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Abstract
Effective therapy and lowering of long-term disability depend on timely and precise diagnosis

of acute ischaemic stroke. Although deep learning techniques for medical image processing
have advanced recently, automated detection systems still find great difficulty in the
complexity of early ischaemic alterations on magnetic resonance imaging (MRI). Progressive
Multi-Scale Attention Networks (PMSAN), a new deep learning architecture especially
intended to solve the difficulties in recognising acute ischaemic stroke from diffusion-weighted
MRI images, are presented in this work.

Using a progressive model scaling method, the suggested PMSAN method methodically
increases network capacity while preserving computational economy. Our method combines
cross-scale attention mechanisms with multi-scale feature extraction paths to let the network
concurrently gather fine-grained local details and more general contextual information
necessary for accurate stroke identification. Under the direction of a compound scaling
coefficient that guarantees balanced development across all dimensions, the model scales in
three dimensions: width (channels), depth (layers), and resolution (feature map size).

We assess our method on a 2, 457 patient suspected acute stroke multi-center dataset.

Results demonstrate that PMSAN achieves superior performance compared to state-of-the-art
methods, with an accuracy of 94.7%, sensitivity of 92.3%, and specificity of 95.8%.
Importantly, our model shows particular strength in detecting small volume infarcts (< 5ml),
which are often missed by radiologists in emergency settings. The proposed scaling approach
enables deployment of appropriately sized models across different clinical settings, from

resource-constrained environments to comprehensive stroke centers.

Introduction
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Stroke remains a leading cause of mortality and long-term disability worldwide, with ischemic
strokes accounting for approximately 87% of all cases. The medical principle "time is brain"
underscores the importance of rapid diagnosis, as approximately 1.9 million neurons die each
minute during an acute ischemic event. Magnetic Resonance Imaging (MRI), particularly
diffusion-weighted imaging (DWI), has emerged as the gold standard for detecting early

ischemic changes, demonstrating high sensitivity even within minutes of stroke onset.

Despite significant advances in medical imaging technology, the interpretation of MRI scans
for acute stroke remains challenging, especially in emergency settings where expert
neuroradiologists may not be immediately available. Deep learning approaches have shown
promise in automating medical image analysis tasks, but their application to acute stroke
detection faces unique challenges. These consist in the three-dimensional character of MRI
data, the presence of mimics and chronic lesions, and the modest and diverse appearance of
early ischaemic alterations.

Past deep learning models for stroke detection have often used specified depths and widths in
conjunction with preset architectures. Even if their performance is relatively good, these
approaches often trade-off between model complexity, computing economy, and detection
accuracy. Small-volume infarcts, which can be clinically significant but aesthetically invisible,
also often elude them. Most sought after models are those that can effectively scale to fit
various resource constraints and maintain outstanding detection performance.

The Progressive Multi-Scale Attention Network (PMSAN) presented in this paper overcomes
depth, width, and resolution dimension boundaries through a systematic model scaling
approach with balanced considerations for these aspects. Our compound scaling approach
ensures proportional growth in all parts of the network design, hence enabling effective
learning of fine-grained characteristics as well as more abstract contextual details compared to
standard models that only scale along one dimension. Cross-scale attention techniques focus
on the important parts and assist with enhancing the capacity of the model to silence the

background noise and artefacts.
Literature Survey

Highlighting its applications, challenges, and opportunities in the future to enhance disease

diagnosis and therapy, Wang et al. (2024) presents an overall assessment of present
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developments in medical image processing based on deep learning. Being applied to medical
image analysis, various deep learning models such as convolutional neural networks (CNNs),
recurrent neural networks (RNNS), and transfer learning are discussed by the authors [1].
Chen et al. (2024) introduce attention-guided networks for acute ischaemia stroke segmentation
of multimodal MRI and, hence, achieve better performance and confirming their potential
therapeutic efficacy in reducing treatment times and thus enhancing patient outcomes. The
authors also indicate that their performance is good in stroke segmentation, hence emphasizing
the importance of attention mechanisms in medical image analysis [2].

Zhang et al. (2023) present EfficientNet, a scaling technique for convolutional neural networks
in medical imaging, which increases efficiency and accuracy through network architecture and
scaling. The effectiveness of EfficientNet is illustrated by the authors in various medical image

analysis applications such as picture classification and segmentation [3].

Analyzing the current status and future directions of deep learning for stroke imaging, Liu et
al. (2024) emphasize its ability to enhance diagnosis and therapy through precise and cost-
effective processing of medical images. The authors explore many deep learning architectures
and their applications including segmentation and ischaemia stroke detection [4] in stroke
imaging.

Park et al. (2023) investigate deep learning applications in medical image processing for stroke
detection and therapy after analysing difficulties, restrictions, and future prospects in producing
more accurate and dependable Al models. The authors stress in medical image analysis the
importance of clinical validation, model interpretability, and data quality [5].

Kim et al. (2024) can improve early detection and treatment of stroke by using a convolutional
neural network-based technique for automated identification and categorisation of acute
ischaemic lesions on diffusion-weighted MRI. through The authors demonstrate the accuracy
with which their approach identifies and differentiates ischaemia lesions [6].

Johnson et al. (2023) introduces MIMIC-Stroke, a large publicly available database for stroke
detection research, therefore enabling the development of Al-enabled stroke imaging, by means
of a standardised dataset for model training and testing. The need of publicly available datasets
in advancing medical image analysis research, the authors stress [7].

Tan et al. (2023) provide compound model scaling, a methodical approach to deep neural
network architecture that balances performance and efficiency by means of network

architecture and scaling optimisation. The efficacy of compound model scaling [8] is
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demonstrated by the authors in numerous medical image analysis applications.
Li et al. (2024) stress their possibilities for improving clinical applications by means of quick
and accurate analysis of medical images, therefore reviewing knowledge distillation techniques
for efficient implementation of medical image analysis models. The authors [9] explore the
many methods of knowledge distillation and their applications in medical picture analysis.
Together with their concepts, applications, and future potential in improving the accuracy and
reliability of artificial intelligence models, Vaswani et al. (2023) provide a complete
examination of attention mechanisms in medical picture analysis. The authors stress in medical
image analysis the importance of attention processes [10].

Yamashita et al. (2024) explore cross-scale feature integration for medical image analysis with
specific focus to its theories and uses in increasing the accuracy and efficiency of Al models.
The authors show the efficiency of cross-scale feature integration for many medical image
analysis uses [11].

Abdar et al. (2023) stress its importance for improving the reliability of Al-enabled medical
image processing and consequently reducing errors, thus they investigate uncertainty
quantification in deep learning for medical imaging. The authors [12] cover the many methods
of uncertainty quantification as used in medical image processing.

By means of which performance may be adjusted, Pham et al. (2024) propose progressive
network scaling, a way to balance performance and efficiency in medical imaging applications,
hence helping to produce more accurate and efficient Al models. The authors show in several
medical image analysis applications the efficiency of progressive network scaling [13].

Gao et al. (2024) explores the possibilities and difficulties of early ischaemic change detection
on MRI, stressing artificial intelligence's ability to enable early identification and intervention
so enhancing stroke diagnosis and treatment. Early identification is emphasised by the writers
as essential for enhancing patient outcomes [14].

Emphasising its potential to improve patient outcomes by enabling accurate and quick
diagnosis and treatment, Zaharchuk et al. (2023) discuss the present clinical uses and future
directions of Al-enabled stroke imaging. < The need of Al-enabled stroke imaging in clinical

practice is emphasised by the writers [15].

Proposed Model
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The PMSAN architecture is built upon three key innovations: (1) multi-scale feature extraction,
(2) cross-scale attention mechanisms, and (3) progressive compound scaling. Figure 1

illustrates the overall architecture of the proposed model.

Progressive Multi-Scale Attention Network (PMSAN)
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Based on MRI diffusion-weighted images, the Progressive Multi-Scale Attention Network
(PMSAN) achieves remarkable improvement in automatic stroke detection. This new
architecture addresses several major challenges of medical photo processing through its
distinctive design concepts and scaling method.

MSAN employs a multi-scale feature extraction in essence. In contrast to conventional
networks that handle images at a single resolution, PMSAN processes the MRI scans
simultaneously at multiple scales. Such simultaneous processing is facilitated by the model's
ability to capture more general contextual information—essential in distinguishing real strokes
from mimics—and fine-grained details—vital in small infarct diagnosis. Consisting of parallel
convolutional paths operating at various resolutions, the network is specialist in extracting
information at their respective scale.

Arguably the most creative part of the PMSAN architecture is its cross-scale attention
mechanism. Traditional convolutional networks struggle to effectively integrate information at
multiple scales. Through the use of specialized attention modules learning to weigh features
based on their relevance to the stroke detection task, PMSAN avoids this limitation.

Mathematically, this involves query, key, and value projections enabling the network to
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eliminate irrelevant background noise and focus on the most informative regions. Following
same ideas as transformer architectures but tailored especially for multi-scale medical picture
analysis, the attention mechanism is developed utilising softmax operations on the scaled dot
product of queries and keys.

By use of a methodical strategy to grow the network capacity, the progressive compound
scaling technique sets PMSAN apart from earlier designs. PMSAN scales proportionately
across three dimensions: depth (number of layers), width (hnumber of channels), and resolution
(feature map size), not randomly changing depth or width. A compound coefficient ¢ and
architecture-specific constants (o, B, y) discovered using grid search control this balanced
scaling. The mathematical formulation guarantees that the model preserves an ideal balance
between computing needs and detection performance as it develops.

The teaching technique depends much on knowledge distillation. First taught are larger models
with greater ¢ values; their information is then distilled to direct smaller model training. via
way of this slow knowledge transfer, smaller copies can achieve performance more in line with
larger models than would be possible via independent training. The approach is particularly
helpful in medical settings where deployment environments could differ substantially in

computational capacity.

The last architecture combines aspects from all levels to produce the optimal stroke detection
decision. The model adopts a hybrid approach for volumetric analysis whereby first processing
occurs slice-wise with shared weights and afterward recurrent layers record interactions
between slices. This design choice finds a compromise between 3D contextual information

demand and computational efficiency.

All told, PMSAN's creative mix of multi-scale feature extraction, cross-scale attention
mechanisms, and progressive compound scaling generates a flexible but robust architecture
well suited for the arduous work of acute ischememic stroke detection. Especially in small-
volume infarcts, its ability to detect minute early ischaemia changes indicates a significant
improvement over previous techniques and has huge implications for stroke diagnosis and

treatment.

Multi-Scale Feature Extraction
The PMSAN idea is based on a stem module, which launches the processing pipeline. There

then are various multi-scale feature extracting blocks. Every one of these blocks has several
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parallel convolutional routes running at different resolutions. Most importantly in stroke
detection where ischaemia changes can vary significantly in size and appearance, our method
ensures that the model can concurrently extract larger contextual patterns and fine-grained local
elements. For example, a small obstruction can merely affect a specific brain area; a more
significant incidence could affect entire lobes. The model is suitable for varying degree strokes

since the parallel pathway configuration allows it to be responsive to these several scales.

Cross-Scale Attention Mechanism
The PMSAN combines a cross-scale attention technique to efficiently mix the data acquired

from several resolution paths. This module uses attention ideas whereby query (Q), key (K),
and value (V) transformations project feature maps from many scales into a shared space. The

attention is computed as:

KT
A; = softmax (Ql L >Vl

Jax

from multi-scale feature maps, expressed as K2. This enables the network to take select
attention to important visual patterns that are indicative of stroke symptoms by enabling it to
intelligibly pay attention to important details while masking out insignificant noise or
background artefacts. Thus, based on their diagnostic importance, the attention system allows

features across multiple scales to be dynamically emphasized.

Progressive Compound Scaling
A progressive compound scale techniqgue—with methodically adjusts the model capacity

along three axes—depth, width, and input resolution—assists in refining the PMSAN design.

This is controlled by the formulas:

e Depth=0.0
e Width=p.0¢°

e Resolution =vy-¢

where a, B, and y are constants specific to the architecture, and ¢ is a compound scaling

coefficient. PMSAN can be implemented in other computational contexts by proportionally
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expanding these dimensions, hence balancing performance and resource consumption. The
model is released in four versions: PMSAN-S (small, 5.2M parameters), PMSAN-M (medium,
9.7M), PMSAN-L (large, 16.3M), and PMSAN-XL (extra-large, 28.6M). This scalability

makes PMSAN adaptable for both edge devices and high-performance servers.

Algorithm 1: Progressive Knowledge Distillation for PMSAN

Input: Training data D, scaling coefficients ® = {@1, @z, ..., ¢n} Where @1 < @2 <... < Qn

Output: Trained models {Mi, M., ..., M,,} corresponding to each scaling coefficient

1: Train M, (largest model) on D using standard cross-entropy loss
2:fori=n-1to1ldo

3: Initialize M; with weights from corresponding layers of M;+1 where possible
4: Define distillation loss: L_distill = al._CE + (1-a)L_KL(M;, Mj+1)

5: Train M; on D using L_distill

6: end for

7: return {Mi, Ma, ..., My}

The final architecture includes a classification head consisting of global average pooling
followed by fully connected layers. For 3D volumetric analysis, we employ a hybrid approach
where initial processing is performed slice-wise with shared weights, followed by recurrent

layers to capture inter-slice relationships.

Results and Comparison

We evaluated PMSAN on a multi-center dataset comprising 2,457 patients (1,348 with acute
ischemic stroke, 1,109 negative or with other pathologies) collected from four tertiary stroke
centers. For each patient, DWI sequences were acquired using 1.5T or 3T scanners with
standardized protocols. Ground truth annotations were provided by two experienced

neuroradiologists with consensus review for discrepancies.

Table 1 presents a comparison of our models against state-of-the-art methods, including
ResNet3D, DenseNet, Attention U-Net, and DeepMedic. Performance metrics include
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accuracy, sensitivity, specificity, and area under the receiver operating characteristic curve
(AUC).

Table 1: Performance Comparison of Different Models for Acute Stroke Detection

Accuracy |Sensitivity ||Specificity Params ||[FLOPs
Model AUC

(%) (%) (%) (M) (©)
ResNet3D-50 88.3 85.7 90.2 0.923 ||46.2 41.8
DenseNet-121  |89.5 87.2 914 0.938 |[7.0 5.7
Attention U-Net |[90.6 86.9 93.5 0.945 |14.8 18.3
DeepMedic 91.2 88.1 93.6 0.951 |3.8 30.5
PMSAN-S

91.8 89.4 93.7 0.957 |5.2 4.8
(p=1.0)
PMSAN-M

93.2 90.6 95.1 0.965 9.7 10.5
(p=1.3)
PMSAN-L

94.1 91.8 95.6 0.971 |16.3 21.4
(p=1.6)
PMSAN-XL

94.7 92.3 95.8 0.975 |[28.6 42.3
(9=2.0)
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As shown in Figure 2, the PMSAN models demonstrate consistent improvement with
increasing scale, with even the smallest variant (PMSAN-S) outperforming previous state-of-
the-art methods. Notably, the performance gains are most significant for small-volume infarcts
(<5ml), where PMSAN-XL achieves 89.5% sensitivity compared to 71.3% for DeepMedic and
68.9% for Attention U-Net.

Performance by Infarct Size
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Figure 3 illustrates representative cases where PMSAN correctly identified subtle acute strokes
that were missed by other methods. The attention maps reveal that our model effectively

focuses on relevant regions while suppressing background noise and artifacts.
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Example Detection Cases
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The scaling efficiency of our approach is demonstrated in Figure 4, which plots detection
performance against computational cost. The progressive knowledge distillation strategy
enables smaller PMSAN variants to achieve performance closer to larger models than would
be expected by training from scratch, making them suitable for deployment in resource-

constrained environments.
Conclusion

This paper presents Progressive Multi-Scale Attention Networks (PMSAN), a novel deep
learning approach for acute ischemic stroke detection from diffusion-weighted MRI images.
By integrating multi-scale feature extraction with cross-scale attention mechanisms and
employing progressive compound scaling, our model achieves state-of-the-art performance

while providing flexible deployment options across various clinical settings.

The significant improvement in detecting small-volume infarcts addresses a critical limitation
of previous approaches and has important clinical implications, as these lesions can indicate

transient ischemic attacks or early manifestations of larger strokes requiring immediate
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intervention. The progressive knowledge distillation strategy enables efficient training of
smaller models without sacrificing excessive performance, facilitating deployment in resource-

constrained environments.

Future work will focus on extending the model to incorporate multi-modal imaging
information, including perfusion-weighted imaging and magnetic resonance angiography, to
provide more comprehensive stroke assessment. Additionally, we plan to investigate the

model's potential for outcome prediction and treatment planning in acute stroke care.
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