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Abstract

The paper presents an automated and computationally lightweight system that aims at diagnosing the
presence of the ischemic stroke in the brain based on the MRI images and prioritizes mathematical
clarity over the overpowering complexity. Workflow starts with AWCES algorithm to improve the
quality of images, which is applied based on adaptive windowing determined by the entropy, and then
proceeds to Watershed segmentation based on markers to word out the areas that are suspected of
being vascularly blocked. The texture descriptors are then obtained using the Local Binary Patterns
(LBP) and sent to a Random Forest classifier which differentiates between the damaged and the
healthy brain tissue. The training stage has been integrated with the SMOTE technique to address the
problem of class imbalance that is severe in the dataset. With a stratified five-fold cross-validation,
the system demonstrated an AUC of 0.99, a specificity of 94% and a recall of 70%. These results
indicate that the classical methods based on open mathematics can be competitive with deep learning
networks, providing a high-quality and quick diagnostic methodology that could be used as a primary
solution in the diagnosis of a stroke and as a complement to the exploratory three-dimensional
visualization.

Keywords: cerebral vascular occlusion, contrast enhancement, ischemic stroke, magnetic resonance
imaging (MRI), medical image processing, random forest classification.

1. Introduction

Digital image processing is currently one of the key foundations of medical imaging that
allows improving the quality of images based on mathematically-based processes that are customized
to the needs of a specific diagnostic case. Some of these core operations like noise reduction, contrast
enhancement, and resolution enhancement bear far-reaching clinical weight [1, 2], and especially
when reading magnetic resonance imaging (MRI) data, those operations add value extensively to the
clinical ability to detect fine pathological changes and subtle anatomical structures, and thus enable
the physician to make sounder decisions at more opportune times.

The cerebrovascular diseases remain on the list of the greatest health issues of modern
medicine all over the world [3]. Epidemiological studies dating back as far as 1900 to 2000 have
confirmed this fact by placing ischemic stroke on top of the list of the causes of death and chronic
disability over the last century or so [3, 4]. The most noticeable pathological etiology of such a stroke
is in the blockage of cerebral vessels, that is, the blocking of blood circulation in intracranial arteries,
resulting in localized deficits in perfusion and irreversible neurological damage. Not only the
blockage of large vessels is a matter, but also small vessel disease, the diagnosis of which is
complicated further by the insensibility of the imaging manifestations [4, 5]. This clinical spectrum is
also expanded to cover such conditions like subarachnoid hemorrhage [6], which is not any less
urgent in its demand of prompt intervention to improve the outcomes [7].

The factor of time is decisive when it comes to treating acute ischemic stroke where numerous
scientific studies have shown that the rate at which a therapy is instigated, especially by the use of
intravenous thrombolysis or catheter-delivered thrombectomy, has a direct relationship with
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neurological outcome and reduced mortality [8]. Based on this position, well-coordinated fast-
response procedures have arisen [9, 10], which subsequently require dynamic, expedited and
repeatable diagnostic mechanisms so that advanced reperfusion therapies can be provided within the
suitable time period [11, 12].

The magnetic respiratory imaging takes a predominant role in detecting and characterizing
cerebrovascular disease. Its images are, however, a technically complex task to read, particularly
when it comes to low-contrast lesions or newly formed infarcts, and highly specialized expertise
becomes inevitable. Recent works taking advantage of open-source databases have demonstrated
potential opportunities of the deep learning systems in helping the radiological reader and reducing
the differences between various interpreters [13]. With this advancement, and consideration of the
ongoing clinical requirement of readily accessible and computationally efficient diagnosis tools, the
current study suggests a coherent and integrated approach to enhancing MRI-based diagnosis of
cerebrovascular blockage with special focus on presenting the spatial positioning of the blockage with
explicit color coding [14].

The research question in this case is main: can it be possible to create a well-designed
classical image processing pipeline without deep neural networks to achieve the same diagnostic
performance as the modern options between binary classification of ischemic and healthy brain MRI
images of the brain? The main clinical rationale of this question is the slowness of the time-
consuming manual interpretation of the image that can be an obstacle to providing speedy treatment.
To this end, the main objective of this research is to design and systematically test an automated
system whose steps involve adaptive contrast enhancement, morphological cue-based segmentation,
minimizing the quantitative texture features, and traditional machine learning-based classification,
with the aim of increasing the accuracy as well as the speed of diagnosing cerebral vascular occlusion.
The secondary objective is, in its turn, to generate clinically meaningful color-coded two-dimensional
overlays and an exploratory three-dimensional visualisation of the affected area, thus contributing to
quicker clinical decisions with clearer information.

1.1. Related Work

There has been an increased research attention in the field of automated analysis of
brain MRI scanning to detect vascular diseases, and much of the previous literature has
focused on investigating each of the system subsystems under different settings and
conditions. The models based on global histogram approaches have more or less been giving
way to adaptive contrast enhancement techniques which prove to be the more appropriate
choice of enhancing local details in medical images. Some researchers have narrowed their
attention to varieties of adaptive histogram equalization in order to help bring out obscured
pathological effects in MRI images [11], other researchers have tried to use methods of
entropy-based contrast scaling in order to increase the output of diagnostic data without
overemphasizing noise [12]. In this perspective, the AWCES model proposed in the current
study, a hybrid between adaptive window-based contrast stretching and entropy-guided
parameter tuning, can be thought of as being similar in spirit to these previous lines of
approach.

On the image segmentation side, the region-growing algorithm as well as Watershed
transform have received wide acclaim in groups of individuals engaged with medical image
processing. With its conceptual transparency, and ability to form spatially connected
structures meeting preset homogeneity criteria, the region-growing algorithm has been
applied to segment MRI scans of anatomical landmarks and lesion types of various types
[14]. Conversely, the Watershed transform demonstrates significant capability in teasing out
the borders of complicated and overlaying structures, like the intracranial vascular web by
relying on gradient-based topographical data which ensure that edges are precisely positioned
[15]. Hybrid segmentation methods which leverage the complementary nature of the two
have also been proposed beginning with a region based initialisation, followed by refinement
step with Watershed [16], an algorithm that is strongly associated with the definition of
vascular occlusion areas with stability and reliability.
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In medical image classification systems, texture analysis takes central place in the
feature extraction stage of the system. Gray-Level Co-occurrence Matrix (GLCM) descriptors
such as contrast, correlation, energy and homogeneity have demonstrated long-standing
performance in the various classifications which assist in identifying healthy versus diseased
tissue using various imaging modalities [17]. Parallel, Local Binary Patterns (LBP) have
garnered significant interest due to their low computation cost, and their inherent resistance to
monotonic gray-level deformations, which has seen them used repeatedly in tissue
classification and lesion detection in MRI scans [18]. The individual medical scenarios,
where LBP and GLCM have been compared have also demonstrated the discriminatory
nature of all these representations [19]. The current methodology has opted to incorporate
these two families of features as a personage characteristic of the area that is suspected of
vascular occlusion.

With regard to the Random Forest classifier, the company has positioned itself in
medical informatics by being in a position to deal with high-dimensional feature spaces,
intrinsic resistance to overfitting due to the ensemble voting mechanism, and provision of
interpretable rankings of feature importance [20]. As with applications to the detection of
brain diseases in MRI, which are usually coupled with texture descriptors, including LBP or
GLCM, it has always produced competitive diagnostic results [21]. Such systems have also
been evaluated based on indicators like the AUC of the ROC curve, the F1 score and the
classification accuracy which are reference metrics of accepted standing [22]. Most of these
methodological aspects have already been covered in the literature separately but the
combination of these parts in the proposed order, i.e. contrast enhancement using AWCES,
then segmentation using region growing or Watershed, then feature extraction using LBP or
GLCM, and then classification using Random Forest, to the specific purpose of diagnosing
cerebral vascular occlusion with a color visual representation, is a novel and distinct
contribution made by this study. A systematic comparative summary of the most well-known
reference studies that are near to this orientation is provided in Table 1 [22].

Table 1 Structured comparison of related studies in medical image analysis

Imaging Target Erﬁl%r:]tcr:rsrfen Segmentatio Feature Classifier Key
Modality Application t n Extraction Contribution
Brain Tumor Adaptive Morphologic Enhanced tumor
(11] bl Visibility Histogram Eq. bl al S delineation
Abdominal Entropy- Semi- Intensity- Thresholdin Optimized
[12] CT - - enhancement
Lesions guided automated based g
parameters
. . . Automated
[14] MRI Llier sy Standard_ R Statistical k-NN lesion volume
Segmentation Preprocessing Growing L
estimation
Accurate vessel
[15] MRA Cerebral None specific Watershed + Ves_selness N/A boundary
Vasculature markers filters -
detection
Brain Structure Anisotropic Hyl_)rid Shape & lgpr)rzg:g?
[16] MRI ; e (Region + . N/A
Segmentation Diffusion Intensity structure
Level Set)
accuracy
Mammograph  Breast Cancer Active Benign/maligna
[17] y Detection CLAHE Contours GLCM SVM nt differentiation
L S Early AD
18] MRI Alzheln_wers N4 Bias I_:leld Atlas-based LBP, _ Random detection via
Detection Correction Volumetric Forest
texture
[19] Ultrasound Thyroid Speckle Manual ROI LBP & Logistic LBP/GLCM
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Imaging Target Erﬁ]cz);t:ear;ten Segmentatio Feature Classifier Key
Modality Application t n Extraction Contribution
Nodule Reduction GLCM Reg. comparison for
Characterizatio tissue typing
n
- Multi-modal
[20] MR, CT S(t:rlc;IS(sei fsig:tti)é?]e Various Various Cllr':;c?r: e ngic;n fusion for stroke
ging classification
White Matter Fuzzy C- Random Automated
[21] MRI Detection Standard Means GLCM, LBP Forest WMH detection
Overview of
[22] Various Review N/A N/A N/A N/A techniques and
metrics
Integrated MRI
Cerebral Region occlusion
Propose MRI Vascular AWCES Growing or LBP or Random diagnosis with
d . GLCM Forest
Occlusion Watershed color

visualization

2. Methodology

The research reports a diagnostic model in the general form of a total processing
system that uses a networked set of interconnected modules that accept MRI images in their
raw form and produce them as a binary diagnostic result, over a series of well-defined
carefully sequenced steps. Its architecture is composed of four units which are tasked with
distinct functions:

-- Signal improvement by the AWCES method, based on adaptive windowing of
contrast stretching along with a selection procedure based on the entropy measure, in such a
manner that it brings out the diagnostically useful local tissue contrasts, without introducing
any intrusive artifacts;

. Outlining the target areas either with the aid of Watershed segmentation using
markers or with the aid of the region-growing algorithm starting with seed points, a step that
results in the production of a binary mask of the Region of Interest (ROI), which captures the
location at which vascular occlusion is viewed as possible;

Quantitative feature extraction, whereby the segmented ROI is mapped to a brief
numerical feature vector, calculated either by means of Local Binary Patterns (LBP) or using
statistics of the Gray-Level Co-occurrence Matrix (GLCM);

. Semi-automatic classification via the Random Forest ensemble that classifies
each incoming MRI slice into either one or two mutually exclusive categories namely
ischemic stroke or normal brain tissue.

Adoption of this modular architecture has been a conscious decision, to escape the
black-box opaqgueness that often goes hand in hand with deep neural networks. The rigorous
segregation of the work of the different phases maintains the complete mathematical clarity
of the pipeline, and enables a specific and sensitive diagnostic audit to be performed at each
of the steps in the middle.
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Figure 1 Schematic flowchart of the proposed integrated MRI processing and classification pipeline

http.//sistemasi.ftik.unisi.ac.id

1226



Sistemasi: Jurnal Sistem Informasi ISSN:2302-8149
Volume 15, Nomor 4, 2026: 1222-1240 e-ISSN:2540-9719

2.1. Adaptive Image Contrast Enhancement Using AWCES

The pipeline starts with the first step by applying the input MRI image I(x, y) to the
AWCES algorithm that performs a contrast stretching, as a result of adaptive windowing
along with a selection process using the entropy measure. The algorithm has been engineered
to enhance the fine vascular features, which are usually not visible in the grayscale images of
the normal acquisitions obtained through the routine acquisition procedures. The key concept
of this operation is to slide a moving window W of freely resizable size across the image,
with the property that at each of its positions a local linear transformation TW is performed to
stretch the contrast without depending on the other windows.Let g_min,W and g_max,W denote
the minimum and maximum intensity values observed within the window W, and let L — 1 represent
the maximum attainable intensity level (e.g., 255 for 8-bit images). The contrast-stretched intensity of
a pixel p(x, y) residing within W is defined as [22]:

p' Wy = [p Wxy) — g minW] x(L-1)/(g_max,W — g _min, W) (1)

This linear transformation projects the local intensity range [g_min,W, g_max,W] onto the
full dynamic range [0, L—1], pushing the local contrast to its maximum within each window
independently of the statistical characteristics of the image as a whole. At the pixel points shared by
more than one window, a weighted averaging approach is used to merge the stretched values provided
by those overlapping windows, thereby preserving a smooth spatial gradient in the enhanced image
without any visible discontinuities.

The defining intelligence of AWCES resides in its entropy-guided parameter optimization
mechanism. For each processed window or image region, the Shannon entropy H is computed as [22]:

H = =% P(i) log: P(i) (2)

The symbol P(i) stands for the probability of the gray level i appearing among the possible
levels whose total number is L. The algorithm proceeds by selecting the window size and adjusting
the parameters of the transformation T_W in the manner that raises the Shannon entropy of the region
under processing to the highest attainable value, which essentially means bringing the information
content of the enhanced image to its optimal level. Through this mechanism, the AWCES algorithm
ensures that diagnostically critical anatomical landmarks, such as slender vascular edges and ischemic
zones of faint contrast, are displayed with the greatest clarity, while at the same time keeping the
structural faithfulness of the image intact. The output of this stage is the enhanced image that attains
the optimal entropy level, denoted by I'(x, y).

2.2. Segmentation of the Region of Interest

Following contrast enhancement, the image I’(x, y) is subjected to binary segmentation to
delineate the ROI corresponding to the suspected cerebral vascular occlusion. Two algorithmically
distinct strategies are considered within the framework:

2.2.1. Region Growing

The Region Growing algorithm is initialized from a finite set of manually or automatically
identified seed points S = {si, sz, ..., s n}. A candidate pixel q is iteratively incorporated into the
growing region R_j—associated with seed s_j—if it satisfies two conditions simultaneously: (i) it is
spatially adjacent to the current boundary of R_j, and (ii) it fulfills a homogeneity predicate ®(q, R j).
The most widely employed form of this predicate imposes an intensity similarity criterion [22]:

\I'(q) — u(R_j)| <o ()
where I°(q) is the enhanced intensity of candidate pixel g, w(R_j) is the current mean intensity
of region R j, and & is a user-defined tolerance threshold governing the permissible degree of local
intensity heterogeneity. The iterative expansion continues until no further candidate pixels satisfy the
predicate, at which point the region boundary is declared closed.
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2.2.2. Watershed Segmentation

The Watershed algorithm starts with a gradient magnitude image G(x, y) =| 01 I(x, y) |, which is
interpreted as a topographic terrain with the high gradient areas (crests) representing the separating
watersheds, and the low gradient areas (basins) indicating the structurally consistent regions. In order
to eliminate the familiar over-segmentation problem that comes with this transform, the Watershed
algorithm in its marker controlled form is embraced. This scheme involves the use of two sets of
markers before the flooding process, the first being an internal set M int which is located in the center
of the foreground objects to be isolated, the second is an external set M ext which is the background.
The algorithm then models an upward flooding the gradient surface at the same time as all the marked
basins and the Watershed lines, which reflect the segmentation edges, are the points of intersection of
the rising water fronts of the various marked basins. This step can be mathematically articulated either
by utilizing transforms of geodesic distances or by using minimum-cost path techniques.
This step results in a binary mask called M ROI where the number 1 is set in the pixels that are
located within the region of the image that is said to be occluding whereas 0 is set in the other pixels
of the picture.
2.3. Texture Feature Extraction: LBP and GLCM

Discriminative numerical features are extracted from the segmented ROI, as defined by the
binary mask M_ROI(x, y) applied to the enhanced image I’(x, y). Two complementary feature
extraction strategies are employed:

2.3.1. Local Binary Patterns (LBP)

For a central pixel g _c and its P neighboring pixels g p (p =0, 1, ..., P—1) sampled on a circle
of radius R in the enhanced image, the LBP value is computed as [22]:

LBP PR = Y, s(gp—g c)*x2r (4)

where s(x) = 1 if x > 0, and s(x) = 0 if x < 0. The resulting binary codes encode the local
microstructural texture pattern surrounding each pixel relative to its neighborhood. A histogram
H_LBP of the LBP codes computed over all pixels within the ROI constitutes the LBP feature vector.
To improve representational compactness and rotational stability, uniform LBP patterns (LBP2,
which retain at most two binary transitions per codeword) and rotation-invariant variants (LBP”ri) are
additionally considered.

2.3.2. Gray-Level Co-occurrence Matrix (GLCM)

A GLCM, denoted C_(Ax,Ay)(i, j), tallies the frequency with which a pixel of intensity i co-
occurs at a specified spatial displacement (Ax, Ay) with a pixel of intensity j within the ROIL. The
matrix is normalized to yield a joint probability distribution [22]:

P_(AxAy)(i.j) = C_(AxA)(, j) /2 _{ij} C_(Ax.Ay)(i j) )
From the normalized GLCM P(i, j), the following Haralick textural descriptors are derived

[22]:
Contrast (CON):

2._{ij} (i=))? > P, ) (6)
Correlation (COR):

2_{ij} [ —px)( —py) * P j)] /(0 x0y) (7)
Energy (Angular Second Moment, ASM):

2_{ij} [PG, )] (8)
Homogeneity (Inverse Difference Moment, IDM):

2 (L P )/ [+ (= j)% 9)
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These descriptors are typically computed across multiple spatial offsets and subsequently
averaged to yield a displacement-invariant GLCM feature vector f GLCM. The concatenation or
selective combination of LBP histogram entries and GLCM descriptors constitutes the final feature
vector X = [Xi1, Xz, ..., X_d] for each ROL.

2.4. Classification and Performance Evaluation

The feature vectors which have been assembled as an outcome of the previous phases
of enhancement, segmentation and feature extraction are fed to the Random Forest classifier,
a collective learning model that in its training phase builds a large number of decision trees
and then integrates their outputs in the majority voting mechanism to produce the final
classification decision. The training aims at obtaining a discriminative association between
the feature space and the binary label space where the labels represent whether it is an
ischemic stroke case or otherwise.

The precision of the capacity of the model to generalize is estimated by means of
adopting stratified five-fold cross-validation, where the data are split into approximately five
equal pieces and each time the model is trained on four of them and tested on the remaining
one. This process is repeated five consecutive times in such a way that all observations go
through the testing role once only. This protocol allows ensuring that the reported results are
a real realization of the capacity of the model to process new data, and not just a result of
overfitting in the same sample. Once the cross-validation process is done, the final model is
then trained on the full amount of available feature data and is then prepared to be used in
future applied scenarios. It is important to note that the methodology is based all on the
famous classical algorithms and has no deep learning or neural network elements at any stage
of the pipeline

3. Results
3.1. Dataset Acquisition and Class Imbalance Correction

The experimental assessment has been performed based on the publicly available Brain MRI
Stroke Dataset [23] that was retrieved on the Kaggle platform. This collection of magnetic resonance
images is retrospectively collected and the personal identifiers are removed and this fact alone, does
not necessitate that this collection should receive institutional review board approval due to its
anonymized and retrospective nature. The first analysis of the data structure displayed the obvious
disproportion between the two classes, since only a number of cases of confirmed ischemic stroke did
not exceed thirty, compared to the number of cases in the normal control group (399 cases), which
brought the ratio of the less represented group to the more represented one to about one to thirteen
point three. This discrepancy when not corrected would incline the classifier towards biasedness in
favor of the more represented class, and the resultant recurring omission of pathological cases.

To address this concern, SMOTE method that focuses on creating new samples in the minor
category was used in the training loop of the cross-validation process and this was performed prior to
the onset of the model fitting in each fold. The technique does not base itself on the direct replication
of the existing minority samples in a direct way, but instead generates new instances of ischemic ones
by enacting interpolation in the feature space among the k nearest neighbors that are of the same class,
which not only expands the coverage of the latter but also enriches it simultaneously. Caution was
observed to ensure that this generation process is only applied to the training sections only on each
fold so as to avoid any leakage of information which can be passed to the evaluation sections. The
resultant effect of this is that the decision boundaries of the trained classifier become more
generalized and comprehensive and in theory makes it more sensitive to ischemic presentations.

3.2. Processing Stages and Visual Interpretation

To illustrate the clarity of the pipeline and its progressive successfulness during its
stages, the representative sample of MRI scans of an ischemic stroke case was picked and
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subjected to the whole processing chain without destroying the intermediates of each stage
with a perspective of analyzing them both visually and quantitatively.

The contrast enhancement stage is devoted in figure 2. The AWCES algorithm
transports the input grayscale image (Figure 2a) into an image in a richer color space (Figure
2b) with a significant increase in the degree of local contrast. This enhancement can be
quantitatively supported with the help of the pixel intensity histograms provided; in the
original image, we can see that the distribution of intensities is strongly clustered around the
central values and thus is indicative of a low overall contrast and a limited dynamic range,
whereas the distribution in the image obtained with the help of AWCES processing is more
spacious and homogeneous and extends to occupy the whole range of dynamic values (Figure
2 Such redistribution brings out clear that the algorithm manages to advance the subtle
differences of intensity on the borders of tissues impacted by anaerobic condition, differences
otherwise incapable of being captured by diagnostic reading.

Original Hist Enhanced Hist
25000 25000 1
20000 20000
15000 15000
10000 10000
5000 - 5000 1
0 |||I|I|rlll||..n‘..' . ' . 0 i J;j . ' ; ’
0 50 100 150 200 250 0 50 100 150 200 250

Figure 2 Demonstration of AWCES contrast enhancement efficacy. (a) Original grayscale MRI of an
ischemic stroke sample. (b) AWCES-enhanced image. (c) Pixel intensity histogram of the original image,
exhibiting a compressed dynamic range. (d) Pixel intensity histogram of the enhanced image, demonstrating
a substantially broadened and more uniform intensity distribution
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In an additional step, Watershed segmentation with marker control was used on the
improved image, resulting in a tight binary mask that accurately delimit the boundaries of the
region of interest relating to the suspected occlusion. In this segmented area, a texture
analysis process was conducted by sketching on LBP descriptors using a sample point count
of P = 24. The resulting LBP histogram shown in Figure 3 is a quantitative-based texture
fingerprint, which records the statistical distribution of the fine local patterns in the lesion.
The form of this histogram and the level of concentration of the values in it informs the
amount of textural disturbance and variability of patterns which characterize the affected
tissue under ischemia, features on which the Random Forest classifier uses to distinguish
between the pathological and healthy tissue.

0.4

0.3

Density

0.2

0.1 4

0.0 L

0 100 200 300 400 500
LBP Code

Figure 3 LBP texture histogram computed over the segmented occluded region of the sample image shown in
Figure 2 (P = 24 sampling points, radius R). The frequency distribution of LBP codes encodes the fine-
grained microstructural texture of the delineated ischemic territory

The two-dimensional processing sequence, in all its stages, for the representative sample is
brought together within Figure 4, which displays four pivotal intermediate outputs arranged within a
unified spatial registration frame; these are, more precisely: the MRI slice in its original form, the
image after being subjected to AWCES processing, the mask produced by the binary segmentation,
and the composite image in which the location of the detected occlusion is distinguished in red against
an enhanced anatomical background. This unified color-based presentation offers the medical staff an
immediate reading of a well-defined location for the potential vascular occlusion, which substantially
relieves the mental effort demanded by the manual examination of the images.
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Figure 4 End-to-end two-dimensional processing pipeline applied to a representative ischemic stroke MRI
sample. From left to right: (1) original MRI slice, (2) AWCES-enhanced slice, (3) binary segmentation mask
of the identified occlusion, and (4) composite overlay with the occluded region highlighted in red on the
enhanced anatomical background

In a supplementary exploratory step, an initial reconstruction in a three-dimensional
volumetric form was produced by distributing the binary two-dimensional mask across a series of
simulated depth layers, in the manner embodied by Figure 5. Despite the fact that this volumetric
formulation inevitably carries an approximate character, given that it was built starting from a single
two-dimensional slice rather than from an actual volumetric acquisition, the scatter plot that emerges
from it delivers a useful spatial picture of the occlusion volume, and likewise stands as an initial
prototype that establishes the soundness of the idea, paving the way for future expansion into

guantitative three-dimensional measurement of occlusions.

100

X~ 5
" (“’fdt}so 200

250

250

Figure 5 Exploratory three-dimensional scatter plot visualization of the segmented occlusion. Red points

represent voxel-equivalent positions of the identified occluded region, derived from the two-dimensional

binary segmentation mask, with X, Y, and simulated Z (depth) coordinate axes labeled. This visualization
serves as a prototype for volumetric estimation pending full three-dimensional MRI data acquisition
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Figure 6 further demonstrates the generalizability of the pipeline by illustrating its application
across multiple ischemic and normal MRI samples, confirming that the sequential processing stages
operate consistently across diverse imaging presentations and that each methodological component
contributes meaningfully to the ultimate diagnostic output.

Orignal

ANCES Erhanced watershed ROI Mask Celored Occlusion {20}

Figure 6 Application of the proposed processing pipeline to a representative set of ischemic and normal MRI
samples, demonstrating consistent performance across diverse imaging presentations

3.3. Classification Performance: Traditional Machine Learning Approach

All the components of the feature engineering system, including image enhancement
by AWCES, segmentation by Watershed, and feature extraction by LBP and GLCM, was
tested simultaneously with the Random Forest classifier, the stratified cross-validation
process, which is randomly distributed across five folds. The decision to adopt this evaluative
scheme was motivated by a decisive goal, which is to demonstrate that a classical
methodology with a mathematical transparency can attain a real diagnostic value, without
depending on the representational capabilities that deep learning models confer.

The mean confusion of the cross-validation processes can be illustrated in Figure 7.
This matrix highlights the strength of the system to identify true negatives, with it
successfully classifying 75 normal cases in the right category (true negatives) and it also
made the mistake of declaring a stroke, only 4 cases (false positives), which translates in high
specificity and a low false alarm rate. When it comes to cases of true ischemic, however, the
system was able to identify most of them (true positives) with the exception of some few that
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were not identified (false negatives).

ANCES Enhanced watershed ROIMask

Celored Occlusion {20}

Figure 7 Average confusion matrix derived from 5-fold cross-validation, reporting the mean number of True
Negatives (TN), False Positives (FP), False Negatives (FN), and True Positives (TP) across all cross-
validation folds

The unified performance indicators, embodied in Figure 8, allow for a deeper grasp of the
discriminative behavior of the classifier. The model recorded a specificity rate of 94% (0.94), a result
that testifies to a high degree of reliability in recognizing healthy brain tissue, and consequently
contributes to reducing additional clinical referrals that are not needed. As for the recall rate, or
sensitivity, which reached 70% (0.70), it reveals a kind of trade-off that often accompanies datasets of
limited size and uneven distribution, yet at the same time it conveys that the classifier manages to
capture the broader share of actual ischemic cases, within the bounds imposed by the nature of the

adopted experimental cohort.
Qrignal ANCES Enhanced watershed ROI Mask Cefored Occlusion (20}

Figure 8 Average normalized confusion matrix from 5-fold cross-validation, expressing classification
performance as proportional rates: Specificity (True Negative Rate) and Recall (True Positive Rate /
Sensitivity)

The ROC curve devoted to the final model that was trained on the complete dataset, as shown
in Figure 9, expresses a level of capacity to distinguish between the ischemic and normal classes that
comes close to perfection, with an AUC value reaching 0.99. Nonetheless, the reading of this
exceptional value should be accompanied by an appropriate measure of epistemic caution; the
presence of a limited number of positive cases within the training data (n = 30) opens the door to the
possibility of an excessively optimistic estimate of the model's performance, and the recorded AUC
value may not carry over without adjustment to broader and more diverse clinical categories. From
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this standpoint, the results are best viewed as a rigorous proof of concept, which reinforces the
argument that classical methodologies that lend themselves to mathematical interpretation and that
stand out for their economy of resources are capable of reaching a competitive screening performance
without calling for the heavy computational infrastructure required by deep learning networks. The
conduct of external validation on broader cohorts spanning multiple centers remains an indispensable
condition before any serious consideration of clinical adoption.

60

Normal

True label

-30

-20

Ischemic
1
-
oS

=10

| |
Normal Ischemic
Predicted label

Figure 9 Receiver Operating Characteristic (ROC) curve of the final Random Forest model trained on the
complete dataset. The AUC of 0.99 reflects near-perfect class separability; however, this result must be
interpreted in the context of the small minority class size (n = 30)

4. Discussion

The diagnostic pipeline that this paper proposes offers a push to the ongoing march in the area
of automated detection of ischemic stroke, as it provides adaptive contrast enhancement of MRI
images, morphological-based segmentation, numerical texture characterization, and ensemble
machine learning classification, all in a single computational framework characterized by the potential
to understand and interpret. When this strategy is juxtaposed to what has gone before in the same
discipline, similarities and differences with weight are brought out.

The implementation of contrast enhancement as a pre-processing stage to the consequent
analysis is timely in keeping with the established standards in most medical imaging applications [24].
The AWCES methodology used here registers obvious benefits on the visual and the quantitative
scale, gains which fundamentally concur with the adaptive strategies familiar in the literature, and
even extend to the principle of parameter tuning which is aided by entropy. Similarly, the Watershed
and region-growing algorithms to track lesion and vascularization boundaries represent methods
common in this field [25] and have been used here to address the challenging task of tracing the
cerebral vessels affected by an occlusion.
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This mix of the GLCM and LBP descriptors in this paper is in line with what has gained
ground in the literature as far as the ability of these two textual descriptions to provide dense
characterizations which can be used to draw the line between the states of both healthy and diseased
tissue [26, 27]. The increasing use of automated discriminative frameworks in aiding the clinical
interpretation of images is supported by recent developments in diagnostic tools founded on neural
networks in various imaging modalities, such as skin lesion classification [28]. The feature
importance analysis that was carried out in this study provided a validation of the role of both LBP
and GLCM in a successful and complementary way in the final classification decisions.

In terms of numbers, the suggested system has an AUC of 0.9804 through cross-validation
and this value increases to 0.99 in the final model, which positions it competitively among the
traditional machine learning methods related to the analysis of stroke-related MRI. Table 2 presents a
comparative framework framework, in which these findings are connected to well-known
methodologies that are the most recent that the field has achieved. It is now apparent in this
comparison that deep learning techniques, including the technique presented by Ince et al. [7], achieve
a higher recall rate of about 95% which is reverted to their ability to obtain complex hierarchical
representations in an autonomous manner through broad training bases. The framework in question,
however, outperforms them in terms of AUC value (0.99 versus 0.98), but uses only a minor portion
of the computational cost, and is fully transparent in terms of the algorithm. The moderate recall of 70
percent with an AUC value of almost ideal indicates that the classifier has high precision and a very
low false positive rate; although there are faint manifestations of ischemia that may not be captured to
a point of detection, the system has a high level of confidence when it indicates that a case is present.
The proposed pipeline demonstrates a visible improvement in accuracy (94% vs. 84%), which is,
again, a result of the synergistic effect of AWCES pre-processing alongside the joint feature
engineering scheme LBP/GLCM, as compared to other implementations of the Random Forest
algorithm, including the one by Wang et al. [29].

Table 2 Quantitative comparison of the proposed framework against state-of-the-art methods

Methodology Dataset / Modality ~ Accuracy (SeFrfsi?[?\l/li ty) AUC

Wangetal [29]  andom ff,[/leg)(c"”ica' ngfla/s?gie' 84.0% 82.0% 0.91
Ince et al. [7] Dee‘,’\l'e‘;g&i&? (u- Diﬁ“Si(ogvt’Xfighted 96.5% 95.2% 0.98
Seker et al. [21] Afggﬁ‘;%? el A('g}‘f)raphy 88.0% 83.0% 0.89
Proposed Work ~ AWCES * EEP/ GLEM*  MRI (Ischemic) 94.0% 70.0% 0.99

The two recent studies of the local production contribute a comparative dimension of
complementary nature to this study. Basheer and Al-Saegh [36] proposed the Nested U-Net
architecture reinforced by an attention mechanism, alongside the introduction of fuzzy
pooling with an aim of segmenting medical MRI images and they unveiled a clear gain in the
Dice coefficient, in accuracy and in the recall rate over the classical U-Net models which also
represents what deep networks possess uniquely in terms of delimiting boundaries within
complex MRI data Their method is purely data-driven and semantically oriented in contrast
to the framework presented here, which is constructed based on a signal processing pipeline
designed manually and subject to interpretation on the physical side, suitable to the
requirements of a situation where training data is limited and computational resources are
limited [37]. Similarly, Alhelal and others [38] presented a design based on FPGA to identify
brain stroke in real time, illuminating the practical significance of the hardware-accelerated
implementation in the clinical domain, where time is a determining factor. The above
complementary literature concerning the segmentation of brain tumors using genetic
algorithms, snake models and fuzzy C-means cluster [39, 40, 41] concur that effective
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segmentation is the foundation of any effective automated diagnosis, irrespective of the
algorithm model upon which it is based.

When we shift to the axis of practical utility in the clinical area, we observe that the
high specificity rate (94%) which the proposed model attains qualifies it at least to be used as
a screening instrument in the initial stage so that the radiologists will quickly rule out the
normal cases and concentrate their reading effort on the cases whose characteristics are
ambiguous or suspicious. To this is added the two-dimensional overlying where the area of
occlusion is highlighted by color, and the exploratory three-dimensional scatter plot, which
helps simplify the clinical reading by what they provide of intuitive and spatially defined
representation, which indicates the location of the occlusion and its approximate size. Such
visual outputs do not require any special infrastructure to perform deep learning, as they can
be shown on regular workstations in hospitals, which is an applied benefit, the value of which
increases in a low resource environment that may lack computational platforms that are run
on graphics processing units.

Yet, there is a tangle of methodological constraints the awareness of which the event
demands with frankness. The first is that the restriction on the number of confirmed ischemic
cases in the training and testing data (n = 30) leaves the door open to the serious possibility of
generating optimistically biased performance estimates and the reported metrics will not
stand their ground in the face of pathological cohorts of larger size and greater variance. The
second is that the analysis is constructed on individual slices of two dimensional MRI, an
issue that necessarily brackets the volumetric context of ischemic lesions; presumably an
added discriminative capability and increased sensitivity would be obtained by providing the
complete three-dimensional volumetric data. The third is, that the visualization in its
exploratory form is three-dimensional, and although the suggestion it makes to the physician
is valid, it is no more than an approximation based on one two-dimensional mask, and cannot
replace a true volumetric reconstruction. On the fourth of these constraints, it is the lack of
external validation based on independent cohorts of several institutions, which limits the
range of generalization assertions that can be made responsibly on the basis of these findings.

5. Conclusions

This paper has proposed, critiqued and discussed, in a rigorous manner, a combined
automated system of the diagnosis of ischemic stroke using MRI, a system that is based on
the sequential and close integration of the methods of adaptive contrast enhancement,
morphological landmark-based segmentation, extraction of texture features through digital
means, and ensemble machine learning classification. This architecture is based on the
architectural principles of the interaction between the classical image processing theory in its
well-known elements, and the machine learning approach of a transparent character, the
combination of which results in the further reinforcement of the quality of support tools to
identify ischemic stroke in its earliest manifestations and in the increase in the possibilities of
their availability on the computational side.

The stratified cross-validation with five folds revealed that the proposed pipeline can
provide a competitive classification performance at a high level, which was reflected in
reaching a specificity of 94, a recall of 70, and an AUC of 0.99, which did not require the
architectures of deep neural networks, or computationally accelerated by graphics processing
units. Similarly, the ability of the system to identify the areas of the vessel at risk by the
presence of an occlusion and to show them in the form of two-dimensional overlays with a
comprehendible color map, and in the form of exploratory spatial views of three dimensions,
is a true clinical addition to the arsenal of radiological decision support, in a manner that
enables the laying down of treatment plans much more quickly and effectively in stroke cases
where time is
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The substantive limitations, out of which this work is sprung, are the limited sample
of the positive class, the fact that the analysis is limited to two-dimensional slices, the
roughness of the three-dimensional visualization, and the lack of extrinsic validation, which
delineates a research roadmap that is straightforward and usable. The following future
directions are priority: (1) testing the pipeline with MRI data of several institutions and
characterized by a significantly larger size and a wider geographic and demographic
coverage; (2) testing hybrid approaches which selectively use deep learning-based feature
representations as the core of the classical framework, to increase sensitivity to faint ischemic
manifestations; (3) developing the three-dimensional visualization component by including
genuine volumetric MRI data alongside the use of Overall, this paper provides a reference
work that has been carefully developed, is user-friendly and computationally detailed,
contributing thus a new brick to the expanding literature on computer-assisted diagnostic
systems that have been developed to address the early identification of ischemic stroke.
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