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ABSTRACT 
Microstructure segmentation is essential for quantitative materials analysis; however, supervised 
deep learning demands substantial annotation, whereas general-purpose foundation models such 
as the Segment Anything Model (SAM) offer limited domain-specific semantic control. This paper 
presents MatStudio, a human-in-the-loop framework for microstructure segmentation that is pro-
posed and implemented end to end in this work. MatStudio couples an interactive workflow for 
batchwise micrograph annotation and model adaptation with a dual-head convolutional architec-
ture and SAM-guided boundary refinement. The loop combines sparse supervision with SAM-as-
sisted labeling, task-specific training, and iterative batch-level correction, typically converging 
within two to three cycles.. The network comprises a shared encoder initialized from a pretrained 
backbone and two decoders: a UNet-style segmentation head that jointly predicts class labels and 
pixelwise uncertainty, and a prototype branch that measures texture similarity against a memory 
bank of learnable prototypes. An uncertainty-aware training objective couples label estimation 
with confidence; uncertainty weighting emphasizes prototype learning in ambiguous regions, and 
purity filtering restricts prototype updates to phase-interior features to mitigate boundary con-
tamination. At inference, decoder outputs are fused in a spatially adaptive manner according to 
local confidence. We further introduce SAMFusion, which treats SAM as a morphology-aware pro-
posal source and accepts proposals that are consistent with the fused prediction under a hierar-
chical small-to-large activation criterion, yielding improved boundary fidelity without case-specific 
tuning of SAM prompts. Experimental evaluation on Ni-alloy micrographs and public benchmarks 
shows consistent gains relative to interactive scribble-based segmentation and SAM-centric ref-
erence methods. 
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INTRODUCTION
Microstructure governs the mechanical, thermal, 

and chemical properties of engineering materials, making 
quantitative microstructural characterization essential for 
process optimization and structure-property relationship 
discovery [1, 2]. The spatial distribution of phases, pre-
cipitates, grain boundaries, and defects directly influ-
ences macroscopic performance metrics such as 

strength, ductility, and corrosion resistance. As materials 
informatics advances toward high-throughput analysis 
and autonomous experimentation, accurate and efficient 
microstructure segmentation has become a critical bot-
tleneck. 

Traditional image analysis approaches relied on 
threshold-based methods, morphological operations, 
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and hand-crafted features, which require extensive man-
ual parameter tuning and exhibit poor generalization 
across imaging conditions. The advent of deep learning 
has substantially advanced automation: U-Net [3] and 
fully convolutional architectures demonstrated remarka-
ble performance on biomedical and materials images, 
with subsequent work applying these methods to steel 
microstructures [4] and precipitate quantification. Pre-
trained encoders on large microscopy datasets have fur-
ther improved generalization [5]. However, standard en-
coder-decoder architectures optimize for pixel-wise 
classification and may struggle to maintain consistent 
predictions across texturally homogeneous regions, par-
ticularly when training data is limited [6]. This limitation 
motivates complementary approaches based on metric 
learning. 

Siamese networks [7] address few-shot recognition 
by learning embeddings where similar samples cluster 
together, enabling classification via distance comparison 
to reference examples. Prototypical networks [8] extend 
this paradigm by representing each class as a single pro-
totype vector—the mean embedding of support exam-
ples—and classifying queries based on proximity to these 
prototypes. For semantic segmentation, PANet [9] 
demonstrated that prototype alignment enables effective 
few-shot segmentation by matching query features to 
class-specific prototypes derived from support masks. 
These metric-learning approaches excel at capturing 

texture consistency: once a canonical texture represen-
tation is established, regions sharing that texture can be 
reliably identified regardless of their spatial distribution. 
However, prototype-based methods typically operate at 
reduced resolution and may produce coarse boundaries, 
while their performance depends heavily on the quality 
and purity of the reference examples used to construct 
prototypes. 

More recently, foundation models trained on massive da-
tasets have demonstrated remarkable zero-shot gener-
alization capabilities. The Segment Anything Model 
(SAM) [10], trained on over one billion masks, has at-
tracted particular attention for materials microscopy. 
MatSAM [11] employs automated prompt generation to 
leverage SAM's zero-shot segmentation for microstruc-
ture extraction, SAM-I-Am [12] uses geometric and tex-
tural features for semantic boosting in electron micros-
copy, and SAMRefiner [13] adapts SAM for universal 
mask refinement. In parallel, Human-in-the-Loop (HITL) 
frameworks such as scribble-based segmentation [14] 
have effectively mitigated data scarcity through iterative 
expert feedback. 
Despite these advances, each paradigm exhibits inherent 
trade-offs. Standard segmentation networks excel at 
boundary delineation but may produce inconsistent pre-
dictions in material interiors where local context alone is 
insufficient. Prototype-based methods enforce texture 
consistency but sacrifice spatial precision and require 

 
Figure 1. System-level overview of MatStudio. Training, evaluation, and detect interface with a shared core model 
(backbone, dual-head segmentor, and post-processing); feedback closes the loop between predictions and SAM-
assisted annotation. 
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careful reference selection to avoid prototype pollution 
from boundary features. SAM-based zero-shot ap-
proaches achieve impressive results without training, but 
directly applying SAM to material microscopy poses chal-
lenges due to the dense and dispersed nature of micro-
structural features; moreover, these methods create de-
pendency on prompt quality where suboptimal prompts 
directly degrade results. This analysis suggests an op-
portunity: rather than relying on any single approach, ro-
bust microstructure segmentation may be achieved by 
combining texture-consistent prototype matching with 
pixel-precise segmentation, while leveraging SAM's mor-
phological sensitivity for boundary refinement. 

Building on this insight, we present MatStudio, a uni-
fied framework that integrates an uncertainty-guided 
dual-head architecture with SAMFusion—a novel pro-
posal-guided refinement strategy. The primary segmen-
tation head produces pixel-wise predictions along with 
learned uncertainty estimates [15], which guide both 
training and inference of an auxiliary prototype memory 
bank. During training, high-uncertainty regions receive 
amplified supervision for the prototype branch, forcing it 
to specialize on cases where the segmentation head 
struggles; at inference, predictions are dynamically fused 
based on local confidence. SAMFusion further refines 
boundaries by treating SAM purely as a morphology-
aware proposal generator, activating proposals only 
when corroborated by the fused prediction. This design 
inherits the boundary precision of segmentation net-
works, the texture consistency of prototype matching, 
and SAM's morphological sensitivity—while avoiding the 
failure modes of each approach used in isolation. 

The remainder of this article is organized as follows. 
Section 2 presents the MatStudio methodology. Figure 1 
gives a system-level overview; the text then details the 
interactive workflow, the dual-head architecture with 
prototype-based texture modeling, uncertainty-guided 
training and memory updates, spatially adaptive fusion at 
inference, and SAMFusion for proposal-gated boundary 
refinement. Section 3 reports comparative experiments 
on Ni-alloy micrographs and public benchmarks against 
ScribbleSeg and MatSAM, including the qualitative as-
sessment in Figure 2. Section 4 summarizes the principal 
findings and discusses implications for interactive micro-
structure segmentation. 

METHODOLOGY 
Figure 1 sketches MatStudio at architecture level: 

training, evaluation, and detect pipelines connect to a 
shared core model, with outputs feeding back to annota-
tion. The operational workflow follows a human-in-the-
loop paradigm for narrow batches of micrographs under 
consistent imaging conditions. Users begin by loading a 

batch into an interactive annotation interface and provid-
ing sparse labels—point clicks or bounding boxes—for 
the target microstructural features. These annotations, 
optionally accelerated by SAM-assisted region proposals, 
bootstrap a task-specific segmentation model. After an 
initial training pass, the model generates predictions 
across the batch; the user then reviews these outputs 
and provides corrective feedback on under-segmented 
or mis-segmented regions, which refines the supervision 
signal for the next iteration. This iterative refinement cy-
cle continues until the segmentation quality converges, 
typically within two to three rounds. 

Dual-Head Architecture with Prototype 
Memory 

The core segmentation model employs a dual-head 
architecture where a primary segmentation decoder is 
complemented by an auxiliary prototype-based similarity 
head. A shared convolutional encoder, initialized from a 
pretrained backbone, extracts hierarchical feature repre-
sentations that feed two parallel branches: (1) a UNet-
style segmentation head producing dense pixel-wise 
predictions along with a learned uncertainty signal, and 
(2) a prototype head that computes texture similarity 
against a dynamically maintained memory bank of canon-
ical material textures. 

The segmentation head is designed to output not 
only class predictions but also a per-pixel confidence es-
timate, inspired by heteroscedastic uncertainty modeling 
in Bayesian deep learning [15]. This enables the network 
to explicitly signal regions where it lacks confidence—
typically phase boundaries, texturally ambiguous zones, 
and imaging artifacts. The auxiliary prototype head main-
tains a compact set of learnable prototype vectors rep-
resenting characteristic material textures. For each spa-
tial location, the head performs texture similarity match-
ing against all prototypes and outputs a dense similarity 
map that captures texture consistency across the image. 

2.2 Uncertainty-Guided Learning 
The key insight of our training strategy is that the 

segmentation head's uncertainty provides a natural su-
pervisory signal for the auxiliary branch. The segmenta-
tion head is trained with an uncertainty-aware loss for-
mulation that jointly learns predictions and confidence: 
when prediction error is high, the network learns to in-
crease its uncertainty estimate, effectively admitting dif-
ficult regions. At equilibrium, the uncertainty map cap-
tures precisely those regions where the segmentation 
head consistently struggles. 

This learned uncertainty is then used to modulate 
supervision for the prototype head. Regions with high un-
certainty receive amplified training signal, directing the 
prototype branch to specialize on cases the segmenta-
tion head cannot handle reliably. This uncertainty-
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weighted training ensures complementary specialization: 
the segmentation head handles straightforward regions 
while the prototype head focuses its learning capacity on 
challenging textures and ambiguous boundaries. The to-
tal training objective combines both components with 
appropriate weighting. 

To maintain prototype quality, we employ a con-
servative update strategy with strict purity filtering. Be-
fore updating prototypes, we identify regions that are un-
ambiguously inside material phases—far from bounda-
ries—and use only these "pure" features to update the 
memory bank. This prevents prototype pollution from 
boundary features, which would otherwise cause bound-
ary blurring and increased false positives. 

Inference and SAMFusion Refinement 
At inference time, the learned uncertainty directly 

governs how predictions from both heads are combined. 
In confident regions, the segmentation head dominates; 
in uncertain regions, the prototype-based similarity takes 
over. This dynamic, spatially-adaptive fusion requires no 
additional hyperparameters and automatically adapts to 
local image content. 

To further enhance boundary quality, we introduce 
SAMFusion, a proposal-guided refinement strategy that 
leverages SAM's exceptional morphological sensitivity 
without inheriting its failure modes. Unlike approaches 
that treat SAM outputs as authoritative segmentations—
and consequently suffer when SAM misinterprets com-
plex microstructures—SAMFusion treats SAM purely as a 
morphology-aware proposal generator. We invoke SAM 
to obtain an exhaustive set of candidate regions, then se-
lectively activate proposals through an agreement-gated 
mechanism: proposals are accepted only when they ex-
hibit sufficient overlap with the network's fused predic-
tion. This hierarchical activation process, which evalu-
ates proposals from small to large, ensures that SAM's 
boundary precision refines the segmentation without in-
troducing spurious detections in texturally ambiguous re-
gions. Crucially, this design eliminates the need for case-
by-case hyperparameter tuning of SAM's prompt strat-
egy. 

RESULTS 
We benchmarked MatStudio against ScribbleSeg 

[14] and MatSAM [11] on four segmentation tasks span-
ning self-collected Ni-alloy micrographs (cases a–b) and 
public datasets—UHCS spheroidite [16] and NBS-2 eu-
tectic carbides [14]—as shown in Figure 2. 

Cases (a) and (b) expose complementary failure 
modes of the baselines. In (a), dendritic arms spanning 
the full field-of-view defeat MatSAM's edge-based 
prompting, which cannot reliably distinguish foreground 

from background when boundaries lack clear termina-
tion; ScribbleSeg under-segments due to textural ambi-
guity between dendrites and intermediate grey sub-
structures in the matrix. In (b), off-axis detector gradients 
and secondary-electron edge halos generate spurious 
boundaries that MatSAM interprets as phase interfaces, 
producing extensive false positives; the same gradient 
also causes ScribbleSeg to fail. 

Case (c) presents well-defined spheroidite particles 
that all methods largely detect; however, surface cracks 
partition the matrix into coarse enclosed domains that, 
despite containing no target particles, exhibit closed-
contour morphology indistinguishable from valid regions 
under edge-based prompting, causing MatSAM to regis-
ter these large spurious areas as false positives. Case (d) 
constitutes the most demanding scenario: eutectic car-
bides with amorphous, interconnected morphologies 
cause catastrophic failure in MatSAM regardless of hy-
perparameter tuning, while ScribbleSeg partially suc-
ceeds but cannot resolve regions where carbide and ma-
trix textures overlap. We note that published metrics for 
ScribbleSeg and MatSAM on these benchmarks could not 
be reproduced under our experimental protocol; moreo-
ver, manual inspection revealed annotation inconsisten-
cies in the ground-truth masks—several target particles 
remain unlabeled while certain background regions are 
erroneously marked—rendering absolute metric compar-
isons unreliable. Despite these caveats, IoU and Dice re-
ported as overlay annotations on each prediction panel in 
Figure 2 still permit relative comparison among methods 
on the same exemplars and under our evaluation settings. 

The IoU and Dice coefficients printed on those pan-
els summarize performance on the displayed crops. 
MatStudio attains the highest IoU and Dice in every row: 
in (a), 0.92 and 0.96 versus 0.44 / 0.62 (ScribbleSeg) and 
0.41 / 0.58 (MatSAM); in (b), 0.74 / 0.85 versus 0.15 / 0.26 
and 0.56 / 0.72; in (c), 0.66 / 0.80 versus 0.48 / 0.65 and 
0.57 / 0.72; in (d), 0.95 / 0.97 versus 0.64 / 0.78 and 0.05 
/ 0.10. These rankings are consistent with the qualitative 
failure modes discussed above and should be read to-
gether with the protocol and labeling limitations noted 
earlier. 

Across all four cases, and in agreement with both 
the visual evidence and the panel-reported scores in Fig-
ure 2, MatStudio maintains robust performance by ex-
ploiting the complementarity between learned texture 
representations and SAM's morphological sensitivity. The 
agreement-gated activation mechanism filters out pro-
posals that, while geometrically plausible, lack corrobo-
ration from the semantic predictor—effectively sup-
pressing edge artifacts and spurious enclosed regions. 
Crucially, by treating SAM outputs as candidate refine-
ments rather than authoritative segmentations, the 
framework inherits SAM's boundary-delineation 
strengths without suffering its failure modes when edge-
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based prompting encounters ambiguous or artifact-laden 
microstructures. 

CONCLUSION 
We presented MatStudio, a human-in-the-loop 

framework for microstructure segmentation that com-
bines an uncertainty-guided dual-head model with SAM-
Fusion for proposal-gated boundary refinement. Across 
the heterogeneous microscopy settings considered in 
this work, the comparison in results section illustrates a 
recurring pattern: methods that rely predominantly on 
edge- or prompt-driven segmentation exhibit substantial 
fragility when microstructural morphology, contrast, or 
imaging artifacts violate the assumptions those pipelines 
implicitly encode, whereas MatStudio remains compara-
tively stable by coupling texture-aware predictions with 
conservative use of SAM as a geometric proposal source. 
The dual-head design uses estimated uncertainty to al-
locate responsibility between dense segmentation and 
prototype-driven texture reasoning at inference, and 
SAMFusion retains SAM refinements only when they 

agree with the fused model, reducing spurious activa-
tions that arise when proposals are treated as definitive 
masks. We report exemplar-level overlays under our 
training and evaluation protocol together with the limita-
tions discussed in the Results section; accordingly, we 
frame the findings as consistent relative evidence for the 
proposed integration rather than as universal rankings or 
as claims of proportional improvement over prior pub-
lished numbers. 
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