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H I G H L I G H T S
•  U-Net trained with EDS-guided labels 

segments SEM phases with high accu­ 

racy.•  Model achieves >90 % accuracy, elim­
inating the need for EDS during map­ 

pings.•  Deep learning analysis is  60 times faster 
than semi-manual segmentation.•  Model outperforms EDS-based labels, 
correcting segmentation misclassiˡca­ 

tions.•  U-Net demonstrates sensitivity to blur, 
zoom, and acquisition conditions.
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A B S T R A C T
This study introduces a deep learning-based methodology that uses U-Nets for the semantic segmentation of 
Scanning Electron Microscopy (SEM) images of Solid Oxide Cells (SOCs). The objective is the identiˡcation of 
the four key phases in hydrogen SOC electrode (porosity, yttria-stabilised zirconia (YSZ), nickel (Ni), and nickel 
oxide (NiO)). While the database used for training is built using Energy Dispersive X-ray Spectroscopy (EDS) maps 
to help label the SEM images using Random Forest classiˡcation, the model is trained to segment SEM images 
directly, without the need for EDS. The results show that the model achieves high segmentation accuracy on 
SEM images without any manual pre-labelling stepand demonstrates robustness to brightness variations, while 
challenges such as blur and zoom are addressed through sensitivity analysis. Additionally, a “sliding window” 
post-processing approach for segmenting large-scale images is used to reduce edge artifacts. The beneˡt of this 
approach is to provide an automatic workˣow that does not require long EDS acquisitions or a time-consuming 
manual labelling procedure, o˫ering a scalable solution for microstructural analysis of SOC electrodes.

1 . Introduction
Solid oxide cells (SOCs) are high-temperature electrochemical de­ 

vices that can operate either in fuel cell or electrolysis mode. They o˫er 
the advantage of producing electricity or hydrogen with high e˥ciency. 

However, durability remains the main issue preventing their widespread 
adoption. Therefore, it is essential to deepen the understanding of their 
degradation causes, which depend on their mode of operation. This 
involves studying how their microstructure evolves during operation. 
SOCs consist of two porous electrodes separated by a dense electrolyte, 
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which is typically yttrium-stabilised zirconia (YSZ), and its character­ 

ization is done through advanced imaging techniques combined with 
quantitative image analysis. Scanning electron microscopy (SEM) is 
generally used to obtain images at nanometer resolution of the morphol­ 

ogy of the two electrodes and the distribution of the di˫erent phases. 
However, in order to correlate the observed microstructure degradation 
with the electrochemical performance of the electrode, it is necessary to 
extract quantitative data from the SEM images, such as porosity, phase 
volume fraction, and phase spatial distribution [1,2].

Dedicated image analysis approaches must be developed to auto­ 

matically extract the desired information from images. However, SEM 
images sometimes feature very similar grayscale values, which makes it 
di˥cult to distinguish between multiple phases using direct threshold-
based approaches. This is where Energy Dispersive X-ray Spectroscopy 
(EDS) mapping becomes valuable, as in this context it can provide signif­ 

icant advantage by locating the di˫erent elements, allowing distinction 
between phases with similar morphological features and imaging con­ 

trast.Therefore, it helps to solve the segmentation problem and to 
perform a quantitative study of the microstructure [3–5].

In particular, one of the challenges addressed in this study concerns 
the quantiˡcation of nickel oxidation (NiO) in the hydrogen electrode, 
which can occur during operation and may lead to critical failure. SEM 
images of the hydrogen electrode after nickel oxidation show four phases 
(porosity, NiO, Ni, and YSZ) that can be challenging to distinguish. This 
is especially due to the very similar grayscale intensity of YSZ and Ni. 
This issue and the solution using EDS mapping are illustrated in Fig. 1.

However, EDS use is limited by the time-intensive acquisition pro­ 

cess, the requirement for specialized equipment, and insu˥cient spatial 
resolution for resolving ˡne microstructural details. Consequently, our 
primary objective is to achieve accurate segmentation of SEM images 
based solely on image data, without relying on additional chemical 
information such as EDS.

In this article, we present a novel approach in which a deep learn­ 

ing architecture dedicated to semantic segmentation—speciˡcally, a 
U-Net—is trained to segment 2D cross-sectional SEM images of solid 
oxide cells (SOCs) without the need for auxiliary data. It is important to 
note that the proposed method could be extended to other segmentation 
tasks in materials science where phase discrimination is di˥cult due to 
limited contrast in imaging.

The structure of this paper is organized as follows: Section 2 provides 
a short review of related work. Section 3 describes the proposed method­ 

ology and its application to SEM image analysis. Section 4 presents the 
results and discusses their signiˡcance. Section 5 explores the robust­ 

ness of the approach under varying acquisition conditions and highlights 

potential directions for future work. Finally, section 6 concludes the 
study and discusses its broader implications and perspectives.

2 . Related work
Image analysis techniques are widely used in the literature for 

performing semantic segmentation on SEM images across various do­ 

mains. They can be categorized into two major types: conventional 
image processing techniques using histogram-based segmentation, and 
more recent advanced machine learning techniques employing neural 
network architectures.

2.1 . Conventional techniques
In the classical category, researchers have relied on thresholding 

methods that convert multilevel images into binary ones by dividing 
pixels based on their intensity levels. For example, Hu et al. [6] used 
an adaptive threshold segmentation algorithm (ATSA) to segment as­ 

phalt concrete images according to the image radius. Otsu thresholding 
has also been used for SEM image segmentation across di˫erent ma­ 

terials, including cement (Siddique et al. [7], Liu et al. [8]), porous 
polymers (Calkovsky et al. [9]), lithium-ion batteries (Almar et al. [10]), 
and nanoporous materials (Prill et al. [11]). This approach is ideal for 
simpler cases where there is a clear distinction between the foreground 
and the di˫erent phases in the images.

For more complex structures, others have relied on the more ad­ 

vanced watershed algorithm (Beucher et al. [12]), which treats the 
image as a topographic map, where brightness represents height, and 
ˡnds the lines along the tops of the ridges. This approach is used across 
various research ˡelds, including biological segmentation of neuron 
membranes in electron microscopy images of mouse cerebellum tissue 
(Liu et al. [8]), medical imaging for segmenting complex structures such 
as white and gray matter in brain images (Zanaty et al. [13]), geologi­ 

cal engineering for segmenting pores, throats, and mineral grains (Zhou 
et al. [14]), and materials technology for segmenting SOC electrodes in 
X-ray computed tomography (CT) (Epting et al. [15]).

Although traditional segmentation techniques are e˫ective and sim­ 

ple, they often lack accuracy in more complicated scenarios due to their 
sensitivity to noise, di˥culty with varying illumination, inability to han­ 

dle complex or gradual transitions, and inability to distinguish phases 
with similar SEM contrast.

2.2 . Machine learning techniques
With signiˡcant advances in computer vision over the past two 

decades, machine learning algorithms have become widely used to 

Fig. 1. Representative SEM image (left) after 20 min of oxidation time, and an overlay of the corresponding EDS maps (right), illustrating the spatial distributions of 
Nickel (green), Oxygen (blue), and Zirconium (pink) within the composite. (For interpretation of the references to colour in this ˡgure legend, the reader is referred 
to the web version of this article.)
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address various image-based challenges, including object detection, im­ 

age classiˡcation, and semantic segmentation. Algorithms like Support 
Vector Machines (SVMs), Random Forests, k-Nearest Neighbors (k-NN), 
and Conditional Random Fields (CRFs) have been applied to microstruc­ 

ture segmentation tasks (Li et al. [16], Wu et al. [17]). However, 
they often require a feature extraction step that tends to be time-
consuming and can make it di˥cult to generalize the technique to new 

applications.
More recently, a specialized branch of machine learning, known as 

deep learning, has outperformed traditional algorithms, particularly in 
image segmentation tasks. Deep learning has found extensive applica­ 

tions in diverse l elds such as agriculture (Zhang et al. [18], Bhagat et al. 
[19]), medical imaging (Rayed et al. [20], Bindhu et al. [21], Chen et al. 
[22]), and autonomous driving (Ghosh et al. [23]). This trend has caught 
the attention of the materials science community, where deep learning 
algorithms are also employed to solve segmentation problems and an­ 

alyze microstructural components (Azimi et al. [24], Hirabayashi et al. 
[25]). 

In particular, encoder-decoder-based architectures, such as U-Net, 
are frequently used for semantic segmentation. U-Nets are particularly 
popular for processing microscopy images, having initially been intro­ 

duced for this purpose by Ronneberger et al. [26] on biomedical image 
segmentation. Since its introduction, U-Net has been applied in materi­ 

als science to analyze for instance concrete SEM images (Bangaru et al. 
[27], Malik et al. [28]), 3D segmentation of electron microscopy images 
of ceramic materials (Hirabayashi et al. [25], Genc et al. [29]), and seg­ 

mentation of graphene SEM images (Shah et al. [30]). U-Nets were also 
employed to study SOC SEM images, speciˡcally for analyzing (Hwang 
et al. [31]), segmenting (Wang et al. [32]), and 3D segmentation of SOC 
Ni/YSZ anode composites (Sciazko et al. [33]).

The most widely used methods in the literature, and the focus of this 
study, are supervised deep learning algorithms because the type of pre­ 

dictions they provide and their interpretation are controlled through the 
training process. However, they require a labeled dataset to be trained, 
where most of the labelling work is manually done (Sciazko et al. [33], 
Hwang et al. [31]), which is time-consuming and may lack consis­ 

tency because of observer variability (Zhang et al. [34]). To solve this 
problem, some researchers relied on EDS mapping to help in the quan­ 

titative study of the microstructure, such as correlating SEM contrast 
with chemical composition for accurate phase identiˡcation (Harald 
et al. [35]), and characterizing the chemical composition of nanopar­ 

ticle hetero-aggregates (Mahr et al. [4]). EDS-guided segmentation has 
also been successfully applied using machine learning to multiphase 
materials, enabling more accurate distinction of chemically similar re­ 

gions [36,37]. Juránek et al. [38] further proposed a graph-based deep 
learning approach that integrates SEM–BSE images with EDS data to 
enhance mineral phase segmentation. Such approaches provide an im­ 

portant complement to image-based segmentation, as they enable more 
robust quantiˡcation of microstructures and facilitate correlations with 
electrochemical performance, thereby enabling more accurate phase 
segmentation. Nevertheless, they still rely on the use of time-consuming 
EDS acquisition as input both for training and applying the machine 
learning model.

3 . Methodology
The approach we propose here leverages high-quality cross-section 

SEM images and their corresponding chemical maps obtained through 
EDS mappings to produce reliable training datasets. The methodology 
is applied to microstructures containing four distinct phases: porosity, 
NiO, Ni, and YSZ. The training dataset, described in Section 3.1, consists 
of SEM images of multiple SOC samples along with their corresponding 
segmentation labels produced thanks to EDS data. The Deep Learning 
model, a U-Net architecture, and its training procedure, which we pro­ 

pose in this work, are described in Section 3.2. An overall schematic 
workˣow of the proposed methodology is shown in Fig. 2.

Fig. 2. Schematic outline of the main steps of the workˣow. (a) Data Acquisition 
and pre-processing of experimental images and segmenting SEM images using 
EDS maps, creating patches, and applying image augmentation. The four levels 
of the grayscale segmentation images represent the four classes. (b) Training the 
U-Net model. (c) Use the trained U-Net to segment the SEM image without using 
its corresponding EDS map.

3.1 . Data collecting 

3.1.1 . Data acquisition
The samples used in this study come from typical SOC hydrogen elec­ 

trodes made of porous Ni/YSZ composite. The NiO phase appears in the 
samples after partial oxidation of Ni. The duration of this oxidation step 
varies for each of the samples, leading to varying NiO contents.

The samples were embedded in an epoxy resin before being polished 
and surface coated with a thin carbon layer to avoid charging e˫ects. 
The SEM images and EDS mapping were done using a Zeiss Gemini SEM 
460 equipped with an Oxford Ultim Max 100 EDS detector. Imaging was 
done at 1.1 kV with a pixel size of 0.04458 �m, while EDS maps were 
acquired at 10 kV. However, EDS was captured at a lower resolution 
than the SEM image. Speciˡcally, the EDS resolution is one fourth that 
of the SEM image. Each SEM and EDS image takes respectively around 
1.3 and 20 min to acquire. After acquisition, EDS maps were upsampled 
and precisely aligned on the images with a custom Python script using 
skimage library.

3.1.2 . Pre-processing and data augmentation
Establishing a precise ground truth high-quality segmentation label 

is challenging. Nevertheless, a “target” label image can be generated 
with the help of EDS mappings. EDS provides elemental maps that facili­ 

tate the identiˡcation of di˫erent phases by highlighting the distribution 
of chemical components, as shown in Fig. 1. However, this labelling 
process is not straightforward, and performing it manually is extremely 
time-consuming. To address this problem, a software called Ilastik was 
used [39]. The SEM images and their corresponding EDS maps were 
provided as inputs to Ilastik to perform the target segmentation.

Ilastik’s Pixel Classiˡcation workˣow uses a ˡrst manual labelling of 
several areas in the images and extends it to the whole image through 
feature extraction such as intensity, edges, and texture at multiple scales. 
A Random Forest classiˡer is trained on these features to predict the 
class probabilities for each pixel on the whole image, resulting in a 
detailed phase-segmented output. This output serves as the “target” seg­ 

mentation label, providing a semi-automatic segmentation. This process 
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is faster than a fully manual labelling but still depends on human input 
for labelling a small part of the data. However, after the classiˡer is 
trained, it can still produce some errors and users may need to review 
the segmentation results and iterate with manual corrections to improve 
accuracy. This correction process is time-consuming and it does not 
guarantee to remove all of the errors. For a single image of 2856  ×  4086 

pixels, it takes about 4 hours to obtain a satisfying target segmentation. 
This value is based on an average estimation of the time required to 
segment all images in the dataset by microscopy specialists.

Now, the combined acquisition time for a single SEM image with 
its corresponding EDS map and the time required to generate its seg­ 

mentation label using semi-manual segmentation approaches pose a 
signiˡcant limitation on the amount of data available for the training 
process. To address this limitation, we acquired 7 large SEM images 
of size 2856  ×  4096 under the same conditions, then divided them into 
smaller patches of 256  ×  256 pixels, resulting in a total of 1232 patches. 
The patch size was determined after a series of tests, as it e˫ectively 
reduces the computational cost and memory requirements of the model. 
A total of 140 patches were randomly selected from various positions 
in the images and reserved for testing purposes and estimating the 
performances reported in Section 4. The remaining 1092 patches under­ 

went data augmentation to further expand the training set, including 
rotations, ˣips, blurring, and variations in contrast and brightness. An 
example of augmented data is shown in Fig. 3. For each patch 10 aug­ 

mented versions were generated, resulting in a total of N  =  10920 images 
for training and validation. This combination of patching and augmen­ 

tation exposes the model to variations in image characteristics, ensuring 
a better performance during the segmentation tasks. 

3.2 . Training the U-Net architecture
The second pillar of the approach relies on employing a deep learning 

model for semantic segmentation. A U-Net architecture is adopted [26], 

Fig. 3. Example of the workˣow of data augmentation techniques applied to 
an SEM image patch. The SEM patch and its corresponding label undergoes 
augmentation processes such as ˣipping, rotation, and intensity adjustments.

which consists of an encoder–decoder structure with skip connections. 
The encoder extracts hierarchical features through successive convolu­ 

tional and pooling layers, while the decoder restores spatial resolution 
using transposed convolutions. Skip connections link corresponding lay­ 

ers to preserve spatial details and integrate contextual information, 
ensuring precise segmentation. The network ends with a 1  ×  1 convo­ 

lution followed by a softmax activation producing four output channels 
corresponding to the target phases.

This choice of the U-Net architecture is backed by its adaptability to 
microscopy and materials science images, where it consistently achieves 
high segmentation accuracy with limited data size. Additionally, U-Net 
performs e˫ectively when trained on augmented datasets, enabling it 
to generalize well from a relatively small number of samples [26,40]. 
Compared to more recent architectures such as Attention U-Net [41]or 
TransUNet [42], U-Net attains comparable segmentation accuracy on 
the same dataset while requiring less computational time, fewer parame­ 

ters to optimize, and smaller data size. In contrast, attention-based mod­ 

els capture long-range contextual dependencies but rely on large and 
diverse data distributions to generalize e˫ectively, often necessitating 
extensive augmentation pipelines [42,43].

The model is trained using the categorical cross-entropy (CCE) loss 
function which is adapted for exclusive multi-class classiˡcation tasks: 

CCE  =  −
1

N
× 

1

N p

∑ 

i

∑

x

∑ 

k

y i,k(x)  log(ŷ i,k 

(x)),  (1)

where N  is the total number of training images, N p 

 is the total number 
of pixels in each image, and i, x, and k represent the indices of the image, 
the pixel within the image, and the class label, respectively. y is a binary 
vector that encodes the target, and ŷ represents the predicted probability 
provided by the U-Net.

The Adam optimizer is used to update the network weights, with ac­ 

curacy used as the evaluation metric to monitor training performance 
and ensure reliable segmentation results. After several optimization 
tests, the ˡnal training hyperparameters were set to a learning rate of 
10 

−3, 250 epochs, and a mini-batch size of 32. 

Training was performed in Python 3.11.9 with TensorFlow 2.17.0 
on a Dell PowerEdge R750 server equipped with an NVIDIA A100 GPU 
(80 GB). The complete training required approximately one hour.

4 . Results and discussions 

4.1 . Overall performance for patches
The performance of the U-Net model was thoroughly evaluated using 

the confusion matrix, along with the Intersection over Union (IoU) and 
accuracy (Acc) metrics, deˡned respectively as:

IoU  = 

TP

TP  +  FP  +  FN
,  Acc  = 

TP  +  TN

TP  +  TN  +  FP  +  FN

where TP, TN, FP, and FN denote the numbers of true positive, true neg­ 

ative, false positive, and false negative pixels, respectively. An overall 
accuracy of 95.53  % and a mean IoU of 91.01  % were achieved across 
all 140 testing images, demonstrating high precision in predicting all 
classes. The corresponding confusion matrix is shown in Fig. 4. It high­ 

lights the model’s strong performance, particularly for the accuracy on 
Porosity (98 %) and YSZ (97 %).

However, Ni and NiO segmentation experience more frequent mis­ 

classiˡcations, which was anticipated due to the similarity of their 
grayscale values in SEM images. The model achieves 92  % accuracy on 
Ni phase but shows some confusion with NiO (2  %) and YSZ (5  %). It 
achieves 93  % accuracy on NiO phase with some misclassiˡcation as YSZ 
(4  %) and as Ni (3  %). Additionally, the model also demonstrates a bet­ 

ter understanding of the image context, as shown by its ability to correct 
certain misclassiˡcations visible in the target segmentation. Overall, the 
high diagonal values in Fig. 4 demonstrate the model’s ability to e˫ec­ 

tively segment the di˫erent phases, achieving satisfactory results despite 
minor challenges in distinguishing visually similar classes.
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Fig. 4. Normalised confusion matrix illustrating the model’s performance.

Fig. 5. Visualization of segmentation results for test sample: The ˡrst column 
displays (from left to right) the original SEM image, the target segmenta­ 

tion achieved using EDS mapping, and the model prediction with its accuracy 
(92.29 %). Green arrows mark regions where the model corrected mislabeled 
areas in the target, while red arrows indicate misclassiˡcations. The second col­ 

umn includes the absolute di˫erence between the target and prediction, the 
maximum predicted probability map, and the uncertainty map generated using 
the ensemble method [44]. In the probability map, red denotes low conˡdence 
and green high conˡdence; in the uncertainty map, red indicates higher un­ 

certainty and blue lower uncertainty. Labels correspond to the four segmented 
phases: porosity, NiO, Ni, and YSZ. (For interpretation of the references to colour 
in this ˡgure legend, the reader is referred to the web version of this article.)

Fig. 5 illustrates the segmentation results on a representative test 
image, including the input SEM image, the EDS-guided target segmen­ 

tation, and the U-Net prediction. The global segmentation accuracy is 
92.3  % on this image. In more detail, the U-Net model is able to cor­ 

rect some misclassiˡcations in the target segmentation due to errors 
in the semi-manual labelling as explained in Section 3.1.2, represented 
by green arrows in the ˡgure. On the contrary, red arrows highlight 
misclassiˡcations of the U-Net model. Additionally, the ˡgure shows 
the absolute di˫erence, the maximum predicted probability map, and 
the uncertainty map. The probability map is obtained by selecting, for 
each pixel, the highest predicted probability across the four classes. The 

model exhibits strong conˡdence in large, homogeneous regions where 
higher probability values are present, while certainty decreases near 
phase boundaries and image edges due to grayscale transitions and the 
loss of global context during patch division.

The uncertainty map is computed using the ensemble method pro­ 

posed by Lakshminarayanan et al. [44], a widely used technique for 
quantifying uncertainty in deep learning. The technique is based on 
training M  neural network models independently, initialized with dif­ 

ferent random parameters and datasets, where each model converges to 
a di˫erent local minimum of the loss function. The l nal prediction is ob­ 

tained by averaging the predictions from all models, while the variance 
of these predictions is interpreted as the epistemic uncertainty. Formally, 
if we denote by p̂i

k
 the prediction given by model i among M  models, 

the uncertainty map is deˡned as the square root of the variance, given 
by: 

Var(p̂ k 

)  = 

1

M  −  1

M
∑

i=1

( 

p̂
(i)

k
−

1

M

M
∑ 

j=1

p̂
(j)

k

) 2

.

In this study, the ensemble method was implemented by training M  =  10 

independent U-Net models on the same dataset, with training and val­ 

idation data randomly shu˨ed for each model, resulting in 10 distinct 
segmentations for each test image and the uncertainty maps, as shown 
in Fig. 5. Elevated uncertainty mainly appears near image boundaries 
and phase transitions, consistent with the probability maps. However, 
these disagreements are not entirely uniform; in some areas, a continu­ 

ous phase of high uncertainty is observed alongside the probability map. 
This observation suggests that certain transitions remain challenging for 
the model to resolve, consistent with l ndings in Bayesian deep learning, 
which highlight increased predictive uncertainty at boundaries and in 
transitional regions [45].

Notably, the model proved e˫ective in distinguishing between 
classes with overlapping grayscale ranges, as illustrated in Fig. 6, which 
shows a close agreement between the predicted and target pixel value 
distributions where Ni, NiO, and YSZ may exhibit similar intensities. 
This suggests that the model leverages additional features—such as tex­ 

ture, size, and shape—to accurately segment the images, e˫ectively 
exploiting spatial and contextual information beyond grayscale intensity 
alone.

To conclude on patch performance, it is important to remind that 
the target segmentation is not “perfect” and may contain misclassiˡed 
pixels during the creation of the training set. Consequently, the reported 
accuracy is slightly biased but remains the most reliable estimate avail­ 

able to assess the model’s performance. However, as shown in Fig. 5, 

Fig. 6. Violin plot showing the distribution of grayscale values for Prediction 
and Target across all the test images. The left half of each violin represents the 
Prediction, while the right half shows the Target distribution.
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some of these labelling errors are corrected by the U-Net, particularly for 
the Ni phases, which are more accurately segmented than in the target. 
This demonstrates that, despite imperfections in the labeled dataset, the 
network can still achieve accurate and well-generalized segmentation 
results.

4.2 . Post-processing for large images
Once the U-Net model is trained, new SEM images are used to eval­ 

uate the model’s generalization capability. Since the model’s input size 
was l xed during training at 256×256, each image is divided into equally 
sized patches matching the dimensions of the training patches. These 
patches are then fed into the network for segmentation and subsequently 
stitched back together to reconstruct the full-size segmented image. 
However, directly stitching the segmented patches often introduces edge 
artifacts and discontinuities, particularly in regions with high complex­ 

ity or fuzzy boundaries. To address these issues, an overlapping-patch 
strategy using “sliding windows” is employed. The image is divided into 
overlapping patches of size 256  ×  256 pixels, with a stride of s pixels 
deˡning the overlap between adjacent patches; each patch is then in­ 

dependently processed by the segmentation model. Overlapping regions 
between patches allow each pixel to be predicted multiple times from 
di˫erent perspectives, which are then averaged to enhance consistency 
and reduce boundary artifacts. This method ensures that the ˡnal seg­ 

mentation map reˣects the model’s conˡdence across predictions and 
provides smoother, more consistent results at patch boundaries. While 
this method increases the computational workload by producing more 
patches per image, it improves the visual consistency of the segmented 
outputs.

Fig. 7 compares the full-image segmentation results generated by 
the straightforward patch-stitching approach and the sliding window 
method. The sliding window method achieves better boundary consis­ 

tency and reduces artifacts, demonstrating that this post-processing step 
is essential for large-image SEM segmentation tasks.

Fig. 7. Comparison of the model’s segmentation predictions with and without 
sliding windows. To highlight key di˫erences, magniˡed insets are provided and 
compared against the target segmentation.

Table 1 
Time comparison of EDS-guided segmentation and model-based segmen­ 

tation, with di˫erent stride values s.
EDS-guided 
segmentation

Model segmentation
s  =  256  s  =  32

SEM acquisition time (min) 1.33 1.33 1.33

EDS acquisition time (min) 20 N/A N/A
Segmentation time (min) 240 0.05 2.87

Total time (min) 261.33 1.38 4.20

Fig. 8. Comparison of predicted versus target surface fractions ' (%) of NiO 
phase. The blue dashed line represents the target measured surface fraction and 
the orange line represents the predicted surface fraction using the proposed ap­ 

proach. (For interpretation of the references to colour in this ˡgure legend, the 
reader is referred to the web version of this article.)

4.3 . Gain for characterization time
The proposed method o˫ers beneˡts both in terms of acquisition and 

processing time. On the one hand, once the U-Net model is trained, 
the time-consuming EDS acquisition is no longer required, estimated 
at 20 min per image, as described in Section 3.1.1. On the other hand, 
our approach proposes a fully automatic prediction and removes the 
semi-manual labelling with Ilastik and associated post-processing ad­ 

justments, which are also time-consuming, empirically estimated at 4 
hours on average, as described in Section 3.1.2. The computation time 
of the U-Net model depends on the stride used in the sliding window 
post-processing, ranging from 0.05 min for a stride s  =  256 to 2.87 min 
for a stride s  =  32. The comparison of the acquisition and processing 
times is summarized in Table 1.

In total, our method accelerates the characterization workˣow by 
a factor of 65 to 190 (depending on the sliding window parameters) 
enabling the automatic and rapid processing of several samples in 

chain.

4.4 . Application to material oxidation characterization
In this section, the segmentation method is applied to characterize 

oxidation at various exposure times: 0, 2, 5, 10, 20, 30, and 120 min. The 
acquisition of SEM images was performed under the same conditions. 
The surface fraction (') of the NiO phase was computed for all these 
exposure times for both the target segmentation, represented by the or­ 

ange line in Fig. 8, and the model’s predicted segmentation, represented 
by the blue dashed line in Fig. 8.
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The prediction was performed on the full-size images by dividing 
them into patches, processing each patch with the model, then stitch­ 

ing the outputs and applying the sliding window post-processing with 
a stride s  =  32. Overall, the mean absolute error (MAE) of 0.51  ±  0.68 

and the root mean square error (RMSE) of 0.85 between the target and 
predicted fractions underscore the predictive accuracy and robustness 
of the proposed approach. Notably, in speciˡc cases where only three 
classes are present—such as at 0 min—the model correctly identiˡed 
the absence of the NiO class and did not predict it.

5 . Robustness to acquisition conditions
Multiple factors can inˣuence the quality of the acquired images, 

including brightness, contrast, noise level, magniˡcation, and overall 
image clarity. To evaluate the model’s sensitivity to these variations, ad­ 

ditional tests were performed by artiˡcially modifying the test images 
prior to prediction. The accuracy of the trained model is measured after 
introducing varying brightness levels and degrees of blur to the images. 
The results in Fig. 9(a) show that blurring had a strong e˫ect on the seg­ 

mentation performance, likely because it reduces the sharpness of phase 
boundaries and makes it more di˥cult to distinguish among di˫erent re­ 

gions. In contrast, changes in brightness produced a relatively smaller 
impact, as the network could still adapt to moderate grayscale shifts as 
long as su˥cient phase contrast was maintained. However, when bright­ 

ness was substantially increased, accuracy declined noticeably. These 
artiˡcial brightness modiˡcations can also be observed in some of the 
test images shown in Figure 9(b), where natural variations in brightness 
and contrast during SEM imaging a˫ected the input quality.

Additionally, Gaussian and Poisson noise were artiˡcially added 
to the test images progressively to evaluate the performance of the 
model under varying noise conditions, where the noisy image can be

Fig. 9. (a) E˫ect of Blur Radius and Brightness Factor on Segmentation Accuracy. 
The plot illustrates the mean segmentation accuracy (%) with standard deviation 
intervals for varying levels of blur and brightness. The bottom x-axis repre­ 

sents the blur radius, while the top x-axis indicates brightness factors. Error 
bars correspond to the standard deviation of the accuracy measurements. (b) 
Model Performance on Real Acquisition Artifacts. This panel shows the model’s 
ability to handle brightness and contrast variations in real SEM image segmen­ 

tation, compared to the target segmentation. The results demonstrate improved 
accuracy over EDS-guided segmentation.

Fig. 10. (a) The impact of noise on prediction performance. Gaussian–Poisson 
noise was artiˡcially added with progressively increasing noise parameter (�) to 
evaluate the model’s robustness. (b) The impact of magniˡcation ratio on pre­ 

diction accuracy. The magniˡcation ratios were progressively varied to assess 
the model’s sensitivity to changes in image scale. For both plots, the orange line 
represents the accuracy obtained at the original acquisition magniˡcation, the 
blue line shows the accuracy on altered data, the error bars indicate the standard 
deviation of the results, and the red dashed line marks the acquisition magniˡ­ 

cation. (For interpretation of the references to colour in this ˡgure legend, the 
reader is referred to the web version of this article.)

expressed as: 

I noise = 

Poisson(I  ×  C)

C
+  N (0, �)  (2)

where I  is the normalized clean image, I noise 

 is the same image with 
added noise, C  =  255 representing the maximum intensity level of an 
8-bit image, and � is the standard deviation of the additive Gaussian 
noise. The results in Fig. 10(a) clearly indicate that the accuracy de­ 

creases rapidly the more the noise is added but still can give acceptable 
results in cases where noise level is low. Moreover, the magniˡcation 
and resolution of the images were studied to assess their e˫ect on im­ 

ages captured at magniˡcation levels di˫erent from those used to train 
the network. To evaluate this e˫ect, the large images were divided into 
patches of di˫erent sizes. Larger patches were subsequently downsam­ 

pled (binned) to match the model’s input size, while smaller patches 
were upsampled to the same target dimensions. This ensured that all 
images were processed at a uniform input size, allowing a consistent 
comparison of segmentation performance across di˫erent patch scales. 
The results in Fig. 10(b) suggest that the network still performed well 
at magniˡcation ratios close to the original acquisition magniˡcation, 
achieving an accuracy above 85 % for ratios within ± 

1 

2
 of the original 

value.
These ˡndings highlight the model’s sensitivity to image clarity and 

emphasize the importance of maintaining high-quality acquisitions to 
ensure that critical features are correctly captured for the model to 
perform e˫ectively.

6 . Conclusion and perspectives
In this study, we introduced a new approach for phase segmen­ 

tation of SEM images employing a U-Net deep learning architecture. 
By leveraging EDS-guided labelling during the training phase, our 
method provides a segmentation model that eliminates the need for 
time-consuming EDS mapping during prediction, providing a faster and 
more e˥cient solution for SOC microstructure analysis. The proposed 
segmentation model demonstrated three key functionalities:

1.  Accurately segmenting complex microstructural phases di­
rectly from SEM images: The U-Net model achieved a high 
overall accuracy of 95.53  % and a mean IoU of 91.01  %, e˫ectively 
distinguishing the four key phases: Porosity, Ni, NiO, and YSZ.
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2.  Bypassing the time-intensive EDS mapping process to achieve 
similar or better segmentation outcomes: The resulting seg­ 

mentation from simply using SEM images showed the reliability 
of the approach without the need to go through expensive time-
consuming EDS mappings.

3.  Scalability for Large Images: Using a sliding window approach, 
we addressed edge artifacts and achieved smooth phase segmen­ 

tation for large-scale SEM images.

In a more general sense, the ˡndings demonstrate that deep learning-
based segmentation can signiˡcantly accelerate microstructural analy­ 

sis, reducing reliance on traditional manual and semi-automated tech­ 

niques that often lack statistical rigor or reproducibility. Moreover, our 
model’s ability to operate without EDS broadens its applicability in 
scenarios where EDS analysis might not be available or possible.

The workˣow presented to train the model also exhibits two inter­ 

esting features:

1.  To train a DL model, a segmentation target for SEM images can 
easily be generated using correlated EDS maps.

2.  The trained model predictions are able to surpass the target 
and show better generalization of features, as they avoid the 
misclassiˡcation errors observed in some training images (see 
Fig. 5).

These two key points are very general and applicable in many cases 
of image segmentation, where enriched data could be acquired in a ˡrst 
step to train a DL model, and the model could then be used to segment all 
other images of the same type of microstructure, without enriched data 
and with very high accuracy. For instance, in the case of TEM images 
with EDS maps, or even in X-ray imaging using ˣuorescence instead of 
EDS.

To further enhance the proposed method, several improvements can 
be considered. First, incorporating multi-scale models for segmentation 
could allow the model to handle images acquired at varying magni­ 

ˡcations while maintaining consistent accuracy. Architectures such as 
multi-scale semantic segmentation U-Net [46] could be explored to 
achieve this goal. Second, the development of faster and more reliable 
post-processing techniques is essential to improve computational e˥­ 

ciency and ensure accurate segmentation for large-scale images. Finally, 
the model could be tested on di˫erent materials and microstructures to 
broaden its scope and conˡrm its generalizability across a wider range 
of cases. These enhancements would strengthen the model’s robustness 
and adaptability, making it a more generalized tool for microstructural 
analysis.
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