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	 This paper presents a deep-learning framework for the automated segmentation of acute 
ischemic stroke lesions on noncontrast computed tomography (NCCT). To improve the 
extraction of subtle low-contrast infarct features, a window-setting optimization (WSO) module 
was integrated into a 2D U-Net architecture. The framework was developed and evaluated using 
386 cases selected from a public acute ischemic stroke dataset, with paired diffusion-weighted 
magnetic resonance imaging used as the reference for lesion annotation. The WSO module 
learned adaptive combinations of three clinically relevant CT window settings using 1 × 1 
convolutions, adding only six trainable parameters. In addition, pixel-, lesion-, slice-, and 
patient-level evaluation schemes were adopted to provide a practical assessment of segmentation 
performance. Experimental results on the independent test set showed that the proposed model 
achieved a Dice score of 0.661, a balanced accuracy of 0.784, a sensitivity of 0.570, and a 
precision of 0.788. The WSO module also improved performance across multiple encoder-
decoder backbones. At the lesion level, the model achieved an F1-score of 0.758 and a precision 
of 0.90 for moderate-to-large infarcts. These results demonstrate that the proposed framework 
can effectively enhance infarct segmentation on standard NCCT images without hardware 
modification.

1.	 Introduction

	 Stroke is a leading cause worldwide of death and long-term disability.(1) Ischemic stroke 
accounts for ~80% of cases. Modern stroke workflows typically begin with brain scanning using 
noncontrast computed tomography (NCCT) to exclude intracranial hemorrhage and gross 
contraindications to reperfusion.(2) Timely reperfusion via intravenous thrombolysis or 
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endovascular thrombectomy is essential for salvaging ischemic penumbra and improving 
functional outcomes.(3,4) 
	 However, early ischemic changes are typically subtle on NCCT images. Low-attenuation 
regions often differ from normal parenchyma by only a few Hounsfield units (HU), and 
radiologists often manually adjust window width (WW) and level (WL) to highlight these subtle 
changes.(2) Recent advances in convolutional neural networks (CNNs) and machine learning 
have enabled the automatic localization and segmentation of ischemic lesions and the estimation 
of large infarct cores on NCCT images.(5–9,11–16) Prior studies include Acute Ischemic Stroke 
Dataset (AISD)-based segmentation models, multicenter NCCT-only ischemic core estimation, 
expert-supervised NCCT segmentation, hybrid CNN-Transformer segmentation, deep-learning 
infarct-core estimation on NCCT, and large-scale clinical feasibility studies for automated 
NCCT lesion detection.(6,11–16) While diffusion-weighted MRI and CT perfusion offer higher 
sensitivity for acute infarct,(10) they are not widely available in acute settings and are limited by 
time, cost, and patient-specific constraints. Consequently, there is strong motivation to improve 
NCCT-based assessment of the infarct core and to automate infarct detection on routine NCCT.
	 Nonetheless, two challenges remain. First, most methods rely on fixed CT window settings 
specified a priori by experts, without explicitly learning optimal window parameters for 
ischemic changes. Second, evaluation is usually limited to pixel-wise overlap metrics, whereas 
clinical decisions are often made at the lesion level, such as determining whether a clinically 
relevant infarct is present.
	 To address these gaps, we here implemented a window-setting–optimized deep-learning 
framework for NCCT-based infarct segmentation. Three main contributions of this are as 
follows.
1.	 Window-setting–optimized NCCT segmentation. We integrated a differentiable, learnable 

window-setting optimization (WSO) module into a 2D U-Net pipeline,(5) enabling the joint 
optimization of effective WW and WL for three clinically relevant windows (soft-tissue, 
brain, and ischemia-focused).

2.	 Curated label subsets from a public multicenter dataset. Using AISD,(6) we systematically 
curated labels to remove CT-invisible acute infarcts and very small lesions (<1 cm2), which 
are of limited relevance to acute decision-making and can behave as label noise.

3.	 Clinically oriented evaluation. We defined lesion-, slice-, and patient-level confusion matrices 
obtained from semantic segmentation outputs via (a) connected-component pairing, (b) 
intersection-over-union (IoU) thresholds, and (c) lesion-area filtering, allowing the evaluation 
of clinically meaningful endpoints, such as the detection of moderate-to-large infarcts and 
the identification of patients with large core volumes >70 mL.

	 Using this design, we demonstrated an improved pixel-wise Dice score compared with 
previous AISD-based methods and competitive performance for large infarct core detection on 
NCCT images.(6,11–12,14–15)
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2.	 Materials and Methods

2.1	 Dataset and cohort

	 We used the public AISD, which comprises NCCT scans from 397 patients with anterior 
circulation AIS.(6) All images were acquired within 24 h after symptom onset. Each image was 
uniformly acquired with a slice thickness of 5 mm and an in-plane pixel spacing of 0.40 to 2.04 
mm, forming a 512 × 512 matrix. Diffusion-weighted imaging (DWI) is widely regarded as the 
reference standard for defining the acute infarct core.(10)

	 Each NCCT scan in AISD is annotated with multiple infarct categories, including remote 
infarct, clear acute infarct, blurred acute infarct, CT-invisible acute infarct, and combined infarct 
class.(6) After visual inspection and quality control with a collaborating neuroradiologist, nine 
cases with severe artifacts and two cases with inconsistent slice counts between images and 
labels were excluded, leaving 386 valid cases for our analysis. These cases were randomly split 
into 316 cases for model development (training + validation) and 70 cases for independent 
testing. Among the 70 test cases, the median infarct volume was 18.87 mL (interquartile range: 
8.73–42.87 mL). The overall cohort composition and NCCT acquisition parameters are 
summarized in Table 1. The overall cohort selection and data split are summarized in Fig. 1.

2.2	 Label curation and subsets

	 In acute triage for large-vessel occlusion, remote infarcts and small lacunar lesions typically 
have limited impact on treatment decisions and may degrade model training. AISD also includes 
CT-invisible lesions that are at or below NCCT detectability and strongly affected by registration 
uncertainty.(2–4,6,10)

Table 1
Summary of AISD cohort and NCCT acquisition parameters.
Item Value

Total AISD patients 397 patients with anterior circulation AIS imaged with 
NCCT within 24 h after symptom onset

Excluded after quality control 11 patients (2 with image–label slice-count mismatch; 9 with 
severe artifacts)

Included patients 386 patients
Training + validation set 316 patients (patient-level split)
Independent test set 70 patients (patient-level split)

Test-set infarct volume Median 18.87 mL (interquartile range 8.73–42.87 mL), based 
on DWI reference

Time from symptom onset to NCCT ≤24 h for all patients

Reference standard DWI acquired within 24 h of NCCT; infarct regions 
manually delineated on DWI and registered to NCCT

NCCT slice thickness 5 mm
In-plane pixel spacing 0.40–2.04 mm
In-plane matrix size 512 × 512 pixels
Imaging centers Multicenter public AISD cohort
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	 We therefore defined label subsets by selectively removing lesion types and very small 
components.
	 •	 Remote infarcts: lesions labeled as “remote infarct” were removed.
	 •	 CT-invisible acute infarcts: lesions labeled as “invisible acute infarct” were removed.
	 •	 Small lesions (<1 cm2): 2D connected components with area <1 cm2 were removed during 

training, with

	 2 ,
100

pixel
cm

N x y
A

× ∆ × ∆
= 	 (1)

where Npixel is the number of pixels in a 2D component and Δx, Δy are in-plane pixel sizes in 
mm. We therefore defined eight label subsets by combining these filters, as summarized in Table 
2.
	 The definition of the eight label subsets (R0, R1, R4, R14, and their “_1” variants) and their 
relationship to the original infarct categories are also illustrated in Fig. 1. Among the eight label 

Fig. 1.	 AISD cohort selection and label subset definition flowchart.
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subsets listed in Table 2, the best configuration (R4_1) removed CT-invisible acute infarcts and 
lesions with area <1 cm2 during training. Unless stated otherwise, “our model” denotes U-Net + 
WSO trained on R4_1. For evaluation, no lesions were removed; the full test labels were used to 
avoid optimistic bias.

2.3	 Image pre-processing

	 NCCT volumes were loaded from DICOM, and raw pixel values were converted to HU using 
the scanner-specific rescale slope and intercept. To minimize the effects of the skull and other 
high-density structures, we applied automatic skull stripping using a procedure similar to 
standard brain-extraction workflows.(7,8)

1.	 Map HU values to a brain-focused window (e.g., WW = 150 and WL = −50) and rescaling to 
[0, 255].

2.	 Threshold the mapped image to obtain a binary tissue mask.
3.	 Combine the tissue mask with a soft-tissue HU range (0–100 HU) using logical operations to 

derive a skull mask.
4.	 Set voxels within the skull mask to zero, yielding skull-stripped NCCT volumes.
	 Each axial slice was resampled to 256 × 256 pixels and normalized to [0, 1]. On-the-fly data 
augmentation during training included random rotations (±20°) and horizontal/vertical flips.(7,8)

2.4	 WSO module

	 Radiologists routinely adjust CT windows to enhance the visibility of low-contrast infarcts. 
To mimic this process in a trainable manner, we adopted a differentiable WSO module.
	 Given an HU image (x), a linear windowing function maps HU to a truncated grayscale range 
[0, U]:

	 ( ) ( )( )min max ,0 , ,linF x Wx b U= + 	 (2)

where WU/WW and b = −U/WW × (WL − WW/2). In our implementation, the mapping was 
realized by a 1 × 1 convolution followed by clipping; the effective WW and WL were implicit, 
and learnable parameters were updated by backpropagation.

Table 2
Definition of AISD label subsets (R0–R14_1) and small-lesion removal.
Subset ID Removed categories Removal of lesions < 1 cm2

R0 No No
R0_1 No Yes
R1 1: remote infarct No
R1_1 1: remote infarct Yes
R4 4: invisible acute infarct No
R4_1 4: invisible acute infarct Yes
R14 1: remote infarct; 4: invisible acute infarct No
R14_1 1: remote infarct; 4: invisible acute infarct Yes
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	 We initialized 3 windows on the basis of clinical experiences.(2,10)

	 •	 Soft-tissue window: WW = 150, WL = 30
	 •	 Brain window: WW = 90, WL = 35
	 •	 Ischemia-focused narrow window: WW = 50, WL = 40
	 WSO applied three parallel linear mappings to the skull-stripped HU image, generating a 
3-channel tensor fed into the segmentation network. During training, the 1 × 1 convolution 
parameters (and thus WW and WL) were jointly optimized with the segmentation network. For 
the optimal model, the learned brain-window parameters converged near WW ≈ 84.5 and 
WL ≈ 33, representing a modest yet consistent adjustment that had enhanced ischemic contrast. 
The overall processing pipeline of the WSO module and its integration with the U-Net-based 
segmentation network are illustrated in Fig. 2.

2.5	 Network architecture and training

	 We evaluated a total of four encoder–decoder architectures: (a) feature pyramid network 
(FPN), (b) pyramid scene parsing network (PSP-Net), (c) LinkNet, and (d) U-Net. Each had a 
ResNet-50 encoder pretrained on ImageNet and decoder configurations following standard 
implementations of CNN-based segmentation models. (5,7–9,17) Decoder configurations followed 
standard implementations for each architecture. For simplicity, we focused on the best 
configuration: 2D U-Net + WSO.(5) All models were implemented and trained using TensorFlow 
(version 2.x).(18)

	 The U-Net comprises four down-sampling and four up-sampling stages with skip connections 
between the encoder and the decoder at corresponding resolutions. In each stage, convolutional 
blocks with batch normalization and ReLU activations were used. A final 1 × 1 convolution with 
sigmoid activation produced a per-pixel infarct probability map.
	 We used the following training settings:
	 •	 loss function: binary cross-entropy,
	 •	 optimizer: Adam,(19)

	 •	 learning rate: cosine decay with restarts over 250 epochs,
	 •	 batch size: 16 slices,

Fig. 2.	 (Color online) Schematic of the WSO module and its integration with the U-Net architecture.
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	 •	 cross-validation: 5-fold, patient-level splits on the 316 development cases, and
	 •	 model selection: for each fold, the checkpoint with the highest validation area under the 

precision–recall curve (AUC-PRC) was retained.
	 At the time of testing, the 5-fold-specific U-Net + WSO models were ensembled by averaging 
their probabilistic outputs before thresholding at 0.5.

2.6	 Evaluation at multiple levels

2.6.1	 Pixel-level metrics

	 At the pixel level, we computed the following: accuracy, balanced accuracy, sensitivity (also 
known as recall), precision (positive predictive value), F1-score (also known as Dice score), and 
Matthews correlation coefficient (MCC) using the standard confusion matrix, which included 
true positives, false positives, true negatives, and false negatives.

2.6.2	 Lesion-level confusion matrix

	 For lesion-level analysis, each 3D connected component in the reference mask was treated as 
a ground-truth lesion, Gi, and each component in the prediction as a candidate lesion, Pj. Our 
connected-component-based lesion analysis is conceptually related to the classical shape- and 
component-based modeling approaches in medical image analysis.(20) For each pair, we 
computed IoU as 

	 ( ), i j
i j

i j

G P
IoU G P

G P

∩
=

∪
.	 (3)

	 We performed a greedy one-to-one matching between the ground-truth and predicted 
components in the descending order of IoU. For a given IoU threshold τ, a matched pair with 
IoU > τ was counted as a lesion-level true positive; unmatched ground-truth lesions were false 
negatives; and unmatched predictions were false positives. True negatives were defined at the 
patient level.
	 To reduce the effect of very small lesions, we introduced a lesion-area threshold Amin(mm2) to 
filter out lesions Amin in both reference and prediction. We explored τ ∈ {0.1, 0.3, 0.5} and 
Amin ∈ [50, 500] mm2.

2.6.3	 Slice- and patient-level metrics

	 At the slice level, a slice was considered positive if it contained at least one ground-truth 
lesion with area ≥ Amin. Predictions were binarized accordingly. Accuracy, sensitivity, precision, 
and F1-score were computed as in a standard classification task.
	 At the patient level, we aimed to detect large-core infarcts. A patient was considered positive 
if the total reference infarct volume exceeded 70 mL, a standard threshold for large cores. 
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Accuracy, sensitivity, and specificity were calculated to identify such patients using NCCT 
alone.

3.	 Results

3.1	 Impact of WSO across architectures

	 Table 3 shows the effect of adding WSO to each of the four encoder–decoder architectures 
trained on subset R1_1 (with remote infarcts removed; lesions <1 cm2 removed during training). 
Across all models, WSO consistently improved balanced accuracy, Dice score, and MCC, while 
introducing only six additional parameters.
	 For U-Net, the following results were obtained:
	 •	 Baseline U-Net: balanced accuracy 0.773, sensitivity 0.508, precision 0.778, Dice score 0.643, 

and MCC 0.651;
	 •	 U-Net + WSO: balanced accuracy 0.778, sensitivity 0.557, precision 0.802, Dice score 0.657, 

and MCC 0.666.
	 Similar trends were observed for FPN, PSP-Net, and LinkNet, supporting the hypothesis that 
learnable CT windowing enhances low-contrast ischemic features. As shown in Table 3, adding 
the WSO module consistently improved balanced accuracy, F1-score, and MCC across all four 
architectures on subset R1_1 while keeping the parameter overhead negligible. 

3.2	 Effects of label curation

	 Using U-Net + WSO as the backbone, we compared the eight label subsets, defined in Table 
2, with the removal of remote infarcts, CT-invisible lesions, and small lesions <1 cm2.
	 Among all subsets, R4_1 (removing CT-invisible infarcts and lesions <1 cm2 during training) 
yielded the best overall trade-off.
	 •	 Balanced accuracy: 0.784
	 •	 Sensitivity: 0.570
	 •	 Precision: 0.788

Table 3
Pixel-wise performance characteristics of four architectures with and without WSO (subset R1_1). BA: balanced 
accuracy.
Model WSO Params (M) BA Sensitivity Precision F1-score MCC
FPN No 26.91 0.783 0.568 0.738 0.642 0.645
FPN Yes 26.91 0.784 0.569 0.768 0.653 0.659
PSP-Net No 38.26 0.748 0.498 0.737 0.594 0.603
PSP-Net Yes 38.26 0.761 0.523 0.728 0.609 0.615
LinkNet No 29.78 0.774 0.548 0.756 0.636 0.641
LinkNet Yes 29.78 0.778 0.558 0.759 0.643 0.648
U-Net No 32.56 0.773 0.508 0.778 0.643 0.651
U-Net Yes 32.56 0.778 0.557 0.802 0.657 0.666
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	 •	 Dice score: 0.661
	 •	 MCC: 0.668
	 AUC-PRC analyses indicated that R4_1 achieved the highest mean AUC-PRC (0.69) with 
narrow bootstrap confidence intervals, suggesting stable generalization under severe class 
imbalance.

3.3	 Pixel-level segmentation performance

	 Adopting U-Net + WSO trained on R4_1 as the final model, we obtained the following results 
on the test cohort of 70 patients:
	 •	 accuracy: 0.995,
	 •	 balanced accuracy: 0.784,
	 •	 sensitivity: 0.570,
	 •	 precision: 0.788,
	 •	 Dice score: 0.661, and 
	 •	 MCC: 0.668.
	 We found that our results compared favorably with previously reported AISD-based NCCT 
segmentation approaches, which achieved Dice scores in the range of 0.578–0.619 using more 
complex 3D or Transformer-augmented architectures.(6,11) In contrast, our design remains 
computationally simple.

3.4	 Lesion-level detection

	 With strict IoU ≥ 0.5 and no area filtering, lesion-level sensitivity dropped to 0.217 and 
precision to 0.463, reflecting the difficulty in the exact matching of 3D components. Relaxing 
IoU and area thresholds substantially improved lesion-level performance (Table 4).
	 Key operating points include the following:
	 •	 IoU ≥ 0.1, Amin = 100 mm2 (1 cm2): accuracy 0.906, sensitivity 0.575, precision 0.846, and 

Dice score 0.685;
	 •	 IoU ≥ 0.3, Amin = 100 mm2 (1 cm2): accuracy 0.903, sensitivity 0.566, precision 0.833, and 

Dice score 0.674;
	 •	 IoU ≥ 0.1, Amin = 480 mm2 (4.8 cm2): accuracy 0.975, sensitivity 0.656, precision 0.896, and 

Dice score 0.758.

Table 4
Lesion-level performance characteristics at different IoU and lesion-area thresholds. Amin: minimum lesion area.
Amin (mm2) IoU threshold Accuracy Sensitivity Precision F1-score
None 0.5 0.560 0.217 0.463 0.295
100 0.1 0.906 0.575 0.846 0.685
100 0.3 0.903 0.566 0.833 0.674
480 0.1 0.975 0.656 0.896 0.758
480 0.3 0.975 0.656 0.896 0.758
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	 Thus, moderate-to-large infarcts were detected with high precision, and the sensitivity–
precision trade-off was adjusted by fine-tuning the operating point.

3.5	 Slice- and patient-level performance characteristics

	 At the slice level, trends mirrored those observed in the lesion-level analysis. For IoU ≥ 0.1 
and Amin = 480 mm2, the slice-level F1-score was 0.758 with a precision of 0.90, indicating the 
reliable flagging of slices containing substantial infarct burden.
	 At the patient level, we focused on detecting large core infarcts with volume >70 mL. Among 
the 70 test patients, 14 had reference core volumes above this threshold. Our proposed method 
achieved the following performance characteristics:
	 •	 accuracy: 0.929,
	 •	 sensitivity: 0.643, and 
	 •	 specificity: 1.000.
	 Here, “NCCT-based large-core classification methods” refers to NCCT-only machine-
learning approaches that estimate ischemic core volume or classify patients with large infarcts. 
Examples include the multicenter model of Nishi et al.(12) and the aICV-NCCT framework of 
Ortega-Gutierrez et al.(15) In our test cohort, the proposed method achieved a perfect specificity, 
whereas the sensitivity remained moderate. The results of the direct cross-study comparison, 
however, should be interpreted cautiously because of differences in cohort composition, 
reference standard, and endpoint.

3.6	 Qualitative examples

	 Qualitative examples (Fig. 3) illustrate that the proposed model
	 •	 accurately delineated large cortical and subcortical infarcts with close overlap to the DWI-

defined infarct core;
	 •	 detected early low-attenuation changes that are visually subtle on NCCT, especially in insular 

and basal ganglia regions;
	 •	 occasionally over-segmented peri-infarct edema, which may be acceptable as an early 

warning at the cost of a slightly lower Dice score;
	 •	 struggled with extremely small lacunar infarcts that are isodense or affected by DWI-to-CT 

registration errors.

4.	 Discussion

	 We proposed herein a window-setting–optimized deep-learning framework for the automatic 
segmentation of AIS infarcts on NCCT using a publicly available multicenter dataset.(6,11) The 
U-Net + WSO architecture achieved a higher Dice score than prior AISD-based NCCT 
segmentation methods while remaining lightweight.(5,6,8,11) More importantly, by introducing 
lesion-, slice-, and patient-level evaluations, we demonstrated clinically relevant performance for 
detecting moderate-to-large infarcts and for identifying patients with infarct cores >70 mL in 
volume.
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(a)

(b)

(c)

(d)

Fig. 3.	 (Color online) Representative qualitative segmentation results. (a) Typical well-segmented infarct (Case 
0072688, slice 13): (Left) original NCCT image, (Middle) segmentation overlay, and (Right) corresponding DWI 
image. (b) Early subtle lesion (Case 0538058, slice 25): (Left) original NCCT image, (Middle) segmentation overlay, 
and (Right) corresponding DWI image. (c) Very large ischemic core (Case 0226208, slice 16): (Left) original NCCT 
image, (Middle) segmentation overlay, and (Right) corresponding DWI image. (d) Challenging case with CT–DWI 
registration mismatch (Case 0072975, slice 12): (Left) original NCCT image, (Middle) segmentation overlay, and 
(Right) corresponding DWI image.
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4.1	 Role of learnable CT windowing

	 Most existing NCCT segmentation methods either use a single fixed window or concatenate 
manually chosen windows before training.(2,6,7,11) In contrast, our WSO module learned effective 
WW and WL parameters that maximized segmentation performance while remaining close to 
conventional clinical settings. Across the four different encoder–decoder architectures, WSO 
consistently improved balanced accuracy, Dice score, and MCC with negligible parameter 
overhead.
	 These observations suggest that WSO acts as a data-driven refinement of radiologist 
heuristics and that similar modules could benefit other CT-based tasks in which low-contrast 
lesions are critical.

4.2	 Importance of label curation

	 AISD includes remote infarcts, CT-invisible lesions, and very small lacunar infarcts.(6,11) 
While such comprehensive annotation is valuable from a data perspective, it is not fully aligned 
with the clinical questions of acute triage. (2–4,10)

	 •	 Remote infarcts are not targets for acute reperfusion.
	 •	 CT-invisible lesions are, by definition, at the limits of NCCT detectability and strongly 

affected by registration uncertainty.
	 •	 Very small lesions are vulnerable to noise and partial-volume effects.
	 Our results show that excluding CT-invisible lesions and lesions <1 cm2 during training 
yields more stable and accurate performance without overestimating test accuracy, as the full 
labels are still used for evaluation. This underscores the importance of task-oriented label 
curation when repurposing broad research datasets for decision-support models.

4.3	 Clinically oriented evaluation

	 Pixel-wise Dice score and IoU are convenient for benchmarking but do not fully reflect 
clinical priorities.(7,8) For stroke triage, missing a lesion or misclassifying a large core is more 
critical than minor contour disagreement.(3,4) By transforming segmentation outputs into lesion-, 
slice-, and patient-level confusion matrices with adjustable IoU and area thresholds, we can 
explicitly quantify
	 •	 the frequency with which clinically relevant infarcts are detected at all,
	 •	 the behavior of the model on a slice-by-slice basis, reflecting how radiologists scroll through 

NCCT stacks, and
	 •	 patient-level decisions, such as the presence of large core infarcts.
	 Our results demonstrate that appropriate choices of IoU and Amin yield lesion-level Dice 
scores above 0.67 and high precision for large infarcts, offering interpretable operating points for 
potential integration into stroke workflows.
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4.4	 Limitations and future work

	 This study has several limitations. First, training and testing were conducted exclusively on 
AISD.(6,11) Although AISD is multicenter in nature, external validation on independent hospital 
data is still needed to confirm generalizability across institutions, vendors, and scanning 
protocols. Second, our model operates only on 2D axial slices. In theory, 3D or 2.5D architectures 
could better exploit volumetric context and would further improve lesion continuity.(7–9) Third, 
we analyzed only NCCT to explore the upper bound achievable with routinely acquired imaging. 
Integrating NCCT with clinical variables or CT angiography perfusion data likely further 
enhances both core estimation and penumbra assessment.(2–4,10)

	 Finally, the detection of extremely small lacunar infarcts remains challenging owing to 
limited contrast and registration noise. Dedicated higher-resolution pipelines or task-specific 
networks are needed for this purpose.(7–9) Future work should address these limitations through 
external multicenter validation, prospective evaluation within clinical stroke workflows, and the 
integration of WSO-augmented architectures into multimodal pipelines for ischemic and 
hemorrhagic stroke.

4.5	 Integration into existing imaging workflows and potential point-of-care deployment

	 In practical deployment, our proposed model can be integrated as a software layer after 
NCCT reconstruction, ahead of radiological review or stroke-team notification. For example, 
skull-stripped slices and segmentation outputs can be generated automatically on a local 
inference server connected to the CT console, PACS, or hospital DICOM router, with results 
generated in the form of overlay images, structured f lags, or triage alerts. Important 
implementation challenges include scanner-vendor heterogeneity, reconstruction-kernel 
variation, latency constraints, quality assurance, cybersecurity, model drift monitoring, and 
regulatory validation for clinical decision support.(21)

	 Because our framework uses merely routine NCCT with minimal computational add-on 
overhead, it is highly compatible with mobile, portable, or point-of-care CT scenarios in which 
rapid infarct-core screening is invaluable. These scenarios include emergency departments, 
intensive care units, or stroke centers using mobile head CT systems.(22,23) In these settings, a 
lightweight NCCT-based model can help bridge technical feasibility and real-world clinical 
needs by providing fast software assistance without requiring contrast injection or additional 
perfusion hardware. 

5.	 Conclusions

	 We developed a window-setting–optimized deep-learning framework for the automatic 
segmentation of acute ischemic stroke infarcts on NCCT. By integrating a simple WSO module 
with a 2D U-Net and curating labels in a publicly available multicenter dataset, we achieved 
improved pixel-wise Dice scores and the robust lesion- and patient-level detection of clinically 
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important infarcts, such as large core lesions. The multilevel evaluation scheme offers a more 
clinically meaningful view of performance than do pixel-wise metrics alone.
	 The simplicity of the architecture, the minimal parameter overhead of WSO, and the strong 
performance on a public dataset suggest that such an approach is a promising candidate for 
NCCT-based decision support in acute stroke care. Viewed from the perspective of sensors and 
materials, we demonstrated how a software module can enhance the diagnostic yield of existing 
CT sensing hardware, supporting future deployment in both conventional and portable imaging 
workflows.
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