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Abstract 

Detecting small and low-contrast brain lesions is difficult for conventional foundation models, which 
often prioritize larger structures and overlook micro-lesions. MicroLesion-SAM enhances SAM by 
integrating structural centerline priors and scale-adaptive refinement to increase sensitivity to lesions 
below 20 voxels. The model uses probabilistic skeleton cues to guide attention toward lesion cores 
while preserving high-frequency features through resolution-adaptive enhancement. Evaluated on 
WMH2020 (60 subjects) and ISLES2018 (103 subjects), MicroLesion-SAM increases small-lesion recall 
from 0.684 to 0.812 (+18.7%) and raises global Dice to 0.902 (+4.5% over SAM-Med2D). HD95 
decreases from 21.9 mm to 14.6 mm (−33.3%), and lesion-wise F1 improves by 11.2%. Cross-dataset 
validation on an independent clinical cohort of 72 subjects shows a 12.1% improvement in micro-
lesion detection. Ablation experiments confirm that the centerline priors contribute a 7.3% Dice gain, 
while heatmap analysis shows more accurate localization of micro-vascular abnormalities. 

Keywords: small lesion detection; SAM foundation model; centerline priors; ischemic lesion 
segmentation; WMH; ISLES2018; micro-lesion analysis 
 

1. Introduction 

Small ischemic and vascular lesions observed on brain magnetic resonance imaging (MRI) are 
widely regarded as important imaging markers of stroke risk, cerebral small vessel disease, and long-
term neurological impairment. These lesions are typically very small, sometimes consisting of only a 
few voxels, and often present with weak contrast relative to surrounding brain tissue. Their subtle 
appearance makes reliable detection difficult during routine clinical reading and poses a substantial 
challenge for automated segmentation systems. Manual annotation remains the clinical reference 
standard, yet it is time-consuming and subject to considerable inter-observer variability, particularly 
when lesions overlap with image noise, partial volume effects, or normal vascular structures. Public 
benchmarks such as WMH2020 and ISLES2018 have supported methodological advances in lesion 
segmentation [1,2], but reported performance gains are largely driven by medium-sized or large 
lesions. Sensitivity to very small abnormalities remains limited, and recent studies suggest that 
explicitly emphasizing lesion centers or core regions can improve robustness when detecting subtle 
brain lesions under low-contrast conditions [3]. 

Most existing approaches for ischemic and vascular lesion segmentation are based on 
convolutional neural networks, attention mechanisms, or transformer-inspired architectures. These 
models achieve strong overall Dice scores for white matter hyperintensities and acute stroke lesions 
and have become the dominant paradigm in recent literature [4,5]. However, size-specific 
performance is rarely examined in detail. Training objectives and architectural designs tend to favor 
larger, more salient regions, while very small lesions are frequently merged into nearby structures, 
smoothed out during downsampling, or removed as noise. Cross-dataset evaluations further reveal 
that segmentation performance often drops substantially when models are applied to scans acquired 
at different centers or using different scanners [6]. This degradation is particularly pronounced for 
tiny, low-contrast lesions, indicating that current methods may lack the structural sensitivity and 
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generalization capability required for reliable micro-lesion analysis in real-world clinical settings. 
Specialized pipelines have been developed for detecting microbleeds, lacunar infarcts, and other 
small vascular abnormalities. Many of these systems adopt multi-stage strategies that first generate 
candidate regions and then apply false-positive reduction. While such designs can improve 
sensitivity on susceptibility-weighted or T2*-weighted images, they often produce a large number of 
false alarms and rarely provide accurate voxel-level boundaries [7]. Weakly supervised approaches 
offer alternatives by reducing annotation requirements, but they typically return coarse activation 
maps rather than precise segmentations suitable for quantitative analysis or longitudinal monitoring 
[8]. As a result, their clinical utility remains limited when detailed lesion morphology or burden 
estimation is required. Recently, foundation models for medical image segmentation have attracted 
increasing attention. Models derived from the Segment Anything Model (SAM) framework 
demonstrate impressive adaptability across tasks and imaging modalities, requiring minimal 
prompting or fine-tuning [9]. These approaches perform well for organs, large tumors, and clearly 
delineated anatomical structures. However, their ability to capture very small lesions is constrained 
by architectural design choices, including aggressive spatial downsampling and global attention 
mechanisms that inherently prioritize larger, visually prominent regions. Consequently, tiny lesions 
are frequently missed or blurred, which limits the applicability of foundation models to micro-lesion 
segmentation tasks. Emerging work that introduces center-prioritized scanning strategies and 
prototype-based representations indicates that guiding models toward lesion cores and structured 
internal representations can improve segmentation consistency for subtle brain lesions [3]. 
Nevertheless, such concepts have not yet been systematically integrated into foundation-model-
based frameworks for small ischemic and vascular lesion analysis. Insights from vessel imaging 
further motivate the incorporation of structural cues. In vascular segmentation, centerline and 
skeleton-based representations have been shown to improve continuity and detection of thin 
structures by explicitly modeling their geometric cores [10]. Loss functions and auxiliary constraints 
derived from centerline information help networks preserve fine structural details that are otherwise 
lost during feature aggregation. These findings suggest that similar center-focused cues could guide 
attention toward the cores of very small brain lesions. However, the combination of centerline 
information with general-purpose segmentation backbones, particularly foundation models, remains 
largely unexplored in MRI-based lesion segmentation. 

In this study, we introduce MicroLesion-SAM, a segmentation framework that augments a 
SAM-style backbone with centerline-based structural cues and a scale-adaptive feature path. The 
proposed centerline cues explicitly guide the model toward lesion cores, enhancing sensitivity to tiny 
abnormalities that would otherwise be suppressed during downsampling. The scale-adaptive path 
preserves high-resolution features throughout the network, reducing the loss of fine details during 
segmentation. We evaluate the proposed method on the WMH2020 and ISLES2018 benchmarks, as 
well as on an independent clinical cohort. Experimental results demonstrate improved recall for very 
small lesions, stronger overall segmentation performance, and more accurate localization across 
datasets. These findings indicate that integrating structural priors with foundation segmentation 
models provides a robust and practical solution for micro-lesion analysis in routine clinical MRI. 

2. Materials and Methods 

2.1. Study Cohort and Imaging Data 

This study used three MRI datasets that contain ischemic and white matter lesions of different 
sizes. The WMH2020 dataset included 60 subjects from several European centers, scanned mainly on 
3T MRI. The ISLES2018 dataset included 103 subjects with acute ischemic stroke, each scanned within 
two days of symptom onset. An additional clinical set of 72 subjects from a local hospital was used 
to examine generalization. All datasets provided T1-weighted, T2-weighted, FLAIR, and diffusion-
weighted images, although sequence availability differed across subjects. Lesions ranged from very 
small lesions under 20 voxels to large confluent regions. Exclusion criteria were severe motion 
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artifacts, incomplete image sets, or missing clinical information. All images were anonymized 
according to institutional guidelines. 

2.2. Experimental Design and Comparison Groups 

We compared MicroLesion-SAM with three models that represent commonly used strategies for 
brain lesion segmentation. The test model was MicroLesion-SAM, which included centerline cues 
and a scale-adaptive step. The first comparison model was SAM-Med2D, used as a strong baseline 
for prompt-based medical segmentation. The second model was a 2D U-Net, trained separately on 
each dataset. The third model was a transformer-based segmentation network, selected because 
transformers have shown good performance for medium-sized lesions. All models followed the same 
train–validation–test split for each dataset to ensure fair comparison. The selection of these models 
allowed an assessment across classic CNNs, transformer methods, and foundation-model variants. 

2.3. Measurement Methods and Quality Control 

Lesion masks for WMH2020 and ISLES2018 followed the official challenge guidelines. For the 
clinical set, two radiologists created the initial labels independently. A senior neuroradiologist 
resolved all disagreements. Preprocessing consisted of skull removal, bias-field correction, and 
alignment to a standard anatomical space. Intensity values were normalized within each scan to 
reduce scanner variations. Quality checks included visual inspection of each image to detect 
registration errors, missing tissue, or uncertain lesion boundaries. Scans with unresolved issues after 
correction were removed from the study. During training, predicted masks were also reviewed to 
identify unexpected slice-to-slice inconsistencies. 

2.4. Data Processing and Model Computation 

All MRI scans were resampled to a common voxel size before model training. Data 
augmentation included rotation, mild elastic deformation, and additive noise. Coarse lesion maps 
were produced using low-threshold segmentation, and skeletonization was applied to these maps to 
obtain centerline cues. These cues were used as soft guidance signals during training. 

Two main quantitative measures were used. The lesion-wise F1 score was calculated as [11]: 

F1les=
2 TP

2 TP+FP+FN
, 

where TP, FP, and FN denote correctly detected, false-positive, and missed lesions. 
The second measure was the small-lesion recall, defined as [12]: 

Recallsmall=
TPsmall

TPsmall+FNsmall
, 

where “small lesions” were those smaller than 20 voxels. These measures helped separate overall 

segmentation accuracy from performance on very small lesions. All models were trained in 

PyTorch using the same optimization settings unless stated otherwise. 

2.5. Statistical Analysis and Evaluation Metrics 

Performance was assessed using Dice similarity, lesion-wise F1, HD95, and small-lesion recall. 
Metrics were calculated per subject and averaged across each dataset. Pairwise statistical tests were 
used to compare MicroLesion-SAM with each baseline, and results with p < 0.05 were considered 
significant. Cross-dataset tests were performed by training on one dataset and evaluating on another. 
For the clinical set, both false positives and false negatives were reviewed manually to understand 
common error patterns and assess clinical relevance. 
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3. Results and Discussion 

3.1. Segmentation Accuracy on Public Datasets 

MicroLesion-SAM achieved a global Dice of 0.902 on WMH2020 and ISLES2018, higher than 
SAM-Med2D and the two baseline networks. The model also reduced HD95 from 21.9 mm to 14.6 
mm, a 33.3% decrease. These improvements were observed across both datasets and for different 
lesion categories. 

 

Figure 1. Dice and HD95 for all models on WMH2020 and ISLES2018. 

3.2. Small-Lesion Sensitivity and Lesion-Level Results 

For lesions smaller than 20 voxels, MicroLesion-SAM increased recall from 0.684 to 0.812, an 18.7% 
gain. Lesion-wise F1 also rose by 11.2%. These results indicate better sensitivity without a major 
increase in false positives [13,14]. 

 

Figure 2. Lesion-wise recall and F1 for different lesion sizes. 

3.3. Cross-Dataset Testing and Clinical Relevance 

We next evaluated the models across datasets. When trained on one public dataset and tested 
on another, MicroLesion-SAM showed smaller performance drops than the baselines. On the clinical 
cohort of 72 subjects, the model improved small-lesion detection by 12.1%, while keeping global Dice 
and HD95 close to in-domain results. This finding is important because WMH2020, ISLES2018, and 
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the clinical scans differ in scanner type, sequence settings, and patient characteristics. Earlier work 
has reported clear performance loss under such shifts, especially for small or faint lesions [15,16]. 
Manual review showed that many new detections were punctate lesions near deep perforating 
arteries, which are clinically meaningful [17]. Some false positives remained in areas near 
perivascular spaces and noise, suggesting that additional refinement is needed. 

3.4. Ablation Analysis and Relation to Foundation-Model Research 

Ablation tests showed that both design choices—centerline cues and the scale-adaptive step—
are important. Removing centerline information caused a 7.3% decrease in Dice and reduced small-
lesion recall. Removing the scale-adaptive step led to higher HD95 and weaker responses to tiny 
lesions, indicating loss of fine detail. These findings agree with earlier work showing that structural 
cues and topology-aware methods help detect narrow or small structures [18]. They also extend 
observations from SAM-based medical segmentation studies, where the models perform well on 
large targets but often miss very small ones. Compared with approaches that adjust SAM mainly 
through prompt strategies or encoder fine-tuning, MicroLesion-SAM introduces explicit structural 
cues and size-aware processing steps that directly improve micro-lesion detection [19]. This study 
still has limitations. The datasets include several centers but do not cover very broad protocol 
variation. The current model uses MRI only. Future work should include larger multi-center datasets, 
test additional imaging modalities, and develop lighter models for faster clinical use. 

4. Conclusions 

This study introduced MicroLesion-SAM, a method developed to improve the segmentation of 
very small brain lesions on MRI. By adding centerline cues and a simple size-aware processing step, 
the model detected more small lesions and produced clearer boundaries than the baseline foundation 
model and conventional networks. Tests on WMH2020, ISLES2018, and an independent clinical set 
showed higher recall for lesions under 20 voxels and stable performance across different scanners. 
These results indicate that structural cues can help foundation models respond better to low-contrast, 
small-volume lesions, which are often overlooked in routine MRI reading. The study has several 
limits. The datasets do not cover the full range of clinical protocols, and the method was tested only 
on MRI. Future work should include larger multi-center cohorts, examine other imaging sequences, 
and explore faster model designs that can be used in clinical settings. 
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