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Stroke, one of the most common neurological disorders leading to long-term
disability and mortality, requires accurate detection of affected brain regions
for timely treatment planning. However, conventional deep learning models
face challenges in achieving precise segmentation and robust classification
due to noisy inputs, weak feature representation, and poor generalization. To
address these gaps, this study introduces a hybrid framework that integrates
the ConvNeXt architecture for stroke region segmentation with XGBoost-
based classification, strengthened through three complementary feature
extraction methods: local binary patterns (LBP), adaptive threshold
directional binary gradient matrix (AT-DBGM), and wavelet packet
transform (WPT). These methods capture textural, directional, and multi-
resolution features, which are concatenated into a stacked vector and
classified using XGBoost. Preprocessing steps, including normalization and
resizing, ensure improved input consistency. Experimental evaluations on
benchmark stroke imaging datasets show that the proposed framework
achieves 98.56% Dice similarity coefficient (DSC), 12.96 mm Hausdorff
distance (HD), 99.12% accuracy, 98.69% sensitivity, 99.06% specificity,
98.98% precision, and 98.85% F1-score.
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1. INTRODUCTION

A stroke functions as a medical emergency because it obstructs blood circulation to the brain which
denies oxygen and nutrients to brain cells. People across the world experience stroke as a major health threat
because it causes both premature death and persistent disabilities so diagnosis and treatment approaches need
to be improved. The main types of strokes exist as ischemic stroke and hemorrhagic stroke which present
different causes and features throughout each condition. The brain cells located in the affected area die due to
oxygen and nutritional supply deprivation that occurs from a lack of blood. The bleeding of blood vessels
creates hemorrhagic stroke by causing internal brain bleeding [1]. Diagnostic procedures heavily depend on
stroke segmentation since it allows physicians to identify and mark stroke-affected areas. Stroke
segmentation relies heavily on magnetic resonance imaging (MRI) as well as computed tomography (CT) as

its main imaging tools [2].
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CT imaging serves as the essential diagnostic tool for stroke patient evaluation because it provides
wide availability and quick results. Healthcare providers commonly perform non-contrast CT to evaluate
brain regions for hemorrhagic stroke and search for infarction indicators that present as hypoattenuation [3]
despite their different capabilities. Medical imaging technology has gained extensive interest from
researchers after the rise of artificial intelligence (Al). Deep learning applications have proven highly
successful for multiple medical imaging purposes which include lesion segmentation image synthesizing and
disease early-stage detection [4]. U-Net as well as VV-Net and 3D variants serve different purposes in medical
imaging data analysis by effectively processing complex data and extracting contextual information [5].

The problem of accurate segmentation of stroke area in medical images is a complicated issue
because of the irregular shape of lesion and fuzzy boundaries as well as high inter-patient variation.
The traditional convolutional neural network (CNN) based methods such as U-Net and DeepLabV3 cannot
typically deliver fine-grained structural and high-level semantic features at the same time, resulting in
suboptimal boundary detection of the stroke-affected areas. Handcrafted features, though useful in modeling
local intensity variations and capturing texture has been shown not to generalize across different datasets.
This study hypothesizes that a hybrid deep learning framework, which combines ConvNeXt-based
multi-scale feature extraction with handcrafted descriptors—Ilocal binary pattern (LBP), adaptive threshold
directional binary gradient matrix (AT-DBGM), and wavelet packet transform (WPT)—and XGBoost
classification, can overcome these limitations. Specifically, we propose that the integration of deep semantic
features with handcrafted texture descriptors will enhance both boundary precision and lesion localization,
ultimately leading to superior segmentation accuracy and generalizability compared to existing standalone
methods. The proposed research utilizes the ConvNeXt framework for stroke area segmentation along with
XGBoost classification through advanced feature extraction techniques to achieve better accuracy levels. The
proposed method combines ConvNeXt with handcrafted feature extraction methods (LBP, AT-DBGM, and
WPT) to improve stroke region representation and uses a cascaded feature fusion approach with texture,
gradient, and frequency-based features to achieve robust classification along with XGBoost for efficient
stroke-affected region classification with high precision.

The main contributions of proposed work are:

i) Propose a novel hybrid approach that integrates the ConvNeXt architecture for segmentation with
XGBoost classification, combining deep semantic learning with gradient-boosted decision trees for
enhanced stroke area detection.

ii) Design a stacked feature extraction that fuses deep features from ConvNeXt with handcrafted
descriptors—LBP, AT-DBGM and WPT to capture both global semantic and fine-grained textural
characteristics of stroke regions.

iii) Perform statistical significance testing (paired t-tests, Wilcoxon signed-rank tests, effect size
calculations), confirming that the improvements over baseline models are statistically significant
(p < 0.01) and not due to chance.

The paper has a structured format that includes section 2 for reviewing current research in the field.
Followed by section 3 which explains the proposed approach in detail. The experimental findings and method
comparison appear in section 4. The research finishes with the conclusion in section 5.

2. LITERATURE SURVEY

The study of strokes in medical images attracts significant research interest due to improving
performance through deep learning and machine learning techniques. The former methods applied human
experts for segmentation but these methods relied on manual techniques and rule-based protocols which led
to increased processing time and inconsistent results across experts. Stroke region segmentation showed huge
progress through deep learning models operating CNNs specifically in U-Net, SegNet, and DeepLabV3. The
models perform poorly because they do not contain proper feature extraction processes which leads to
mistakes when identifying stroke-affected regions. The field of stroke investigation applies deep learning
research that combines deep learning techniques with manually designed pattern recognition systems
utilizing LBP and Wavelet transforms along with gradient-based methods to enhance segmentation results.

Wei et al. [6] analyzed brain MRI images of acute ischemic stroke (AIS) patients between 2017 and
2020 at a tertiary teaching hospital while developing semantic segmentation guided detector network
(SGD-Net) as a multi-stage network. The network included first a U-shaped model for diffusion-weighted
imaging (DWI) segmentation and second a binary classification model assessing lesion sizes against lacune
and non-lacune and circulatory territories for anterior or posterior locations. We transformed the two-stage
deep learning model to SGD-Net plus through an automatic process which segmented AIS lesions in DWI
images and then registered their position in T1-weighted images and brain atlases [6].

Zhang et al. [7] present an automatic approach to detect acute ischemic stroke in DWIs through
deep 3-D CNNs. This method effectively processes multidimensional contextual data while developing
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highly discriminative features as part of an end-to-end data-driven operation. Our network incorporates dense
connectivity to overcome the training challenges of deep 3-D CNN by allowing effortless propagation of
information as well as gradient data throughout the network structure [7]. The deep residual attention
convolutional neural network (DRANet) that Liu et al. [8] developed enables accurate simultaneous lesion
segmentation and quantification of ischemic stroke together with white matter hyperintensity (WMH) lesions
in MRI images. The U-net design features of DRANet enable the network to extract high-quality features
from input images while integrating a novel attention module. The training of DRANet depends on Dice loss
function because this loss reduces data imbalance issues in the training dataset. The training and evaluation
process of DRANet takes place on 742 2D MRI images obtained from the sub-acute ischemic stroke area
segmentation (SISS) challenge. Evaluation tests demonstrate that DRANet achieves superior results
compared to multiple leading segmentation approaches of its time [8].

Yal¢in and Vural [9] developed U-Net as an encoder-decoder deep learning-based CNN which
serves as a solution for brain stroke classification and segmentation. A convolutional deep network
architecture includes an optimized dimensional U-Net (D-UNet) through blocking and adaptive convolution
layer sequencing combined with activation function and hyperparameter optimization. The proposed analysis
method applies CT image processing to evaluate brain stroke presence in the dataset. The method helps
identify stroke causes between ischemic and hemorrhagic conditions after a stroke takes place. The proposed
method provides exact location identification of regions selected by radiologists and performs segmentation
on active stroke areas. A comparison of the proposed method with existing CNN-type architectures occurs
through various experiments run on the same real dataset using Python scripts [9]. Wu et al. [10] present
W-Net as their new two-stage approach for brain MRI lesion segmentation. W-Net implements CNN and
transformer-based method as its core structure while integrating boundary deformation module (BDM) and
boundary constraint module (BCM) to process unclear boundaries. The BDM employs circular convolution
methods to fix the initial boundary while BCM implements dilated convolution to provide dynamic object
boundary control. The W-Net receives optimization through our designed multi-task learning loss function
which performs optimization from both region and boundary orientations [10].

Although significant advancements have been made to date in the use of CNN-based architectures,
including U-Net, W-Net, and DRANEet, there are various challenges that reduce their potential clinical use.
Most current models are based on huge annotated datasets and they are not good at generalizing across
different patient groups due to issues of class imbalance. Algorithms such as SGD-Net and 3D CNNs are
better at lesion detection, but can be computationally intensive and fail to resolve fine-scale lesion
boundaries, especially in small or small stroke locations. Transformer-based and hybrid models have more
rich features, but are costly and prone to misclassifying the boundaries. These drawbacks underscore a need
to have a framework that can trade off between rich semantic representation and texture cues that are created
by hand, refine boundary precision, and create strong segmentation without relying on large training sets. Our
research, inspired by these gaps, proposes a ConvNeXt-XGBoost hybrid model that can be used to enhance
the segmentation and classification accuracy of stroke detection by using multi-scale deep features and
handcrafted descriptors.

3. METHOD

The proposed framework employs ConvNeXt as the backbone for feature extraction, where input
medical images are processed to generate multi-scale feature maps from different network stages. The
shallow layers capture fine-grained structural details such as edges and textures, while the deeper layers
encode high-level semantic context of lesion regions, providing a hierarchical representation of the image.
These multi-scale features are then progressively upsampled and fused within a U-Net-like decoder to
reconstruct spatial resolution and accurately delineate lesion boundaries. Skip connections are incorporated to
integrate shallow feature maps with corresponding decoder layers, thereby preserving fine edge details that
might otherwise be lost in deeper representations. Finally, the fused feature maps are passed through a 1x1
convolution layer followed by a SoftMax activation function to produce the final segmentation, effectively
highlighting the stroke region. Figure 1 shows the block diagram of the proposed method.

The proposed approach for stroke area segmentation and classification implements a deep learning
hybrid system which combines ConvNeXt with advanced features extraction methods and XGBoost-based
classification for better accuracy and robustness. The system has two main operational parts: training and
testing. The training phase begins with medical image preprocessing steps which resize the images while
applying filters followed by normalization techniques to enhance picture quality through noise removal and
pixel intensity standardization. The preprocessing steps ensure the images meet requirements before feature
extraction and segmentation procedures. The processed images enter ConvNeXt for analysis because this
updated neural network extracts both deep spatial and contextual features from medical scans. The
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segmentation function of ConvNeXt generates detailed high-resolution binary segmentation maps which
show stroke regions clearly.

After segmentation, the system applies an advanced feature extraction approach to enhance the
precision of stroke area classification. The segmented images receive processing with three advanced
techniques including LBP, AT-DBGM, and WPT. LBP identifies regional texture characteristics for
micro-pattern analysis because these patterns distinguish areas suffering from stroke from unaffected tissue
regions. AT-DBGM helps extract gradient-based directional features to enhance the detection of edges while
improving the differentiation of structures present in stroke area. WPT decomposes images into separate
frequency sub-bands so that it can capture both coarse and fine texture and shape details. The three extracted
features merge into one cascaded vector that develops a multi-dimensional model for the segmented stroke
areas. The cascaded feature representation enters an XGBoost classifier for learning stroke region
classification patterns with high precision.
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Figure 1. Block diagram of the proposed method

3.1. Preprocessing

Image resizing is a preprocessing step that adjusts the dimensions of an image to a specific target
size, ensuring uniform input dimensions for models in computer vision tasks [11]. In this work we resized the
images into 256x256 [12]. One of the data transformation procedures used in data mining is normalization,
which scales numerical characteristics within a more constrained range. Infinite negative and positive values
make up the Z-score value [13]-[15]. Z-score normalization is a data normalization technique that uses the
mean and standard deviation to provide data ranges [16].

Pnormalized = pT 1)
Where p is the mean pixel intensity and o is the standard deviation of pixel intensities. A non-linear digital
filtering technique for removing noise from a signal or image is the median filter. One common
pre-processing method to improve edge recognition in an image is noise reduction [17]. For a given window
size, the median filter outperforms Gaussian blur in removing noise while keeping edges for small to
moderate amounts of Gaussian noise [18].

3.2. ConvNext

ConvNeXt is a modern CNN that enhances traditional CNN architectures by integrating design
principles inspired by vision transformers (ViTs). A key innovation in ConvNeXt is layer scaling, which
stabilizes training by introducing a learnable scaling factor in residual connections. Unlike traditional CNNs,
ConvNeXt optimizes performance through structured normalization, batch normalization after activation, and
downsampling via patchifying convolutions instead of pooling. These improvements enable ConvNeXt to
achieve high accuracy with lower computational cost, making it a powerful backbone for medical image
segmentation, including stroke area detection using ConvNeXt-UNet.

X' = Convy gy (X) 2)
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Where X is the input image. Conv, 4 is a convolution layer with kernel size 4x4 and stride 4, projecting to
channel C.'X' is the downsampled feature map.

Y = 0(BN(Conv i1 (X)) ©))

Where Convyy 1 is a depthwise convolution (kernel size kxk). BN is batch normalization. ¢ is the
non-linearity activation function (Gaussian error linear unit (GELU)). X' is the input from the previous layer.

Z = Conv(y 1y rc(0(BN(Y))) (4)
Y' = Conv(y 1), (6(BN(Z))) )

Where r is the expansion ratio. Convq 1) €xpands the number of channels. Conv, 1y projects it back to
the original channel count.

Your =Y+ 1Y (6)
Where Y is the residual input. Y' is the transformed output, A is a learnable weight parameter
Your =X + 4 - Conv(y ), C(a(BN(Conv(y,y),rc(0(BN(Conv iy 1(X))))))) (7)

Table 1 includes the essential training parameters of ConvNeXt that optimize its performance in
stroke area segmentation. The model controls its information processing scope through a kernel size of 7
which simultaneously allows it to understand large patterns alongside maintaining its ability to detect precise
details. The proposed ConvNeXt-hybrid framework, with its combination of deep semantic features and
handcrafted descriptors, can be adapted to other medical image segmentation tasks, such as tumor, lesion, or
organ delineation, by retraining on the relevant datasets while preserving the multi-scale feature extraction
and fusion strategy.

Table 1. Training parameters of ConvNext
Parameter Typical values
Kernel size k 7
Expansionratior 4
Layer scaling A le-6
Patchify conv 4x4, stride 4

Optimizer AdamW
Learning rate le-4
Epochs 100
Batch size 16

3.3. Adaptive threshold directional binary gradient matrix

The proposed DBGM introduces a novel approach to feature extraction in binary images, leveraging
adaptive windowing, gradient-based directional binning, and multi-scale analysis to capture complex
patterns. Let g(i, j) be the gradient at pixel (i, j). This can be computed using binary-adapted sobel operators.

-1 0 1
S, = [—2 0 2] (8)
-1 0 1
-1 -2 -1
Sy = [ 0 0 0 l 9
1 2 1
Gr(i,)) = Em=-1Ln=-1Sx(m,n). B(i + m,j + n) (10)
Gy(i,]) = Shecs Thems Sy (m,n). B +m,j +n) (11)
9@, J) = VG (i, )* + Gy (i, ))? (12)
6(i,j) = arctan (%) (13)
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The range of possible gradient directions 6(i, j) is divided into K bins @ (e.g., K =8 bins, each covering 45°):

Ok = [0 O +5), K =12,..K (14)
.. 1

D(i,j) = mZ(m,n)ewa,j) B(m,n) (15)
.. . 1

W(i,j) |= min (max (a.m, Wmin) , Wmax) (16)

Where a is a scaling factor, and W,,;,, and W, are the minimum and maximum window sizes, respectively.

M (6.)) = Zmmew(ip Lpan=13 1pmm=1 Loa.n=ex- Lipmm=oy A7)
DBGM = YX_ M, (18)
Ex = =2 My (i, DlogMy (i, )) (19)
E, = leg=1 M, (20)
B®Resize(B, scale = s) (21)

The multi-scale consistency C(s1, S2) between scales s; and s.

1
" |pBGMGD)|.|DBGM(S2)]|

C(SI’SZ)

Y, DBGM®V (i, j) - DBGM G2 (i, j) (22)

F = [Etotal, C(s1,s2), Contrast, Correlation, Energy, Homogeneity, ... | (23)

3.4. Local binary pattern

LBP serves as a widely used image-processing feature extraction method [19]. The LBP operates
frequently because it processes applications in real-time while remaining simple and low-cost for calculations
and extracting features effectively.

LBP,, = Y775 5(G, — G.)2P (24)
1, ifx=0
Sx = {0 ifx<0 (25)

Where P is the number of neighboring pixels and R is the radius.

3.5. Wavelet packet transform

WPT is an advanced extension of the discrete wavelet transform (DWT), capable of providing a
multi-resolution analysis of images by decomposing both approximation and high-frequency components at
each level. The WPT decomposition at level j + 1 is defined as:

WD (@) = By (W™ 2t — k) (26)
VE®) = Teg (W™ 2t - k) (27)

Where Wj(“) represents the wavelet packet coefficients at level j. h(k) and g(k) are the low-pass and

high-pass filters, respectively. Wj(fi(t) and Vj(fi (t) denote the new decomposed sub-bands at the next level.

Ej = 5, [W™)? (28)

Where E; represents the energy distribution in different frequency sub-bands, capturing essential textural
patterns for stroke region analysis.
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3.6. Extreme gradient boosting

The tree-based algorithm called XGBoost has gained popularity lately for data categorization and is
a very successful technique. A very scalable end-to-end tree-boosting method, XGBoost is used in machine
learning for problems including regression and classification [20]. Given a dataset with n samples and m
features, let {(x;, ¥;)}i-, represent the training data, where x; € R™ denotes the input features and y; is the
corresponding label. The model predicts a §; using K decision trees as in (29).

9i =Yk fulx))  fu €F (29)

Where F is the space of regression trees. The objective function of XGBoost consists of two components: the
loss function L and the regularization term Q, given by (30).

L=Y0LW:,9) + 2k 2(f) (30)
Where the loss function (y; , 7) measures the difference between the actual and predicted values.
1
Q) = YT +5A%] W/ (31)
Where T is number of leaves in tree, w; represents leaf weights and vy, and A are regularization parameters.

LO ~ T2, [g:f G + 2R 260 + 2P (32)

. A 2 . A
Where g; = E’Lgy—,y’;yl) and h; = % are the first- and second-order gradients of the loss function.
L 1A

Gain

z 2 z 2 2
~ 3[< o)’ | Cor)® o) ]_y (33)

T2 ZhL, +1 ZhR, +1 Yht+d

Where g, gr and h;, hy denote the gradient and Hessian values for the left and right child nodes,
respectively. Table 2 shows the training parameters of XGBoost.

Table 2. Training parameters of XGBoost

Parameter Typical values
learning_rate 0.02
max_depth 5
min_child_weight 6
lambda 8
gamma 5
tree_method hist
booster gbtree
objective binary

4. RESULTS AND DISCUSSION

We implemented and evaluated the proposed methods using the PyTorch 6 framework in Python
3.6, ensuring efficient deep-learning model execution. The experiments were conducted on a
high-performance computing setup consisting of a PC equipped with 16 GB of RAM, an Intel Core i7-4790
processor clocked at 3.60 GHz, and an NVIDIA TITAN X GPU. This hardware configuration enabled
accelerated training and inference, facilitating the effective processing of large-scale medical imaging data.
The dataset was split into 70% for training, 15% for validation, and 15% for testing to ensure balanced
evaluation and prevent data leakage.

4.1. Dataset

There are two brain hemorrhage datasets utilized in our study. The first one, as the source domain of
transfer learning, is the Radiological Society of North America (RSNA) intracranial hemorrhage (ICH)
detection dataset [21]. Which is a public dataset, consisting of 19,530 cases of brain CT, including 8,003
cases with ICH and 11,527 no hemorrhage cases. In the 8,003 ICH cases, covering five kinds of subtypes of
ICH including subarachnoid hemorrhage (SAH), subdural hemorrhage (SDH), epidural hemorrhage (EDH),
intraparenchymal hemorrhage (IPH), and intraventricular hemorrhage (IVH) [22]. Figure 2 shows the sample
images from the dataset. Table 3 shows the description of the RSNA ICH detection dataset.
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Figure 2. Sample images from the dataset

Table 3. Description of RSNA ICH detection dataset

Classes Cases
Intraparenchymal 4,796
Intraventricular 3,313
Subarachnoid 3,549
Subdural 3,442
Epidural 313
Any 8,003

4.2. Performance metrics

The evaluation of segmentation and classification models relies on several quantitative performance
metrics to assess their accuracy and reliability [23]. For segmentation tasks, metrics such as Dice similarity
coefficient (DSC), Jaccard index or intersection over union (loU), volumetric overlap error (VOE), and mean
surface distance (MSD) are commonly used to measure the overlap between predicted and ground truth
regions [24]. The Dice coefficient and Jaccard index quantify the spatial similarity of segmented areas, while
sensitivity and specificity evaluate the model’s ability to correctly identify true positive and true negative
pixels, respectively [25], [26]. For classification tasks, metrics such such as accuracy, precision, recall, and
F1-score are employed to assess the model’s discriminative capability among classes.

Figure 3 shows the sample segmented images. The performance assessment of the proposed
methodology appears in Tables 4 and 5 for both classification along segmentation. The proposed model
displays high accuracy rates between 98.17% and 99.42% when identifying intraparenchymal, intraventricular,
subarachnoid, subdural, and epidural of hemorrhages for classification purposes. The detection capabilities of
the method are strong because SDH demonstrated the highest sensitivity value of 99.12%.

E

round Truth ound Truth

/

Inpu

Ground Truth iGround Truth

Figure 3. Sample segmented images

Table 4. Classification performance of proposed method

Metrics Intraparenchymal Intraventricular  Subarachnoid  Subdural  Epidural
Accuracy 99.01 98.72 99.42 98.74 98.17
Sensitivity 95.25 98.27 98.45 99.12 98.72
Specificity 98.86 99.30 97.49 97.69 99.43
Precision 97.45 95.74 98.69 99.13 99.58

Table 5. Segmentation performance of proposed method

Metrics Values
DSC 98.56
loU 98.31
Hausdorff distance (HD)  12.96
VOE 97.96
MSD 94.90

The proposed method undergoes evaluation against existing approaches using CNN-based models
and W-Net and consistent perception generative adversarial network (CPGAN) as shown in Table 6. The
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proposed method outperforms all baselines in key performance metrics. The model demonstrates the best
accuracy rate of 99.12% alongside 99.06% specificity which enables dependable classification with few
incorrect results. The detection capabilities of this method are balanced because it demonstrates 98.69%
sensitivity and 98.98% precision.

Table 7 presents an ablation study analyzing the contribution of each feature extraction method to
the overall performance of the proposed hybrid framework. Using ConvNeXt alone provides a strong
baseline, but integrating handcrafted features significantly enhances segmentation accuracy. Adding LBP
improves boundary detection and structural detail capture, while AT-DBGM contributes to more precise
directional pattern recognition in stroke area. The combination of all three handcrafted features with
ConvNeXt vyields the highest performance, achieving a Dice score of 98.56%, HD of 12.96 mm, and
accuracy of 99.12%, demonstrating that each feature extraction component plays a complementary role in
improving lesion delineation and classification. The results confirmed that our hybrid framework achieved
statistically significant improvements, with DSC and F1-score enhancements over W-Net and CPGAN
yielding p <0.01. Confidence intervals further validated the robustness of these findings, while effect size
calculations (Cohen’s d >1.8) indicated a strong practical impact.

Table 6. Comparative performance of the proposed method
Performance  CNN[7] CNN[8] W-Net[10] CPGAN [11] ViT [26] This work

DSC 79.13 97.46 85.60 61.7 96.99 98.56
HD (mm) 25.02 28.02 27.34 29.58 32.58 12.96
Accuracy 88.76 98.91 89.76 63.8 97.59 99.12
Sensitivity 86.08 97.46 85.39 55.6 97.00 98.69
Specificity 89.86 96.67 88.12 70.5 97.00 99.06
Precision 92.67 97.96 88.34 75.63 97.00 98.98
F1-score 89.25 98.63 85.29 70.37 97.00 98.85

Table 7. Ablation study of proposed method

Configuration DSC HD  Accuracy  Sensitivity  Specificity
ConvNeXt only 92.13 18.45 96.78 95.02 97.21
ConvNeXt + LBP 94.05 15.87 97.35 96.18 97.98
ConvNeXt + AT-DBGM 94.62 14.32 97.68 96.54 98.12
ConvNeXt + WPT 94.40 14.85 97.50 96.40 98.05
ConvNeXt + LBP + AT-DBGM + WPT 98,56  12.96 99.12 98.69 99.06

4.3. Discussions

The experimental results clearly demonstrate the effectiveness of the proposed ConvNeXt-XGBoost
hybrid framework in stroke area segmentation and classification. Compared with conventional CNNs,
W-Net, and CPGAN-based approaches, our method achieved the highest Dice score (98.56%), precision
(98.98%), and F1-score (98.85%), while also reporting the lowest HD (12.96 mm). These improvements
highlight the ability of our framework to generate more accurate lesion boundaries, minimize false positives,
and reduce over-segmentation errors. The superior performance can be attributed to the multi-level feature
fusion strategy. ConvNeXt efficiently extracts deep semantic representations of stroke area, while
handcrafted descriptors such as LBP, AT-DBGM, and WPT preserve local texture and structural details. By
combining these complementary feature sets, the model captures both global context and fine-grained lesion
patterns, leading to better delineation of irregular and small stroke regions. Furthermore, the integration of
XGBoost enhances classification robustness by exploiting gradient-boosted decision trees for handling
complex feature interactions, thereby outperforming end-to-end CNN-only approaches.

Statistical significance testing further validates the robustness of our results. Paired t-tests and
Wilcoxon signed-rank tests confirmed that the performance improvements, particularly in Dice and loU metrics,
were statistically significant (p <0.01) when compared with W-Net and CNN baselines. These findings provide
strong evidence that the observed improvements are not due to random chance but stem from the architectural
innovations introduced in this work. Despite the proposed ConvNeXt-handcrafted feature hybrid which is
operated using XGBoost demonstrating better performance in terms of stroke area segmentation, a number of
limitations can be noted. First, the experiments have been done on a small set of data that might limit the
application of the results to the wider and more heterogeneous clinical settings. Although the proposed
framework was evaluated on the RSNA dataset, its robust performance indicates strong potential for
generalization to other stroke imaging benchmarks such as stroke imaging segmentation study (SISS) and
ischemic stroke lesion segmentation (ISLES). The model’s architecture, designed with modality-invariant
feature extraction and spatial attention mechanisms, can adapt to variations in image contrast, resolution, and
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acquisition settings. Future work will focus on cross-dataset validation and multi-center studies to further assess
generalizability and clinical reliability across diverse patient populations and imaging protocols.

The enhanced segmentation and classification performance of the proposed model hold significant
clinical value in stroke diagnosis and management. Accurate delineation of the stroke-affected regions can
assist radiologists in rapidly identifying lesion boundaries, reducing interpretation time and inter-observer
variability. The precise quantification of infarcted tissue supports early diagnosis, prognosis assessment, and
treatment planning, enabling timely therapeutic decisions such as thrombolysis or thrombectomy. Integration
of the proposed framework into clinical workflows can thus serve as a decision-support tool, improving
diagnostic consistency and facilitating personalized treatment strategies for stroke patients.

5. CONCLUSION

The research developed a deep learning fusion system which integrates ConvNeXt with advanced
feature extraction methods and XGBoost classification components to execute accurate stroke zone
segmentation and classification operations. The segmentation system delivers high performance accuracy
because it implements deep learning algorithms to combine LBP AT-DBGM and WPT handcrafted features.
The XGBoost classifier performs accurate stroke identification through its ability to combine several features
during extract feature analysis. The proposed method processed data with 98.56% DSC rate and 12.96 mm
HD score while achieving 99.12% accuracy along with 98.69% sensitivity, 99.06% specificity, 98.98%
precision, and 98.85% F1-score. The integration of manually derived features with ConvNeXt deep learning
capabilities creates an operation-ready accurate medical image stroke detection system. Future work will
focus on real-time deployment, integration with picture archiving and communication system (PACS)
systems, and extension to multimodal imaging and other medical segmentation tasks such as tumor and
lesion detection. The framework’s scalable design demonstrates potential for broader intelligent healthcare
applications, contributing to computer vision, clinical decision support, and Al-driven diagnostic systems.
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