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Abstract

In this study, a deep-learning super-resolution framework that restores the depth-wise
resolution of the 3D microstructure of a low-carbon steel without the need of additional training
data is presented. The 3D microstructure of a metallic material is generally obtained through
serial sectioning followed by observation of the sample surface. This provides a full 3D image,
but its resolution along the depth direction is low compared to that of the microscope-observed
planes. Various deep learning methods have been developed to overcome this limitation, but
they mostly require additional 3D microstructure datasets to train the networks. Here, an
enhanced super-resolution generative adversarial network (ESRGAN) trained on low and high
resolution pairs was employed to restore the depth-wise resolution of the microstructure. As
the pairs were generated internally from the specimen's own surface images, the trained
network was applied along the depth direction without any external dataset. Together with a
conventional SRGAN, a super-resolution convolutional neural network (SRCNN) and three
interpolation schemes, we compared the methods in terms of microstructural and statistical
analysis, as well as structural similarity. Among the compared methods, the ESRGAN

provided the most faithful reconstruction of the depth-wise microstructure.

Keywords

Super-resolution, steel microstructure, 3D image, deep learning



39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

Introduction

Metallic materials present distinct analytical challenges due to their complex
microstructures, which result from the combination of multiple alloying elements and the
diverse heat treatments they undergo during production. The microstructure of metallic
materials is composed of various phases and features, including grains, phases, dislocations,
and precipitates, all of which interact to determine the overall properties of materials. Steel, for
instance, may contain phases such as ferrite, austenite, martensite, or bainite, depending on the
thermal history[ 1-4]. These microstructures are generally formed in diverse and intricate ways,
which makes their characterization and analysis much more challenging and requires advanced
methods to fully understand their behavior in different applications[5—8]. Traditional methods
for investigating a material's microstructure have primarily relied on analyzing two-
dimensional (2D) cross-sections of a sample. This typically involves preparing the material
surface through a series of steps, such as polishing to remove surface irregularities and etching
to reveal distinct features. By investigating 2D microstructure images with a microscope,
researchers can identify microstructural components like grains, phases, and defects. While this
approach has proven invaluable in most cases, it is inherently limited when it comes to
capturing the complexity of three-dimensional (3D) microstructural features[9—11]. These
limitations become particularly evident in materials with intricate internal architectures, such
as those containing sparsely distributed pores, microcracks, or non-uniform features arising
from complex manufacturing processes. For such materials, 2D observations often fail to
provide a complete picture, potentially leading to an incomplete understanding or even
misinterpretation of the material's behavior and properties.

In contrast, 3D microstructure observation enables a more comprehensive examination
of a material's internal structure, offering insights that are unattainable through 2D analysis

alone. By reconstructing the material's structure in 3D, researchers can gain a deeper
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understanding of spatial distributions, connectivity, and the interactions between
microstructural features. This comprehensive view is crucial for advancing materials science,
as it provides valuable information for optimizing manufacturing processes, improving
material design, and enhancing the reliability and performance of materials in practical
applications[12—15]. For 3D microstructural analysis, both non-destructive methods such as
tomography-based techniques[16—18] and destructive methods such as serial sectioning-based
techniques[19-23] are widely employed. Among these, serial sectioning is particularly well-
suited for studying metallic materials, as it offers a broader observation range and higher spatial
resolution compared to many other methods. This makes it a preferred choice for capturing the
detailed microstructural features necessary for understanding and improving the performance
of advanced materials.

However, the resolution of a 3D image generated through serial sectioning-based
methods often exhibits anisotropy, meaning that the resolution varies considerably between
different spatial dimensions[24—27]. Specifically, the resolution in the x and y dimensions,
which correspond to the material's surface, is largely governed by the capabilities of the
microscope used to capture the images. Advanced microscopy techniques can achieve
extremely fine resolutions in these planar directions, allowing for detailed visualization of
microstructural features. In contrast, the resolution along the z-axis, which represents the depth
of the material, is primarily determined by the precision and consistency of the sectioning or
milling technique employed to remove successive layers of the sample. Factors such as the
thickness of each removed layer, the accuracy of layer alignment, and potential deformation
during sectioning can influence the depth resolution, often making it inferior to the surface
resolution[26,28].

This inherent disparity in resolution between the x-y plane and the z-axis can introduce

distortions and inconsistencies in the reconstructed 3D image. For example, features that
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appear continuous and well-defined in the x-y plane may appear fragmented or blurred along
the z-axis, making it challenging to accurately interpret the geometry and connectivity of
microstructural components. Such mismatches can lead to errors in quantitative analysis, such
as measuring the size, shape, or distribution of features like pores, grains, or inclusions[29,30].
Additionally, these resolution differences can hinder the ability to identify subtle or complex
microstructural phenomena, which are crucial for understanding material behavior and
properties[31,32]. Overcoming these challenges requires careful optimization of the serial
sectioning process, such as minimizing layer thickness and ensuring precise alignment between
sections, as well as the development of advanced image reconstruction algorithms to mitigate
the effects of anisotropic resolution and enhance the overall fidelity of the 3D representation.
To address this issue, researchers have recently endeavored to achieve isotropic
resolution of 3D microstructures by employing interpolation and deep learning methods
[18,31]. Interpolation methods, such as bicubic[35], bilinear[36], and nearest neighbor[37],
represent mathematical techniques for interpolating data points or pixels within an image.
While computationally simple, interpolation methods do not inherently enhance the level of
detail or image quality. In contrast, deep learning-based methods have gained popularity due
to their exceptional performance when trained with large datasets. In the field of deep learning,
the task of increasing the resolution of an image is termed super-resolution (SR)[38]. Among
the popular algorithms, super-resolution convolutional neural network or SRCNN[39] is a
pioneering approach that directly learns a mapping from low-resolution to high-resolution
images through a three-layer convolutional network, demonstrating that CNN-based methods
can outperform conventional interpolation techniques in both accuracy and efficiency. Another
representative method is super-resolution generative adversarial network (SRGAN)[40], which
adopts a generative adversarial framework integrating adversarial and perceptual losses to

recover high-frequency details, leading to photo-realistic sharpness and enabling SRGAN to
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generate more convincing textures than traditional or purely CNN-based approaches. It has
been demonstrated that SRGAN enables the recovery of details of a microstructure
image[26,41]. However, an important issue remains regarding the preparation of low-
resolution and high-resolution image pairs, as this process can be both costly and time-
consuming in the field of materials science and engineering. Building on SRGAN, enhanced
SRGAN or ESRGAN and other GAN-based SR methods further refined the perceptual quality
of reconstructed images by incorporating improved network architectures, perceptual loss
terms, and progressive training schemes[42—44]. Despite their outstanding performance, these
supervised methods are constrained by the need for a large dataset to effectively learn the
relationship between Low resolution (LR) and high resolution (HR) images.

To overcome this limitation, reference-free SR techniques have emerged, leveraging
internal image statistics to enhance resolution without requiring a large LR-HR dataset. Early
work in this direction demonstrated that local self-examples within a single image could guide
upsampling[45]. Approaches such as Deep Image Prior (DIP) have further shown how a
randomly initialized CNN can serve as an effective prior for restoring high-resolution details
without relying on external datasets[46], and SinGAN employs a generative adversarial
network trained on a single natural image to achieve reference-free SR among other synthesis
tasks[47]. Similar strategies have been applied in volumetric microscopy, where anisotropic
resolution is common. Park et al. introduced a deep learning-based reference-free SR technique
to achieve isotropic super-resolution in volumetric fluorescence microscopy by training on a
single 3D dataset without matched high-resolution targets[48]. Super-resolution that avoids
external training data has also begun to gain attention in the field of materials science and
engineering, largely because obtaining extensive and high-quality datasets is mostly difficult.
Hagita et al. introduced a deep learning-based SR approach to restore asymmetric focused ion

beam-scanning electron microscope (FIB-SEM) 3D images of polymeric nano-composites,
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thereby improving depth resolution and reducing observation time[26]. Gao et al. applied an
unsupervised CycleGAN-based framework to enhance low-quality SEM images of weakly
conductive materials, achieving higher resolution and detail restoration that outperforms
traditional deblurring methods[49]. However, such approaches remain underutilized for
metallic material images particularly for steel, where the microstructural constituents exhibit
considerable diversity and complexity. Inspired by prior studies, we investigate its potential for
enhancing the axial resolution in 3D microstructure images of steel and demonstrate its efficacy.

In this study, we present a deep-learning application that enhances the depth-wise
resolution for the case of a 3D volumetric microstructure of steel without the need for additional
reference images. This setting differs from reference-free approaches that learn without
matched high-resolution targets. The low- and high-resolution pairs used here are generated
from the specimen's own in-plane images. The supervision is therefore fully matched, although
no external dataset is required. A general overview of the approach is given in Fig. 1. The basic
strategy of this framework is to learn the mapping relationship between low-resolution (LR)
features and high-resolution (HR) features from surface images or x-y planes, and leverage
this knowledge to increase the depth-wise resolution or z-axis resolution. To demonstrate its
applicability, we first obtained a 3D microstructural image of steel, referred to as a ground truth
image in this study. Next, the resolution in the depth direction of a 3D image is decreased by
taking cross-sectional images at regular intervals so as to create a 3D image with anisotropic
resolution. After generating LR and HR image pair datasets from the x-y planes, we trained an
ESRGAN to learn how to convert LR images into HR images. Following the training phase,
we applied the trained network to x-z plane images to enhance depth-wise resolution. Finally,
we compared the ESRGAN-produced images with those obtained using various interpolation

methods to evaluate the ability to recover microstructural details.
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Figure 1. Overview of the proposed ESRGAN framework for enhancing the depth-wise

resolution of a 3D microstructure of low-carbon steel.

Results

Fig. 2 (a) illustrates the ground truth 3D microstructure image of a low-carbon steel
sample obtained through the serial sectioning method, along with its cross-sectional views. The
reconstructed 3D image has spatial dimensions of 2450 x 2100 x 101 pixels along the x, y, and
z axes, respectively. Here the sectioning thickness was controlled carefully, so that the
resolution is nearly uniform in all directions, approximately 0.8 um per pixel, as shown in Fig.
2 (b-d). These cross-sectional views reveal the intricate development of various microstructural
constituents, including ferrite, pearlite, and bainite, each of which plays a critical role in
defining the material's mechanical properties. This high-resolution and isotropic dataset serves
as a robust foundation for generating the anisotropic-resolution datasets and for providing the
ground truth used in validation. Using this 3D image, we further generated 3D datasets with

anisotropic resolutions to simulate real-world challenges in imaging and resolution limitations.
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For these datasets, the z-axis resolution was systematically reduced by retaining every second,
third, or fourth plane along the depth direction, which we refer to as the 2, 3, and 4 times
scenarios, representing increasingly anisotropic conditions. Each x-y plane image from these
3D datasets was then divided into smaller images, each measuring 96 x 96 pixels. These images
were further resized based on three different downsampling factors, producing final x-y
sections with resolutions of 48 x 96, 32 x 96, and 24 X 96 pixels, respectively. This systematic
downsampling process generated over 50,000 paired datasets of LR and HR images.
Additionally, to ensure comprehensive training and validation of the models, cross-sectional
views in the x-z planes of the anisotropic 3D images were processed in the same manner. These
x-z plane datasets provided an opportunity to assess the performance of the trained models in
handling anisotropic resolution challenges.

(a) 3d image of x-y plane

weegandgg T

2 axis

96pixel ..
“ospxd g6 -

Figure 2. Isotropic reference volume obtained by serial sectioning. (a) Ground-truth 3D
microstructure of the low-carbon steel, shown together with its orthogonal cross-sections

along the (b) x—y, (c) x—=z, and (d) y—z planes.
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Fig. 3 presents the super-resolution result for the 3 times super-resolution scenario. Fig.
3 (a) displays the entire x-z plane of the ground truth 3D image, with the region of interest
highlighted with a red box, providing an overview of the structural arrangement. Fig. 3 (b)
shows the HR image, where the x and z axes have equal resolutions, offering a much clearer
view that reveals coarse ferrite, finer ferrite plates, and black pearlite regions. Notably, sharp
boundaries and the presence of long, thin pearlite formations extending between ferrite plates
are clearly visible. In contrast, the LR image (Fig. 3(c)), with the z-axis resolution three times
lower than the x-axis, appears quite blurry and coarse, lacking the fine details needed to

accurately understand the microstructure.

(a) Cross-section image from the x-z plane

(¢} SRGAN (0.628, 0.092)

(i) Nearest (0.535, 0.113)
1 TR 0

Figure 3. Region-of-interest comparison for the 3 scenario: (a) the full x—z plane with the
ROI outlined in red, its (b) high- and (c) low-resolution references, and the reconstructions by
(d) ESRGAN, (e) SRGAN, (f) SRCNN, (g) bicubic, (h) bilinear, and (i) nearest-neighbor

methods; SSIM and RMSE are annotated on each panel.
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Fig. 3 (d-i) present the results obtained by applying different super-resolution
techniques. These include the ESRGAN, two other learning-based methods (the SRGAN and
the SRCNN), and three conventional interpolation methods. The ESRGAN-generated image
not only shows increased clarity but also recovers fine details that were absent in the LR image.
Specifically, thin, elongated ferrite plates and subtle pearlite arrangements are reconstructed
more faithfully, closely matching the structure found in the HR reference, indicating that the
ESRGAN captures complex textures and patterns most faithfully among all methods. The
SRGAN restores relatively sharp ferrite and pearlite boundaries, yet its textures are less
consistent with the HR reference, in line with the artifacts. The SRCNN produces more stable
reconstructions than the interpolation methods but fails to recover the finest high-frequency
features, and the fine pearlite is broken into isolated dark specks arranged on a regular grid
rather than the continuous plates seen in the HR reference. In contrast, the bicubic, bilinear,
and nearest-neighbor methods provide only some improvement, often producing overly smooth
or blocky areas and losing subtle structural features.

In addition to the visual comparison, we evaluated the reconstructions quantitatively.
We measured the structural similarity index measure (SSIM) and the root-mean-square error
(RMSE) between the super-resolved images and the HR reference. The ESRGAN yields the
highest SSIM score, indicating that its output most closely mimics the HR structure, and it also
achieves the lowest RMSE value, indicating fewer numerical differences from the HR
reference. These metrics confirm that the advantage seen visually also holds in a strict
quantitative sense, and that the network reconstructs important microstructural details more
reliably than the conventional interpolation methods.

To gain a more comprehensive understanding, we also compared super-resolved
images of the entire x-z plane, not just a cropped region. As shown in Fig. 4, LR, HR, and

super-resolved images obtained by the various methods are compared over the full field. This
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larger view helps us ensure that the ESRGAN does not only excel in small, selected areas but
can maintain its advantages over a broader region. The results in Fig. 4 clearly show that the
ESRGAN-generated entire plane image retains the clarity and detail recovery observed in the
cropped region. Thin and long ferrite plates, indicated by red arrows, are not properly restored
by conventional methods, as seen in Fig. 4 (d—f). These methods tend to lose important features
or blur them. However, the ESRGAN output (Fig. 4 (¢)) recovers these fine structures with

clarity, showing that it can consistently handle complex microstructures even over large areas.

Figure 4. Full-field reconstruction of the entire x—z plane at 3%: (a) low resolution, (b) high

resolution, and the outputs of (c) ESRGAN, (d) bicubic, (e) bilinear, and (f) nearest-neighbor.

So far, we have primarily focused on cases where the super-resolution factor was set to
3, showing that the ESRGAN effectively reconstructs the microstructure at this scale. However,
we need a more thorough evaluation of the ESRGAN’s capabilities in various conditions. To

address this, we also examined two other scenarios. Specifically, Fig. 5 shows how the

12



248

249

250

251

252

253

254

255

256

257

258

259
260

261

262

263

ESRGAN performs at a 2 times upsampling factor, allowing us to confirm if it can also
maintain clarity and detail even when the scaling is less extreme. In Fig. 5, we compare the
original LR images, the ground truth HR images, and results from the various methods. At this
smaller upsampling factor, the ESRGAN reconstruction in Fig. 5(c) recovers the fine features
most accurately and produces a clearer, sharper image that closely matches the HR reference.
The two other learning-based baselines in Fig. 5 (d,e) recover more detail than the interpolation
methods but remain less faithful than the ESRGAN. In contrast, the conventional methods in
Fig. 5 (f-h) reveal some finer details in the microstructure, but their outputs look slightly blurry
and rough, indicating that they struggle to cleanly recover all intricate features. This suggests
that even at a smaller upsampling factor, the ESRGAN offers considerable improvements over

both the other learning-based baselines and the traditional interpolation approaches.

{a) HR

v

(®) LR (¢) ESRGAN (0.718, 0.087) (d) SRGAN (0.662, 0.092)
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~==96pixels -~
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-
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TTe - 96 pixels
(e} SRCNN (0675, 0.088)

Figure 5. Reconstruction quality at an upsampling factor of two. (a) HR, (b) LR, and (c—h)
two-times super-resolved images obtained by the ESRGAN, SRGAN, SRCNN, bicubic, bilinear,

and nearest-neighbor methods, respectively, along with their SSIM and RMSE indices.
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The similar pattern emerges in the more difficult situation shown in Fig. 6, where the
upsampling factor is increased to 4. This scale is particularly challenging because only one in
every four depth-wise slices is retained, so the network must infer roughly three quarters of the
through-plane information from a highly sparse low-resolution input. As the upsampling factor
grows, the reconstruction becomes an increasingly ill-posed problem, since many different
high-resolution structures are consistent with the same low-resolution image. Under this
condition, the ESRGAN (Fig. 6 (c)) still recovers the thick, elongated ferrite plates near the
image center, which none of the other methods reproduce. This demonstrates that the ESRGAN
remains the best of the compared methods not only in moderate but also in quite demanding
scenarios, maintaining its advantage as the complexity and difficulty of the task grow.
Furthermore, Fig. 7 expands our understanding by comparing images at various upsampling
factors for the same area of interest. Naturally, when we push the scaling to high factors, the
quality of recovered images declines. Despite this inevitable decrease, the ESRGAN still
manages to restore microstructural features, avoiding a complete collapse into blur or

roughness.

{a) HR (B} LR

(¢) ESRGAN (0.568, 0.081) (d) SRGAN (0.382, 0.116)

.

== 96 pixels -~

(g} Bilincar {0339, 0.105)

(h) Nearest (0.362, 0.113)
). Yl e "

.
,"'I- L

Figure 6. Behavior under the most demanding 4 x setting: reconstructions of the ROI by the

ESRGAN, SRGAN, and SRCNN networks alongside the bicubic, bilinear, and nearest-neighbor
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HR

Figure 7. Effect of the upsampling factor (2%, 3, 4X) on reconstruction quality for the same

region of interest.

Fig. 8 compares how closely the reconstructions reproduce the high-resolution (HR)
3D image across upsampling factors. The ESRGAN attains the highest SSIM (Fig. 8 (a)) and
the lowest RMSE (Fig. 8(b)) at every upsampling factor, so its reconstructions are closest to
the HR image in both overall structure and pixel-level accuracy. The SRGAN and the SRCNN
fall between the ESRGAN and the interpolation methods on both measures, while the three
interpolation methods remain consistently lowest and do not reach the same level of fine detail.

Since the network processed only x-z sections, we viewed the y-z plane to test whether
the reconstruction remains coherent in a direction the network never saw. Fig. 9 shows a
representative y-z cross-section of the same reconstructed volume, with a region of interest
outlined in red for side-by-side comparison of the LR, HR, and three-times super-resolved

images. In these sections the interpolation methods produce blurred, indistinct grain boundaries,
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299  so that thin pearlite and fine ferrite plates are no longer resolved. The ESRGAN recovers the
300 shapes and boundaries of these constituents more faithfully, although not every feature is

301  restored.
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303 Figure 8. Pixel-wise agreement with the high-resolution reference across upsampling factors.
304  (a) SSIM and (b) RMSE of the ESRGAN, SRGAN, SRCNN, and interpolation reconstructions
305  relative to the HR volume, computed over the entire 3D image at each upsampling factor.

(a) Cross sectional image from the y-z plane

(d) ESRGAN
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307  Figure 9. Reconstruction in a different sectioning orientation. (a) Representative y—z slice with

(€) SRGAN
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308  the region of interest outlined in red, shown against its (b) high and (c) low resolution
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references, followed by the depth super-resolved reconstructions from (d) ESRGAN, (e)
SRGAN, (f) SRCNN, (g) bicubic, (h) bilinear, and (i) nearest-neighbor methods.

Fig. 10 examines whether the super-resolved volumes reproduce the phase information
of the real microstructure. Here, a Gaussian mixture model (GMM) was fitted to the intensity
histogram of the ground-truth volume to segment the ferrite from the non-ferrite constituents.
Fig. 10(a) presents a representative x-z plane for the 2 times upsampling scenario along with
its segmentation result and the overlaid image, in which the ferrite and non-ferrite constituents
are highlighted in white and red, respectively. The ferrite regions are clearly distinguished from
the non-ferrite constituents, and the segmentation of the HR image resolves thin, sharply
bounded non-ferrite bands along the depth direction. The learning-based methods retain these
features, whereas the interpolation-based methods reproduce blocky and vertically elongated
features whose boundaries are no longer resolved. Fig. 10(b) quantifies the ferrite fraction for
all upsampling factors. The ferrite fraction of the ESRGAN differs from that of the ground
truth by less than 1 % at the 2 and 3 times scenarios and by approximately 3 % at the 4 times
scenario, whereas the difference for the other learning-based methods grows rapidly with the
upsampling factor, reaching approximately 7 % for the SRCNN and 9 % for the SRGAN at the
4 times scenario. Notably, the values obtained from the interpolation-based methods are close
to the ground truth. This is because these methods construct every reconstructed slice as a
weighted average of the retained HR slices so that the global intensity distribution is preserved
by construction even though the depth-wise structure is severely smeared. The ferrite fraction
therefore provides a necessary but not a complete measure of reconstruction quality, and is best

interpreted together with statistical descriptors that capture the spatial arrangement of the
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Figure 10. Assessment of phase-fraction fidelity. (a) Representative examples of the
microstructure segmentation and (b) the ferrite fraction estimated from the segmentation

results of each method.

To assess how each method reproduces the through-plane (or z-axis) microstructure
beyond the pixel-wise metrics, we analyzed the reconstructed volumes using the two-point
autocorrelation method. Fig. 11(a) compares the through-plane autocorrelation of the HR
image and the super-resolved results at the 3 times upsampling scenario. The HR curve decays

rapidly, reflecting the fine depth-wise variation of the real microstructure. On the other hand,

18



342  the interpolation methods decay more slowly, indicating excessive smoothing along the depth
343  direction. The learning-based methods follow the HR curve closely and the ESRGAN
344  reproduces the rapid decorrelation that characterizes the true microstructure. Fig. 11(b)
345  summarizes this as the RMSE of each method’s through-plane autocorrelation from the HR
346  image, which is smallest for the learning-based methods. Fig. 11(c) extends the analysis across
347  upsampling factors using the anisotropy index, defined as the ratio of the through-plane to in-
348  plane correlation length (L,/L;, ). For the interpolation methods, this index deviates
349  progressively from the HR image with increasing upsampling factors, reflecting elongated
350  depth structure. However, the learning-based methods remain close to HR at every factor.
351  These results confirm that the ESRGAN preserves the through-plane microstructural statistics
352 that conventional interpolation methods fail to recover.

(b)

06

LA L]

012

fation

010

(L2 oK

Autocorne

D06

2-autocorr RMSE vs HR

T

0o

.00 N
no s 50 .3 100 125 150 - i > N

Anssotropy (Lz ¢ Lin)
\

353 : Upsealing lactor

354  Figure 11. Morphological fidelity assessed by two-point statistics. (a) z directional two-point
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error of each method's autocorrelation from the high-resolution reference, and (c) anisotropy

index (L_z/L _in) across upsampling factors.

Conclusions

In this study, we investigated the feasibility of employing the ESRGAN to enhance the
depth-wise resolution of a 3D microstructural image of a low-carbon steel without the need for
additional training images. Using only the provided 3D image, the network was trained with
x-y plane images to learn microstructural details and then applied to recover details in x-z
plane images, and its results were compared with those of an SRCNN, a vanilla SRGAN and
three interpolation methods. Regarding image quality, the ESRGAN restored fine and
directional microstructural details most faithfully among the compared methods, and it gave
the highest SSIM and the lowest RMSE at every upsampling factor. Beyond these pixel-wise
metrics, the ESRGAN reproduced the segmented ferrite fraction most accurately among the
learning-based methods, and its through-plane two-point correlation descriptors remained
closest to the HR reference, whereas those of the interpolation methods deviated increasingly
as the upsampling factor grew. Consequently, the ESRGAN provides the most faithful
reconstruction, among the compared methods, of a 3D image with anisotropic resolution using

a single image.

Methods

First, we achieved a full 3D microstructural image with uniform resolution along the x, y,
and z axes, ensuring high accuracy and consistency for subsequent analysis. This image will
serve as the foundation for both training models and validating their performance. To
accomplish this, we began by preparing a low-carbon steel sample with the specific

composition outlined in Table 1. The sample underwent an austenitization process at the
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400
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403

temperature of 1400 °C for 5 s, followed by continuous cooling at a rate of 3 °C/s to achieve
the desired microstructural characteristics.

Serial sectioning was carried out using an automated methodology that combined several
precise and repeatable steps. First, chemical polishing was employed to ensure a smooth and
uniform surface for imaging. This was followed by etching with 2% Picral solution to enhance
the visibility of microstructural features under optical microscopy. An optical microscope was
then used to capture high-resolution images of each prepared cross-section. To ensure that the
sectioning process produced layers of consistent thickness, we utilized indentation marks
placed on the sample's surface. These marks served as reference points, and sectioning
continued layer by layer until the disappearance of these marks confirmed the desired depth.
The cross-sectional images obtained through this process were subsequently processed and
aligned. Using the software ImageJ [50], we stacked the images in sequential order to
reconstruct the 3D microstructural image.

To simulate various anisotropic resolution scenarios typically caused by serial
sectioning-based methods, the resolution of the z-axis or the depth direction of the ground truth
3D image was reduced by choosing every n™ x-y plane, where n is set as 2, 3, and 4 for
different scenarios, as shown in Fig. 12. Consequently, the depth-wise resolution was cut down
to half, a third, and a quarter of the original resolution, respectively. From each anisotropic-
resolution 3D image, x-y cross-sectional images were sliced into patches of 96 x 96 pixels,
serving as HR images. Corresponding LR images were generated by downsampling the HR
x-y plane slices according to the downsampling factor of each scenario. This LR-HR paired
dataset from the x-y planes is referred to as the training dataset in this study. Additionally, a
validation dataset was prepared to assess the applicability of the proposed framework. For each
scenario, validation datasets were also created by slicing x-z cross-sectional images into

patches of 96 x 48, 96 x 32, and 96 x 24 pixels, respectively. These validation images were
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then used as inputs to the trained ESRGAN model to generate SR images.
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a5 L]

Figure 12. Construction of the training and validation datasets for the (a) 2%, (b) 3%, and (c)
4 x super-resolution scenarios, in which low-resolution slices are produced from the ground-

truth planes at each downsampling ratio.

The architecture of the ESRGAN consists of two networks as described in Fig. 13: a
generator and a discriminator. A generator takes an LR image as input and generates an SR
image that resembles an HR image. The general role of a generator in super-resolution tasks is
to increase the resolution by an upsampling factor. Our generator is made to increase only the
resolution of the height of an input image because our goal is to increase the z-axis resolution
of the LR image from the x-z plane. The generator comprises convolutional layers and residual
in residual dense blocks (RRDBs), followed by upsampling layers. Unlike conventional
SRGANSs with residual blocks (RBs), ESRGAN with RRDBs removes batch normalization
from RBs to prevent artifacts in super-resolved images and to considerably enhance image
quality [42]. The discriminator, which evaluates whether an input image is HR or SR, is

composed of multiple convolutional, batch normalization, and Leaky ReLU layers followed by
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dense layers. The loss for the discriminator is the adversarial loss with the concept of the
relativistic average discriminator [51] which estimates the probability that a real image is
relatively more realistic than a fake image. The network was trained with the Adam optimizer
[52] with ; = 0.9, £, = 0.999, and the batch size was set to 64. The generator and the

discriminator were alternately updated until the model converged.
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Figure 13. Network architecture of the ESRGAN based on residual-in-residual dense blocks

(RRDBs): (a) generator and (b) discriminator.

After the training was finished, we super-resolved the x -z plane images with
anisotropic resolution. The results were quantitatively evaluated using pixel-wise RMSE and
SSIM[53] against the corresponding ROI in the ground truth 3D image. The RMSE quantifies
the average difference between an SR image and an HR image, while the SSIM measures
similarity by considering luminance, contrast, and structural information. In short, RMSE
focuses on pixel-wise differences between images, making it intuitive, whereas SSIM captures

structural similarities in addition to pixel-wise differences, rendering it more abstract. In order
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to compare the performance of the ESRGAN with widely used image interpolation methods,
the RMSE and the SSIM of bicubic, bilinear, and nearest-neighbor methods are also estimated.
In addition to the interpolation methods, two learning-based baselines, a conventional SRGAN
and an SRCNN, were also evaluated for comparison.

To complement these pixel-wise metrics, we additionally quantified how faithfully
each method reproduces the microstructural morphology using statistical descriptors derived
from the two-point autocorrelation [54]. From each autocorrelation curve, a characteristic
feature size, referred to as the correlation length, was defined as the lag at which the
autocorrelation first decays to half of its maximum, obtained by linear interpolation; the
correlation lengths measured along the z and x directions are denoted the through-plane
correlation length L, and the in-plane correlation length L;,, respectively. These were then
used to define the anisotropy index as their ratio (L, /L;;,), which quantifies the directional bias
of the reconstructed microstructure. In addition, the deviation of each method’s through-plane
autocorrelation from that of the HR image was measured as the RMSE between the two curves.
These comparisons provide a quantitative measure of microstructural fidelity that complements

SSIM and RMSE by assessing the morphological statistics along the depth direction.

Data Availability
The datasets and the code used during the current study are available from the corresponding

author upon reasonable request.
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Figure captions

Fig. 1. Overview of the proposed ESRGAN framework for enhancing the depth-wise resolution
of a 3D microstructure of low-carbon steel.

Fig. 2. Isotropic reference volume obtained by serial sectioning. (a) Ground-truth 3D
microstructure of the low-carbon steel, shown together with its orthogonal cross-sections along
the (b) x—y, (c) x—z, and (d) y—z planes.

Fig. 3. Region-of-interest comparison for the 3x scenario: (a) the full x—z plane with the ROI
outlined in red, its (b) high- and (c) low-resolution references, and the reconstructions by (d)
ESRGAN, (e) SRGAN, (f) SRCNN, (g) bicubic, (h) bilinear, and (i) nearest-neighbor methods;
SSIM and RMSE are annotated on each panel.

Fig. 4. Full-field reconstruction of the entire x—z plane at 3x: (a) low resolution, (b) high
resolution, and the outputs of (¢) ESRGAN, (d) bicubic, (e) bilinear, and (f) nearest-neighbor.
Fig. 5. Reconstruction quality at an upsampling factor of two. (a) HR, (b) LR, and (c—h) two-
times super-resolved images obtained by the ESRGAN, SRGAN, SRCNN, bicubic, bilinear,
and nearest-neighbor methods, respectively, along with their SSIM and RMSE indices.

Fig. 6. Behavior under the most demanding 4x setting: reconstructions of the ROI by the
ESRGAN, SRGAN, and SRCNN networks alongside the bicubic, bilinear, and nearest-
neighbor interpolants (c—h), preceded by the (a) high- and (b) low-resolution images, each
labeled with its SSIM and RMSE.

Fig. 7. Effect of the upsampling factor (2%, 3%, 4X) on reconstruction quality for the same
region of interest.

Fig. 8. Pixel-wise agreement with the high-resolution reference across upsampling factors. (a)
SSIM and (b) RMSE of the ESRGAN, SRGAN, SRCNN, and interpolation reconstructions

relative to the HR volume, computed over the entire 3D image at each upsampling factor.
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Fig. 9. Reconstruction in a different sectioning orientation. (a) Representative y—z slice with
the region of interest outlined in red, shown against its (b) high and (c) low resolution
references, followed by the depth super-resolved reconstructions from (d) ESRGAN, (e)
SRGAN, (f) SRCNN, (g) bicubic, (h) bilinear, and (i) nearest-neighbor methods.

Fig. 10. Assessment of phase-fraction fidelity. (a) Representative examples of the
microstructure segmentation and (b) the ferrite fraction estimated from the segmentation results
of each method.

Fig. 11. Morphological fidelity assessed by two-point statistics. (a) z directional two-point
autocorrelation of the high-resolution and super-resolved 3D images, (b) root-mean-square
error of each method’s autocorrelation from the high-resolution reference, and (c) anisotropy
index (L,/L;y,) across upsampling factors.

Fig. 12. Construction of the training and validation datasets for the (a) 2%, (b) 3%, and (c) 4%
super-resolution scenarios, in which low-resolution slices are produced from the ground-truth
planes at each downsampling ratio.

Fig. 13. Network architecture of the ESRGAN based on residual-in-residual dense blocks

(RRDBs): (a) generator and (b) discriminator.
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644  Table caption

645  Table 1. Alloying composition of the low-carbon steel used in this study.

C

Si

Mn

P

Al

N

0.152

0.015

1.51

0.007

0.0016

0.026

18 (ppm)

28 (ppm)
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