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A B S T R A C T

MoSiBTiC alloys exhibit complex four-phase microstructures, and quantitative microstructural characterization 
requires accurate phase segmentation and statistically representative sampling. This study investigates how 
many SEM-BSE micrographs are required to obtain statistically reliable phase-fraction data from a heterogeneous 
multiphase MoSiBTiC alloy. A semi-automatic segmentation workflow based on Trainable Weka Segmentation 
was employed to enable consistent analysis of a large SEM-BSE image set. In a limited quantitative agreement 
evaluation using two manually labeled reference images, the Semi-automatic method achieved an average 
overall pixel accuracy of 0.984 and a weighted Intersection-over-Union (IoU) of 0.969. The total workflow time 
for preparing 100 analysis-ready segmentation images was reduced from approximately 300 days for full manual 
pixel-wise labeling to approximately one working day. Phase volume fractions obtained from the segmented 
images were analyzed by bootstrap resampling to evaluate the effect of image number on statistical reliability. 
The mean phase volume fractions were 42.7 ± 0.46% for the Mo solid solution, 36.1 ± 0.63% for Mo5SiB2, 18.9 
± 0.64% for TiC, and 2.27 ± 0.19% for Mo2C. The standard deviation of the mean phase volume fraction 
decreased with increasing image number following a power-law relationship. Analyses based on only a few 
images could misestimate phase volume fractions by more than 15%, particularly for TiC. Under the adopted 
empirical relationship between phase volume fractions and fracture toughness, approximately 60 images ac
quired at 2000× were estimated to be necessary to reduce image-sampling-induced scatter in the fracture- 
toughness estimate to a level comparable to the experimental error.

1. Introduction

In materials engineering, composition, processing, structure, prop
erties, and performance are five fundamental elements. Much of mate
rials research can be viewed as an effort to elucidate one or more 
interrelationships among these five elements. In materials development, 
however, an integrated understanding that goes beyond isolated 
relationships—particularly along the composition-processing-structure- 
properties-performance chain—is required [1]. Structure is the key node 
linking composition and processing to properties and performance, and 
for structural materials, microstructure is of central importance. For a 
given composition, microstructure depends on the manufacturing pro
cess and strongly influences mechanical properties. For this reason, 
microstructural characterization has long been emphasized in structural 

materials research, and descriptors such as grain size and phase volume 
fraction have been quantified from microscopy images to discuss 
mechanisms such as grain growth and strengthening. In recent years, 
data-driven approaches have also been introduced into materials sci
ence, and new ways of utilizing microstructural information are being 
explored, including the automated extraction of microstructural de
scriptors [2–7].

The MoSiBTiC alloy investigated in this study has a high melting 
point, a density comparable to that of Ni-based single crystal superal
loys, excellent high-temperature creep strength, and good room- 
temperature fracture toughness, making it a promising next- 
generation ultra-high-temperature alloy [8–14]. Its microstructure 
consists of the Mo solid solution (Moss) phase, the Mo5SiB2 (T2) phase, 
the Mo2C phase, and the TiC phase [8], and a fine lamellar structure 
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composed of the Moss and TiC phases is also frequently observed. This 
complex microstructure varies with processing and has been reported to 
affect mechanical properties [7]. To relate microstructure to processing 
and properties, it is essential to quantify geometric descriptors such as 
the volume fraction and connectivity of each constituent phase. For 
complex microstructures such as that of the MoSiBTiC alloy, two major 
challenges are efficient segmentation and statistically representative 
sampling.

Recent studies have increasingly explored machine-learning ap
proaches to improve the efficiency and automation of microstructural 
segmentation, as summarized in Table 1 [15–34]. Table 1 summarizes 
representative examples of previous studies on microstructure segmen
tation to provide context for the present work. The purpose of this table 
is not to suggest that the present TWS-based workflow is technically 
superior to recent deep-learning-based methods, but to clarify the type 
of segmentation problem addressed here and the practical requirements 
for analyzing a large number of SEM-BSE images of a heterogeneous 
four-phase alloy. From the viewpoint of image characteristics, micro
structural images can be broadly classified into those in which phases 
are distinguished by contrast differences [15–28] and those in which 
they are distinguished by texture differences [29–34]. The microstruc
ture of the MoSiBTiC alloy is clearly observed in backscattered electron 
(BSE) images acquired by scanning electron microscopy (SEM), and the 
constituent phases are primarily distinguished by contrast. From a seg
mentation perspective, this microstructure has three notable charac
teristics. First, it contains four phases with different contrast levels, each 
essentially featureless and lacking texture arising from substructures; 
moreover, the contrast ratios among the phases vary from one field of 
view to another. Second, the constituent phases appear over a wide 
range of sizes and morphologies. For example, the TiC phase occurs as 
coarse primary crystals, as part of eutectic microstructures composed of 
two or three intermediate-sized phases, as fine needle-like precipitates, 
and as a constituent of the lamellar structure. Third, some precipitates 
differ in contrast but have similar morphologies. For example, the Moss 
and TiC precipitates formed within the T2 phase both exhibit prismatic 

rod-like shapes. Previous studies on the segmentation of contrast-based 
microstructural images [15–28] generally addressed no more than three 
phases, with each phase exhibiting distinctive morphological charac
teristics. It is therefore not self-evident that previously reported seg
mentation methods can be directly applied to complex microstructures 
such as that of the MoSiBTiC alloy, in which four or more phases coexist 
with diverse morphologies.

The second challenge is identifying statistically representative sam
pling conditions. When microstructural descriptors are related to ma
terial properties, they must be measured over the material volume 
relevant to the manifestation of the target property. For example, frac
ture toughness is an important property for the practical application of 
the MoSiBTiC alloy, and consideration of specimen size indicates that 
statistical descriptors should ideally be extracted from a relatively large 
volume of approximately 1.2 mm3. In contrast, high magnification is 
required to observe the fine precipitates present in the microstructure, 
and a single SEM image covers only a very limited area. It is therefore 
necessary to observe multiple locations to obtain statistical values 
representative of the material as a whole. However, the extent of 
observation required to establish meaningful correlations with macro
scopic material properties is not necessarily obvious. This is particularly 
true for the MoSiBTiC alloy, which exhibits a heterogeneous micro
structure across multiple length scales, making it difficult to intuitively 
determine whether a given number of images is sufficient. A method is 
therefore needed to determine the minimum number of observations 
required for analyses linked to macroscopic material properties.

Based on the above, the primary objective of this study was to 
quantitatively evaluate the statistical representativeness of SEM-BSE 
micrographs for phase-fraction analysis in a heterogeneous multiphase 
MoSiBTiC alloy. For this purpose, a sufficiently large number of SEM- 
BSE images must be segmented with consistent criteria. The aim of 
using machine-learning-assisted segmentation in this study was there
fore not to develop a new segmentation architecture, but to enable 
practical and reproducible processing of a large image set for statistical 
microstructural analysis. We employed Trainable Weka Segmentation 
(TWS) as an annotation-efficient tool that can be trained using limited 
annotations within selected images and implemented in the widely used 
Fiji/ImageJ environment. Using the segmented image set, we then 
evaluated how the number of analyzed micrographs affects the uncer
tainty in phase-fraction measurements and how this uncertainty prop
agates into fracture-toughness estimation through an empirical 
microstructure–property relationship.

2. Materials and methods

An alloy with a nominal composition of 65Mo–10Si–5B–10Ti–10C 
(at.%) was prepared by arc melting. The starting materials were 99.99 
mass% Mo rods, 99.9999 mass% Si chips, 99.5 mass% B grains, and 99 
mass% TiC powder, the latter serving as the Ti and C source. Melting was 
carried out under an Ar atmosphere. The alloy was then heat treated at 
1800 ◦C for 24 h under Ar and furnace cooled to room temperature. 
Specimens for microstructural observation were sectioned from the 
heat-treated alloy by wire electrical discharge machining (EDM) and 
then mechanically polished. Diamond slurry buff polishing was selected 
as the final polishing procedure, and SEM images were acquired from 
the polished specimens. Fig. 1 shows SEM images obtained after final 
polishing by diamond-slurry buff polishing, Al2O3 buff polishing, and 
vibratory polishing using nanodiamond. In the specimens polished by 
Al2O3 buffing and vibratory polishing, some regions of the Moss phase, 
which normally appeared white, were observed as gray. Because such 
gray-level variation could adversely affect contrast-based image seg
mentation, diamond slurry buff polishing, which did not exhibit this 
problem, was adopted as the final polishing method.

The microstructure was observed using SEM (JEOL JSM-IT800) in 
backscattered electron (BSE) mode. A magnification of 2000× was 
selected so that fine features such as precipitates could be clearly 

Table 1 
Examples of previous studies on the application of segmentation to micro
structure images.

Materials Segmentation objects Method (Automatic = A/ 
Semi-automatic = S)

DP800 steel [27] Martensite, ferrite, damage 
site (3 objects, 3 Gy scale)

・nnU-Net (A) 
・DB-GAN ensemble (A)

HP40–Nb stainless 
steel [28]

Intergranular/boundary 
carbides, intragranular/ 
pepper carbides, matrix (3 
objects, 2 Gy scale and 2 
different shapes)

・Trainable Weka 
Segmentation with image 
preprocessing (S)

Continuous 
cooling steel 
[29]

Ferrite, pearlite, degenerate 
pearlite, Widmanstätten 
ferrite (4 objects, 3 Gy scale)

・Trainable Weka 
Segmentation (S)

Low carbon steel 
[30]

Grain boundary ferrite, 
Ferrite side plate, Pearlite, 
Martensite (4 objects, 3 Gy 
scale and 2 different 
morphology)

・Unsupervised method with 
a feature extraction using 
texture analysis filters and a 
clustering process using 
BGMM (A)

Ultrahigh carbon 
steel [31]

Network carbide, Ferritic 
denuded zone, 
Widmanstatten carbide, 
spheroidite matrix (4 objects, 
4 different shapes)

・Pre-trained convolutional 
neural networks (A)

FeCrMo sintered 
steel [32]

Lower bainite, upper bainite, 
phosphorus-rich ferrite, fine 
pearlite, martensite, pores (6 
objects, 3 Gy scale and 4 
different morphology)

・Image Classifier (software 
package integrated with 
MicroGOP2000/S system) 
(S)

Steel (synthetic 
weld-heat 
affected zone) 
[33,34]

Ferrite, pearlite, bainite (3 
objects, 3 different patterns)

・Expert-supervised 
Machine Learning by using 
Random Forest classification 
(S)
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resolved. The accelerating voltage and working distance were 10 kV and 
10 mm, respectively. Each image covered an area of 64 μm × 48 μm with 
a resolution of 1280 × 960 pixels. A total of 10 × 11 images were ac
quired at contiguous positions so that a large area of 640 μm × 528 μm 
could be reconstructed. This reconstructed area was assumed to be 
sufficiently representative of the alloy as a whole for discussion of its 
macroscopic material properties, and the degradation in the precision of 
statistical measurements was then examined by progressively reducing 
the number of images used. Because several images contained voids or 
surface contamination, 100 BSE images free from these artifacts were 
used for the subsequent analysis. Images containing large gaps, stains, 
voids, or surface contamination were excluded because these artifact 
regions are not constituent phases of the MoSiBTiC alloy. The present 
TWS-based classifier was trained as a four-class model for the Moss, T2, 
Mo2C, and TiC phases, and no artifact or background class was included. 
Therefore, if artifact-containing images were directly input into the 
current segmentation model, the artifact regions would be forced to be 
classified as one of the four constituent phases according to their gray
scale contrast and local image features. In particular, dark artifact re
gions such as voids, gaps, or stains would likely be misclassified as TiC or 
Mo2C because these phases appear black or dark gray in SEM-BSE im
ages. Bright or intermediate-contrast artifacts could also be misclassified 
as Moss or T2, depending on their local contrast. Such misclassification 
would artificially change the measured phase fractions. Therefore, only 
artifact-free SEM-BSE images were used for the quantitative phase- 
fraction analysis in this study.

Segmentation of the constituent phases was performed for all 100 
SEM images. Details of the segmentation procedure used in this study 
are given in Section 3. The segmented images were then used to deter
mine the phase area fraction of each phase. The calculations were car
ried out in Python, and the fraction of pixels assigned to each phase in 
the segmented two-dimensional SEM-BSE images was calculated as the 
phase area fraction. In this study, these phase area fractions were used as 
stereological estimates of phase volume fractions. Hereafter, the term 
“phase volume fraction” refers to the volume fraction estimated from the 
measured phase area fractions in the SEM-BSE images. This stereological 
estimation is based on the Delesse principle, according to which the 
expected areal fraction of a phase on a random planar section is equal to 
its volume fraction [35]. The SEM images and the corresponding seg
mentation images were managed using RDE [36], a data structuring 
system provided by the National Institute for Materials Science (NIMS).

The dependence of the estimated phase volume fractions on the 
number of analyzed images was evaluated by bootstrap resampling. 
When all 100 images were used, the resulting dataset, consisting of 100 
images with a resolution of 1280 × 960 pixels each, was defined as the 
full field of view. For each bootstrap trial, 100 images were randomly 
sampled with replacement from the 100-image dataset, and the phase 
volume fractions for the full field of view were calculated. This pro
cedure was repeated 1000 times, and the variability of the resulting 
values was evaluated. Following the same procedure, for a given sample 
size N, N images were randomly resampled from the 100-image dataset, 
and the phase volume fractions for a field of view corresponding to N 
images (1280 × 960 pixels per image) were calculated 1000 times. N 
was varied from 1 to 99. In this statistical analysis, each SEM-BSE image 

was treated as an equal-area spatial sampling unit. These image units 
should not be interpreted as completely independent material specimens 
because the images were acquired from contiguous positions. The pur
pose of the resampling analysis was to evaluate how the estimated mean 
phase fraction varies when a finite number of fields of view are selected 
from the observed 100-image dataset.

In addition to the image-wise bootstrap analysis, a 2×2 block boot
strap analysis was performed to examine the possible influence of local 
spatial correlation among neighboring SEM-BSE images. In this analysis, 
four spatially adjacent SEM-BSE images were treated as one sampling 
block and resampled with replacement. The effective number of images 
was defined as four times the number of sampled blocks. The standard 
deviations obtained by the 2×2 block bootstrap were compared with 
those obtained by the image-wise bootstrap. In addition, the correlation 
coefficients of image-based phase fractions between neighboring image 
regions were evaluated to estimate the strength of local spatial 
correlation.

3. Machine-learning-based segmentation workflow

Manual segmentation of SEM-BSE images of the four-phase 
MoSiBTiC alloy is extremely time-consuming. In this study, we used a 
machine-learning-assisted segmentation workflow based on the Train
able Weka Segmentation (TWS) plugin in Fiji/ImageJ. TWS is a super
vised pixel-classification method implemented through Weka and is 
based on random-forest classification [37,38]. The method was selected 
not because it represents a new or state-of-the-art segmentation archi
tecture, but because it can be trained using limited annotations within 
selected images and is suitable for preparing a large number of consis
tently segmented images for quantitative phase-fraction analysis. This 
practical advantage is important for the present study, where the central 
question is how many SEM-BSE micrographs are required to obtain 
statistically reliable phase-fraction data from a heterogeneous multi
phase microstructure.

Manual reference labels were prepared based on SEM-BSE contrast 
and the characteristic morphology of each phase. In the SEM-BSE im
ages, the Moss phase appears white, the T2 phase appears light gray, the 
Mo2C phase appears dark gray, and the TiC phase appears black. This 
phase assignment is consistent with the established phase identification 
in previous studies on MoSiBTiC alloys. Phase boundaries were deter
mined based on the local contrast transition between neighboring pha
ses. When the contrast transition was sharp, the boundary was placed 
along the steepest intensity change. When a boundary region exhibited a 
gradual grayscale transition, the boundary was assigned approximately 
to the middle of the transition region on a pixel basis. When the 
boundary was ambiguous, the local continuity and characteristic 
morphology of the neighboring phases were also considered. These 
manually labeled images were used as reference images for evaluating 
the semi-automatic segmentation. The segmentation workflow consisted 
of four steps: (1) level adjustment, (2) annotation and model training, 
(3) model application, and (4) model refinement. A schematic illustra
tion of the workflow, including the operations performed in each step, is 
shown in Fig. 2. 

Fig. 1. SEM images obtained by different polishing conditions, (a) diamond slurry buffing, (b) Al2O3 buffing, (c) vibratory polishing.
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(1) Level adjustment

When 100 SEM-BSE images are segmented using the same classifier, 
the same phase may exhibit different gray levels due to differences in 
image acquisition conditions, local contrast variation, and observation 
position. This variation adversely affects phase recognition, particularly 
for the white Moss, light-gray T2, and dark-gray Mo2C phases. Therefore, 
all 100 SEM-BSE images were first subjected to level adjustment using 
PhotoDirector 365 to reduce large image-to-image tonal variation before 
TWS segmentation. In this preprocessing step, the highlight and shadow 
parameters were fixed at +100 and − 100, respectively, for all images. 
The midtone parameter was set to − 60 for most images. For images in 
which excessive brightness made the light-gray T2 phase difficult to 
distinguish from the white Moss phase, the midtone parameter was 
adjusted within the limited range from − 60 to − 80. No other image- 

specific tonal adjustment was applied. The exact level-adjustment pa
rameters used for the analyzed images are listed in Supplementary 
Table S1. This preprocessing step was therefore limited to a defined 
parameter range, rather than arbitrary image-by-image adjustment. 
Nevertheless, because selecting the midtone value within this range still 
involves limited human judgment, the present workflow should be 
regarded as a semi-automatic workflow, not as a fully automatic seg
mentation procedure. 

(2) Annotation and model training

As illustrated in Fig. 2, one SEM image was first selected, and 
representative annotations were placed on regions corresponding to 
each phase and on selected interphase boundaries within the field of 
view. A classifier was then constructed from these initial training data 

Fig. 2. Schematic diagram of the semi-automatic TWS-based segmentation workflow used in this study, including level adjustment, annotation and model training, 
model application, visual inspection, and limited refinement.
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using the random forest algorithm. First, the input image was processed 
with multiple filters to generate a feature vector for each pixel. Next, a 
large number of decision trees were trained using these feature vectors 
[39]. Prediction was made by majority vote, and the class predicted by 
the largest number of decision trees was assigned to the corresponding 
pixel. Gaussian blur, Sobel filter, Hessian, Difference of Gaussians, and 
Membrane projections were used to construct the feature vectors. These 
features were used to extract image information relevant to 
contrast-based SEM-BSE segmentation of the present four-phase 
MoSiBTiC alloy. Gaussian blur was used to obtain smoothed 
grayscale-intensity information and to reduce high-frequency noise. The 
Sobel filter was used to emphasize local intensity gradients at phase 
boundaries. Hessian and Difference of Gaussians filters were used to 
capture local curvature- and scale-dependent contrast features associ
ated with precipitates and interphase regions. Membrane projections 
were used to assist recognition of thin, lamellar, or boundary-like 
features.

Because the classifier trained on the initial annotations still produced 
misclassified regions, an iterative training and refinement procedure 
was introduced. The classifier was progressively improved by adding 
annotations from SEM-BSE images in which obvious misclassification 
was observed. During construction of the final classifier, annotations 
from 10 SEM-BSE images were used in total for the training/refinement 
stage. In addition, 5 SEM-BSE images were used as qualitative checking 
images to visually assess whether the classifier could be applied to im
ages acquired from different observation positions. Because fully 
manually labeled reference images were not available for every inter
mediate training stage, the evolution of classification accuracy during 
iterative training could not be quantified at each step using pixel-wise 
metrics. Therefore, the training progress was assessed mainly by visual 
inspection, and the final segmentation accuracy was quantitatively 
evaluated using two manually labeled reference images, as described in 
Section 4.1. These 10 training/refinement images and 5 qualitative- 
checking images were part of the 100-image dataset used for the sub
sequent statistical analysis; no images beyond the 100-image dataset 
were required. Specifically, misclassified regions were newly annotated, 
added to the training data, and used for retraining. This process was 
repeated until the segmentation across the entire image was judged by 
visual inspection to be broadly satisfactory. The same procedure was 
then applied to other SEM images, thereby progressively improving the 
segmentation accuracy. In other words, classification errors gradually 
decreased as training proceeded from the second image to the third and 
subsequent images. It was confirmed that once this procedure was 
applied to 10 images, classification errors on subsequent images became 
almost negligible. The 10 images used in this training stage were 
segmented during the iterative training process itself. 

(3) Model application

The final classifier was then applied to the remaining SEM-BSE im
ages to obtain segmentation results. These results were subsequently 
visually inspected as part of the quality-checking process. 

(4) Model refinement

During classifier development, segmentation results obtained from 
the training/refinement images were visually inspected. When obvious 
misclassification was observed, particularly in regions where the T2 
phase exhibited strong contrast variation due to channeling or local 
brightness differences, limited additional annotations were added 
within the training/refinement image set and the classifier was refined. 
After the final classifier was established, it was applied to the remaining 
SEM-BSE images, and the resulting segmentation images were visually 
inspected for quality checking. Therefore, the proposed method should 
be regarded as a semi-automatic procedure involving limited manual 
inspection and refinement, rather than a fully automatic segmentation 

method.
By following the above procedure, 100 analysis-ready segmented 

images were obtained while manually annotating only limited regions of 
the image set. Hereafter, the conventional approach in which each SEM 
image was manually labeled pixel by pixel is referred to as Manual, 
whereas the method described in this section is referred to as Semi- 
automatic.

4. Results

4.1. Segmentation results obtained using the semi-automatic method

An example of the segmentation results obtained using the Semi- 
automatic method is shown in Fig. 3. In the segmented image, the 
Moss, T2, Mo2C, and TiC phases are colored green, purple, yellow, and 
red, respectively. The corresponding SEM-BSE image and the manually 
labeled reference image are also shown for comparison. The Semi- 
automatic method captured the main microstructural features 
observed in the manually labeled reference image, including fine pre
cipitates and interphase boundaries. Because visual comparison alone is 
insufficient to evaluate segmentation quality, a quantitative agreement 
evaluation was performed using two manually labeled reference images. 
The Semi-automatic segmentation results were compared with the 
manually labeled reference images using overall pixel accuracy, preci
sion, recall, F1-score, and Intersection-over-Union (IoU). The quantita
tive results are summarized in Table 2. The Semi-automatic method 
achieved an average overall pixel accuracy of 0.984, an average 
weighted precision of 0.985, an average weighted recall of 0.984, an 
average weighted F1-score of 0.984, and an average weighted IoU of 
0.969. These values indicate high agreement between the Semi- 
automatic segmentation and the manually labeled reference images.

The phase-wise IoU values were 0.974 for Moss, 0.966 for T2, 0.970 
for TiC, and 0.884 for Mo2C. The lower IoU for the Mo2C phase is 
attributed to its small area fraction and locally sparse distribution, 
which make its segmentation more sensitive to small boundary errors 
and minor misclassification. Nevertheless, the obtained agreement was 
considered sufficient for the purpose of quantitative phase-fraction 
analysis in this study. It should be noted that the present quantitative 
evaluation was performed using only two manually labeled reference 
images because preparing fully pixel-wise labeled reference images for 
this complex four-phase microstructure is highly time-consuming. 
Therefore, the accuracy values reported here should be interpreted as 
a limited quantitative agreement evaluation, rather than as a compre
hensive evaluation of generalization performance over the entire 100- 
image dataset.

The Manual method required approximately 3 days per image for full 
pixel-wise labeling; thus, segmentation of 100 images would be ex
pected to require approximately 300 days. In contrast, the total active 
workflow time required to prepare 100 analysis-ready segmentation 
images using the Semi-automatic method was approximately one 
working day when preprocessing, annotation, model training/refine
ment, model application, visual inspection, data export, and accuracy 
checking were included. Therefore, the proposed workflow should be 
regarded as a semi-automatic procedure involving limited human 
intervention, rather than as a fully automatic segmentation method. 
Even with this limitation, the workflow made it feasible to analyze 100 
SEM-BSE images under consistent segmentation criteria, enabling the 
statistical evaluation of phase fractions described in the following 
sections.

Table 3 summarizes the segmentation-related challenges encoun
tered in this study, the key elements of the workflow described in Sec
tion 3, and the corresponding improvements. Four points were found to 
be particularly important for successful segmentation. First, proper 
specimen surface preparation is essential for obtaining high quality SEM 
images. Specifically, diamond slurry buff polishing is desirable as the 
final polishing step for the MoSiBTiC alloy. Depending on the final 
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polishing method, the contrast of the Moss phase may appear darker, 
making it difficult to distinguish from the T2 and Mo2C phases. With 
diamond slurry buff polishing, by contrast, the Moss phase exhibits 
bright contrast. Second, prior level adjustment of the SEM images is 
effective. Because the MoSiBTiC alloy contains the light gray T2 phase 
and the dark gray Mo2C phase, differences in imaging data and chan
neling contrast can cause large variations in the absolute contrast of 
these gray phases, making them difficult to distinguish. Prior adjustment 
reduces large image-to-image tonal variation and improves the model's 
accuracy when applied to images beyond the training set. Third, in the 
present dataset, annotations from 10 SEM-BSE images were used for the 
training/refinement stage, and 5 additional SEM-BSE images were used 
for qualitative checking of the classifier. This condition was adopted as a 
practical training/refinement procedure for the present MoSiBTiC alloy 
dataset. The optimal number of training/refinement images may depend 
on alloy composition, imaging condition, phase contrast, and micro
structural complexity, and should therefore be evaluated separately 
when the workflow is applied to other alloy systems. Fourth, when high 

accuracy is required, it is desirable to manually inspect the segmentation 
results after applying the trained model and refine the classifier 
accordingly.

4.2. Statistical evaluation of phase volume fractions

Bootstrap resampling was performed by randomly sampling 100 
measurements with replacement from the 100 image-based phase-vol
ume-fraction measurements. This procedure was used to evaluate the 
variability of phase volume fractions by repeatedly measuring over the 
full field of view, comprising 100 images (1280 × 960 pixels per image). 
Fig. 4 shows the histograms of the phase volume fractions obtained in 
this manner. The mean value for each phase is also shown in Fig. 4. The 
mean volume fractions were 42.7 ± 0.46% for the Moss phase, 36.1 ±
0.63% for the T2 phase, 18.9 ± 0.64% for the TiC phase, and 2.27 ±
0.19% for the Mo2C phase. The resulting scatter can be interpreted as an 
estimate of sampling variability when 100 observation fields are used. 
The variability corresponded to approximately 1% of the mean value for 
the Moss phase, which had the largest volume fraction, and approxi
mately 8% of the Mo2C phase, which had the smallest volume fraction. 
Whether 100 observation fields are sufficient to obtain statistically 
representative values for the alloy as a whole should therefore be 
considered in terms of the accuracy of the fracture toughness values 
predicted using these phase volume fractions.

Next, N measurements were randomly sampled from the 100 image- 
based phase-volume-fraction measurements. This enabled evaluation of 
the variability in phase volume fractions when measurements were 
repeated over a field of view corresponding to N images (1280 × 960 
pixels per image). Fig. 5 shows the change in the scatter of the mean 
phase volume fractions as the number of images increases. For all con
stituent phases, the scatter in volume fraction decreased as the number 
of images increased. Fig. 6 shows the change in the standard deviation of 
the mean phase volume fractions as the number of images increases. In 

Fig. 3. Comparison of a representative SEM-BSE image, the manually labeled reference image, and the semi-automatic TWS-based segmentation result.

Table 2 
Quantitative agreement between the Semi-automatic segmentation and manu
ally labeled reference images.

Metric Image A Image B Mean

Overall pixel accuracy 0.985 0.983 0.984
Weighted precision 0.986 0.984 0.985
Weighted recall 0.985 0.983 0.984
Weighted F1-score 0.985 0.983 0.984
Weighted IoU 0.971 0.967 0.969
Macro IoU 0.949 0.948 0.949

Note: Image A and Image B are the two manually labeled reference images. 
Weighted metrics account for the number of reference pixels belonging to each 
phase. Overall pixel accuracy is equivalent to the micro-averaged precision, 
recall, and F1-score for single-label segmentation.
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the log–log plots, the standard deviation decreased linearly with 
increasing number of images. These relationships indicate that the 
number of images required to satisfy a prescribed precision criterion can 
be determined. For example, for the TiC phase, approximately 40 images 
are required to reduce the standard deviation to below 1%.

5. Discussion

5.1. Maximum deviation in phase volume fractions as a function of the 
number of images

The effect of the number of images used for analysis on the estimated 
volume fraction of each constituent phase was examined. First, one 
image was randomly selected from the 100-image dataset, and the phase 
volume fractions in that image were recorded. This procedure was 
repeated 1000 times. Because only 100 images were available, the 1000 
trials inevitably included duplicate selections. Among these 1000 trials, 
the set of phase volume fractions corresponding to the trial in which the 
Moss phase exhibited the maximum volume fraction was extracted and 
defined as Case 1 (Moss max). Similarly, the set of phase volume frac
tions for the trial in which the Moss phase had the minimum volume 

fraction was defined as Case 2 (Moss min). The same procedure was 
applied to the other three phases, yielding the phase volume fractions 
corresponding to the maximum and minimum values for each phase. In 
this way, eight cases were defined: Case 1, Moss max; Case 2, Moss min; 
Case 3, T2 max; Case 4, T2 min; Case 5, TiC max; Case 6, TiC min; Case 7, 
Mo2C max; and Case 8, Mo2C min.

Fig. 7(a)–(d) show, for each constituent phase, the volume fractions 
obtained in Cases 1–8 when only one image was used, i.e., when the 
analysis was based on a single field of view of 64 μm × 48 μm. For the 
Moss phase, the measured volume fraction ranged from a maximum of 
56.4% to a minimum of 32.1%, corresponding to a spread of 24.3 per
centage points. Similarly large spreads were observed for the T2 and TiC 
phases, amounting to 28.0 and 36.0 percentage points, respectively. 
Even for the Mo2C phase, which had the smallest estimated phase vol
ume fraction, a spread of 8.9 percentage points was observed. In some 
fields of view, no clearly recognizable Mo2C region was observed, or the 
measured Mo2C fraction was extremely small. Such near-zero measured 
values should be interpreted as fields of view in which no clearly 
resolvable Mo2C region was observed at the present magnification and 
segmentation resolution. Because Mo2C is a minor and locally sparse 
phase, its measured fraction is sensitive to both true spatial heteroge
neity and small pixel-level segmentation errors.

The Mo2C phase requires particular attention in this analysis because 
it has the smallest phase fraction and exhibits a heterogeneous spatial 
distribution. In the final 100-image dataset, the mean Mo2C fraction was 
2.27%, whereas the image-to-image standard deviation was 1.828%. 
The median and interquartile range were 1.917% and 0.737–3.491%, 
respectively, and the minimum and maximum values among individual 
images were 0.0127% and 8.851%. These values confirm that Mo2C is a 
minor phase with large relative spatial heterogeneity. Accordingly, the 
bootstrap result for Mo2C should be interpreted as an empirical estimate 
of sampling variability within the observed 100-image dataset, 
including possible contributions from both true spatial heterogeneity 
and minor segmentation uncertainty.

The maximum deviations from the mean volume fractions obtained 
from the 100 image analysis were 13.7 percentage points for the Moss 
phase, 16.2 percentage points for the T2 phase, 21.9 percentage points 
for the TiC phase, and 6.6 percentage points for the Mo2C phase. These 
results demonstrate that when the analysis is based on a single image, 
the variation due to the observation location is large, and the measured 

Table 3 
Summary of image segmentation methods, challenges, and improvements for MoSiBTiC alloy consisting of four phases.

Challenge Improvement

White Moss phase appears gray, leading to 
confusion with the T2 and Mo2C phases

1. Polishing Diamond slurry buffing  Moss phase is standardized to white only

Image-to-image tonal variation may cause 
confusion among the white Moss, light- 
gray T2, and dark-gray Mo2C phases.

2. Pre-adjustment of images  Defined level adjustment was applied before 
TWS segmentation (highlight: +100; 
shadow: − 100; midtone: − 60 to − 80; 
Supplementary Table S1)

Manual annotation is time-consuming, 
whereas too few training images may not 
capture image-to-image variations in 
phase contrast and microstructural 
morphology within the present dataset

3. Training and applying the model with 10 images  Annotations from 10 SEM-BSE images were 
used for classifier training and refinement, 
and 5 additional images were used for 
qualitative validation. The remaining 
images were segmented using the final 
classifier and visually inspected, with 
limited additional refinement where obvious 
misclassification was observed.

Color tones of the same phase vary by 
observation area, leading to low accuracy 
in parts of the model

4. Fine tuning of segmentation images  Segmentation accuracy can be ensured 
across all images

Fig. 4. Histogram of volume fractions and average volume fractions of each 
phase obtained by the bootstrap method.
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phase volume fractions can deviate substantially from the mean values 
obtained from the 100-image dataset.

For comparison, Fig. 7(e)–(h) plot the results obtained when 100 
images were randomly sampled with replacement from the 100-image 
dataset and this procedure was repeated 1000 times. When 100 im
ages were used, i.e., when the analysis was based on an observation area 

of 640 μm × 480 μm, the variability across all phases was greatly 
reduced. The spreads were limited to 2.8 percentage points for the Moss 
phase, 4.2 percentage points for the T2 phase, 4.0 percentage points for 
the TiC phase, and 1.1 percentage points for the Mo2C phase. Bias was 
also reduced, and the deviations from the mean values obtained from the 
100-image dataset were approximately symmetric. Thus, when 100 

Fig. 5. Dispersion transition of average volume fraction with increasing number of images in each component phase.

Fig. 6. Standard deviation transition of average volume fraction with increasing number of images in each component phase.
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fields are observed, the errors in the measured phase volume fractions 
remain sufficiently small for all phases even if the observation locations 
are selected at random, indicating that adequate precision can be 
ensured.

The same analysis was also performed for cases in which 3, 10, or 20 
images were sampled. Table 4 lists, for each image number, the phase 

that shows the largest deviation from the mean and its magnitude. 
Table 4 suggests that analyses based on only a few images may mises
timate the phase volume fractions by more than 15%. It also shows that 
the TiC phase is the phase most strongly affected by the number of im
ages used. This is likely because the TiC phase occurs in various mor
phologies, including coarse primary crystals, intermediate-sized eutectic 
microstructures, and fine precipitates. Because of this morphological 
diversity, the measured volume fraction of the TiC phase is particularly 
sensitive to the observation location.

The possible influence of local spatial correlation among neighboring 
SEM-BSE images was examined by 2×2 block bootstrap analysis. In this 
analysis, four spatially adjacent images were treated as one block and 
resampled together. The standard deviations obtained by the 2×2 block 
bootstrap were comparable to those obtained by the image-wise 

Fig. 7. Volume fractions for the cases where each phase showed the minimum and maximum volume fraction in the analysis. (a-d) Correspond to the single-image 
analysis, and (e-h) correspond to the analysis using 100 images. (a, e) Show the volume fraction of Moss phase, (b, f) T2, (c, g) TiC, and (d, h) Mo2C.

Table 4 
Maximum deviation from the average for each number of images.

Number of images 1 3 10 20 100

Phases with the largest 
deviation

TiC T2 TiC TiC TiC

Maximum deviation +22% − 15% +6.6% +5.2% +2.1%
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bootstrap. At an effective image number of 100, the ratios of the stan
dard deviation obtained by the 2×2 block bootstrap to that obtained by 
the image-wise bootstrap were 1.066 for Moss, 0.857 for T2, 0.993 for 
TiC, and 0.868 for Mo2C. At an effective image number of 60, the cor
responding ratios were 1.099, 0.934, 1.108, and 0.891, respectively. In 
addition, the correlation coefficients between neighboring image re
gions were weak for all phases, with the largest coefficient being 0.202. 
These results indicate that, although neighboring images are not strictly 
independent, local spatial correlation did not substantially change the 
convergence behavior of the mean phase-fraction estimates in the pre
sent dataset. For some phases, the standard deviation obtained by the 
2×2 block bootstrap was slightly larger than that obtained by the image- 
wise bootstrap (ratios of 1.066–1.108 for Moss and TiC), which is 
consistent with the weak positive spatial correlation among neighboring 
images; these differences were nonetheless within about 10%.

The artificial truncation of microstructural features at image 

boundaries would be important if descriptors such as phase connectiv
ity, particle size, aspect ratio, or interfacial length were evaluated. In the 
present study, however, the target descriptor was the phase area fraction 
estimated by pixel counting. Therefore, partitioning the observed area 
into equal-area image units does not change the total phase fraction 
measured from the same total area, although it affects the statistical unit 
used for resampling.

5.2. Effect of the number of microstructural images on fracture toughness 
estimation

In MoSiBTiC alloys, the volume fractions of the constituent phases 
are known to affect the mechanical properties [8]. In particular, for 
fracture toughness, a regression equation of the form shown in Eq. (1)
can be obtained from previously reported experimental data: 

Fig. 8. Histogram of fracture toughness calculated from the volume fraction of constituent phases for each number of (a) 1 image, (b) 10, (c) 20, (d) 30, (e) 60, and 
(f) 100 images.
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KQ = 20.0VMoss
f + 7.3VT2

f + 16.5VTiC
f + 4.8VMo2C

f (1) 

where KQ denotes the fracture toughness and VX
f denotes the volume 

fraction of phase X.
To investigate how the number of images used in the analysis affects 

the fracture toughness estimated from Eq. (1), bootstrap sampling was 
performed. Specifically, N images were randomly sampled with 
replacement from the 100-image dataset, and this procedure was 
repeated 1000 times for each of N = 1, 10, 20, 30, 60, and 100. The 
phase-volume-fraction data obtained in each trial were substituted into 
Eq. (1), yielding 1000 estimated fracture toughness values for each N. 
The maximum, minimum, and mean values of these 1000 fracture 
toughness values were then examined. In this manner, the extent to 
which the estimated fracture toughness could vary when N images were 
repeatedly sampled from the 100-image dataset was evaluated.

Fig. 8 shows histograms of the fracture toughness values estimated 
from N images. The scatter in the estimated fracture toughness 
decreased as the number of images increased. In particular, when 100 
images were used, the standard deviation of the estimated fracture 
toughness decreased to 0.07 MPa(m)1/2, corresponding to a coefficient 
of variation of about 0.5% of the mean (Fig. 8(f)).

By comparing the image-sampling-induced scatter with the experi
mental uncertainty, a conditional estimate of the required image num
ber was obtained. It has been reported that the experimental error in 
fracture-toughness measurement for a single alloy is approximately 
0.3 MPa(m)1/2 [8]. As shown in Fig. 8, under the adopted empirical 
relationship of Eq. (1), the scatter in fracture toughness caused by image 
sampling approached approximately 0.3 MPa(m)1/2 when about 60 
images were used. Therefore, under the assumption that Eq. (1) is valid 
for the present comparison, approximately 60 images acquired at 2000×
were estimated to be necessary to reduce the image-sampling-induced 
scatter in the fracture-toughness estimate to a level comparable to the 
experimental error. In this comparison, the image-sampling-induced 
scatter is defined as three times the standard deviation (3σ) of the 
1000 bootstrap estimates. At 60 images, the standard deviation of the 
estimated fracture toughness was 0.10 MPa(m)1/2 (Fig. 8(e)), corre
sponding to a 3σ scatter of approximately 0.30 MPa(m)1/2, which is 
comparable to the reported experimental error of approximately 0.3 
MPa(m)1/2 [8].

Fig. 9 shows Eq. (1) used in this study together with the nine 
experimental data points from which it was derived. It should be 
emphasized that the estimated number of approximately 60 images is a 
conditional estimate and does not include the uncertainty associated 
with the regression model itself. Equation (1) contains four phase- 
fraction terms and was derived from only nine experimental data 
points; therefore, the regression model may be affected by overfitting. In 
this study, Eq. (1) was used only as an empirical relationship to examine 
how uncertainty in phase-fraction measurements propagates into the 
estimated fracture toughness. In addition, the imaging conditions used 
to determine the phase fractions for deriving Eq. (1), such as magnifi
cation, resolution, and the number of SEM images, were not reported in 
the original literature. A more robust microstructure–property model 
will require a larger dataset of MoSiBTiC alloys with fracture-toughness 
measurements and phase-fraction data obtained under standardized 
imaging and segmentation conditions.

6. Conclusions

In this study, a semi-automatic TWS-based workflow was applied to 
the segmentation of SEM-BSE images of a four-phase MoSiBTiC alloy. In 
a limited quantitative agreement evaluation using two manually labeled 
reference images, the workflow showed high agreement with the 
reference labels, with an average overall pixel accuracy of 0.984 and an 
average weighted IoU of 0.969. The total workflow time required to 
prepare 100 analysis-ready segmentation images was reduced from 

approximately 300 days for full manual pixel-wise labeling to approxi
mately one working day. Phase volume fractions were then determined 
from the resulting segmentation images. Using bootstrap resampling, 
the number of microstructural images required to obtain statistically 
reliable phase volume fractions representative of the whole alloy was 
investigated. The bootstrap-estimated mean volume fractions for the 
entire alloy were 42.7 ± 0.46% for the Moss phase, 36.1 ± 0.63% for the 
T2 phase, 18.9 ± 0.64% for the TiC phase, and 2.27 ± 0.19% for the 
Mo2C phase. As the number of images used in the analysis increased, the 
standard deviation of the mean volume fraction for each phase 
decreased in a power-law relationship. This trend was linear on a log-log 
plot, indicating that the number of images required to satisfy a pre
scribed precision criterion can be determined from this relationship. 
When the number of images used for analysis was reduced, the esti
mated volume fraction of the TiC phase in particular could deviate 
markedly from its mean value, suggesting that analyses based on only a 
few images may misestimate phase volume fractions by more than 15%. 
Fracture toughness was then estimated from the microstructural analysis 
using an experimentally derived relationship between phase volume 
fractions and fracture toughness. The calculated fracture toughness 
exhibited scatter arising from the limited observation area. Under the 
assumption that the adopted empirical relationship is valid, approxi
mately 60 images acquired at 2000× were estimated to be necessary to 
reduce the image-sampling-induced scatter in the fracture-toughness 
estimate to a level comparable to the experimental error. Because the 
empirical relationship was derived from a limited dataset, this number 
should be regarded as a conditional estimate for the present alloy, im
aging condition, segmentation workflow, and empirical relationship, 
rather than as a universal requirement for fracture-toughness prediction.
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