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ABSTRACT 
 

Solid oxide fuel cells are emerging as promising devices for electrochemical energy 
conversion because they offer high efficiency and fuel flexibility. However, their performance 
is highly dependent on complex microstructural features that are difficult to quantify 
accurately. This research presents an image processing pipeline designed for segmenting 
and quantifying the microstructures of solid oxide fuel cells. The pipeline incorporates 
tailored techniques such as preprocessing, segmentation and morphological quantification 
analysis to handle the complexity of multiphase structures. Despite these efforts, 
segmentation accuracy remains a challenge due to issues like intensity overlap between 
different phases, surface or texture imperfections, and unclear boundaries. Consequently, the 
quantification accuracy ranged from 83.22 % to 99.49 %. Although some variation exists 
among the quantification parameters like particle size, volume fraction, and area interfacial 
density, the overall strong performance demonstrates the capability of automating solid 
oxide fuel cell image analysis. This work establishes a foundational framework for future 
improvements with the integration of machine learning or deep learning techniques to 
enable more accurate and reproducible characterization of solid oxide fuel cells. 

 
Keywords: Image Segmentation, Image Quantification, Solid Oxide Fuel Cell, 
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1.  INTRODUCTION 
 
Nowadays, hydrogen energy drives significant research interest in the global energy sector due 
to clean and sustainable energy sources. Among the technologies developed for hydrogen, solid 
oxide fuel cells (SOFC) stand out for their high efficiency, environmentally friendly and ability to 
operate with minimum emissions [1]. The working mechanism of SOFC eliminates the need for 
intermediate combustion steps. This is because SOFC directly transforms the chemical energy 
such as hydrogen or hydrocarbon gases into electrical and heat energy through electrochemical 
reactions [2]. A typical SOFC comprises a dense electrolyte sandwiched between two porous 
electrodes, namely the anode and cathode. Next, the fuel oxidation and oxygen reduction occur 
on the electrodes respectively [3]. Based on the developed electrolyte materials, yttria-stabilized 
zirconia (YSZ) is commonly selected due to its superior ionic conductivity [1][2]. Undeniably, each 
electrode is composed of mixed ionic and electronic conducting materials to form a complex 
multiphases microstructure and this type of multiphases microstructure plays an important role 
in governing the gas transport [3][4]. Nevertheless, the mass transport efficiency, electrochemical 
activity, and mechanical stability are easily impacted by porous electrodes [3]. 
 
During fabrication, SOFC operates at high temperatures between 600 ℃ to 1000 ℃ and requires 
even higher temperatures between 1200 ℃ and 1500 ℃ for the sintering process [5]. This 
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extreme thermal environment can easily cause some complications, such as introducing 
unwanted chemical reactions, elemental interdiffusion among components and gradual 
deterioration of material properties [6]. Besides that, in the similar fabrication and operation 
process, structural deformation issues may arise if thermal expansion mismatches in electrodes 
under high temperature [5]. Although SOFCs are excellent in high energy efficiency and able to 
operate in various fuel types, their prolonged operation at high temperatures ranging from     
600 ℃ to 900 ℃ can result in degradation. This issue is linked to microstructural changes within 
the electrodes and it will impact the long term performance and stability of fuel cells [7]. The 
microstructure of a SOFC includes several features, for example, boundaries, particle size and 
phase distribution. These features have a direct relationship to its electrochemical performance. 
Besides that, quantification of key parameters such as particle size, volume fraction, and 
interfacial area density is important because it helps to determine the performance of SOFC. 
There is also a list of microscopy imaging techniques utilized by researchers in investigating the 
microstructure, including scanning electron microscopy, electron backscattered diffraction, dual-
beam focused ion beam with scanning electron microscopy (FIB-SEM) and transmission electron 
microscopy [8]. These techniques are widely used by material science researchers because the 
methods provide a direct spatial visualization on the microstructural features and reveal the 
internal structures and surfaces [9]. 
 
While microscopy imaging techniques like FIB-SEM are capable of producing high resolution two-
dimensional (2D) images, the generation of large volume datasets remains a significant 
bottleneck. This challenge has been anticipated especially when addressing both specific 
requirements such as fine resolution and wide spatial coverage. Moreover, image acquisition 
speed and resolution are limited by the imaging hardware and this causes high throughput 
analysis of porous structures difficult to analyze [9]. The porous architecture of SOFC electrodes 
poses additional challenges during data acquisition and processing as well. For instance, imaging 
artifacts such as curtaining, charging effects and poor defined phase boundaries are common, and 
the back-pore phenomenon can further obscure surface features from the pores itself [10][11]. 
Thus, reliably extracting useful information from these complex datasets remains a major hurdle 
[8]. In most cases, the segmentation of ground truth microstructural images is still performed 
manually. Since the ground truth images are arranged sequentially, scientists or trained experts 
visually inspect and annotate each image by referring to the preceding and following images in 
order to distinguish between phases. Although this method yields accurate interpretation, it is 
labour intensive and prone to inconsistency especially when multiple scientists are involved 
[8][12]. Variability in judgments or decision calls can lead to inconsistencies across large datasets 
and limit the reproducibility [13]. 
 
After segmenting microstructural images, image quantification is a critical step that translates the 
visual features into meaningful metrics. The quantification parameters such as particle size, 
volume fraction and interfacial area density are extracted to determine the relationship between 
the microstructural characteristics and electrochemical behavior of the cell’s performance. 
However, the accuracy of these metrics depends heavily on the quality of the initial segmentation 
and the computational algorithms applied. Poor segmentation introduces errors that propagate 
through the analysis and produce inconsistent results. Consequently, the data quality issues and 
uncertainty become more complicated in subsequent analyses [14]. Given these challenges, there 
is a growing interest in developing automated and intelligent image processing techniques to 
enhance the precision and reproducibility of microstructural quantification. 
 
1.1     Image Processing Framework 
 
Image processing forms the backbone of automated microstructural analysis and allows 
researchers to extract useful information from images more efficiently. This technique has 
applied beyond material sciences from satellite imaging and medical diagnostics to robotics and 
remote sensing [15]. On the other hand, image processing involves the computational 
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manipulation and analysis of visual data in 2D images to improve the image clarity or extract 
information from the image [16]. This approach mirrors how our own visual system works, where 
the eyes capture a scene but it is the brain’s interpretation that determines what we actually see 
[16]. 
 
Furthermore, image processing generally falls into two main categories: analog and digital. While 
analog processing deals with manipulating physical signals or media, digital image processing 
uses computer algorithms to analyze and improve digital images [17]. Digital image processing 
has become dominant due to its flexibility and scalability [17]. The image processing process 
starts with capturing images using devices like microscopes, cameras, or satellites [17]. Since 
ground truth images frequently contain noise or incompleteness, preprocessing is an essential 
step to clean the data before analysis. As Maharana et al. [18] highlighted, poor quality images 
can lead to inaccurate results. Hence, preprocessing techniques like noise reduction, filtering, and 
unwanted distortions removal are applied to enhance image clarity [18][19]. Besides that, image 
enhancement methods such as histogram equalization and contrast enhancement are used to 
reveal hidden details and support more reliable downstream analysis [17]. Feature extraction 
plays a central role in image classification as it transforms raw pixel data into descriptive 
numerical features that highlights the important aspects of the image, such as edges, textures and 
contours [19]. These features are normally categorized as local or global depending on whether 
they describe specific regions or image characteristics like shape, color and texture [20]. The 
effectiveness of a classification model depends on how well the features represent the underlying 
structure in the image. Feature extraction sets the stage for image segmentation and image 
segmentation itself is a key step in image processing and computer vision. By dividing an image 
into unique and non-overlapping regions, segmentation makes it easier to isolate specific objects 
or features [21]. Additionally, this simplifies the image for interpretation but also reduces the 
computational effort by limiting subsequent analysis to smaller regions of interest [22][23]. 
 
Once the SOFC microstructure has been segmented into distinct regions, the next step involves 
quantifying microstructural properties. One of the most critical parameters is particle size which 
influences gas diffusion within the electrode for faster transportation of electrons and ions, 
respectively [24]. For example, Nenning et al. [25] observed that the average particle size should 
ideally be much smaller than the electrode thickness to maintain continuous and effective 
conduction pathways, so that the electrode can be modelled as a homogeneous medium. In 
addition, another important parameter is volume fraction which describes the proportion of each 
phase within the microstructure. This value affects the amount of active material available for 
electrochemical activity and thus influences the fuel cell power. In a mesoscale study, Mahbub et 
al. [26] examined the Ni and pore phases distributions in identical YSZ anodes and found that 
local variations in particle size and volume fraction altered electrode performance. Similarly, Sun 
et al. [27] reported that increasing the volume fraction of the ion-conducting phases not only 
improved initial performance but also mitigated long term degradation. This is because the higher 
the proportion of the phase, the faster the uniform distribution of reaction rates [27]. Notably, the 
particle size and volume fraction are interdependent. Smaller particle sizes reach the percolation 
threshold when the volume fractions are lower [28]. So, particle size and volume fraction 
composition of each phase must be always considered [29]. 
 
Meanwhile, the interfacial area density reflects how extensively phases such as Ni and YSZ are 
connected in microstructure. This parameter focuses on determining the number of active 
electrochemical sites. According to Xiang et al. [29], the changes in Ni and pore volume fractions 
affect anode stability by influencing degradation processes at the nickel-yttria-stabilized zirconia 
(Ni-YSZ) interface. In addition, by increasing the interfacial area of Ni-YSZ, the anode stability also 
increases and this happens even when the Ni particles are relatively small [29]. Furthermore, 
larger interfacial area also helps to reduce the system overall energy [30]. In conclusion, classical 
image processing methods, such as filtering, enhancement, and thresholding are applied for 
automated segmentation of SOFC microstructural images. These interpretable and controllable 
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techniques enable consistent quantification of microstructural properties like particle size, 
volume fraction, and Ni-YSZ interfacial area density, clarifying their influence on electrochemical 
performance. 
 
 
2. METHODOLOGY 
 
The methodology outlined in Figure 1 uses a systematic approach to analyze and quantify SOFC 
anode images through image processing techniques. It follows a structured workflow that 
includes multiple stages, for example, image acquisition, preprocessing, segmentation and 
quantitative analysis to identify and measure microstructural features. The process starts with 
preparing a curated set of SOFC images that represent a variety of structural conditions. These 
images are then proceeded to preprocessing steps such as filtering and enhancement to reduce 
noise and standardize the image quality. In order to further improve the image clarity, contrast 
adjustment is applied to improve visibility of different phases and structural details. After that, 
image segmentation is utilized to isolate specific features within the microstructure. Based on the 
segmented images, quantitative metrics like particle size, volume fraction, and interfacial area 
density are calculated. These measurements are crucial for understanding the material 
characteristics and SOFC anode fuel cell performance. Finally, the computed results obtained 
from the automated segmentation are compared with reference data. This comparison helps to 
evaluate the accuracy of image processing algorithms used for image segmentation and image 
quantification. 
 
This research utilized a dataset provided by a research group at Kyoto University. The dataset 
comprises 80 SOFC images, each with dimensions of 305 by 285 pixels (height by width) as 
presented Figure 2. The dataset was selected because its quantification results were previously 
published in Kishimoto et al. [31] and this served as a reliable reference for validation. By 
referencing these results, the accuracy of the image quantification process can be effectively 
evaluated. 
 
Firstly, the ground truth image is converted from red, green, and blue format to grayscale. This 
simplifies the image by reducing it to a single intensity channel and eliminates unnecessary 
complexity that can arise from multiple colour formats. After that, a Gaussian filter which is 
known as a linear smoothing filter [32] is applied to improve the visibility of fine microstructural 
details. In Tan et al. [33], a Gaussian filter with a radius of two pixels was used to reduce image 
noise. The higher the kernel radius, the smoother the image becomes. However, this will cause 
excessive smoothing and loss of important microstructural details. Therefore, it is important to 
balance the noise reduction and details preservation. Moreover, the smoothed image is subjected 
to brightness enhancement and median filtering, a non-linear filtering technique [34] to 
simultaneously amplify high frequency components like edges, structural transitions, and phase 
boundaries while also preserving the intricate image details [34]. In addition, Rix et al. [35] 
mentioned that median filter is particularly effective in eliminating single pixel and two pixel 
misclassifications. This combination not only clarifies darker regions but also acts as a brightness 
normalization step where the intensity values are linearly rescaled. The image is normalized 
again by scaling pixel values from the original range of 0 to 255 to a standardized range of 0 to 1. 
Subsequently, multi-level thresholding is applied to divide the image into distinct regions by 
identifying multiple optimal thresholds. As described in Equation (1), these thresholds are 
selected to maximize the inter-class variance in order to separate the boundaries between 
different structural phases [36]: 
 
[𝑡𝑡1, 𝑡𝑡2, 𝑡𝑡3, … , 𝑡𝑡𝐾𝐾−1] = ArgMax𝜎𝜎𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏−𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐2 (𝑡𝑡)         (1) 
 
where, 𝑡𝑡 = threshold value and 𝐾𝐾 = class. 
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Figure 1. Flowchart of SOFC image processing workflow 
 

                                                  
(a)                                                                            (b) 

 
Figure 2. SOFC images: (a) Ground truth SOFC image, and (b) manual segmented image [31] 

 
In Chen and Gao [37] research on the fuel cell, a multi-level thresholding image segmentation 
technique was used to segment the gas diffusion layer for an accurate separation of pores, fibres 
and binder phases. Since the SOFC image exhibits three distinct intensity levels, corresponding to 
black, gray, and white regions which represent the pore, YSZ, and Ni phases respectively as 
presented in Figure 3, multi-level thresholding is an appropriate segmentation approach. This 
method suits multiphase images as it determines more than one optimal threshold value to 
partition the image into separate regions based on intensity distributions. After multi-level 
thresholding, three distinct masks corresponding to the three main phases are produced. 
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Figure 3. Labelled SOFC components on manual segmented SOFC image 
 
Next, three quantitative analyses are carried out to characterize the SOFC microstructure: particle 
size of pore, YSZ, and Ni; volume fraction of pore, YSZ, and Ni, and Ni-YSZ interfacial area density. 
The line intercept method is utilized on each mask to quantify the average phase diameter, 
drawing on the methodologies proposed by Sciazko et al. [38] and Yamazaki et al. [39]. In Sciazko 
et al. [38], a grid of lines is superimposed along orthogonal directions and the intercepts formed 
with each phase are measured to obtain the mean intercept length and its corresponding 
statistical distribution [38]. Yamazaki et al. [39] demonstrated a similar approach [40], as 
depicted in Figure 4 to quantify the phase connectivity. In their study, pore size is measured by 
using the distance between each pore voxel and its nearest solid voxel and multiplying by the 
voxel dimension [39]. By combining the principles of previous studies, the line intercept method 
provides a comprehensive framework for quantifying SOFC microstructural features. 
 

 
 

Figure 4. Schematic diagram of line intercept method [39] 
 
For volume fraction, each phase is calculated to describe its spatial proportion within the 
structure. In Zhang et al. [41], voxel connectivity is established based on three-dimensional (3D) 
domain and nineteen-velocity lattice Boltzmann configuration where each voxel interacts with 
eighteen neighbouring voxels across adjacent faces and edges, excluding the eight corner voxels 
[41]. According to Zhang et al. [41] and Masashi Kishimoto [42], the volume fraction in 3D 
represents the ratio between the number of voxels belonging to a particular phase and the total 
number of voxels in the analyzed volume as shown in Equation (2): 
 
𝑉𝑉𝑙𝑙 = 𝑉𝑉𝑉𝑉𝑉𝑉𝑙𝑙

𝑉𝑉𝑉𝑉𝑉𝑉𝑎𝑎𝑎𝑎𝑎𝑎
              (2) 

 
where, 𝑉𝑉𝑙𝑙 = the volume fraction of phase 𝑙𝑙 and 𝑉𝑉𝑉𝑉𝑉𝑉 = the volume [42]. 
 
When applied to the distinct masks, the same principle is adopted but expressed in terms of pixels 
rather than voxels. Consequently, the volume fraction of each phase is calculated by dividing the 
number of pixels representing that phase by the total number of pixels in the similar mask. 
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Hamann et al. [43] compared 2D and 3D analyses of Li-ion conducting electrolytes by looking at 
2D area fraction and their corresponding 3D volume fractions. They found out that the 2D 
measurements provided a reliable approximation of the true 3D values as long as there is an extra 
margin of ±1% is added to the standard deviation of the 2D area fractions [43]. On the other hand, 
the surface area of each individual phase within the SOFC microstructure can be quantitatively 
estimated from the image using stereological relations as expressed in Equation (3): 
 
𝑆𝑆𝑣𝑣 = 2𝑃𝑃𝐿𝐿  = 4

𝜋𝜋
𝐿𝐿𝐴𝐴   (3) 

 
where, 𝑆𝑆𝑣𝑣 = surface of phase in the volume, 𝑃𝑃𝐿𝐿  = number of intersection points with curves or lines 
per unit length of probe line, 𝐿𝐿𝐴𝐴 = total length of perimeter of phase per unit area [44].  
 
Based on the individual surface area values, the interfacial area density between any two phases 
can be subsequently determined. For the Ni-YSZ interfacial area density calculation, the SOFC 
image after multi-level thresholding has been segmented into three distinct binary masks 
representing the pore, YSZ, and Ni phases. For the evaluation of interfacial properties, the 
boundaries of each phase need to be extracted. This is done by calculating the perimeter of each 
binary mask that highlights the pixel edges of each phase. There is a relationship between the 
interfacial area density and the overlapping regions between different phases. Since the total 
surface area of a phase can be represented as the sum of its interfaces with the other two phases, 
the interfacial area density between Ni and YSZ can be derived using Equation (4) [45]: 

𝑆𝑆𝑁𝑁𝑁𝑁,𝑌𝑌𝑌𝑌𝑌𝑌 = 𝑆𝑆𝑁𝑁𝑁𝑁 + 𝑆𝑆𝑌𝑌𝑌𝑌𝑌𝑌 + 𝑆𝑆𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
2

 (4) 
 
Zhang et al. [46] noted that FIB-SEM and X-ray computed tomography are commonly used to 
reconstruct 3D microstructure of porous materials for accurate measurement of geometric 
properties. The properties included internal surface area, connectivity and porosity. While these 
imaging techniques avoided the need for empirical assumptions, but they are costly, time 
consuming, and not widely accessible in many laboratories [46]. They also pointed out that the 
interfacial area calculated from 2D analyses can closely match with the results obtained from 3D 
reconstructions.  By using a 2D stereological approach, the measured Ni-YSZ interfacial area was 
0.3357 ± 0.3612 μm2/μm3 which aligned closely with the 3D value of 0.3353 μm2/μm3 [46]. After 
completing the overall quantification of all microstructural parameters, their respective results 
are assessed by comparing with those from Kishimoto et al. [31] to verify the consistency and 
reliability of the automated image processing methods. 
 
 
3. RESULTS AND DISCUSSION 
 
This section presents the automated image processing and quantification techniques applied to 
analyze the SOFC microstructure. The proposed pipeline integrates several important steps: 
image preprocessing, phase identification and quantitative analysis of microstructural 
parameters. The performance of this pipeline is demonstrated through experimental results and 
followed by a discussion of its accuracy and consistency when compared to the reference study. 
 
3.1     Image Analysis Results 
 
Figure 5 provides a detailed illustration of the preprocessing steps applied to the SOFC 
microstructural images. In Figure 5(a), the original microstructure that contains variations in 
illumination, texture scratches and noise is shown as ground truth image. These variations can 
complicate the accuracy of phase segmentation easily. In order to mitigate these challenges, the 
image is first converted to grayscale as shown in Figure 5(b). This step is useful in removing color 
information. Continuously, as presented in Figure 5(c), a Gaussian filter is applied to suppress the 
noise level and smooth out the local intensity variations and surface imperfections while 
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maintaining the core morphological features of the microstructure. In practice, it functions as a 
combination of background estimation and background correction. By employing a large 81×81 
kernel size which is equivalent to forty pixels of kernel radius, it captures the low frequency 
background details and approximates the uneven illumination observed in SOFC images. This is 
because the uneven illumination is potentially caused by uneven microscope’s illumination [47]. 
After that, the estimated background is subtracted to enhance the microstructural edges. The 
selection of kernel size is guided by Yuan et al. [48] who noted that the maximum useable kernel 
size depends on image dimensions and frequency spectrum of the blur kernel. A large motion blur 
kernel may lose high frequency detail like ringing artifacts [48], but this is acceptable because the 
focus is on background estimation and not the full image recovery.  
 
Lastly, Figure 5(d) shows the result after brightness enhancement with a value of 1.2 and median 
filtered. The brightness enhancement value selected indicates that the image brightness is 
increased proportionally by a factor of 1.2 and the image brightness will be 20 % higher than the 
original image. According to the brightness range comparison by Kandel et al. [49], the most 
effective enhancement range is determined as 0.5 to 1.25. This range helps to maintain the 
brightness adjustments close to original brightness level to yield the best performance [49]. For 
median filtering, 7×7 kernel size is a commonly used kernel sizes [50] and therefore is selected 
to apply strong smoothing in order to remove the texture scratches and noise.  Dehghananari and 
Hosseinjanizadeh [51] reported that median filter produces a smoother image and effectively 
reduces noise when a large 7×7 kernel size is used. Nevertheless, the value chosen for the 
brightness enhancement and the selected median filter kernel size are important because they 
directly affect the amount of brightness increases and the amount of texture scratches and noise 
reduction. These steps can influence the phase boundary details loss if the values are too 
excessive. All parameter values were optimized through an iterative process that involved 
preliminary trials and visual inspections. A trade-off between noise suppression and preservation 
of microstructural details is carefully addressed in order to achieve the best image contrast and 
clarity. 
              
     

 
                 (a)                                              (b)                                              (c)                                             (d) 

  
Figure 5. SOFC image after conducting image preprocessing: (a) Ground truth image, (b) grayscale image, 

(c) Gaussian blurred image, and (d) brightness equalized and median filtered image 
 
Besides that, Figure 6 shows a comparison of different segmentation results after the SOFC image 
preprocessing. In Figure 6(a), the brightness equalized and median filtered image is used as a 
reference to assess the accuracy of the segmentation result of all phases. Figure 6(b) highlights 
an example of undersegmentation. As illustrated in the red circle, the pore particle size appears 
smaller when comparing it to Figure 6(a). This indicates a loss of structural pore details. In 
addition, Figure 6(c) demonstrates oversegmentation results. The blue circle marks irrelevant 
regions that are incorrectly identified. The misclassification happened along the boundary 
between the pore and Ni phases as represented in black and white in Figure 6(a). This will 
indirectly affect the computed results of particle size and volume fraction of pore and YSZ because 
the interfacial boundaries are interpreted as YSZ phase. In Figure 6(d), some Ni phases are 
incorrectly marked. These errors presented in the green circled area are potentially caused by 
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surface scratches that appeared during the preparation of ground truth image. Based on the 
discussed results, this shows that the proposed image processing methods are sensitive to surface 
artifacts. 
 
                 

 
                     (a)                                             (b)                                              (c)                                              (d) 

 
Figure 6. Comparison between phases in SOFC image after conducting image preprocessing:  

(a) Brightness equalized and median filtered image, (b) pore segmented image, (c) YSZ segmented image, 
and (d) Ni segmented image 

 
In Shimura et al. [52] image processing workflow, the edge lines of the trimmed FIB-SEM 
grayscale images are first skeletonized to remove boundaries noise. The grayscale values are 
adjusted to ensure skeletonized edges formed closed regions. For each region, the mean grayscale 
value is used to identify its phase and assign the appropriate corresponding grayscale value [52]. 
If there were any segmentation errors, those are addressed manually and the skeleton lines are 
removed by replacing them with grayscale value of adjacent pixels [52]. After that, a 3D median 
filter is applied to smooth the image. In contrast, the tailored image processing approach used in 
this study is simpler and more efficient. Skeletonization is not required by avoiding the additional 
steps and computational cost associated with Shimura et al. [52] pipeline. 2D median filter is 
utilized in this research rather than a more complex 3D median filter. In Faes et al. [53], they used 
grayscale thresholding and morphological operations such as dilation and erosion with an 
octagonal structuring element to refine boundaries. The tailored pipeline presented here retained 
clear phase boundaries of SOFC without the need for these extra procedures. 
 
Image quantification is performed using a dataset of 80 images provided by Kyoto University ‘s 
research team and the final results for each key metric representing the average measurements 
across the entire dataset. Table 1 summarizes the quantitative comparison between the reference 
results from Kyoto University’s research team and the results obtained through automated image 
quantification. The analysis focuses on three key metrics: particle size, volume fraction, and Ni-
YSZ interfacial area density for all phases. For the particle size, the reference results show         
0.961 μm for pore, 1.210 μm for YSZ and 1.470 μm for Ni. In comparison, the automated 
quantification reported smaller values, 0.900 μm, 1.050 μm and 1.400 μm for the same respective 
phases. Their corresponding accuracies are 93.65 %, 86.78 % and 95.24 %. These discrepancies 
are likely due to factors previously mentioned such as the segmentation errors at phase 
boundaries, noise, and surface or texture scratches. These texture imperfections and image 
artifacts affected the segmentation algorithm to differentiate the tiny morphological details that 
are important in distinguishing between phases. So, the segmentation algorithm struggled to 
classify the regions correctly, especially in YSZ. 
 
The volume fraction results show notable consistency. The Ni phase demonstrated highest 
accuracy at 99.49 %, while the pore and YSZ phases also presented high accuracies between 
95.88 % and 97.83 %, showing clear intensity distinctions among phases. As shown in Figure 6(a), 
certain regions between pore and YSZ are difficult to differentiate because their grayscale 
intensities are too close yet the proposed algorithm effectively resolved these overlaps with 
precise segmentation. The Ni-YSZ interfacial area density yielded the lowest accuracy at just 
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83.22 % compared with other key parameters. This shows some missed or incorrectly detected 
interfaces. As depicted in Figure 7, the misclassification often occurs when pores are confused 
with YSZ due to low boundary contrast or when surface scratches within the YSZ are wrongly 
identified as Ni. As a result, these issues will significantly affect the segmentation accuracy and 
indirectly affect the quantification accuracy. Nevertheless, the automated approach attains high 
accuracy with results comparable to manual segmentation. Although there is a slight accuracy 
difference remaining, this automated approach offers a significant advantage in terms of 
efficiency and eliminates the need for labour intensive and time consuming manual annotation 
processes. In order to address the challenges introduced by image artifacts, machine learning or 
deep learning provide a promising platform. By learning directly from the ground truth images, 
the machine learning models can capture the phase patterns and texture representations needed 
to minimize the misclassification error. They are also capable of denoising the input images 
without any explicit filtering while preserving fine-scale features that traditional segmentation 
methods tend to overlook [54]. As demonstrated in Otic and Kinefuchi [55], a machine learning 
3D reconstruction framework was able to effectively mitigate the slice-wise segmentation 
artifacts, image noise, and imaging resolution trade-off in FIB-SEM images. 
 

Table 1 Quantification results comparison between Kyoto University’s research team and automated 
image quantification 

 
Phase Results by Kyoto University’s 

Research Team 
Results by using Automated Image 

Quantification 
Particle 

size  
(μm) 

Volume 
fraction 

Ni-YSZ interfacial 
area density 
(μm2/μm3) 

Particle 
size 

(μm) 

Volume 
fraction 

Ni-YSZ 
interfacial area 

density 
(μm2/μm3) 

pore 0.961 0.243 
0.745 

0.900 0.233 
0.870 YSZ 1.210 0.368 1.050 0.376 

Ni 1.470 0.389 1.400 0.391 
 
                  

 
                 (a)                                                (b)                                               (c)                                                (d) 

 
Figure 7. Comparison of segmented results: (a) Ground truth image, (b) manual segmented image, (c) 

automated segmented image, and (d) misclassified pixels 
 

 
4. CONCLUSION 
 
This study developed a tailored image processing pipeline for segmenting and quantifying the 
microstructural images of SOFC anode and evaluated its performance against manual 
segmentation. The tailored pipeline offers a distinct advantage over standard image processing 
workflows for SOFC microstructures. Conventional workflows rely on skeletonization and 
multiple morphological operations to suppress the phase boundaries noise and the proposed 
approach delivers precise phase boundaries without these additional steps. Several key 
microstructural parameters: particle size, volume fraction and the interfacial area density 



International Journal of Autonomous Robotics and Intelligent Systems 
Vol. 1, No. 2, December 2025 [129-142] 

 

139 
 

between Ni and YSZ phases are calculated to assess accuracy. The automated approach showed 
minor oversegmented and undersegmentation, indicating a need for further refinement and 
optimization of the segmentation process. The quantified parameters achieved accuracies 
ranging from 83.22 % to 99.49 %, reflecting strong performance across most measurements 
despite some inconsistencies linked in segmentation errors. Image artifacts and overlapping 
intensities between phases were major error sources, challenging precise segmentation. 
Nonetheless, the imaging pipeline demonstrated its functionality and laid a solid foundation for 
future improvements. Given the complexity of SOFC images, conventional methods reached their 
limits, highlighting the potential of machine learning or deep learning approaches to capture 
complex patterns and enhance segmentation and quantification accuracy. 
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