, result in permanent
damage to nerves.

Cerebellah Hypoplasia | Cerebellar hypoplasia is a congenital problem when cerebellum is small in
size. Less than the 10th percentile of gestational age for cerebellar diameter
is considered harmful. For instance, the average TPD measurements range
from 16.6 mm to 23.1 mm at 20.4 weeks of gestation and from 32.2 mm to
41.6 mm at 31weeks of gestation.

Cisterna Magna Enlarged cerebellar region causes cisterna magna. It is a space in the
posterior fossa dorsal to the medulla and caudal that is filled with
cerebrospinal fluid. When larger than 10mm, they are usually dangerous
causing neurological issues.

Colphocephaly Colpocephaly is an uncommon genetic disorder characterized by lateral
ventricle enlargement in two brain cavities. It is a congenital abnormality
that results in the posterior brain ventricles growing larger than 10cc.
Encephalocele A condition known as encephalocele results in brain tissue
growing outside of a skull due to bone defect or any opening in
skull causing neurological disorders.

Holoprosencephaly When the human brain by birth is not predominately partitioned
appropriately as right and left hemispheres people suffer from
Holoprosencephaly problem and it is identified only in later
stages of life.

Hydracenphaly Hydranencephaly is an uncommon congenital condition in which there is
no cerebral hemisphere.

Intracranial Intracranial Hemorrhage relate to bleeding within the

hemorrhage intracranial vault of the brain.
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Polencephaly Porencephaly refers to the existence of cystic cavities inside the brain
tissue.
Ventriculomegaly Ventriculomegaly is a disorder where a build-up of cerebrospinal fluid

(CSF) causes the brain to enlarge. Ventriculomegaly is categorized into
mild, moderate, and severe based on the degree of enlargement.
Specifically, mild ventriculomegaly is defined as having a measurement of
10 to 12 mm, while moderate and severe ventriculomegaly are defined as
having measurements of 12 to15 mm and greater than 15 mm, respectively.

3. Related Work

A novel CNN model was developed for object identification and word segmentation for medical image
analysis is presented in (Yang et al 2023) for the identification and mapping of diseases' locations and
regions are crucial for precise diagnosis. Authors (Elyan et al 2023) delved into the utilization of
computing and its practicality in medical advancements. Employing computer vision and machine
learning, extensive analysis was carried out for medical image analysis.

The use of artificial intelligence and advanced neural networks in medical imaging was explored by
(Xuxin Chen et al 2022), probably offering a detailed summary of the subject. Meanwhile, Yu et al.
(2023) concentrated on contrasting convolutional neural networks (CNNs) and their application in
various medical diagnostic tasks.

In the work done by (Jianguo Chen et al 2023, Jianguo Chen and colleagues, 2023) addressed a
new method for enhancing the adaptability of deep learning models for analyzing medical images.
Their system, which consists of a collection of deep learning model parts and elements designed
for specific tasks, might simplify the creation and modification of Al models for different medical
imaging activities. This could lead to more customized answers and quicker adjustments to
particular diagnostic requirements.

In 2021, Zhou and colleagues (Zhou. J et al 2021) introduced E-Res U-Net for image segmentation,
this model improved the accuracy of the model using ultrasonic muscle images. This model's
structure was altered from the basic U-Net to enhance performance in three aspects, the dilated
convolution component, the E-Res layer, and the E-Res.

(Qian et al 2023) suggested a brand-new density-regression-based multi-scale convolutional UNet
(MSCA-UNet), and when they compared it with other sophisticated density regression techniques,
they revealed two significant advances. one is the encoder component, for which they used an
MSCA (Multi-scale Contextual Attention) block with multi-scale interaction capabilities.

A dual-attention based dense R-CNN model was presented by (Veta et al 2022). In this work involved
a versatile and all-purpose instance segmentation framework Mask R-CNN. It can recognize objects in
the image with good level of accuracy and produce superior segmentation labels for each occurrence.

In order to determine the performance of the designed CNN (Yuadi et al 2023) used AUC which tells
how well the model can distinguish between classes across several thresholds. They showed area under
curve, assesses the accuracy of segmented regions comparing with ground truth,and showed how
superficial it is compared to pixel accuracy.

In order to control side-effects of over-segmentation (Sharma. A.K et al 2024) developed a neural
network model which only retained only the minimum value of the objective area plus the the required
edges of the object identified was safeguarded while the MRI image was being filtered and denoised

The 3D UNet architecture proposed by (Hwang et al 2023) shows great potential as a
volumetric segmentation tool, especially when applied to brain scans. It is possible to capture spatial
information throughout the entire volume of the brain scans by extending the U-Net architecture into
three dimensions. This is an important development for precise segmentation.
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The work done by (Bhanothu et al 2020) focused on the automatic classification of brain abnormalties
using a Intergation of VGG-16 NN technique with Fast R-CNN algorithm Fast R-CNN is an
improvement over the original R-CNN method, designed for faster and more accurate object detection.
It involves two main stages: generating region proposals and then classifying these proposals using a
deep learning network.

Incorporating uncertainty quantification helps in understanding the reliability of the model’s
predictions. This is crucial in medical imaging (Kim et al 2018), where decisions based on automated
segmentation need to account for potential variability and errors. Kim et al. (2018) proposed a
framework which focused on segmenting brain abnormities and other quantifying uncertainties in
biomedical images, which is particularly useful for conditions like traumatic brain injuries, stroke,
multiple sclerosis.

(Ramtekkar et al., 2022) used whole brain imaging and a gray level confrontation matrix to build a deep
k-means fuzzy CNN for the detection of glioma in brain scan images.

4. U-NeuroSegNet based System for Identifying Neurological Disorders Methodology

A Spark based DNN Model, U-NeuroSegNet Architecture was specially designed and for segmentation
a modified Neuro-Intrinsic Watershed algorithm was utilized for the work done. In our work U-
NeuroSegNet When the neural network is fed with brain images as inputs, it classifies images by
instances and identifies several classes of neurological abnormalities. The U-NeuroSegNet extracts
relevant features from the input image, and then projects them into segmentation masks. Spark is a data
processing framework used for big data workloads which processes huge data sets using cluster
computing.Spark Framework supports machine learning and big data processing in its engine.

Using panoptic segmentation, which combines instance and semantic segmentation, we created a unique
U-NeuroSegNet to capture intricacy pixel by pixel. Our U-NeuroSegNet module focuses on tailoring
the architecture to suit the specific need to discover abnormal neurological conditions like Anold Chiari
malformation, Arachnoid Cyst, Cerebellah Hypoplasia, Cisterna Magna Colphocephaly, Encephalocele,
Holoprosencephaly, Hydracenphaly, Moderate ventriculomegaly, Intracranial hemorrhage, Severe
ventriculomegaly and Polencephaly.
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Figure I - Big data Based Apache Spark for NeuroSegNet
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Our model utilized Apache Spark IDE for processing. In the Spark framework we utilized
ApacheMxNet,it is a module in the framework that supports machine and deep learning processing.
Automatic scaling is supported by multiple GPU servers and multi-node clusters. NVIDIA Spark
framework supports accelerated computing, through RAPIDS component to support pipeline processing.

4.1 Neuro-Intrinsic Watershed Algorithm

The modified Neuro-Intrinsic watershed algorithm is a technique used for image segmentation,
particularly for separating overlapping objects or regions. In our project, the Neuro-Intrinsic Watershed
algorithm is utilized to segment the brain images into individual regions or components, facilitating the
identification and analysis of distinct anatomical structures and pathological abnormalities. Specifically,
the Neuro-Intrinsic Watershed Algorithm has been utilized to address challenges such as heterogeneity
and irregular shape, which can complicate traditional segmentation approaches. By applying the
algorithm to preprocessed brain scan images, we were able to effectively partition the regions, enabling
precise measurements of volume and facilitating quantitative analysis of abnormalities.

Watershed line 1 Watershed line 2 Watershed line 3 Watershed line 4 Watershed line S

Segment 1 Segment 2 Segment 3 Segment 4

Catchment Basins

N il " e

Labled Pixels

Figure 2- Watershed basins

Our Neuro-Intrinsic watershed algorithm is a variation of classical Watershed algorithm for segmenting
brain scan images. The algorithm treats pixel intensities as a terrain, where higher intensities represent
peaks and lower intensities represent valleys. The algorithm then "floods" the map from the valleys
(pixels with the lowest intensities) and lets the watershed markers converge at the peaks (pixels with the
highest intensities). If refinement of bounding regions are necessary NIWatershed algorithm auto adjusts
the bounds. Once the U-NeuroSegNet predicts potential bounding boxes for objects in an image, the
NIWatershed algorithm can be applied to better separate objects that are close together or overlapping
conveniently that helps in increasing accuracy effectively.
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Figure 3 - Neuro-Intrinsic Watershed processing
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NIW Watershed Segmentation works by grouping pixels based on similar intensities, it separates the

abnormal region from rest of normal region of brain scan image. The NIW Watershed Segmentation is
a morphological operation to double check the predicted output.
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Figure 4 - Neuro-intrinsic Watershed Algorithm processing

Pseudocode for NIWatershed Segmentation
Input: Brain image Im

Output: Segmented regions Sr
Begin

1. Preprocess the image:

a. Convert image | to grayscale

Im_gray(x, y) = I(x, y)

b. Apply Gaussian smoothing to reduce noise
Im_smooth(x, y) = ¥ i-ks2j=ks Gili, j) * Im_gray(x+i, y+j)

where G (i, j) is the Gaussian kernel, & ks is the kernel size.
2. Enhance features:

a. Use histogram equalization to improve contrast
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Im_eq(x, y) = [(Im_gray(x, y) - min(Im_gray)] / [(max(Im_gray) - min(Im_gray)]
3. Compute the gradient magnitude:
a. Compute gradients in x and y directions using Sobel filters
Im_gray = 0l.q(x, y) / Ox4
Giy(xq, ya) = 0leq(x, y) / dya
b. Compute gradient magnitude image
Gk(Xm, Ym) = sqrt(Gix(x, y) > + Guy(x, y) )
4. Compute the distance transform:
a. Apply distance transform to the gradient magnitude image to get the distance map
Dm(X, y) = maxgist— nearest_edgeuist(x, y)
where max_dist is the maximum distance from any pixel to the nearest edge.
5. Create markers for the watershed algorithm:
a. Use region-growing or machine learning techniques to identify markers
Markers = [Mi| M; = (x, y) where Im¢%(x, y) > threshold]
b. Optionally, create background markers
BackgroundMarkers = [B; | Bj= (x, y) where Im.?(x, y) < threshold]
6. Application of NIWatershed transformation:
a. Initialize the watershed algorithm with the markers
WatershedMarkers = Markers U BackgroundMarkers
b. Use the gradient magnitude image for segmentation
- Initialize a flooding process from markers
- For each marker, "flood" into neighbouring pixels based on gradient magnitude.
- Update labels based on the watershed lines formed by gradients.
- The watershed lines are boundaries where the gradient magnitude is high.
7. Postprocess the segmented image:
a. Smooth boundaries and remove small objects
- Apply morphological operations such as dilation and erosion
Sr_morph(x, y) = (Erosion or Dilation of Segmented Image Sr)
b. Optionally refine segmentation results using additional techniques or manual
corrections.
8. Output the segmented image Sr with highlighted regions of interest.
End

4.2 Panoptic Segmentation

A comprehensive strategy that combines instance and semantic segmentation referred to as panoptic
segmentation. Semantic segmentation offers an in-depth knowledge of the discrete characteristics found
in brain images, while instance segmentation assigns a distinct label to each pixel. Object detection and
segmentation are merged into a single, cohesive framework through panoptic segmentation. With this
technique, regions of interest are identified using the output of an object detector, and object boundaries
are then precisely delineated using a segmentation module.

4.2.1 IoU & ABD in Panoptic Segmentation

Our model NeuroSegNet uses panoptic segmentation. The two most important factors
affecting panoptic segmentation are Intersection over Union and Accurate Boundary Detection.
By finding the difference between overlapped predicted bounding box and the ground truth
bounding box, the crucial metric intersection over union evaluates how well the predicted
segmentation matches the actual object boundaries. The confidence score over the projected
bounding box and predicted object class is directly impacted by the intersection over union. A
modified edge detection technique is used for Accurate Boundary Detection [ABD] in order to
predict boundaries with high precision.
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4.2.2 Panoptic Segmentation is dependent on ground truth

For complex tasks of Panoptic segmentation, it requires a solid Ground Truth data. The training
images have been accurately annotated to indicate the exact boundaries of objects. The model
uses this for testing its output predictions against the ground truths to decide and improve
accuracy.Panoptic segmentation uses Gaussian filters with Laplacian transformation for edge
detection. The Gaussian filters are used to smooth out the noise and the Laplace function is used
to depict the edge boundaries clearly as shown in equation(1).

GOL normalized(X,y)=62-LoG(x,y)=1/\[[62(x2+y26°—1)e—x2+y262 - Eqn(1)

In our modified Panoptic segmentation, the nearest local density maximum function is used to
represent pixel in high dimensional space.
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Figure 5 — Neuro Intensive lightweight Panoptic Segmentation

4.3 U-NeuroSegNet Encoder / Decoder

The U-NeuroSegNet comprises an encoder-decoder network structure augmented with skip
connections, which play a vital role in preserving spatial information throughout the
segmentation process. In our proposed U-NeuroSegNet is based on the principle of encoding
and decoding process The encoder in our U-NeuroSegNet extracts detailed features from the
input medical image, capturing relevant patterns indicative of abnormalities presence.
Subsequently, the decoder reconstructs the segmented output, utilizing the extracted features
to delineate boundaries accurately. While no specific formula governs this process, the
architecture's design incorporates principles related to convolutional operations, skip
connections, and activation functions to facilitate effective brain segmentation. The U-
NeuroSegNet architecture, when carefully configured, can effectively delineate regions in
medical images, contributing to improved diagnostic accuracy and more precise treatment
planning in clinical settings.

The architecture and parameters of the neural network model are configured for image
segmentation tasks by the U-NeuroSegNet configuration module. This module ensures that the
U-NeuroSegNet model is appropriately configured to effectively segment brain images and
extract relevant features for classification.
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4.3.1 Subnet Division

Subnet division involves dividing the neural network architecture into smaller,
manageable subnetworks. In our model we divide the neural network into multiple
subnetworks to facilitate parallel processing and optimize computational efficiency.

4.3.2 Category Brain Slicing

This method focuses on segmenting the brain into different categories or regions based
on specific criteria. In our work, categorically brain slicing is used to partition the brain
images into distinct regions corresponding to different anatomical structures and
pathological features, aiding in the accurate detection and classification of brain images.

4.3.3 Narrow Object Region

Narrow object region detection aims to identify and delineate small or thin structures
within the images. In our work done, this method is employed to detect narrow regions
within the brain images that correspond to abnormality boundaries or blood vessels,
enabling precise segmentation and analysis.

The reason why encoder and decoders are relevant to our specially designed DeepU-
NeuroSegNet is because output results must have the same dimension as the input. In the
Panoptic Segmentation task done ensures output image is of same dimension as the original
input.Our DeepU-NeuroSegNet uses a modified panoptic segmentation that is suitable for
ultrasound images. The neural network is fed brain scan images as inputs, and classifies objects
pixel by pixel.
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Figure 6 - U-NeuroSegNet Architecture
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In the encoder-decoder architecture all pixels are classified as abnormal/normal. The encoder
takes the required features from images. The encoder contains conv layers, Relu and Maxpool
to extract relevant features for each class. The decoder creates feature maps and takes the
extracted vectors and reconstructs a segmentation mask. Skip Connection is added to decoder
to ensure decoder works with specific features rather than general ones.

An loss intrinsic cross-entropy based loss function is used in the developed for our NeuroSegNet to
compare the accuracy of each class output with the ground truth value. For every individual feature, the
ground truth value grtruth(k) is compared to the predicted output , O for each of the n classes as shown
in Equation (2)

Loss=-Y -, grtruth(x)®@log ® (softmax((ﬂ)f() - Eqn(2)

softmax((MN)k = Zz’jf—llgf - Eqn(3)
j=

Equation (3) illustrates the softmax function, where the vector is denoted by ¥. The exponential
function of the input vector is represented in the numerator, while the sum of the exponential
functions of the output vector is represented in the denominator. Our Deep Learning
NeurologicalNet model differs from traditional CNN/DNN models in that it is neither fully
connected nor linear in nature, providing a unique structure tailored for our specific application
to diagnose various neurological conditions.

In our U-NeuroSegNet the dice loss as shown in equation(4) is a loss function that weighs the
imbalance between the intersection area and total area in similar kind of images. The dice loss
will be less when dice coefficient is high. Dice loss represents the imbalance in segmentation
mask. The ¥ represents the smoothing factor and is used both in numerator and denominator

23 softmax((X) @kgrtruth(k)+¥
", grtruth(9)@softmax((M)k+¥

Dice Loss= 1 - Eqn(4)

Our U-NeuroSegNet consists of left-hand-side contracting path and right-hand-side expansive
path both paths function symmetrically this mapping structure leads to high accuracy to aid our
computer assisted diagnosis. The left-hand-side path is designed using repeated application of
unpadded 3x3 convolution layers, then rectified linear unit is applied, then maxpooling with 2x2
operation with stridel for downsampling is used. In the right-hand-side path upsampling is done
using the corresponding feature-maps generated followed by 2x2 convolution layers with

cropping.
k n\nk -k
Sn(X) =exp(fm(X))/ E j=1(")0 fm - Eqn(5)

The SoftMax Activation function is defined as Sn(x) as in equation(5), Where fn represents the
activation function of Feature Map j at the pixel position U € ¢ and ¢ cR* x R*

In our proposed NeuroSegNet model supports pre-autocomputation of weights based on deferring

pixel frequencies in trained data sets according to various classes, the NeuroSegNet is trained to
identify separation borders.
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Anold Chiari malformation, Arachnoid Cyst, Cerebellah Hypoplasia, Cisterna Magna, Colphacephaly,
Encephalocele, Holoprosencephaly, Hydracenphaly, Moderate ventriculomegaly, Intracranial
hemorrdge, Severe ventriculomegaly and Polencephaly.
Classification Labels
Softmax 256 1256 x4
| Encoder 1 | Convolution + Batch Normalization +ReLu | 256 x256 x64 | | Decoder-1 | Convolution+Batch Normalization+ReLu | 256 x256 x64 |
Encoder-1(Downsampling ) 128 x128 x64 ‘ Decoder-1(Upsampling ) 256 x236 x64
| Encoder 2 [ Convolution + Batch Normalization +ReLu ] 128 x128 x128 | | Decoder-2 [ Convolution+Batch Normalization+ReLu | 128 x128 x128 |
Encoder-2(Downsampling ) 64 x64 x128 . Decoder-2(Upsampling ) 128 x128 x128
| Encoder 3 | Convolution + Batch Normalization +ReLu | 64 x64 1256 | | Decoder-3 [ Convolution+Batch Normalization+ReLu | 64 164 x256 |
Encoder-3(Downsampling ) 32 x32 x256 ’ Decoder-3(Upsampling ) 64 x64 256
| Encoder 4 | Convolution + Batch Normalization +ReLu | 32x32 x512 | | Decoder-4 [ Convolution+Batch Normalization+ReLu | 32 x32 512 |
Encoder-4{Downsampling ) 16x16 x512 8|  Decoder-4(Upsampling) 32 132 5512
| Encoder 5[ Convolution + Batch Normalization +ReLu | 16 x16 x512 | | Decoder-5 | Convolution+Batch Normalization+ReLu | 16 x16 3512 |
l Encoder-4(Downsampling ) 838 x512 . Decoder-5(Upsampling ) 16 x16 x512 _’

Figure -7 U-NeuroSegNet Processing

The morphological operation in U-Net is modified in U- NeuroSegNet using the separation
borders as shown in equation (6).

[f1(X)-R2(X)]2
2w

(I)(i)=(3£)c(i)+(3£)o.|og%g5 - 5z -Eqn(5)
Where GO(x) is the precomputation of weights, GO represents weight map, n denotes the nodes
in one neuron in NeuroSegNet, the value of w=0.25 bias to best fit, §z=11.12, S1denotes the

distance to the nearest pixel's border of the malignment and K2 represents the separation to the
second closest pixels border.

4.4 Training and Optimization

The "Training and Optimization” module focuses on training the model, using brain medical
image data to identify neurological conditions. It involves optimizing the models architecture
and hyperparameters to improve performance.

4.4.1 Feature Scaling

In the context of the work done, which involves deep learning for panoptic segmentation
in medical images, feature scaling refer to normalizing the pixel values in the images.
This normalization ensures that the model is not biased towards features with larger
scales to improve the model's capacity for accurate classification of new data as well
enhancing the training process futher. Specifically, in medical imaging, feature scaling
could involve scaling pixel intensity values to a range that is suitable between 0 and 1.

In training and optimization phase, the proposed U-NeuroSegNet model undergoes
iterative refinement to effectively segment. This process involves minimizing a
predefined loss function, typically tailored for panoptic segmentation tasks, which
quantifies the disparity between the ground truth labels and the projected segmentation.
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4.4.2 Predicted Mask

The predicted mask is a binary image that indicates the regions within the input image that the
model has identified as instances of the neurological condition being targeted. Each pixel in the
predicted mask is assigned a value of 1 if the model predicts that the pixel belongs to the
neurological condition, and 0 otherwise.

Panoptic Segmentation’s Instance Segmentation within the brain identify neurological
abnormalities by delineation of individual abnormal instances within the segmented regions.
This process is crucial for accurately characterizing the spatial extent and distribution of
abnormalities within brain scan images. Techniques commonly employed for instance
segmentation include connected component analysis and clustering.

Connected component analysis identifies contiguous regions within the segmented tumor mask,
assigning a unique label to each connected region representing an individual abnormality
instance. Clustering algorithms can also be utilized to partition the segmented regions into
distinct clusters, each corresponding to a separate tumor instance.

Integration is the subsequent step that combines the segmented tumor instances with relevant
clinical data to provide a comprehensive understanding of tumor characteristics. This
integration process facilitates the correlation of image findings with clinical parameters such
as patient demographics, histopathological data, and treatment history. By amalgamating
image-derived features with clinical insights, the system can offer more nuanced and informed
interpretations of neurological abnormalties behavior and progression. This integrated
approach aids healthcare professionals in making more accurate diagnoses, devising tailored
treatment plans, and monitoring the effectiveness of interventions. Thus, Instance Segmentation
and Integration synergistically contribute to enhancing the clinical utility of the abnormal
neurological disease detection system.

4.4.3 Inference Engine Deployment

Inference engine deployment refers to the process of deploying NeuroSegNet for making
predictions or inferences on new data. In the process of deploying inference engine involves
preparing the model to be used in a production environment, such as a healthcare facility, where
it can analyze brain scan images and identify neurological conditions.

The final step in the Neurological Abnormalities Detection System is the Inference Engine
Deployment, where the trained model is used for inference in real time on fresh medical images.
This pivotal module ensures that the system seamlessly integrates into existing healthcare
infrastructure, facilitating its adoption and usage in clinical settings.

One of the primary objectives of Inference Engine Deployment is to optimize computational
efficiency. This involves ensuring that the deployed model can efficiently process incoming
medical images within acceptable timeframes, enabling prompt diagnosis techniques such as
model optimization, hardware acceleration, and parallel processing may be employed to
enhance computational speed and efficiency.

Scalability is another crucial aspect addressed by this module. As the system encounters
increasing volumes of medical image data, it is capable of handling the workload without
compromising performance. Inference Engine Deployment ensures that the deployed model
can scale effectively to accommodate growing demands, through distributed computing
architectures.
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Inference Engine Deployment involves estimating the time required for processing a batch of
images using the deployed model. The formula calculates the total inference time by
multiplying the number of images to be processed (b) with the average processing time per
image (PP), and then dividing by the number of GPUs (§) utilized for parallel processing.

T= b+ PP - Eqn(7)

T: Specifies the Inference Time Representing the time taken for inference in
seconds.

b: Denotes the number of images to be processed.

Pp: Signifies the average processing time per image in seconds.

§: Represents the number of GPUs utilized for parallel processing during inference.

4.5.4 Ground Truth

The manually created mask in a medical image that shows the true areas affected by a
neurological condition is called the ground truth. This ground truth mask carefully outline the
areas in the image that correspond to the presence of the neurological condition. Each pixel in
the ground truth mask is assigned a value of 1 if it belongs to the neurological condition and 0
otherwise. The ground truth mask, which is the original manually annotated mask that shows
the actual regions of the neurological condition in the image, is compared to the current
predicted mask. This comparison allows you to evaluate the performance of NeuroSegNet’s
accuracy.

5. RESULTS AND DISCUSSION

The NeuroSegNet developed in the study yielded promising and effective results in
predicting various types of abnormal neurological conditions. The below figure 8 and 9
showcases the sample training and valid prediction batches.

Figure 8 - Representation of Training Batches
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Figure 9 - Representation of Valid Prediction Batches

The below Figure 11 shows the results of the designed multiclass NeuroSegNet model for
various Neurological Conditions. Our Proposed work is a deep learning-based neuro panoptic
segmentation object detection approach which processes and diagnose big sets brain scan
images to find neurological abnormalities like Anold Chiari malformation, Arachnoid Cyst,
Cerebellah Hypoplasia, Cisterna Magna, Colphocephaly, Encephalocele, Holoprosencephaly,
Hydracenphaly, Intracranial hemorrdge, mild/moderate/Severe ventriculomegaly and
Polencephaly. We have achieved an overall accuracy of 98.2%.

-
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-

Figure 10 - Multiclass U-NeuroSegNet Prediction for various Neurological Conditions
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The plotting of precision-confidence curve depicts the achieved precision value against various
confidence thresholds for all classes. It serves as a vital metric showcasing the model's precision
at different confidence levels. All Classes Anold Chiari malformation, Arachnoid Cyst,
Cerebellah Hypoplasia, Cisterna Magna, Colphocephaly, Encephalocele, Holoprosencephaly,
Intracranial Hemorrdge, Mild/Moderate/Severe Ventriculomegaly and
Polencephaly. Our model shows high level of precision of 95% as shown in figure 11. A
precision score of 1.00 indicates that the U-NeuroSegNet did not make any false-positive

Hydracenphaly,

predictions.

Precision

o
o
!
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anold chiari malformation
arachnoid cyst
cerebellah hypoplasia
cisterna magna
colphocephaly
encephalocele
holoprosencephaly
hydracenphaly
intracranial hemorrdge
mild ventriculomegaly
moderate ventriculomegaly
polencephaly

severe ventriculomegaly
all classes 1.00 at 0.950
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Figure 11 - Precision-Confidence Curve of The Model Over the Classes

The Recall-Confidence Curve plot for all classes is shown below. The curve illustrates the recall
achieved against several threshold values of confidence. All classes 0.98 at 0.00 means that all
classes exhibited recall rate of 98% based on true positives results as the graph-plot represents

in figure 12.

Recall-Confidence Curve
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Figure 12 - Recall-Confidence Curve of The Model Over the Classes
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The trade-off between recall and precision across a range of confidence thresholds is displayed by the
Precision-Recall curve. Every class is showing 0.944 mAP@0.5. Figure 13 illustrates that the proposed
U-NeuroSegNet's precision at Intersection over Union (loU) in ground truth at 0.5 threshold is 94.4.

0 Precision-Recall Curve
E [ “——’u; T anold chiari malformation 0.995
| arachnoid cyst 0.911
11 —— cerebellah hypoplasia 0.954
~—— cisterna magna 0.973
0.8 1 colphocephaly 0.954
—— encephalocele 0.960
holoprosencephaly 0.995
hydracenphaly 0.995
0.6 - Intracranial hemorrdge 0.938
- mild ventriculomegaly 0.906
f—,?, —— moderate ventriculomegaly 0.995
™ polencephaly 0.957
= I —— severe ventriculomegaly 0.974
0.4 1 ‘ m— all classes 0.944 MAP@0.5
|
0.2 1 ‘
K
‘ \
0.0 v - -
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 13 — The U-NeuroSegNet model’s Precision-Recall Curve over the Classes

The below graph shows confusion matrix depicting the performance of Anold Chiari
malformation, Arachnoid Cyst, Cerebellah Hypoplasia, Cisterna Magna, Colphocephaly,
Encephalocele, Holoprosencephaly, Hydracenphaly, Intracranial Hemorrdge, Severe
Ventriculomegaly and Polencephaly classes.The diagonal value of classes illustrates the correct
classification and off diagonal values indicates wrong classification done. The overall
classification performance across all classes is 98.2%, as illustrated in Figure 14.

Confusion Matrix 6
anold chiari malformation - 0.03 -

arachnoid cyst -

cerebellah hypoplasia -
ypPOop 0.8

cisterna magna -
colphocephaly -

encephalocele - 0.6

holoprosencephaly -

Predicted hydracenphaly -

- 0.4
intracranial hemorrdge -

intracranial tumor -

mild ventriculomegaly - 0.2

moderate ventriculomegaly -

polencephaly -

[}
°
9
[}
o
u
o
B
o
o
N
o
o
N
o
o
w

severe ventriculomegaly - —o0.0

= + © © > @ > > @ = > > > = a.

(3 FN - 7] £ = 2 = e = = = =
background k=) 2 o & © 1] o o _g‘ g © © o © [
® v 1 @ = =] = = |4 = (= £ = -
- = [=% o [=% a = E @ L] o @ =
E 55 5] E @ S @ = s = £ £ o E =
(=} c =3 © 8 = e g E o S k=) e =] e
[t = = [=% @ r= = — =
= = = = s @ 2 © o= = ) T Q B =
£ © = < = 2 a L= p— = = = o = [=]
I~ =] = > © < =] =] o E=] ©

© [} o

= © = S o @ =3 = < © c st c o

© @ =] © = () o @

= 2 © 5 = > > >

G = = ® © ) o

a o = el =

k=] bd =} £ © )

= = >

[=] = ] 1

2 E B

True £

Figure 14 - performance across various labels using Confusion Matrix
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To quantify losses in the training data, the metrics Classification_Loss , Object_Loss, Segmentation_loss
and Box_loss were used to evaluate the NeuroSegNet model. In this model, the performance of the
deep NIWatershed algorithm over the training data is found to be optimal. In the proposed deep
NeuroSegNet model, the training loss over dataset is typically measured after each iteration. The
validation loss is measured over fresh, unknown data, while the training loss indicates how well the
model performs, or how well it fits the trained data. Figure 15 illustrates very low to negligible loss our
model experienced for all classes.

val/box_loss val/seg_loss val/obj_loss val/cls_loss
0.02738 0.03125 0.0062 0.00971
0.07 0.07 0.016
0.06
0.06 0.06 0.014
0.012
0.05 0.05 0.04
0.010
0.04
0.04 0.008 0.02
0.03
0.03 0.006
0 20 40 0 20 40 0 20 40 0 20 40
Figure 15 - Train dataset over Loss functions
train/box_loss train/seg_loss train/obj_loss train/cls_loss
0.02376 0.02709 0.0093 0.00593
results 0.6
0.8 08 # best:49 0.8
0.6 0.6 0.6 0.4
0.4 0.4 0.4
0.2
0.2 0.2 0.2
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Figure 16 - Validation dataset over Loss function

In our NeuroSegNet model a standard indicator Mean average precision was used to measure
the object detection algorithms' accuracy. The plots shown below displays the mean average
precision for object detection across all classes @mAPO.5. The sub-metrics used to measure
the Mean Average Precision (mAP) in our NeuroSegNet model includes the Confusion Matrix,
Union of Intersection in segmented regions, Recall and Precision. The performance of our
proposed model evaluated yielded 97.3 over mAP for an average set of queries.

metrics/precision(B) metrics/recall(B) metrics/precision(M) metrics/recall(M)
0.97251 0.97177 0.97141 0.97702
1.0 1.0 1.0 1.0
0.8 0.8 0.8 0.8
0.6 0.6 0.6 0.6
0.4 0.4 0.4 0.4
0.2 0.2 0.2 0.2
s 0.0 00 0.0
0 20 40 0 20 40 0 20 40 0 20 40

Figure 17 -Metrics over Recall, Precision and Mean Average Precision
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Table -2 PERFORMANCE EVALUATION OF VARIOUS METRICS

METRICS/ R-CNN | Mask-R- MSCA | 3DUNet| VGG-16 [NEUROSEGNET
AUTHORS CNN UNet
TRAINING IMAGE 1000 800 1200 1500 900 1800
TESTING IMAGE 300 200 400 250 350 500
SPLITTING RATIO 70:30 80:20 75:25 60:40 65:35 70:30
TESTING ACCURACY 85% 87% 84% 88% 83% 94%
OPTIMIZER Adam SGD SGD Adam Adam RMSProp
ALGORITHM VGGNet ResNet MobileNet | LeNet | AlexNet Watershed
FINAL LAYER
ACTIVATION Sigmoid ReLU Tanh | Sigmoid | ReLU Softmax
METHOD
SPECIFICITY 0.85 0.88 0.82 0.86 0.83 0.95
F-SCORE 0.88 0.89 0.87 0.90 0.86 0.95
SENSITIVITY 0.90 0.92 0.88 0.91 0.89 0.94
LOSS 5% 4% 6% 3% 5% 2%
SPEED 30 sec 25 sec 35 sec 40 sec 28 sec 20 sec
EVALUATION OF 77.81 90.11 62.74 88.52 77.98 96.81
THE MODEL
PRECISION 87 89 86 90 85 97
ACCURACY 0.88 0.90 0.87 0.91 0.86 0.98

The performance metrics of our model, which includes F-score, sensitivity, precision, accuracy,
and testing accuracy, exceed those of all previous works. This indicates the superior capability
of our model to accurately detect and classify abnormal neurological conditions.

Additionally, our proposed work employs the RMSProp optimizer, known for its effectiveness
in optimizing deep learning models. For binary classification tasks, the final layer's use of the
Softmax activation function guarantees proper output scaling. Moreover, the model
evaluation demonstrates a low error rate of only 1.8%, indicating the robustness of our model
in minimizing classification errors.

CONCLUSION AND FUTURE WORK

NeuroSegNet was designed based on panoptic segmentation to identify abnormal neurological condition
using medical images. The developed model was run over big data apache spark GPU based
environment. In Spark clusters, the yolo files are placed in its data center folder. This model can identify
thirteen types neurological conditions. Earlier research works only focused on one class like Anold
Chiari malformation and Ventriculomegaly but in our work we developed a model that can detect
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thirteen types for neurodegenerative disorders. The model gives accurate results for large datasets and
at good speed. By streamlining the workflow of healthcare professionals and facilitating early detection,
it ultimately contributes to improved patient care and outcomes. The system developed is highly
efficient and robust, resulting in quicker and more precise identification and segmentation of
degenerative neurological anomalies in medical images. By integrating real-time or near-real-time
processing capabilities, the system significantly accelerates the diagnostic workflow, allowing
healthcare professionals to make informed decisions more swiftly.

The work on brain neurological abnormalities classification based on neuro oncology, is a powerful tool
The system's high performance in rigorous evaluation and validation studies underscores its reliability
and utility in clinical practice. In order to ensure the system's seamless integration into appropriate
clinical workflows and its widespread adoption by healthcare professionals, ongoing efforts to refine
and optimize it are vital.

By combining technological innovation with practical application, this NeuroSegNet model stands as a
pivotal tool in improving advanced medical imaging procedures and the general standard of neurology
care.

The potential of our model is huge for changing the way brain imaging is used in diagnosing and treating
neurological diseases. Our future plans include expanding our class offerings to serve as a
comprehensive model for diagnosing neurological disorders. In the future there is lot of scope for
improvement in model optimization, hardware acceleration, parallel processing and may be employed
to further enhance computational speed and efficiency.
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