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Abstract

Purpose: This work introduces a label-efficient workflow for semantic segmentation of silicon carbide,
free silicon, and carbon in SiC-based ceramic from reflected-light micrographs, aimed at reproducible
phase-fraction quantification under varying photometric conditions. Methods: Weak supervision is
derived via unsupervised clustering in the CIE L*a*b* (CIELAB) color space, followed by light
morphological refinement to obtain proxy masks for training. A compact four-stage U-Net (encoder–
decoder with skip connections) is then trained on RGB micrographs using a common preprocessing
pipeline. Final performance is assessed against expert-annotated ground-truth masks, reporting per-
pixel agreement, mean Intersection over Union (IoU), and silicon phase-fraction error. Results: The
U-Net architecture demonstrates a substantial improvement over multilevel Otsu thresholding in low-
contrast fields and provides fully automatic, reproducible segmentation. Although marker-controlled
watershed segmentation can achieve comparable or, in some cases, lower phase-fraction errors, the
U-Net approach provides a significantly faster end-to-end workflow suitable for routine analysis. The
resulting error in silicon phase fraction is typically below 2 vol.% for most fields, with larger deviations
observed only in the coarsest microstructures. End-to-end processing of a full-resolution micrograph
(9–16 Mpx) requires approximately 0.3–0.6 s on a mid-range GPU and 3–6 s on an 8-core CPU. Con-

clusion: The proposed workflow offers a scalable and interpretable approach for rapid microstructural
assessment and process screening in SiC-based ceramics. Future work will focus on extended expert
validation and detailed, figure-rich case studies.

Keywords: SiC-based ceramics; Optical microscopy; Weak supervision; U-Net; Microstructure
segmentation; Phase quantification
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1 Introduction

Silicon carbide (SiC)-based ceramics are exten-
sively employed in high–temperature and
wear–resistant applications due to their unique
combination of low density (2.5–3.2 g cm−3),
exceptional hardness (25–30 GPa) and out-
standing oxidation resistance up to 1600 ◦C.
This oxidation resistance arises from the in situ
formation of a protective silica scale [1–4]. To
optimize these properties, various processing
methods have been developed, each balancing
densification temperature, additive chemistry
and dimensional precision. Recrystallized SiC
(RSiC), typically sintered above 2200 ◦C, achieves
high purity (> 96 vol.%) but remains porous
(20–50 vol.%), resulting in moderate mechanical
strength [5, 6]. Hot–pressed SiC (HPSiC) attains
superior flexural strength due to pressure-assisted
densification but is limited in fabricating complex
geometries [7–9]. Pressureless–sintered SiC (SSiC)
can achieve comparable properties; however, it
undergoes 5–15% linear shrinkage during process-
ing, complicating near–net–shape manufacturing
[10–13].

Liquid–silicon infiltration (LSI) of porous pre-
forms presents an alternative approach, minimiz-
ing shrinkage and enabling premachining prior
to infiltration. In reaction–bonded SiC (RB–SiC),
the preform comprises both SiC and carbon,
whereas in siliconized graphite, it consists solely
of carbon [14–21]. LSI facilitates the production
of SiC–based ceramics across a broad density
range and at lower raw–material cost, yield-
ing materials with 75–92 vol.% SiC and flexu-
ral strengths between 317–389 MPa [18, 19, 22].
The resulting microstructure typically contains
three main phases: silicon carbide (predominantly
β–SiC at processing temperatures), free silicon
(5–30 vol.%), and residual carbon ( 1–50 vol.%).
The thermal and electrical conduction, oxida-
tion behavior, and mechanical performance are
strongly influenced by the volume fractions and
connectivity of these phases. For structural appli-
cations, a high SiC content with minimal residual
silicon and carbon is preferred, whereas tribo-
logical components may benefit from residual
graphite. Applications requiring specific electrical
or thermal properties demand careful control of
the SiC–carbon balance to tailor resistivity and
thermal conductivity.

Quantitative phase segmentation from
reflected–light micrographs is critical for process
control and materials optimization. Although
manual thresholding and interactive edit-
ing remain widespread, these methods are
labour–intensive and vulnerable to operator
bias and variations in photometric variability.
Traditional image–processing, including global
or multilevel thresholding and gradient–driven
watershed segmentation, often underperform
when gray-level distributions overlap or when the
silicon network exhibits thin necks connecting
to bright pools. Deep learning has revolution-
ized automated microstructure analysis; however,
many existing approaches focus on binary or
high–contrast multiphase systems, require dense
pixel–level annotation, or emphasize geometric
descriptors over chemically resolved phases. Pre-
vious studies on cast Al-Si alloys, 3D FIB–SEM
segmentation, and oxide ceramics highlight these
limitations, as do workflows relying heavily on
post–processing or physics–based supervision [23–
27]. Recent reviews identify chemically resolved,
label–efficient segmentation of low–contrast
multiphase ceramics as a persistent challenge
[28–31].

This work addresses this gap by introduc-
ing a label-efficient workflow that generates
reproducible SiC/C/Si phase maps directly from
reflected-light images without requiring dense
annotation. Weak pixel labels (”proxy masks”)
are obtained through unsupervised k-means clus-
tering in the CIE L*a*b* (CIELAB) color space,
followed by light morphological refinement. These
proxy masks are used exclusively for training a
compact four-stage U-Net under a uniform pre-
processing protocol. For final evaluation, a held-
out set of expert-annotated masks serves as the
ground truth, providing an unbiased compari-
son of all methods. Our contributions are: (i) a
chemically resolved and label-efficient segmenta-
tion pipeline tailored to low-contrast SiC/C/Si
microstructures imaged via LSI; (ii) a physically
interpretable diagnostic framework linking pho-
tometric separability and interphase geometry to
known failure modes of classical methods; and
(iii) a unified evaluation protocol demonstrat-
ing stable phase-fraction estimates with inference
times compatible with routine industrial process
monitoring.
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2 Materials and Methods

2.1 Sample Preparation and

Microscopy

Graphite blocks (Technocarb, Chelyabinsk, Rus-
sia) were crushed in a hammer mill and sieved
into three particle size fractions (< 50 µm,
50–100 µm and 100–200 µm). These fractions were
dry-blended with phenolic resin powder in a drum
mixer (Fig. 1a). The resulting mixtures were cold-
pressed in a steel die, thermally cured, and pyrol-
ysed to yield porous carbon preforms (Fig. 1b).
All preforms were machinable to near-net-shape.
Vacuum liquid-silicon infiltration (LSI) was car-
ried out at 1450 ◦C under vacuum of 10−2 Pa
(Fig. 1d). Following infiltration and minor machin-
ing (Fig. 1e), volumetric shrinkage remained below
1 %. The final microstructure comprised silicon
carbide (SiC) formed around the original graphite
particles, residual unreacted carbon (C), and free
silicon (Si).

Polished cross-sections were prepared by
sequential grinding using boron carbide abrasives
(P120, P150, P320, P600, P1500), followed by
polishing with diamond suspensions of 10 µm,
5 µm and 1 µm particle sizes. Reflected-light
bright-field micrographs were acquired at nominal
magnification of 50× and 100×, captured as 8-
bit RGB images with a resolution of 3488 × 2616
pixels. Absolute dimensions were calibrated with
scale bars, and all subsequent image analyses were
performed using pixel units. Variations in focus
and illumination between fields were minimized
through per-image white balancing and contrast
normalization.

A total of 900 non-overlapping fields (300
per material variant) were recorded. Representa-
tive microstructure variations, illustrating a range
from fine to coarse morphologies at two mag-
nifications, are shown in Figure 2. These varia-
tions motivated the adoption of a label-efficient
workflow: initial weak labels were generated via
unsupervised clustering in CIELAB color space
and subsequently refined using a compact U-Net
neural network for supervised segmentation.

2.2 Segmentation Difficulty

Descriptors

To quantitatively evaluate segmentation diffi-
culty with reproducible and physically meaningful
metrics, we assessed (i) inter-class separability
in CIELAB color space, (ii) illumination non-
uniformity at the field scale, (iii) boundary com-
plexity of the interphase network, and (iv) mor-
phological statistics reflecting feature widths and
heterogeneity. All descriptors were calculated in
pixel units and, where applicable, converted to
physical units using the microscope calibration
scale s (in µmpx−1).

Let xi = [Li, ai, bi]
T denote the CIELAB

vector of pixel i. For class c, the centroid and
within-class variance were

µc =
1

nc

∑

i∈c

xi, σ2
c =

1

nc

∑

i∈c

∥

∥xi − µc

∥

∥

2

2
.

Inter-class color separation between classes c1
and c2 was measured by the Euclidean distance

∆E∗
ab(c1, c2) =

∥

∥µc1
− µc2

∥

∥

2
, (1)

and the contrast-to-noise ratio

CNR(c1, c2) =

∥

∥µc1
− µc2

∥

∥

2
√

σ2
c1

+ σ2
c2

. (2)

To complement the moment-based analysis
with a distributional perspective, the projections
of xi onto u = (µc1

− µc2
)/∥µc1

− µc2
∥2, were

compared across the estimated one-dimensional
class densities pc(t) , obtained using Gaussian ker-
nel density estimation with bandwidth selected
according to Silverman’s rule, and computed the
histogram overlap

OVL(c1, c2) =

∫ ∞

−∞

min{pc1(t), pc2(t)} dt, (3)

were OVL(c1, c2) ∈ [0, 1].
Smaller ∆E∗

ab and CNR in (1)–(2) together
with larger OVL in (3) indicate poorer separabil-
ity.

Illumination non-uniformity was characterized
by the coefficient of variation of a low-frequency
illumination field F (x, y), obtained by Gaussian
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Fig. 1: Manufacturing route of SiC ceramics via liquid silicon infiltration (LSI) of porous carbon preforms.
(a) blending graphite powder with a phenolic resin binder; (b) cold pressing, thermal curing, and pyrolysis
to produce a porous carbon preform; (c) near-net-shape machining; (d) vacuum LSI at 1450 ◦C and
10−2 Pa , during which carbon is converted to SiC and residual porosity is filled with silicon; (e) final
machining and polishing. Color code: grey — SiC, black — C, blue — Si.

smoothing of the luminance channel with a stan-
dard deviation larger than the characteristic grain
size (σ ≈ 20–30 pixels) after masking non-
specimen regions and specular highlights:

CV =
std

(

F (x, y)
)

mean
(

F (x, y)
) × 100%. (4)

The boundary complexity was quantified by
the density of the interface length L/A. The inter-
phase boundaries were extracted from the union
of pairwise class interfaces in manually corrected
masks. The sub-pixel perimeter L was calculated
using a marching square estimator and normalized
by the field area A.

Morphology statistics were evaluated for the
silicon phase. The local thickness t(p) along the
pruned medial axis was defined as 2DT(p), where
DT is the Euclidean distance transform to the
nearest phase boundary. Distributions of t were
summarized by the median t50 and percentile
range t10–t90 in pixels. These descriptors informed
method selection: lower phase separability and
stronger illumination variability justified the use
of CIELAB clustering and photometric normaliza-
tion; higher L/A values and small-thickness tails
supported conservative morphological filtering of

weak labels and motivated the inclusion of skip
connections in the segmentation network.

2.3 Image Processing, Weak Labels

and Segmentation Model

Per-image white balance and contrast normaliza-
tion were performed in RGB before conversion to
the CIELAB color space. Since dense annotation
of 900 micrographs was impractical, proxy (weak)
labels were generated using k-means clustering
with k = 3 and k-means++ initialization, retain-
ing the run with the minimum within-cluster sum
of squares:

J =

3
∑

c=1

∑

xi∈Cc

∥xi − µc∥
2
2,

µc =
1

|Cc|

∑

xi∈Cc

xi.

(5)

Binary masks were refined by an open-
ing–closing morphological sequence with a cir-
cular structuring element of radius r = 5 pix-
els. Regions smaller than 0.05 % of the image
area were excluded. This choice of r effectively
suppressed speckle noise while preserving nar-
row silicon bridges. To assess the suitability of
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(a) (b) (c)

(d) (e) (f)

Fig. 2: Representative reflected-light micrographs used in this study. (a–c) Finer morphology (50×);
(d–f) coarser morphology (100×). SiC appears grey, carbon dark and silicon bright.

the resulting proxy masks for supervised learn-
ing, a held-out set of thirty fields with manually
corrected masks was used as a reference.

A compact four-stage U-Net architecture was
trained to segment SiC, C and Si directly from
the color micrographs. The encoder comprised two
Conv–BN–ReLU blocks per level, followed by 2×2
max pooling, with feature channels 32, 64, 128
and 256. The decoder was symmetric, employ-
ing transpose-convolution up-sampling and skip
connections to maintain precise interphase bound-
aries. A dropout layer (p = 0.2) was inserted at
the bottleneck to improve generalization.

The dataset was stratified by material vari-
ant into training, validation, and test subsets
(720/90/90 images). During training, 256 × 256
crops were sampled on the fly with random hor-
izontal and vertical flips, rotations within ±10◦,

and mild photometric jittering (contrast ±5 %,
brightness ±3 %). To mitigate the influence of
noisy proxy labels near interphase boundaries,
smoothed class-indicator targets ε = 0.1 were
applied. Denoting by ỹijc the target for pixel (i, j)
and class c, the loss function was the categorical
cross-entropy

L = −
1

HW

H
∑

i=1

W
∑

j=1

3
∑

c=1

ỹijc log pijc,

ỹijc =

{

1− ε, c = c∗(i, j),

ε/2, c ̸= c∗(i, j),

(6)

where pijc are the softmax probabilities and
c∗(i, j) is the proxy class. Optimization used the
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Adam algorithm with a learning rate of 10−4 and
(β1, β2) = (0.9, 0.999), a batch size of 4, and
early stopping after 10 epochs without validation
improvement (up to a maximum of 100 epochs).

During inference, full-resolution images were
segmented using a sliding window of 256×256 pix-
els with a 128-pixel overlap, blending probability
maps across overlapping regions. On an NVIDIA
RTX 3060 (12 GB), a full micrograph of 9–16 Mpx
was processed in approximately 0.3–0.6 s; on an
8-core CPU, in 3–6 s.

For the final quantitative evaluation, 50 fields
from the test set were manually annotated by
an expert. These expert masks served as the
reference for computing pixel-wise accuracy, per-
class intersection-over-union, and absolute phase-
fraction error for phase c,

∆ϕc =
∣

∣ϕpred
c − ϕref

c

∣

∣,

ϕc =
1

HW

H
∑

i=1

W
∑

j=1

1{ŷij = c},
(7)

providing complementary insights into pixel-level
accuracy, interphase delineation, and quantitative
phase fraction estimation. All reported metrics in
Section 3 are based on these expert masks.

The study design is summarized in Fig. 3, illus-
trating all stages — from material preparation and
imaging to weak-label generation, model train-
ing, and evaluation — performed under identical
photometric conditions.

The source code used in this study is pub-
licly available on GitHub: https://github.com/
ipetrushin/Ceramics-analysis.

3 Results and Discussion

3.1 Segmentation Performance

Quantitative descriptors from Section 2.1 were
calculated relative to expert masks and are sum-
marized alongside the performance of all methods
in Table 1. The silicon phase fraction, ϕSi, varies
from 6.56% (Fig. 2a) to 23.83% (Fig. 2f), confirm-
ing that a single global threshold is inadequate.
The inter–class color separation, ∆E∗

ab(Si, SiC),
ranges from 9.87 (Fig. 2d) to 29.54 (Fig. 2e);
larger values indicate more reliable global color
cues for discriminating silicon from silicon car-
bide. The interface length density, L/A, is the

Fig. 3: Study design employed in this work.
The diagram provides an overview of the com-
plete workflow, encompassing material prepara-
tion, imaging, preprocessing, and weak-label gen-
eration, followed by data splitting with augmen-
tation, model training, full-image inference, and
quantitative evaluation.

sub–pixel perimeter of the union of pairwise class
boundaries per 103 pixels squared; it is highest
for the fine network in Fig. 2b (58.17) and low-
est for the coarsest structure in Fig. 2f (26.22).
Silicon–ligament thickness is computed along the
phase skeleton as t(p) = 2 d(p), where d(p) is the
Euclidean distance to the nearest phase boundary.
The median t50 ranges from 6.32 px (Fig. 2b,d) to
20.88 px (Fig. 2f), while the wide intervals t10–t90
(e.g., 2.00–23.32 px in Fig. 2b and 2.83–90.44 px
in Fig. 2f) reveal persistent coexistence of thin
necks with thick pools – a known failure mode for
threshold- or edge-driven segmentation routines.

Table 1 reveals clear, physically interpretable
trends. As the morphology coarsens from Fig. 2a
to Fig. 2f, the interface density L/A generally
decreases (from 41.53 to 26.22), while the median
silicon thickness t50 increases (from 8.94 to 20.88
px). At the same time, the wide intervals t10–t90
across all fields indicate the coexistence of thin sil-
icon necks and thick silicon regions, even in coarse
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microstructures. This heterogeneity poses a chal-
lenge for segmentation approaches based solely on
thresholding or edge detection.

The performance of classical methods in
Table 1 correlates with these descriptors. When
∆E∗

ab is small and t10 is low (Fig. 2a and Fig. 2d),
multilevel Otsu thresholding fails dramatically: its
accuracy drops to 32.50% and 28.85%, respec-
tively, with silicon fraction errors of 64.53 and
68.33 vol.%. This failure cannot be attributed
only to the removal of thin silicon necks. In these
low-contrast fields, multilevel Otsu thresholding
fails to separate silicon as an independent phase
because the color distributions of Si and SiC
strongly overlap. As a result, the segmentation
effectively collapsed into a two-phase partition,
with silicon being merged with silicon carbide or
incorrectly mapped during class assignment. This
explains the large silicon phase-fraction errors
observed for Fig. 2a and Fig. 2d. In contrast,
marker-controlled watershed segmentation on the
luminance gradient is much more robust in these
low-contrast fields, achieving accuracies above
93% and errors below 0.5 vol.% for Fig. 2a and
Fig. 2d. For coarser structures (Fig. 2e,f), both
Otsu and watershed perform well (accuracy >
91%, error < 6.1 vol.%), though the wide t10–t90
intervals indicate that local failures due to thin
connections remain possible.

These observations carry direct methodolog-
ical implications. The median t50 captures the
geometric scale and correlates with the overall seg-
mentation ease, yet it is the left–tail thickness t10
that predicts the onset of connectivity loss. Inter-
face density L/A acts as an independent stressor,
elevating the number of boundary decisions per
unit area and thus the likelihood of local topo-
logical errors. A small ∆E∗

ab diminishes the dis-
criminative power of a global threshold, fostering
systematic SiC to Si substitutions in low–contrast
regions. Collectively, the descriptors and the out-
comes in Table 1 elucidate performance variability
across morphologies and magnifications in classi-
cal methods (Fig. 2a–f), underscoring the inherent
fragility of rule-based pipelines on these micro-
graphs.

These observations motivate a learning-based
approach. The following subsection evaluates a
compact U-Net on the same fields and compares

its performance with the classical methods, focus-
ing on phase-fraction accuracy and topological
preservation.

3.2 Learning-Based Segmentation

Using a Compact U-Net

To enable a direct and fair comparison with clas-
sical methods, we evaluate the U-Net on the same
50 expert-annotated fields used in Section 3.1. All
methods are applied with identical preprocessing
and the same sliding-window inference proto-
col. The expert masks provide the ground truth
for computing accuracy, IoU, and phase-fraction
error. In this subsection, we compare our compact
U-Net model with multilevel Otsu thresholding in
CIELAB space and marker-controlled watershed
segmentation on∇L∗ (both applied with the same
preprocessing steps described in Section 2.1). This
approach ensures that the reported metrics reflect
algorithmic performance rather than annotator
variability.

The proposed network is a four-stage
encoder–decoder comprising two Conv–BN–ReLU
blocks per resolution level with symmetric skip
connections (Fig. 4). Inference is performed at full
resolution using a 256×256 sliding window with
a 128-px overlap. Probability maps are blended
across overlaps, and the final class label for each
pixel is assigned as the arg-max of the softmax
probabilities. Using identical preprocessing for all
methods minimizes method-specific photometric
bias tuning and ensures a fair comparison.

We report pixel-wise accuracy, mean IoU, and
the absolute silicon phase-fraction error |∆ϕSi|
(vol.%) relative to the expert masks. Additionally,
we evaluate the repeatability of the U-Net output
by measuring the spread of |∆ϕ| and mean IoU
under test-time augmentations (rotations ±10◦,
flips, contrast ±5%, brightness ±3%). For process
monitoring applications, repeatability is particu-
larly critical, as the segmentation method must
provide consistent quantitative results under iden-
tical imaging conditions.

Table 1 summarizes the comparison across the
six fields shown in Fig. 2(a–f). The U-Net achieves
competitive accuracy and mIoU across all fields.
In the most challenging cases for Otsu (Fig. 2a
and Fig. 2d), where Otsu fails completely, the
U-Net maintains accuracy above 76% and 81%,
respectively, and keeps the silicon fraction error
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Table 1: Microstructural descriptors (computed from expert masks) and segmentation performance of
classical methods and the proposed U-Net on the same six representative fields (test set, expert masks as
ground truth). Metrics: accuracy (%); IoU (for U-Net); absolute silicon phase-fraction error |∆ϕ| (vol.%).

Fig. 2a Fig. 2b Fig. 2c Fig. 2d Fig. 2e Fig. 2f

ϕSi (vol.%) 6.56 9.88 20.81 7.36 10.59 23.83
∆E∗

ab (Si–SiC) 10.32 18.95 18.86 9.87 29.54 17.16

L/A (px/103px2) 41.53 58.17 53.05 35.05 37.53 26.22
t50 (px) 8.94 6.32 10.00 6.32 10.00 20.88
t10–t90 (px) 2.83–32.56 2.00–23.32 2.00–46.39 2.00–26.00 2.00–48.41 2.83–90.44

Otsu Acc. (%) 32.50 97.76 95.66 28.85 91.48 96.96
Otsu |∆ϕ| (vol.%) 64.53 0.44 1.05 68.33 6.10 0.99
Watershed Acc. (%) 93.93 95.19 95.04 94.34 93.54 97.09
Watershed |∆ϕ| (vol.%) 0.41 1.26 1.37 0.48 4.03 1.15

U-Net Acc. (%) 76.15 95.69 74.70 81.15 92.09 93.62
U-Net mIoU 0.481 0.898 0.589 0.543 0.814 0.855
U-Net |∆ϕ| (vol.%) 1.36 0.58 0.81 0.94 5.51 4.63

Fig. 4: Architecture of the compact U-Net
employed in this study. The network consists
of four stages featuring double Conv–BN–ReLU
blocks, a symmetric decoder with skip connec-
tions, and a final 1 × 1 convolution followed by a
softmax layer producing three output classes.

below 1.4 vol.%. Compared with watershed, which
already performs well in these fields, the U-Net
does not universally improve the pixel-wise met-
rics or the silicon phase-fraction error. However,
watershed is not an end-to-end automatic proce-
dure in routine use: it requires parameter tuning
and processing time can reach an hour per full-
resolution micrograph. In contrast, after training,
the U-Net segments a full-resolution micrograph
automatically within only a few seconds. Thus,

the main advantage of the proposed network is
not a universal improvement over watershed in
all accuracy metrics, but a substantial reduction
in processing time while maintaining acceptable
phase-fraction accuracy and high repeatability.
For coarser structures (Fig. 2e,f), the U-Net’s sil-
icon fraction error (5.51 and 4.63 vol.%) is larger
than that of both Otsu (6.10 and 0.99 vol.%)
and watershed (4.03 and 1.15 vol.%). This indi-
cates that the current U-Net training, based on
proxy labels, may not fully capture the variabil-
ity of coarse morphologies. Nevertheless, its mIoU
remains high (0.814 and 0.855), suggesting good
boundary delineation. The U-Net also exhibits
excellent repeatability: under test-time augmenta-
tions, the spread of |∆ϕ| is within ±0.3–0.6 vol.%
(not tabulated), which is critical for process mon-
itoring.

From an application standpoint, the U-Net
provides a fully automatic segmentation with
inference times of 0.3–0.6 s per full micrograph on
a GPU, substantially faster than manual thresh-
old tuning, and offers a robust solution for routine
phase quantification when combined with quality
control measures.

4 Conclusions

This study introduced a label-efficient pipeline
for semantic segmentation of SiC–C–Si phases
in siliconized graphite from reflected-light micro-
graphs. Weak supervision was achieved through
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unsupervised clustering in the CIELAB color
space, followed by light morphological refinement,
while a compact four-stage U-Net was trained
to segment the three phases directly from color
images. All methods were evaluated under iden-
tical preprocessing conditions and against expert-
annotated ground truth masks (50 fields), ensur-
ing an unbiased and reproducible comparison.
The results show that the U-Net is particularly
advantageous relative to global thresholding in
low-contrast cases where Otsu fails to separate
silicon as an independent phase. Compared with
marker-controlled watershed, the U-Net does not
provide a universal improvement in all pixel-
level metrics, but it offers a major practical
advantage: fully automatic processing within sec-
onds, whereas watershed-based analysis requires
parameter adjustment and can take tens of min-
utes per field when manual correction is needed.
For coarser structures, the U-Net’s phase-fraction
error was slightly larger than that of classical
methods, but its high mIoU and low test-time vari-
ability indicate reliable boundary delineation and
suitability for process monitoring. These results
align with the diagnostic indicators: low ∆E∗

ab and
small t10 increase the likelihood of threshold-based
failures, whereas the encoder–decoder architecture
with skip connections effectively integrates local
texture and mesoscale context. The pipeline is
computationally efficient: full micrograph process-
ing requires 0.3–0.6 s on a GPU, representing an
order-of-magnitude speedup over manual editing.
Two limitations should be acknowledged. First,
the evaluation was performed on a limited set of
50 expert masks; extending the annotated dataset
would further strengthen statistical significance.
Second, performance on the coarsest field revealed
sensitivity to acquisition conditions, highlighting
the importance of routine color-constancy checks
and lightweight domain adaptation when imaging
parameters vary. Future work will focus on extend-
ing the weakly supervised framework to additional
constituents (e.g., oxide films or pores), developing
volumetric inference from serial sections or tomog-
raphy, and integrating segmentation outputs into
digital process twins to accelerate the design and
optimization of SiC–based components.
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