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ARTICLE INFO ABSTRACT

Keywords: Grain size determination is crucial for correlating microstructure with material properties in ceramics, but

Grain size manual measurement is time-consuming and operator dependent. This study presents a neural network (U-Net)

;eimentatlon for automated grain boundary segmentation in scanning electron microscopy (SEM) images of f-tricalcium
-Net

phosphate ceramics. Two loss functions, binary cross-entropy (BCE) and binary focal cross-entropy (BFCE), were
evaluated. High segmentation performance was achieved across 70 validation images of varying quality, with
intersection-over-union (IoU) scores of 0.953 (BCE) and 0.943 (BFCE). No image enhancement methods were
necessary. The automated approach achieved higher precision than manual measurements (relative standard
deviations < 1.5%). Linear regression confirmed strong correlation between automated and manual measure-
ments. Although no ground truth is available, systematic differences can be addressed through dataset-specific
calibration. The workflow provides a robust and reproducible framework for automated grain size analysis,

Binary cross-entropy
Beta-tricalcium phosphate

remaining effective in the presence of intra-grain topography, grain fractures, and blurred grain boundaries.

1. Introduction

Grain size measurement is a fundamental technique in the charac-
terization of materials, especially in the field of ceramic materials,
where the microstructure is closely related to mechanical properties
[1-4]. Understanding and quantifying the grain structure provides in-
sights into the behaviour and performance of the material under various
conditions. Conventionally, this process is carried out manually through
techniques such as line-intercept methods, which follow standards like
ASTM E112 [5] or ISO 13383-1:2012 [6].

Nevertheless, manual procedures are labor-intensive and time-
consuming, as they require careful and consistent tracing of grain
boundaries across numerous micrographs. This raises the question of
whether such evaluations can be automated. In this context, image
segmentation offers a computational approach to partitioning micro-
graphs into meaningful regions, enabling more efficient identification of
grain boundaries. Classical segmentation algorithms (thresholding,
random walker segmentation, watershed algorithms or other rule-based
methods) have been demonstrated to be effective for grain boundary
extraction in micrographs of polycrystalline materials, particularly
when image contrast and edge definition are sufficient [7-11]. These
methods often fail in the presence of pronounced intra-grain topography
or under suboptimal imaging conditions, where low contrast and
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blurred grain boundaries hinder edge detection. Manual segmentation
demands significant effort, introduces variability between users, and is
inherently restricted in the number of grains that can be effectively
analyzed within a given timeframe. The limitations of this approach are
particularly apparent in materials with more than one phase or complex
microstructures, where the evaluation is very time-consuming. This
limits the applicability of manual grain size determination and makes
the process vulnerable to bias introduced by the operator.

In order to address these challenges, the integration of machine
learning techniques into materials science has gained traction in recent
years [12-19]. Especially neural networks (NN) have demonstrated
significant potential in the segmentation of microstructural images, such
as those obtained via scanning electron microscopy (SEM) [13,15].
These deep learning methods have the advantage of processing large
datasets within a fraction of the time required for manual analysis [19],
while also enabling the extraction of additional microstructural de-
scriptors, such as grain orientation or information about defects that
provide a more comprehensive characterization of the material [13,15,
16]. Also, the potential to extract new, easily accessible metrics (for
example, aspect ratios of grains) is of interest for various applications,
such as grain shape analysis in sintering studies or the calculation of
phase-specific grain metrics in multiphase systems for automated qual-
ity control in industrial processes. Machine learning-based segmentation
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methods offer an additional technical benefit in that they can be applied
to complex images [13,20]. This includes images affected by low
contrast, inconsistent brightness, or non-optimal sample preparation.
This suggests that the algorithm may be capable of identifying local and
global patterns that are not perceptible to the human eye [21]. In
manual grain size evaluation, image imperfections such as grain frac-
tures, blurred features, or other artifacts introduced during sample
preparation can lead to inaccuracies [8,9]. NN can be trained to
distinguish between true grain boundaries and artefacts, thus offering
enhanced robustness in challenging scenarios.

This work focuses on leveraging machine learning techniques to
address several key challenges in grain boundary segmentation. The U-
Net, a widely recognised framework for image segmentation [22], is
employed here to analyse SEM images of p-tricalcium phosphate
(B-TCP). B-TCP is a biocompatible and resorbable calcium phosphate
ceramic commonly used as a bone graft substitute [23]. Its grain size
strongly influences both mechanical stability [24] and biological per-
formance [25], making reliable characterization an important factor for
biomedical applications. The training process is done using two loss
functions: binary cross-entropy (BCE), a widely utilised function in
segmentation tasks, and binary focal cross-entropy (BFCE), a function
specifically designed to address class imbalance issues and to focus on
difficult-to-classify pixels during the training phase [26]. The objective
of this study is to evaluate the efficacy of a machine learning approach in
achieving robust and reproducible grain size analysis, with the aim of
providing an alternative to manual procedures. The working hypothesis
of this study is that a U-Net can achieve a precision comparable to
manual grain size determination in a ceramic material, while substan-
tially reducing user dependence and evaluation time.
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2. Materials and methods
2.1. Sample preparation and SEM imaging

B-Tricalcium phosphate (B-TCP; Cas(POa)2) samples were fabricated
by slip casting as described in [27]. After sintering at 1100 °C for 3 h,
dense cylindrical specimens were obtained. One end of each cylinder
was ground using silicon carbide (SiC) abrasive papers and subsequently
polished with diamond suspensions down to 0.25 pm. Final polishing
was performed using a 0.2 pm silica suspension. To remove polishing
residues, the specimens were cleaned in an ultrasonic bath: two cycles of
5 min in acetone, followed by one 5-minute cycle in ethanol. For SEM
imaging, the cleaned samples were mounted on aluminium stubs using
carbon adhesive tape and carbon coated. Imaging was performed on the
polished side of the p-TCP cylinder with a EVO MA 25 scanning electron
microscope in backscattered electron (BSE) mode at an acceleration
voltage of 7 kV.

2.2. Model input data

The dataset comprised 120 SEM images of p-tricalcium phosphate
(B-TCP), used without scale bars. In contrast to Fig. 1, most images
simultaneously exhibited multiple challenging features, such as blurred
regions or fractured grains, reflecting typical variations in SEM images.
A total of 50 images were randomly selected for training and testing.
These 50 images were automatically split into 90% training and 10%
test data using the Scikit-learn Python library [28]. The five test images
served solely as an internal test set during the training process. The
remaining 70 images were reserved for the final validation and evalu-
ation of the model performance. The ground-truth annotations were
created manually by a single experienced operator, who used a
touchscreen tablet to draw red lines (3 pixels wide) on each image.
Annotation time per image ranged from 45 to 75 min, depending on the
magnification, with lower magnifications requiring more time than

Fig. 1. Representative BSE images of Beta-tricalcium phosphate ceramic with varying image and sample preparation quality. A: Good image. B: Image with grain
fractures (red arrows). C: Image with visible topography in the grains (red arrows). D: Blurred image. All images shown are from the test set.
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higher magnifications. These images with red lines were converted into
binary images, enabling the network to learn the relationship between
the raw input and the segmentation target (see Fig. 2). The SEM images
were acquired at magnifications ranging from 2500 x to 5000 x and
have a resolution of 2048 x 1536 pixels. Each image was processed in its
raw state, without the application of any filters or image enhancements,
such as contrast or brightness adjustments. Each image was divided into
12 non-overlapping patches of 512 x 512 pixels to enable efficient
training. Data augmentation consisted of rotations by 90°, 180°, and
270°, as well as horizontal mirroring (left-right flip) to increase the
dataset eightfold, resulting in 96 patches per original image.

2.3. Neural network architecture

The U-Net [22], widely recognized for its effectiveness in image
segmentation tasks, was employed in this study. It consists of a sym-
metric encoder-decoder structure with skip connections linking corre-
sponding layers. These connections preserve spatial information during
downsampling and enhance segmentation accuracy, especially with
limited training data. The implemented U-Net (Fig. 3) contained five
layers and approximately 1.9 million trainable parameters. All layers
used ReLU activation, He-normal initialization, and “same” padding.
Dropout was applied to reduce overfitting, with rates ranging from 0.1
(first layers) to 0.3 (deep layers). Training was conducted using a batch
size of 16, the Adam optimizer used the default learning rate (0.001),
and training was capped at 40 epochs. The dataset exhibited a notable
class imbalance: on average, only 12.7% (standard deviation (SD):
3.8%) of all pixels across the 120 images correspond to grain bound-
aries, while the remaining 87.3% represent background. To address this,
two loss functions were compared: BCE and BFCE. BCE corresponds to y
= 0. BFCE applies a gamma-weighting (here used with y = 4) to better
handle the class imbalance and to improve robustness in difficult to
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classify regions [26]. Both loss functions were implemented and tested
under identical network configurations. Model outputs were computed
using sigmoid activation, yielding per-pixel probability maps. Pixels
with a value > 0.80 were classified as grain boundary (black); all others
were classified as background (white). This threshold was determined
empirically by applying it to four images (Fig. 1), using them as repre-
sentatives for the whole dataset. The model was implemented in Keras
with a TensorFlow (version 2.9.1) backend [29,30].

2.4. Grain size measurement in binary images

Following the segmentation process, the grain size of the binary
images was analysed using established Python-based image processing
routines (Fig. 2). Grains were separated using the Watershed algorithm
[31], assigning a unique ID to each grain, while grains intersecting the
image boundaries were excluded from further evaluation (Fig. 5). Seg-
mentation results were visualized using Napari [32].

Where necessary, the influence of different grain boundary thick-
nesses on the calculated grain areas was minimized by introducing a
post-processing step prior to the watershed-based separation. In this
approach, the binarized grain boundary masks were reduced to one-
pixel-wide centerlines by morphological skeletonization using the
scikit-image library [18,33]. The interiors of the grains were then
re-labeled by expanding the connected white regions until they met the
skeleton lines, ensuring a uniform boundary thickness of one pixel across
the entire image.

2.5. Performance measures

The quality of segmentation was primarily assessed using the
intersection-over-union (IoU) metric [34], which quantifies the overlap
between predicted and ground truth segmentations. Additionally, the
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Fig. 2. Workflow during training (top row) and workflow during application with trained neural network (bottom row). The image on the bottom left shows how a

complete image is divided into patches.
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Fig. 3. Image of the network architecture used. Figure taken and adapted to the self-implemented network from [22].

Dice score [35] was utilised to obtain a more comprehensive evaluation compared to manual measurements according to the procedure of Heyn
of the model's performance. To validate grain size predictions, the in section 13 of ASTM E112 [5] (regarding the difference between
average equivalent circle diameter from the segmented images was equivalent circle diameter and the manual line-intercept length, see

Manual method (ASTM E112) Automated method (U-Net)

SEM Image SEM Image

Place lines
(template or freehand)

U-Net segmentation

Count intercepts Skeletonization

Calculate grain size
(Line-intercept length)

Watershed segmentation

Calculate grain size
(Equivalent circle diameter)

Fig. 4. Comparison of the manual grain size determination workflow according to ASTM E112 (left) and the automated workflow based on U-Net segmentation
proposed in this study (right).
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Section 4.2). Fig. 4 provides a comparative overview of the automated
segmentation workflow and the manual line-intercept method. To
evaluate precision, manual grain size analysis was performed by three
independent operators using two variants of the line-intercept method:
(i) a template with pre-positioned lines and (ii) without a template,
allowing free placement of the lines. The total length of all test lines
placed on the micrograph is defined as L, and the number of grain
boundary intersections is recorded as N;. The mean line-intercept length
1 is then calculated according to I = ﬁl, following the procedure
described by Heyn in ASTM E112. For each image, at least 100 in-
tercepts were evaluated (Fig. 6). Precision was reported as the relative
standard deviation (RSD) across evaluators.

Because the automated method is operator-independent, precision
was assessed by evaluating the algorithm's response to image variations.
For this purpose, the 70 images that were not used for training were
manipulated, and three image properties, brightness, contrast, and
sharpness, were systematically varied. Each property was adjusted to
match its 5th and 95th percentile values, based on the respective

Original

BCE
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distribution across the full dataset (120 images). This resulted in six
modified images per original input. A detailed description of the image
manipulation procedures for contrast, brightness, and sharpness, along
with representative examples of the modified images and their corre-
sponding segmentation results, is provided in the Supplementary Ma-
terial (Figures S1 to S12). ChatGPT [36] was used to support
programming tasks described in the supplement and to assist with lan-
guage refinement during manuscript preparation. All outputs generated
by the tool were carefully reviewed and verified by the authors.
Regression analysis was performed using Origin Software [37].

3. Results
3.1. Binary cross-entropy as loss function
The neural network that was trained with BCE achieved a mean

intersection-over-union (IoU) score of 0.953 and a Dice score of 0.979
across the 70 validation images. Fig. 5 presents representative raw
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Fig. 5. Segmentation results of the neural networks applied on the Images of Fig. 1 (Original, left) trained with binary cross-entropy (BCE, middle) and binary focal
cross-entropy (BFCE, right). All images represent the raw segmentation outputs prior to the skeletonization-based boundary normalization described in Section 2.4.
The BFCE model tends to produce thicker grain boundary lines compared to BCE, resulting in visibly narrower enclosed grain areas. Marked regions (red arrows and
boxes) highlight local differences in segmentation continuity and boundary definition.
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segmentation outputs (prior to skeletonization; see Section 2.4) for the
four image types. Across the images, several observations regarding
segmentation accuracy can be made. Image A in Fig. 5 (BCE column)
yields a segmentation that enables further quantitative grain size eval-
uation. However, local inconsistencies exist at the patch boundaries.
These areas pose challenges for the pixel classification algorithm. Image
B in Fig. 5 (BCE column) also shows an segmentation result suitable for
quantitative analysis, despite many areas where grain fractures are
present. In some instances, parts of the grain boundaries are

Journal of the European Ceramic Society 46 (2026) 118431

misclassified, although this does not affect the final watershed seg-
mentation outcome. Image C in Fig. 5 (BCE column) shows that intra-
grain topography does not interfere with the segmentation process.
Image D in Fig. 4 (BCE column) illustrates the effect of blurred imaging
conditions, where grain boundaries appear incompletely closed, result-
ing in discontinuities in the segmentation.

Based on these examples, the following statistical analysis evaluates
the network performance on a subset of 24 original images selected from
the independent 70-image test set. These 24 images comprised six

Table 1

Summary of grain size evaluations for a set of 4 x 6 SEM images using four methods: manual segmentation in accordance with ASTM E112 with template, manual
segmentation without template, and automated segmentation using a neural network with binary cross-entropy (BCE) and binary focal cross-entropy (BFCE) as loss
functions. Each image number (1-24) refers to one original SEM image. For each image, the mean grain size + SD is followed by the corresponding RSD. The RSD
values shown at the category level (e.g., 'Good', 'Grain fractures') represent the average RSD across all images within that category. For the machine learning methods,
six modified variants of every image were generated (brightness decreased/increased, contrast decreased/increased, sharpness decreased/increased), and the reported
mean values + SD were calculated from the six corresponding segmentation results. The RSD therefore represents the variability of the predicted grain size within these
six modified variants of the same image. For each manual method, three independent evaluators annotated every image. The values from the machine learning
methods correspond to the average equivalent circle diameter calculated by Scikit-learn [33]. The values of the line-intercept method correspond to the line-intercept
length. Depending on grain shape and microstructural anisotropy, the line-intercept method can calculate grain sizes that are between 10% and 70% smaller than the
equivalent circle diameter (in this dataset probably around 13%, see Section 4.2). The lower grain size values observed for the blurred images are attributed to a
slightly higher Ca/P molar ratio of the corresponding -TCP batch, which is known to reduce grain growth in calcium phosphate ceramics [25]. Unitless numbers are in
um. + values represent standard deviation (SD); percentage values indicate relative standard deviation (RSD).

Line-intercept method (ASTM E112) Machine learning method

Image  Type Average grain size with template Average grain size without template ~ Average grain size, BCE, y = 0 Average grain size, BFCE, y = 4
1 Good 199 + 3.08% 3.51% 252 + 8.65% 5.79% 252 + 1.50% 0.62% 240 + 0.60%  0.65%
0.06 0.22 0.04 0.01
2 247 + 3.97% 250 + 5.51% 242 £ 0.48% 239 £ 0.12%
0.10 0.14 0.01 0.01
3 1.41 + 4.03% 145 + 10.60% 1.53 =+ 0.43% 147 + 0.81%
0.06 0.15 0.01 0.01
4 2.01 + 2.20% 229 £ 4.19% 236 £ 0.91% 222 £ 1.43%
0.04 0.10 0.02 0.03
5 1.60 =+ 4.25% 1.72 =+ 4.98% 1.77 + 0.17% 1.70 + 0.24%
0.07 0.09 0.01 0.01
6 1.23 £ 3.51% 1.54 =+ 0.79% 147 =+ 0.26% 1.40 + 0.71%
0.04 0.01 0.01 0.01
7 Grain fractures  2.15  + 1.24% 2.46% 261 + 8.31% 6.97% 272 + 0.59% 1.29% 2.63 + 0.77%  1.48%
0.03 0.22 0.02 0.02
8 224 £ 1.30% 261 £ 2.56% 253 £ 0.48% 245 =+ 1.49%
0.03 0.07 0.01 0.04
9 222 + 3.56% 249 £ 4.93% 248 £ 0.72% 2.41 + 0.84%
0.08 0.12 0.02 0.02
10 197 <+ 2.31% 232  + 9.13% 256 £ 0.65% 234 £ 1.08%
0.05 0.21 0.02 0.03
11 269 + 5.26% 279 £ 7.53% 266 £ 1.36% 2.31 + 3.69%
0.14 0.21 0.04 0.09
12 250 + 1.10% 2.88 + 9.39% 2.64 =+ 3.91% 243 £ 0.99%
0.03 0.27 0.10 0.02
13 Intra-grain 244 =+ 0.54% 1.95% 270 <+ 5.30% 4.61% 268 + 0.23% 0.25% 270 + 0.24%  0.52%
topography 0.01 0.14 0.01 0.01
14 248 + 1.89% 265 £ 6.45% 270 £ 0.25% 266 £ 0.52%
0.05 0.17 0.01 0.01
15 2.41 + 2.29% 252 + 5.23% 258 =+ 0.20% 257 £ 0.40%
0.06 0.13 0.01 0.01
16 2.51 + 2.49% 280 £ 4.11% 284 =+ 0.17% 282 £ 0.65%
0.06 0.12 0.01 0.02
17 2.05 + 2.36% 239 + 1.23% 239 £ 0.17% 236 £ 0.59%
0.05 0.03 0.01 0.01
18 238 + 2.11% 249 + 5.35% 256 £ 0.47% 242 £ 0.73%
0.05 0.13 0.01 0.02
19 Blurred 1.35 + 3.17% 3.71% 1.60 + 3.11% 8.52% 1.66 + 1.66% 2.66% 157 + 1.57%  1.77%
0.04 0.05 0.03 0.02
20 1.03 + 1.95% 1.25 + 9.44% 1.35 + 2.96% 117  + 2.81%
0.02 0.12 0.04 0.03
21 1.06 =+ 2.03% 1.21 + 5.90% 1.32 £ 4.02% 112+ 1.65%
0.02 0.07 0.05 0.02
22 1.05 + 2.35% 114 + 11.66% 1.29 + 1.98% 113  + 1.92%
0.02 0.13 0.03 0.02
23 1.21 + 6.35% 1.34 + 8.22% 1.44 =+ 4.09% 1.24 + 1.28%
0.08 0.11 0.06 0.02
24 118 + 6.42% 148 + 12.79% 1.39 =+ 1.26% 1.24 + 1.38%
0.08 0.19 0.02 0.02
Mean RSD: 2.91% Mean RSD: 6.47% Mean RSD: 1.28% Mean RSD: 1.11%
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representative images for each of the four image categories (A-D) shown
in Fig. 1. For the robustness analysis presented in Table 1, each of these
24 images was additionally modified by systematically varying bright-
ness, contrast, and sharpness as described in Section 2.5 (resulting in six
modified images for every singe image). The quantitative results
(Table 1) were obtained after applying the skeletonization-based
boundary normalization described in Section 2.4, ensuring that all
grain size values are independent of segmentation line thickness. The
grain size values derived from the neural network correspond to the
equivalent circle diameter, whereas the manual measurements are based
on the mean line-intercept length. These two metrics are not directly
comparable. The results of these 24 test images, evaluated by multiple
users and methods, show a RSD of 1.28% for the U-Net trained with BCE.
Manual calculation using the line-intercept method with a template
yields a RSD of 2.91%. Without the use of a template, the RSD increases
to 6.47%.

To assess the precision and systematic behavior of the algorithm, a
linear regression analysis was performed (Fig. 7). All 70 images that had
not been used during training were evaluated using the neural network
(with post-processing) and compared to the corresponding grain size
measurements obtained manually by a single operator using the line-
intercept method without a template, which was the only manual pro-
cedure applied across all images. This allowed for a point-by-point
comparison over a broad data range. The regression analysis yielded a
coefficient of determination (R?) of 0.941.

3.2. Binary focal cross-entropy as loss function

Fig. 5 illustrates the segmentation performance of the neural
network trained with BFCE (y = 4), using the same representative im-
ages A to D as in the BCE evaluation for direct comparison. The images
represent the unprocessed network outputs before applying the
skeletonization-based boundary normalization. When applied to all 70
validation images, BFCE yielded an IoU score of 0.943 and a slightly
improved Dice score of 0.980, compared to BCE. Across the four
example images, several observations regarding segmentation accuracy
can be made. In Image A and B in Fig. 5 (BFCE column), the BFCE model
corrects some of the local inconsistencies previously observed with BCE
(see markings in Fig. 5), resulting in a more coherent segmentation. For
Image Cin Fig. 5 (BFCE column), no substantial differences compared to
BCE are observed. In contrast, Image D in Fig. 5 (BFCE column), despite
the low image quality, shows clear improvements in segmentation with
BFCE, particularly in areas where the lack of sharpness previously hin-
dered segmentation. The statistical evaluation of the 24 test images
(Table 1) was performed on the skeletonized segmentations. The
resulting RSD of 1.11% for the BFCE model is similarly low to that ob-
tained with BCE (1.28%).

Again, a linear regression analysis was performed to evaluate the
systematic behavior of the algorithm. As in the previous case, all 70
validation images were segmented and post-processed using the
skeletonization-based normalization before comparison to the corre-
sponding manual grain-size values obtained via the line-intercept
method without a template. This one-to-one comparison yielded a co-
efficient of determination (R?) of 0.960. As with the BCE model, it must
be emphasized that the regression analysis does not provide any infor-
mation about accuracy, as no true values are available for comparison.

4. Discussion
4.1. Advantages of the neural network approach

The primary objective of this study was to evaluate whether auto-
mated image segmentation using a convolutional neural network can
complement or, depending on the application, substitute manual grain
size determination in ceramic materials. Manual procedures, such as the
line-intercept method defined in ISO 13383-1:2012 [6], are
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time-consuming and operator-dependent, with reported deviations of up
to £10% for homogeneous, single-phase ceramics when 100 grains are
measured [6]. This variability between users and the limited number of
grains typically analyzed (illustrated in Fig. 6) highlight the need for a
more efficient and reproducible approach.

In this context, a U-Net was applied to segment SEM images of a
calcium phosphate ceramic and evaluated the influence of two different
loss functions, BCE and BFCE, on segmentation performance under
varying image quality conditions. This approach was used to assess the
suitability of deep learning-based segmentation for grain size analysis,
particularly in cases where segmentation is challenged by grain frac-
tures, intra-grain topography, or blurred grain boundaries (Fig. 1 and
Fig. 5). One important advantage of the neural network-based approach
lies in its ability to consistently segment all fully depicted grains in an
image. While manual grain size determination evaluates only a subset of
grains within an image, the neural network analyses all complete grains
present in the image. Since no ground truth is available for grain size
measurements, accuracy could not be directly assessed. This limitation is
rooted in the fact that true grain size distributions are inherently three-
dimensional, while standard methods rely on 2D projections. Several
studies emphasize that a reliable true grain size can only be determined
through full 3D reconstruction of the microstructure, typically involving
techniques such as serial sectioning or X-ray tomography, which are
impractical for routine analysis [38]. Instead, precision was quantified
via the RSD, which remained below 1.5%. This value quantifies the al-
gorithm's sensitivity to variations in image brightness, contrast, and
sharpness for a given image, rather than the variability of grain size
across different images or microstructures or inter-operator variability,
which is not applicable to an automated method. Accordingly, the pre-
cision assessment presented here is closer to an evaluation of the algo-
rithm’s robustness against variations in imaging conditions. Despite this
distinction, the consistently low RSD values (below 1.5%) indicate a
better reproducibility for the neural network compared to manual pro-
cedures (RSD = 2.9% with template; 6.5% without). These findings
therefore suggest that a convolutional neural network can achieve such
segmentation that the deduced average grain size is comparable to
manual grain size determination while substantially reducing user
dependence and evaluation time.

Although the training was scheduled for up to 40 epochs, conver-
gence was typically reached after approximately 20 epochs. Training
with 45 images for 20 epochs on a CPU (AMD Ryzen 9 5950X, 16 cores)
required roughly 15.5 h, whereas inference took about ten seconds per
image. On a GPU (Graphics Processing Unit) with CUDA (Compute
Unified Device Architecture [39]) acceleration, the training time would
likely be reduced substantially, potentially enabling near real-time
evaluation. It should also be noted that the overall efficiency gain of
the automated approach also depends on practical factors such as the
imaging setup and data management workflow, including how easily
scale information can be extracted from the image management soft-
ware, particularly when images are acquired at varying magnifications.

Previous studies [15,21] suggest that useful segmentation perfor-
mance can be obtained with relatively small training datasets. For
instance, DeCost et al. [13] reported robust segmentation results using
only 24 annotated micrographs. However, the ultrahigh carbon steel
microstructures analyzed in that study contain clearly distinguishable
carbide features along grain boundaries, which may simplify the seg-
mentation task. Consequently, the required training dataset size may
vary depending on the specific microstructure and image characteristics.

In the present study, the combination of dropout regularization and
data augmentation, together with the consistently high segmentation
performance on 70 unseen images of varying quality, suggests that the
model generalizes well without overfitting. Overall, the convolutional
neural network offers a clear improvement over conventional manual
methods by combining precision, reproducibility, and efficiency. It
eliminates user-dependent variability, consistently segments all fully
depicted grains across large image sets, and provides a scalable
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Fig. 6. Comparison of the manual line cutting method according to ASTM E112 (procedure according to Heyn, section 13 of the standard). The top left shows the line
placement using a template. The other three images were created by three different people and show how different the random line placement can be (The goal for

line placement was defined as at least 100 grain intersections in each image).
framework for future applications in automated microstructure analysis.

4.2. Evaluation of loss functions and performance metrics

The lower IoU scores obtained with BFCE, despite the often visually
more accurate segmentations, required the inclusion of an additional
performance metric, the Dice score. While both metrics are commonly
used in segmentation tasks, they emphasize different aspects of perfor-
mance. [oU penalizes false positives and false negatives more uniformly,
whereas the Dice score places greater weight on true positives, making it
more sensitive to the accurate segmentation of narrow or underrepre-
sented structures like grain boundaries [40,41]. This is particularly
relevant for the BFCE loss, which applies a weighting factor to less
frequent pixel classes. Several studies have shown that focal loss can
outperform standard BCE in handling class imbalance and improving
segmentation of small or low-contrast structures, especially in medical
and structural imaging tasks where such imbalances are common [42,
43]. As a result, segmentation performance can improve in image re-
gions with blurred features or low contrast. However, this can come at
the expense of performance in simpler or well-defined areas, potentially
explaining the slightly lower IoU scores observed with BFCE. Although
the absolute difference between the Dice scores of BCE and BFCE models
was small (0.979 vs. 0.980), the nonlinear behavior of the metric implies
that such improvements near the upper limit may still indicate relevant
segmentation gains. Such marginal numerical differences illustrate the
limitations of using a single metric for assessing segmentation quality.
Therefore, visual inspection remains an important supplement to
quantitative measures, especially for evaluating segmentation perfor-
mance in challenging or heterogeneous image conditions.

A linear regression analysis revealed coefficients of determination of

0.941 (BCE) and 0.960 (BFCE), indicating that the predicted grain sizes
follow a consistent and approximately linear trend relative to manual
measurements. Both loss functions have their advantages: While the
BFCE loss improves segmentation robustness under poor image quality,
the BCE loss is simpler to apply because it does not require tuning of the
y parameter. Testing both losses allows selecting the optimal configu-
ration for different datasets. Without considering the difference between
the equivalent circle diameter and the line-intercept length, the
regression slopes for both loss functions were close to one (Fig. 7),
indicating that the predicted and manually measured grain sizes were
nearly proportional. Even when accounting for the inherent metric dif-
ference (equivalent circle diameter /line-intercept length), the accuracy
could be further improved by applying a simple linear correction factor,
for instance, based on manually determined reference values available
for a specific material.

Systematic deviations between neural-network-based grain size
values and reference measurements could be compensated by applying a
linear calibration factor, thereby combining the high precision of the
automated segmentation with an accuracy consistent with established
reference methods. However, such corrections raise the fundamental
question of what reference the adjustment should be based on. Even
manually derived values, although supported by standardized proced-
ures such as ISO 13383-1 and ASTM E112, do not represent a ground
truth, but rather a well-established approximation. Any correction
strategy must therefore balance improved alignment with these refer-
ence values against the risk of introducing new biases or limiting the
model's generalizability.

In addition to the IoU and Dice scores discussed above, further
quantitative metrics were calculated to assess classification consistency
at the individual pixel level. Specifically, overall accuracy and precision
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Fig. 7. Linear regression of automated (neural network) versus manual (ASTM E112) grain size measurements for 70 validation images not used during training,

shown for both loss functions (BCE and BFCE).

were determined to complement the metrics by quantifying the ratio of
correctly and incorrectly classified pixels. For this analysis, the binary
images from the test subset (10% of the 50-image dataset) were used as
the reference (“ground truth”). Both accuracy and precision were
computed according to the definitions in [44] and using the imple-
mentation provided in the scikit-learn library [28]. For BCE, a precision
of 96.1% and an accuracy of 97.7% were obtained. BFCE achieved a
precision of 97.6% and an accuracy of 96.1%. These values are in a
comparable range to those reported in the literature, such as Azimi et al.
[45], who reported maximum precision values of 99.1% and maximum
accuracy values of 95.2% for steel microstructural classification.

4.3. Limitations and segmentation challenges

Despite the promising results, certain limitations were identified.
One issue concerns segmentation inconsistency at the boundaries of the
512 x 512 patches used during training (Fig. 2, bottom left and Fig. 5).
These boundary artifacts may be reduced by overlapping patches or
applying post-processing techniques to smooth transitions. The patch
size of 512 x 512 pixels was chosen as a practical compromise between
computational efficiency and spatial context, and is closely aligned with
the originally proposed U-Net input size of 572 x 572 pixels [22]. It also
fits well with the 2048 x 1536 pixel resolution of the dataset images,
allowing for a convenient division into 12 non-overlapping patches.
Tests with smaller patches (e.g. 256 x256 pixels) did not improve seg-
mentation outcomes and reduced the amount of contextual information
available to the network. Another challenge was encountered in images
containing very blurred grain boundaries (Fig. 1). In such cases, the
network occasionally merged several grains into one larger connected
region. In images containing more than 100 grains, these errors had only
a limited influence on the overall average grain size. This effect can
cause segmentations that appear visually inaccurate (e.g. Fig. 5D) but
yield quantitative results close to the manually determined values.
Furthermore, the network showed consistent segmentation in images
exhibiting pronounced intra-grain topography, indicating that internal
textural features within grains do not substantially affect boundary
detection.

An additional observation concerned the behavior of the BFCE loss
function. This model tended to produce more coherent and continuous
segmentation maps in difficult image conditions but often generated
thicker grain boundaries compared to BCE (Fig. 5). After post-
processing, the results showed a stronger correlation with manual
measurements then BCE (Fig. 7). Attempts were also made to optimize
the pixel classification threshold applied to the sigmoid activation
output (i.e. before post-processing). However, due to the variable SEM

image quality, a uniform threshold did not yield consistent improve-
ments across all cases. Similarly, varying the y parameter of the BFCE
loss function was explored. While the present study used y = 4, addi-
tional tests with the commonly used y = 2 [26] resulted in intermediate
behavior between BCE (y = 0) and full focal loss (y = 4).

Manual segmentations were annotated with lines of 3-pixel thick-
ness. Using thinner lines might reduce the width of grain boundaries, but
would considerably increase the effort required for annotations, making
it more difficult to connect boundary lines precisely at grain in-
tersections. Given the image resolution of 2048 x 1536 pixels, the
selected line thickness was considered appropriate for balancing preci-
sion and practical feasibility. Another point of consideration was the
potential benefit of applying image preprocessing to improve edge
definition in blurred images before segmentation. While such enhance-
ments (e.g., sharpening) may improve segmentation quality, initial tests
showed that manually processing the images significantly increased
preparation time. This undermines one of the main strengths of the
proposed method, its efficiency, so no image enhancement was applied
in this study.

It also should be noted that the equivalent circle diameter used in the
automated evaluation is not directly comparable to the mean line-
intercept length obtained from manual measurements. The literature
reports varying relationships between the equivalent circle diameter and
the mean line-intercept length, depending on grain shape and micro-
structural anisotropy. Mingard et al. [46] found differences of approx-
imately 10% within a round-robin comparison of manual grain size
measurements, whereas Roebuck et al. [47] reported deviations of up to
70% for tungsten carbide—cobalt hard metals. Coutinho et al. [48]
investigated different conversion factors between these metrics and
emphasized that selection of the most suitable method depends on grain
topography: the line-intercept method is more representative for elon-
gated or oriented microstructures (e.g., after rolling of a material), while
the equivalent circle diameter is appropriate for equiaxed grains. Taking
these findings into account, a correction of approximately 13% repre-
sents a reasonable estimate for the present dataset and is close to the

empirically determined value of \/é [47]. If such factors were consid-

ered, the slopes of the regression curves (Fig. 7) would change from
0.990 to 0.861 (BCE) and from 1.003 to 0.872 (BFCE).

Beyond the systematic differences arising from the choice of grain
size metric (equivalent circle diameter vs. line-intercept length) and the
inherent limitations of 2D cross-sections as approximations of 3D mi-
crostructures, additional sources of systematic bias should be consid-
ered. In this study, all ground truth annotations were produced by a
single operator. Consequently, the neural network inherently learns the
annotation style and subjective decisions of that individual, such as the
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precise placement of grain boundary lines in ambiguous regions. This
single-annotator bias could be mitigated in future work by incorporating
annotations from multiple independent operators or by using consensus-
based labeling strategies to create more representative training data.
Furthermore, the empirically determined pixel classification threshold
of 0.80 applied to the sigmoid output introduces another potential
source of systematic bias. A higher threshold produces thinner grain
boundaries, while a lower threshold results in thicker boundaries, both
of which systematically affect the measured grain areas. Although the
skeletonization-based post-processing step (Section 2.4) reduces this
effect by normalizing all boundaries to a uniform width of one pixel, it
does not fully eliminate the influence of the threshold, as pixels near
ambiguous grain boundaries may still be systematically included or
excluded depending on the chosen value.

4.4. Transferability to other materials

Future studies should investigate the generalizability of the pre-
sented method to other ceramic systems, particularly those with multi-
phase compositions or more complex microstructures. Functions
available in the scikit-image library [33], such as the calculation of
grain-level descriptors (e.g. equivalent circle diameter, orientation, axis
lengths), can be used to identify material- or phase-specific patterns in
segmentation results. Widely used multiphase ceramics such as
zirconia-toughened alumina (ZTA) may serve as suitable case studies for
evaluating the adaptability of this segmentation workflow to a broader
range of materials and application scenarios.

4.5. Implications

The presented segmentation approach offers promising opportu-
nities for standardizing grain size analysis workflows in materials
research and industrial quality control. By supporting consistent eval-
uation across a wide range of image qualities, machine-learning-based
methods can help reduce user variability and improve data
throughput. Moreover, the automated extraction of grain-level features
can facilitate microstructural characterization and can give more in-
sights into the study of ceramics. The increasing automation and digital
transformation of processes highlight the potential of integrating neural
network-based segmentation tools to complement manual expertise
with scalable and reproducible evaluation.

5. Conclusions

This study demonstrates that a U-Net enables precise and repro-
ducible grain boundary segmentation in SEM images of f-tricalcium
phosphate ceramics. Both loss functions, BCE and BFCE, yielded
consistent grain size results with RSD below 1.5%, surpassing manual
evaluation in precision. Linear regression analyses confirmed a strong
proportional relationship between automated and manual measure-
ments. These results confirm the hypothesis that a U-Net based on a
convolutional neural network can produce results, in term of average
grain size, comparable to those determined manually, even with
improved precision.

At the same time, this minimizes user dependency and the time
required per image. While the automated approach exhibits high pre-
cision, its absolute accuracy depends on the reference metric (equivalent
circle diameter or line-intercept length). Systematic differences between
equivalent circle diameter and line-intercept length may be compen-
sated through dataset-specific calibration against known reference data.
Such correction could align absolute values with established standards
without compromising reproducibility. The presented workflow pro-
vides a robust framework for automated grain size analysis in ceramics,
maintaining consistent performance across images with varying quality
and microstructural features such as intra-grain topography, grain
fractures, and blurred grain boundaries. Future efforts should focus on
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refining calibration strategies, extending the approach to multiphase
microstructures, and evaluating the generalizability of the neural
network to other, previously unseen ceramic materials.
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