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Table 1 Comparison of surface reconstruction based on single-view versus multi-view
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Review of 3D surface reconstruction based on
scanning electron microscopy
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Abstract The scanning electron microscope ( SEM) is widely used in materials science and biology research due to its high
resolution large depth of field and fast imaging capabilities. Although SEM images exhibit a sense of three-dimensionality they are
inherently two-dimensional and lack direct three-dimensional information. To achieve more intuitive visualization and accurate
measurement of surface features three-dimensional surface reconstruction from two-dimensional SEM images has become a key research
focus in microscopic imaging. This paper presents a comprehensive review of recent advances in this field including developments in
instrumentation algorithm optimizations and emerging applications. Particular emphasis is placed on the feature and progress of two
three-dimensional reconstruction methods: Singleview and multi-view. Current technical challenges are also discussed along with
future research prospects to support continued progress in this field.

Keywords scanning electron microscope; three-dimensional reconstruction; photometric stereo; structure from motion; in-situ

three-dimensional imaging
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Abstract—This article proposes an enhanced submicrometer-
resolution 3-D surface reconstruction framework for in situ
scanning electron microscopy (SEM) characterizing metal defor-
mation evolution, establishing the first practical solution for
spatiotemporal 3-D surface analysis in dynamic polycrystalline
systems. The methodology integrates an optimized gradient
computation algorithm with a multiscale reconstruction (MSR)
strategy, specifically addressing high-slope surface recovery chal-
lenges under mechanical loading. Key innovations include a cubic
compensation term for mitigating steep-region signal occlusion
and a hierarchical Gaussian pyramid architecture that preserves
more microscopic features through residual propagation while
suppressing measurement noise. Experimental validation on
IN718 superalloy demonstrates dual-scale characterization capa-
bilities: submicrometer-resolution reconstructions during early
plastic deformation capture slip trace activation dynamics and
cross-slip system interactions. In contrast, large-area recon-
structions in later stages quantitatively reveal grain boundary
collapse patterns and strain gradient distributions preceding
crack nucleation. The demonstrated approach bridges slip behav-
ior and dual-scale deformation mechanisms, offering significant
implications for material design and failure prediction.

Index Terms—3-D surface reconstruction, cross-scale char-
acterization, in situ scanning electron microscopy (SEM)
experiments, metal deformation behavior, slip trace analysis.

I. INTRODUCTION

N RECENT years, in situ scanning electron microscopy
I(SEM) experiments have gained significant attention for
their ability to observe the dynamic behavior of materials
under simulated service conditions such as mechanical loading
and thermal variations [1], [2]. Based on the powerful char-
acterization capabilities and extensive extensibility of SEM,
this technique provides direct visualization across scales from
nanometers to millimeters, offering valuable insights into the
fundamental mechanisms of material performance. Particularly
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in metal material research, in situ SEM is widely used to
study mechanical properties and deformation behaviors, such
as observing microstructural evolution [3], crack initiation
and propagation [4], and phase transformation [5]. These
studies provide important foundations for material design and
optimization in engineering applications.

Due to the imaging mechanism of SEM, it can only generate
2-D information, making it challenging to capture the dynamic
changes in the 3-D morphology of the sample surface [6],
[7]. For instance, it cannot quantitatively describe the height
variations of slip traces or the strain distribution at grain
boundaries. This is especially critical in in situ experiments,
where the surface morphology undergoes significant changes
during deformation, such as the appearance of slip traces in
the early stages of plastic deformation and overall undulation
due to extensive slip in the later stages. Therefore, there is
an urgent need to develop methods for reconstructing the 3-D
surface morphology from SEM images to supplement spatial
information and enhance analytical capabilities [8].

SEM-based 3-D reconstruction methods include multiview
and single-view approaches [9]. Multiview 3-D reconstruc-
tion requires tilting and rotating the sample stage to obtain
images from different perspectives, enabling large-scale 3-D
surface reconstruction [7]. However, this method is limited
by the size of the SEM chamber and changes in loading
conditions during sample stage tilting, making it less suitable
for in situ experiments. An alternative solution is single-
view 3-D reconstruction using a four-quadrant backscattered
electron (4Q-BSE) detector [10], [11]. The 4Q-BSE detector
captures backscattered electron (BSE) signals from different
angles, deriving surface gradients and thus reconstructing the
sample’s 3-D surface height field. This method, often called
shape from shading (SFS), has made progress in instrument
equipment and algorithm improvement [6], [11]. Nevertheless,
the existing application-oriented research [12] still reveals
critical limitations when handling complex morphological
features.

Specifically, single-view 3-D reconstruction methods based
on the 4Q-BSE detector face persistent challenges in high-
slope morphology scenarios, where signal occlusion signifi-
cantly degrades reconstruction accuracy [13]. Signal occlusion
occurs when parts of the sample block the path of BSEs,
leading to incomplete or inaccurate data in some areas of
the detector, which can result in artifacts and distortions
in the reconstructed 3-D surface [14]. Additionally, research
in the SEM single-view 3-D reconstruction area is limited,
and literature on such methods often consists of method-

1557-9662 © 2025 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and
similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
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ological articles lacking precision validation and with limited
application scope. This highlights the necessity for systematic
accuracy assessment and practical implementations in critical
domains like in situ SEM thermomechanical experiments.

This article proposes a 3-D surface reconstruction method
for in situ SEM experiments, integrating an optimized gradient
calculation algorithm with multiscale reconstruction strategies
to address critical challenges in metallic deformation analy-
sis. This framework provides a versatile tool for elucidating
complex deformation mechanisms in a wide range of metallic
materials, thereby contributing significantly to the rational
design and optimization of advanced engineering alloys and
enhancing the predictability of their long-term performance.
The main contributions of this work are as follows.

1) We establish the first practical framework for 3-D
surface reconstruction in in situ SEM experiments of
metallic materials, enabling spatiotemporal analysis of
metal deformation behavior.

2) We propose an enhanced 4Q-BSE-based 3-D reconstruc-
tion algorithm that effectively resolves signal occlusion
issues caused by high-slope surfaces, significantly
improving reconstruction accuracy compared to conven-
tional methods.

3) Our methodology achieves cross-scale observation capa-
bilities (from sub-micrometer slip traces to 100-um
grain clusters), allowing systematic investigation of
microstructure evolution across different deformation
stages.

II. RELATED WORKS

A. In Situ SEM Experiments on Metallic Materials

In situ SEM integrates multifield coupling modules to accu-
rately simulate service conditions (e.g., thermal cycling and
mechanical loading) within vacuum environments, enabling
real-time observation of dynamic deformation and microstruc-
tural evolution in metallic materials. By correlating macro-
scopic mechanical responses with microscale structural fea-
tures, this technique effectively captures transient behaviors
under extreme thermomechanical conditions, such as crack
initiation and propagation, providing critical experimental sup-
port for multiscale material modeling.

Recent studies exemplify in situ SEM’s pivotal role
in metallic material research. Zhang et al. [2] demon-
strated its efficacy in revealing crack propagation dynamics
through fatigue testing nickel-based superalloys and additive-
manufactured metals. Advancements now enable comprehen-
sive phase transformation analysis across temperature regimes.
Wang et al. [15] tracked fatigue crack growth and microstruc-
tural changes in additive-manufactured Al-Sil0-Mg alloys
under thermal-mechanical coupling, while reactor steel studies
[16] quantified microscale strain fields during deforma-
tion. Cutting-edge high-temperature imaging systems capture
dynamic processes like metal melting and recrystallization
[17]. These breakthroughs establish in situ SEM as an indis-
pensable tool for decoding material deformation behavior,
driving innovation in metallic systems.

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT

These studies have established benchmark datasets critical
for optimizing material performance under extreme oper-
ational conditions. Nevertheless, current methodologies are
predominantly reliant on 2-D imaging modalities, including
advanced quantitative strain mapping techniques like digital
image correlation (DIC), which provide valuable insights into
plastic localization and crystallographic slip [18] and inher-
ently lack direct spatially resolved 3-D height information.
This limitation introduces systematic errors in comprehensive
3-D morphology characterization, particularly for features with
significant out-of-plane displacement components such as slip
steps and surface wrinkling during plastic deformation.

B. 3-D Reconstruction With 4Q-BSE Detector

Three-dimensional surface reconstruction techniques are
crucial in materials science and engineering, particularly for
revealing complex surface topographies. Photometric Stereo,
as a noncontact 3-D imaging technique, infers surface normals
by analyzing intensity variations under different lighting condi-
tions to reconstruct surface geometry. Recently, deep learning
methods have significantly enhanced the robustness and accu-
racy of photometric stereo for challenging surfaces, especially
for reflective metallic surfaces [19], leading to confidence-
aware networks for more precise end-to-end normal and depth
estimation in smart metrology [20]. Furthermore, to overcome
the limitations of individual techniques, research has also
explored combining multiple 3-D reconstruction principles,
such as fusing photogrammetry with photometric stereo to
obtain more complete and accurate 3-D data [21].

Against this background, the 4Q-BSE detector integration in
SEM enables tilt-free 3-D surface reconstruction by extracting
topographic gradients from BSE signals via SFS algorithms.
Pintus et al. [10] presented an automatic alignment procedure
for a four-source photometric stereo technique applied to
SEM, which is crucial for accurate height field reconstruction.
Hardware advancements, exemplified by Borzunov et al.’s
[6] optimized detector arrays for enhanced quantum effi-
ciency, synergize with computational breakthroughs, including
Giardino et al. ’s [11] regularization-based distortion correc-
tion, Miyamoto et al.’s [14], [22] shadow-robust photometric
stereo, and Neggers et al.’s [23] multidetector decomposition
framework. These innovations underpin transformative indus-
trial applications. Notably, Agashe et al.’s reference-free defect
metrology achieves 3% height estimation errors [24].

Despite progress, existing methodologies predominantly
address static nonmetallic systems, assuming small surface
slopes. They have not been optimized for signal occlusion
under dynamic loading conditions. They lack temporal res-
olution to resolve dynamic deformation mechanisms like slip
traces evolution in metals—a critical gap for aerospace mate-
rials science. Our research bridges this divide through an
occlusion-resistant computational framework experimentally
validated via standardized protocols and demonstrates its first
implementation in in situ tensile testing of IN718 superalloy.
This approach enables concurrent micrometer-scale spatial
resolution and millisecond-level temporal tracking, revealing
previously undetectable fracture nucleation processes under
operational stress conditions.
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Fig. 1. Framework for in situ 3-D surface reconstruction and deformation evolution analysis.

III. FRAMEWORK OVERVIEW AND EXPERIMENTAL
SETTING

A. Framework Implementation

The proposed framework combines in situ SEM imaging
with computational reconstruction algorithms through three
coordinated modules: 1) synchronized mechanical loading
and 4Q-BSE signal acquisition; 2) adaptive gradient calcu-
lation with occlusion compensation; and 3) multiscale surface
reconstruction with 3-D spatiotemporal analysis of material
deformation behavior. As illustrated in Fig. 1, this architecture
ensures closed-loop validation from raw signal acquisition to
quantitative 3-D morphology analysis.

B. In Situ SEM Tensile Experiment and Images Acquisition

This study conducted in situ tensile testing on IN718
nickel-based superalloy, a polycrystalline material widely
adopted in aerospace and petrochemical applications due to

its high-temperature stability, superior strength, and corro-
sion resistance. The specimen preparation protocols, including
chemical composition, dimensions, heat treatment, and elec-
trochemical polishing parameters, are detailed in [25].

The custom-developed tensile testing stage [26] was inte-
grated with a CIQTEK 5000 Pro SEM equipped with a
precalibrated 4Q-BSE detector to establish the in situ char-
acterization system. Quasi-static tensile loading was applied
at 1 pm/s under ambient conditions. This displacement-
controlled loading strategy allowed for precise incremental
deformation, enabling intermittent image acquisition at spe-
cific strain intervals to capture the dynamic evolution of
surface features such as slip traces and overall morphology. As
illustrated in Fig. 2(a), the detector quadrants (A, C, B, and D)
arranged counterclockwise generated corresponding intensity
images (I4, Ic, I, and Ip). Synchronized mechanical loading
and imaging enabled intermittent microstructure observation
at user-defined strain intervals, with the physical setup shown
in Fig. 2(b).
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Fig. 2. In situ tensile testing configuration with synchronized mechanical

loading and 4Q-BSE detector imaging. (a) Schematic of the load-controlled
deformation coordinated with the 4Q-BSE detector and the Everhart-Thornley
detector (ETD). (b) Photograph of the experimental setup, highlighting the
specimen, in situ tensile stage, and the 4Q-BSE detector.

SEM imaging employed 15-kV acceleration voltage and
15-mm working distance with spot size maintained at 60 um.
Multiscale observation was achieved through progressive
magnification adjustments from 250x to 1200x across six
designated gauge regions, corresponding to horizontal field
widths (HFWSs) ranging from 510 ym at 250x to 110 um
at 1200x. All BSE images were captured at 3072 x 2048
pixel resolution, with HFW metadata embedded for spatial
calibration during 3-D reconstruction. This pixel resolution,
combined with the varying HFWs, yields an effective pixel
size ranging from approximately 36 nm/pixel (at 1200x) to
166 nm/pixel (at 250x), thereby supporting the capability for
submicrometer-resolution 3-D reconstruction.

IV. METHODOLOGY

This section comprehensively details our 3-D surface
reconstruction framework, tailored for characterizing the
microstructural evolution of IN718 nickel-based superalloy
during in situ SEM tensile testing. The framework’s core
relies on an optimized gradient calculation algorithm and a
multiscale reconstruction (MSR) strategy, crucial for accu-
rately capturing dynamic surface morphology under various
deformation conditions by mitigating signal occlusion and sup-
pressing noise. Unlike conventional single-scale least-squares
approach with regularization, which often suffers from error
accumulation and noise sensitivity, the MSR method leverages
a Gaussian pyramid-based strategy to enhance reconstruction
accuracy and suppress high-frequency noise, enabling precise
capture of surface morphology under tensile deformation. This
section is structured as follows. First, we outline the gradient
calculation methodology, addressing signal disappearance and
occlusion challenges. Then, we introduce the MSR algorithm
for surface reconstruction. Finally, we validate its performance
using a custom 3-D standard specimen.

A. Gradient Calculation

During SEM imaging, the interaction between the electron
beam and the specimen surface constitutes the fundamental
mechanism for image formation. When high-energy primary
electrons impinge on the sample, they may undergo either
inelastic or elastic scattering. The inelastic scattering process
generates secondary electrons (SEs)—low-energy particles
(<50 eV) predominantly utilized for high-resolution topo-
graphic imaging. Conversely, elastic scattering produces BSEs
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Fig. 3. Surface gradient calculation derived from cross-shaped indentation
morphology characterization. (a) Gradient maps along the initial acquisition
directions, AB and CD (Gap and G¢p). (b) Reoriented gradients along the
principal X and Y axes (Gx and Gy).

characterized by higher kinetic energies (typically >50 eV),
approaching the incident beam energy.

The BSE detector is strategically positioned directly below
the objective lens pole piece, with two principal configura-
tions: single-area detector and 4Q-BSE detector. The 4Q-BSE
detector enables flexible signal combinations from four dis-
tinct segments (A, B,C, and D) to extract compositional and
morphological information. As BSE emission efficiency cor-
relates with surface inclination, differential signal analysis
from opposing quadrants permits surface gradient computa-
tion through geometric considerations. Based on the quadrant
configuration illustrated in Fig. 2(a), the signal intensities from
detector regions A and B can be mathematically expressed as
follows [27]:

iy = W’TBSD [dy tan (D) cos (4 — Os) + cal

i
iy = @ [dp tan (®g) cos (O — Os) + c3]

(D

where @g and 65 denote the surface orientation parameters in
the polar-spherical coordinate system, while dy, dp, ca, cp, 04,
and 0p represent geometry-dependent constants determined by
the detector configuration.

Furthermore, assuming identical geometric coefficients
across all four quadrants (d4 = dp, cy = cp, and 64 = 180° —
6g) with matched sensitivity/gain settings, the surface slope
can be derived from normalized differential intensities between
opposing quadrant pairs. Let I, and Ip denote the signal
intensities from quadrants A and B, respectively. The surface
height gradient along the AB direction can be expressed as
[11]

G p = tan (Og)cos (Os) = k (%) 2)
where k is a proportional coefficient with its value given by
k = cq/d,.

This gradient calculation formula is theoretically correct but
presents two practical computational issues. The first is the
signal disappearance problem; for instance, electrons excited
in the crack interior region cannot be received by any detector
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s (i.e., Iy = Iy = 0), leading to computational errors in (2). This
us issue is resolved by adding a minimal positive constant & to
us the denominator.

47 The second is the signal occlusion problem: in regions
us  with steep surface slopes, BSEs may be blocked by higher
w sample features [14], creating significant shadow effects that
;0 amplify signal intensity differences between quadrant detec-
351 tors. This phenomenon is challenging to model accurately;
;2 thus, we adopt a simple yet practical compensation method
13 by introducing a cubic term in the gradient calculation. This
14 cubic compensation term is specifically designed to counteract
;5 the nonlinear overestimation of surface gradients that occurs
6 due to signal loss or amplification in steep topographical
;7 regions. The parameter o serves as a critical threshold: the
353 compensation is only activated when the observed normalized
10 signal difference, indicative of a steep slope, exceeds this
w0 predefined value. Conversely, by is a negative constant that
s applies the actual dampening effect, proportionally reducing
2 the calculated gradient to compensate for the occlusion-
s induced signal amplification. The coefficient b of this term
s« remains zero for small surface slopes and becomes a negative
s constant by only when the absolute value of the normal-
w6 ized signal difference, which is proportional to the surface
w7 slope, exceeds a predefined threshold «. In practice, by and
s @ are empirically determined through a calibration process,
w0 often involving samples with known steep geometries. The
wo successful reconstruction of multitier pyramidal structures

with 30°, 45°, and 60° sidewall slopes, as demonstrated in
our accuracy validation (Section IV-C), implicitly validates
the robustness of our chosen parameters for handling high-
slope morphologies. Consequently, the final gradient result for
AB-direction is expressed as

Iy~ Iy -1z \’
Gayp=k| —— |+ bl —— 3
AB (IA+IB+8) (IA+IB+8) ()
: Ia—1p
b= bo, if Titlpte| ~ @ )

0, otherwise.

Following the same methodology, the gradient calculation
result for the CD-direction is given by:

Ic - I Ie-Ip \°
Gep=k|———— ) +b| —— ) . 5
P (Ic+ID+8) (1c+ID+s) )

Due to the potential misalignment between the detectors’
actual configuration and the principal orientation of the in
situ tensile stage, the aforementioned gradients necessitate
systematic reorientation along the X and Y coordinate axes

Gx = COS (91) GAB -+ cos (02) GCD

. . (6)
Gy = sin(0;) Gap + sin(62) Gep

where 6, and 6, denote the angular deviations between the
AB/CD orientations and the X-axis coordinate system. These
angular parameters can be experimentally determined during
detector installation procedures or refined through Radon
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transform analysis combined with standardized calibration
specimens for enhanced metrological precision [23]. Fig. 3
demonstrates the computed gradient distributions derived from
cross-shaped indentation morphology characterization using
a microhardness tester. Specifically, Fig. 3(a) illustrates the
gradient profile aligned with the principal detector orientation,
while Fig. 3(b) presents the orthogonally decomposed gradient
mappings along the X- and Y-axes. For the corresponding
4Q-BSE images and the reconstructed 3-D morphology of
this indentation, please refer to the Supplemental Material
(Fig. S1).

B. Surface Reconstruction

Reconstructing 3-D surface height fields from surface
gradients constitutes a classical problem in computer vision,
typically addressed through integration-based approaches.
However, due to the imaging principle of SEM employing
point-by-point scanning and line-by-line imaging, error accu-
mulation progressively intensifies during the reconstruction
process through continuous integration. Previous research
on 4Q-BSE-based reconstruction has achieved promising
results by applying the least-squares method combined
with regularization techniques [6], [11]. The procedure is
as follows. Initially, precomputed surface gradient matrices
along the X- and Y-axes are retrieved, with dimensions
corresponding to the image size (W, H). Subsequently, a
height value of O is assigned to the designated starting point

Vz(6,)) = (G Gy),(x,y) €1

7
Z(x0,y0) = 0. @

Subsequently, the surface gradient matrix G, along the
X-axis direction is flattened column-wise into a column vec-
tor G,

Gl1
G

x x
Gi, Gi,
X x
G Gy

x
Giy
X
Gin

Q
=
Il
¢
Il
Q
8

(®)

Gl Gia  Giww

Gy
The surface gradient matrix G, along the Y-axis direction
undergoes identical row-wise flattening to form the column

vector Gy.. The mathematical formulation for surface recon-
struction using the least-squares method can be expressed as

> G.xc _
PZ:(GW)=G ©)

where P denotes the forward difference operator matrix with
dimensions 2QHW x HW), first HW rows correspond to finite
difference approximation of operator (0/0x), and the last HW
rows correspond to (8/dy). Z represents the surface height field
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vector to be solved, and G constitutes the complete gradient
column vector formed by vertically concatenating G,. and
Gy.. The construction methodology of matrix P is explicitly
delineated in Algorithm 1.

Algorithm 1 Forward Difference Operator P Matrix Construc-
tion
Input: Image height H, width W.
Output: Forward difference matrix P.
Initialize sparse matrix P € R2WxHW
Compute total pixels len < H x W
for i=1to len— H do

Pli, i] « -1
Pli,i+ H] « 1
end for

for col start =1 to len—H + 1 step H
for j=0toH -2
row « len + col _start + j
col « col _start+ j
Plrow, col] « —1
Plrow, col + 1] « 1
end for
end for

Building upon this theoretical framework, Giardino et al.
[11] incorporated regularization techniques to mitigate
interquadrant sensitivity disparities in the detector and
suppress image noise interference, achieving significantly
enhanced 3-D surface reconstruction fidelity. Following the
Tikhonov regularization paradigm, the surface height deter-
mination problem was reformulated as an optimization
formulation with a regularization term:

(10)
(1)

min{| PZ - G|* + 2 12|}
(P"P+AL"L)Z=P'G

where A denotes the regularization strength and L is a regu-
larization operator matrix of size (2HW x HW) constructed
based on the second-order central difference operator. The
detailed implementation is described in Algorithm 2.

The regularized 3-D surface height field Z can be obtained
by solving (11). However, the reconstruction process fails
to integrate the accurate distance information encoded in
HFW, resulting in deviations from the actual morpholog-
ical dimensions of the sample. Furthermore, this method
exhibits sensitivity to noise in initial images, where local
optima are readily induced by noise interference. Increasing
the regularization strength 1 would lead to excessive global
smoothing at the expense of fine details. We propose a
MSR method to address these limitations. By constructing
a Gaussian pyramid of gradient matrices, MSR provides
globally optimal initial guesses at coarse scales to acceler-
ate convergence while demonstrating superior high-frequency
noise suppression capabilities [28], [29]. The cross-scale
residual compensation mechanism also effectively enhances
high-frequency detail preservation [30].

Suppose that the Gaussian pyramid consists of S scales.
The initial gradient fields are designated as (Gg), G§1) ), corre-
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Algorithm 2 Second-Order Difference Operator L Matrix

Construction

Input: Image height H, width W.

Output: Second-order difference matrix L.
Initialize sparse matrix L € R2HWxHW
Compute total pixels len < H x W
for i =1 to len —2H do

Lli,i] <1
Lli, i+ H] « -2
Lli,i+2H] « 1
end for
for col start =1 to len—H + 1 step H
for j=0to H-3
col « col _start + j
row « len + col
Llrow, col] < 1
Lirow, col + 1] « =2
Lirow, col +2] « 1
end for
end for

sponding to the first layer (finest scale). The gradient fields of
subsequent layers are then defined as follows:

s . (12)
G = (G0 2,)

12

where the Gaussian kernel g,(x,y) = (1/ 27r0'2)e‘()‘2+>'2)/ @7 is
the unique filter satisfying linear scale-space axioms, capable
of effectively suppressing aliasing artifacts. The surface height
field Z® at scale s is computed through the residual propaga-
tion scheme; it is obtained by upsampling the solution from
the coarser s+ 1 scale and subsequently adding the interscale
residual

78 =Yy (Z(S-‘rl)) 1L AZW®
UDGD =Y hp@Z 2+ p,1il2 + q).

By incorporating the HFW recorded during image acquisi-
tion and dividing it by the gradient field width W at each
scale, we compute the actual scaling factor ) = HFW/W®
for each layer. Furthermore, the differential operators and
regularization strength parameters for each scale are defined
as

(13)
(14)

pP® = P(s)/y(S)
L0 =19 [y
PYCINPION (ym)z (8=5).

Specifically, the residual field AZ® is obtained by solving
the following optimization equation:

15)

min [P (0 (26°9) + 229) - 69

+ A9 | LAz (16)

Through iterative computation, the height field Z("’ obtained
at the finest scale (s = 1) is thus designated as the final
reconstruction result Zg,,. Compared with the single-scale
method (SSR), MSR significantly reduces noise sensitivity and
error accumulation through coarse-scale global optimization

Algorithm 3 Multiscale Surface Reconstruction

Input: Initial gradient fields GSCI) and G§1), maximum number
of scales S, regularization coefficient AV, horizontal field
of view width HFW.

Output: Height map Zgin,.
for s = 2 to S do

GY « GaussianBlur(GS™Y) T
G(y‘v) — GaussianBlur(G(y‘S‘_l))u
end for
for s = S down to 1 do
7(5) = HFW/W®
PO = POy
L'® = L(S)/y(s)
AW = 10 ()2 . 2659
if s=S
Z®) = argmin ||P')Z — GO)|?
+ASNLSZ|?
else
Zup — U(Z(SH))
AG, =G ~V,2,,,AG, =G - V,Z,,
AZ® = argmin ||[P"®WAZ — AGY|?
+AOL®AZ|?
Z9 — Z,, + AZY

end for

Zfinal — Z(])

return Z final

and fine-scale residual compensation. The complete computa-
tional workflow of this multiscale reconstruction framework is
summarized in Algorithm 3.

Remark 1: In the gradient calculation process, we incorpo-
rated a gradient compensation term to address signal occlusion
caused by high-slope planes. Furthermore, we combined the
MSR method through multiscale gradient decomposition and
residual compensation mechanisms, effectively suppressing
reconstruction errors induced by high-frequency noise in SEM
images.

C. Accuracy Analysis

To validate the accuracy of 3-D reconstruction algorithms,
we developed a custom 3-D standard specimen with multilayer
topographic features. The pyramidal structure, designed in
SolidWorks, features three tiers with sidewall slope angles of
30°, 45°, and 60° from bottom to top. The lower two tiers
contain multiple hemispherical indentations, while the top tier
incorporates larger hemispherical indentations, hemispherical
protrusions, and cruciform grooves. Fabricated on a silicon
substrate using high-precision two-photon polymerization 3-D
printing (0.5-um resolution), the specimen has a base edge
length of 200 um. A 100-nm gold layer was deposited via mag-
netron sputtering (40-mA current and 100-s duration) to ensure
conductivity for SEM imaging. Comparative reconstruction
was performed using the regularized SSR from [11] and
our proposed MSR algorithm. The regularized SSR method
[11] represents the state-of-the-art approach for 4Q-BSE-
based 3-D surface reconstruction, making it the most relevant
baseline for this comparative analysis. Fig. 4 demonstrates
the submicrometer-resolution 3-D reconstruction achieved by
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TABLE I
PERFORMANCE COMPARISON OF SURFACE RECONSTRUCTION METHODS

Plane Method  RMSE (um) MAE (um) MaxAE (um) R?

Plane A# SR 2.1952 1.8211 4.2708 0.8520
MSR  1.2192 (445% |) 1.0342 (432% |) 3.5660 (16.5% |)  0.9543 (+0.102 1)

Plane B# SR 5.0623 3.8472 10.8892 0.7782
MSR 14226 (71.9% |) 11232 (70.8% |) 4.0875 (62.5% |)  0.9825 (+0.204 1)

MSR. Height profile comparisons along characteristic planes
A# and B# reveal that the MSR results (red curves) align
more closely with the ground truth (black dashed curves) than
SSR results (blue curves). The MSR method’s incorporation
of third-order gradient terms for shadow mitigation and multi-
scale reconstruction strategy effectively reduces error accumu-
lation in high-slope regions (e.g., the hemispherical protrusion
in plane B#) while producing smoother surface morphology.

To quantitatively assess the reconstruction accuracy, we
employed several standard error metrics: root-mean-square
error (RMSE), mean absolute error (MAE), maximum error
(MaxE), and the coefficient of determination (R?). RMSE and
MAE provide measures of the average magnitude of the errors
between the reconstructed height field and the ground truth.
MaxE identifies the largest individual deviation, indicating
potential outliers or regions with significant error. R> quantifies
the proportion of variance in the ground truth that is pre-
dictable from the reconstructed height field, with values closer
to 1 indicating a better fit. As detailed in Table I, our MSR
method consistently demonstrates superior performance across
all metrics compared to the SSR approach. Specifically, MSR
achieves a substantial reduction in RMSE and MAE for both
Plane A# (low-gradient region) and Plane B# (high-gradient
region), with improvements ranging from 43.2% to 71.9%.
The significantly higher R?> values (up to +0.204 for Plane
B#) further underscore MSR’s improved fidelity in capturing
the true surface topography. These quantitative results robustly
confirm the enhanced accuracy and robustness of our proposed
method, particularly in challenging high-slope and complex
topographical regions.

V. RESULTS

In this section, we present our in situ SEM tensile testing
findings coupled with advanced 3-D reconstruction anal-
ysis of IN718 nickel-based superalloy, utilizing the MSR
method detailed in Section IV. Our approach combines
high-precision 3-D surface morphology reconstruction with
mechanical deformation data to provide a comprehensive
spatiotemporal characterization of material behavior under
tensile loading. The results are structured into three main
subsections: 1) in situ spatiotemporal analysis, which cor-
relates the evolution of 3-D surface morphology with the
stress—strain response across various deformation stages; 2)
submicrometer-resolution characterization of slip trace dynam-
ics during the early-to-midstages of plastic deformation; and
3) large-field 3-D reconstruction capturing polycrystalline
deformation characteristics in the middle-to-late stages of
strain. Compared to traditional 2-D imaging techniques, the
MSR method enables the simultaneous capture of fine-scale
slip features and macroscale surface relief phenomena with

exceptional accuracy, even under severe plastic deformation.
This section will first explore the relationship between 3-D
surface evolution and mechanical behavior, followed by
detailed insights into slip trace development and large-scale
polycrystalline deformation patterns.

A. In Situ Spatiotemporal Analysis

The 3-D surface reconstruction and analysis of in situ
experimental images were performed using the MSR method
described in Section III. Fig. 5 demonstrates the correlation
between high-precision 3-D surface morphology reconstruc-
tion (characterized by 3-D height fields) and the stress—strain
curve at different deformation stages during in situ tensile
testing of IN718 alloy, achieving spatiotemporal analysis of
material deformation behavior. The observed stress relaxation
phenomena in the figure correspond to image acquisition pro-
cesses during load-holding periods, with each stress relaxation
plateau representing a single imaging event. The left panel
illustrates intensive image sampling during the initial plastic
deformation stage (3.3%—16.7% strain range), designed to cap-
ture the dynamic evolution of slip traces in microdeformation.
As plastic deformation progresses to the intermediate and final
stages, the sampling frequency decreases while slip traces
approach saturation, with macroscale morphology features
becoming more pronounced in the height fields.

High-precision 3-D reconstruction was consistently
achieved throughout all plastic deformation stages, with
maintained accuracy as comprehensively illustrated in Fig. 6,
demonstrating the method’s superior robustness even under
severe plastic deformation. As shown in Fig. 6(a), the SEM
images of the observed region clearly depict the overall
surface evolution from the initial undeformed state to the
point nearing fracture. Fig. 6(b) and (c) further presents
the dynamic evolution of the 3-D morphology across the
entire strain range, with unified color bars within each panel
effectively highlighting the overall changes and emphasizing
the progressive nature of the deformation. Specifically,
Fig. 6(c) reveals distinct local bulging phenomena emerging
at the material surface when strain exceeds 16.7%, a
characteristic precisely captured by the 3-D height fields.
This deformation characteristic, resulting from grain rotation-
mediated strain accommodation, is precisely captured by the
3-D height field. For detailed individual 4Q-BSE images and
their corresponding 3-D reconstructions at each specific strain
step, please refer to the Supplemental Material (Figs. S2-S13).

B. Slip Trace Evolution Characterization With
Submicrometer 3-D Resolution

Submicrometer-resolution 3-D reconstruction of slip traces
was performed on IN718 alloy during in situ tensile testing
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Fig. 5. Correlation between 3-D morphology evolution and mechanical response in IN718 alloy during tensile deformation.
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Fig. 6. Dynamic evolution of the 3-D morphology and strain distribution correlation in the central gauge area of IN718 alloy during tensile deformation.
(a) Schematic of the observation region on the specimen and the corresponding SE images showing surface evolution from 0% to 50% engineering strain.
(b) Reconstructed 3-D height fields illustrating surface morphology changes during early plastic deformation (¢ = 3.3% to € = 15%), with a unified color
scale emphasizing progressive evolution. (c¢) Reconstructed 3-D height fields depicting surface morphology changes during late plastic deformation (e = 25%
to € = 50%), also with a unified color scale to highlight overall transformations.

at engineering strain levels of 5%, 8.3%, 11.7%, and 15%
[Fig. 7(a)—(d)], covering a 110-um-wide field of view. The
stress—strain curve confirms that all acquisition points reside
in the early-to-mid transition stage of plastic deformation
[Fig. 7(e)]. Height profile evolution along identical spatial
coordinates [arrows in Fig. 7(a)—(d)] reveals submicrometer-
scale slip step characteristics across strain stages (Fig. 7(f),
color-coded arrows/curves). A systematic increase in profile
slope with strain originates from grain rotation-induced mea-
surement plane wrinkling during plastic deformation.
Detailed analysis of characteristic regions shows that region
1# exhibits newly activated slip steps maintaining identical

Burgers vector orientation as primary systems (evidenced by
consistent profile slopes). Region 2# demonstrates activated
secondary slip systems with distinct vectors. Although 2-D
morphology suggests parallel slip traces within a single grain
(misinterpretable as a single slip system), 3-D height pro-
files reveal these traces correspond to dislocation motions
along different directions within the same slip plane, mani-
fested as differential slope characteristics in height profiles.
This quantitative characterization of slip trace morphology
at submicrometer resolution, a detail often undetectable by
conventional 2-D imaging, provides crucial insights into the
dynamic evolution of dislocation motion during incipient
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Fig. 7. Height variations and dynamic evolution of surface slip traces on IN718 alloy under different strain levels during the early stages of plastic deformation.
(a)—(d) Submicrometer-resolution 3-D reconstructions of slip traces at engineering strain levels of 5%, 8.3%, 11.7%, and 15%, all scaled to a unified height
range for direct comparison. The colored arrows indicate the spatial coordinates for height profile analysis. (e) Macroscopic stress—strain curve of IN718 alloy,
highlighting the specific strain acquisition points (colored circles) corresponding to the detailed analysis presented in (a)-(d) and (f). (f) Quantitative height
profile evolution along the indicated spatial coordinates, demonstrating submicrometer-scale slip step characteristics across strain stages.
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Fig. 8. Variation in the 3-D height field due to the coordinated deformation of multiple grains under a large field of view.

plastic deformation. Such understanding is fundamental for
deciphering the onset of plasticity, predicting work hardening
behavior, and identifying potential sites for early-stage fatigue
crack initiation, thereby guiding the design of alloys with
improved damage tolerance.

Remark 2: Through high-resolution 3-D reconstruction,
this study has quantitatively characterized the morphological
undulations of slip traces undetectable by conventional 2-D
imaging techniques, providing novel quantitative evidence
for deciphering the dynamic evolution of dislocation motion
during incipient plastic deformation.

C. Large-Field 3-D Reconstruction of Polycrystalline
Deformation Characteristics

During the middle-to-late stages of plastic strain
(16.7%-50%), the surface wrinkling and relief phenomena
of grains intensify significantly with increasing strain,
as demonstrated in Fig. 8. The horizontal field of view
reaches 510 um, approximately five times that of the region
shown in Fig. 7, enabling comprehensive observation of
coordinated deformation among multiple grains. The left-
side 3-D reconstruction results, normalized with a unified
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color scale, reveal collapse at the central grain boundary
region and pronounced undulations in peripheral grains,
indicating substantial deformation gradients near grain
boundaries. Comparative analysis between SEM images and
3-D morphology on the right side confirms their consistent
deformation patterns. The surface relief and wrinkling
originate from heterogeneous deformation caused by grain
orientation variations. In particular, enhanced dislocation
slip activity within specific grains is constrained by adjacent
grain boundaries, leading to ineffective strain transfer and
consequent intergranular shear deformation. Progressive
strain accumulation exacerbates shear deformation, ultimately
initiating intergranular crack nucleation.

The ability to capture such large-field 3-D morphology with
submicrometer resolution is invaluable for identifying macro-
scopic strain localization hot spots, understanding the critical
role of grain boundaries in accommodating heterogeneous
deformation, and accurately predicting failure mechanisms like
intergranular fracture in engineering components. This cross-
scale correlative analysis provides a comprehensive view from
grain-level interactions to macroscopic material behavior, cru-
cial for optimizing material design and enhancing reliability.

Remark 3: The large-field-of-view 3-D reconstruction not
only maintains submicrometer spatial resolution but also
achieves macroscopic characterization of full-field strain dis-
tribution in polycrystalline materials, demonstrating its unique
advantages in cross-scale correlative analysis.

VI. CONCLUSION

This article developed an innovative 3-D surface recon-
struction technology for in situ SEM experiments, aiming
to elucidate the deformation evolution mechanisms of metal-
lic materials systematically. By integrating an improved
gradient calculation method with a multiscale reconstruc-
tion algorithm, we effectively resolved the signal occlusion
problem encountered by conventional methods when process-
ing high-gradient surfaces, achieving significant enhancement
in reconstruction accuracy and robustness. Experimental
validation demonstrated the superior performance of this
technique in both standard specimens and in situ tensile
tests of IN718 nickel-based superalloy, accomplishing cross-
scale correlation analysis from microscopic slip traces to
macroscopic polycrystalline deformation. During the initial
plastic deformation stage, intragranular slip systems’ sequen-
tial activation and dynamic evolution were systematically
captured, revealing interaction mechanisms between different
slip systems. Large-field 3-D reconstruction unveiled grain
boundary accommodation behavior in the advanced plastic
deformation stage, particularly the correlation between strain
gradient distribution and crack nucleation mechanisms near
grain boundaries. These findings deepen the fundamental
understanding of metallic material deformation physics and
provide critical experimental evidence for multiscale material
design and performance optimization. The methodology can
be further extended to diverse material systems and complex
loading conditions, paving new avenues for advancing in situ
experimental technologies.
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ARTICLE INFO ABSTRACT

Dataset link: https://github.com/Elton0427/ET The scanning electron microscope (SEM) is a crucial tool for characterizing material microstructures, and
DMS it is renowned for its high resolution and depth of field. However, SEM image quality is affected by the
Keywords: scanning speed and resolution settings. When using SEM to capture fast-changing dynamic processes and other
Scanning electron microscopy (SEM) specific tasks, maintaining high image quality while using fast scanning mode is often tricky. To address these
Denoising diffusion probabilistic model challenges, this paper introduces introduce an efficient two-stage diffusion model for accelerated SEM image
SEM image super-resolution super-resolution named ETDMS. The image denoising and super-resolution were divided into independent tasks
Efficient two-stage diffusion model based on SEM imaging principles and completed in two separate stages. Specifically, in Stage 2, a conditional

lightweight encoder—decoder architecture SR network is proposed to replace the large U-Net in the traditional
diffusion model and combine it with accelerated sampling technology to improve image generation efficiency.
Experimental results prove that compared with previous super-resolution methods, the images generated by
ETDMS significantly improve evaluation parameters, subjective visual quality, and detail generation.

1. Introduction one can increase the dwell time of the electron beam on each pixel
point by adopting a slow scan mode. However, while this method

In the research of material science and other physical sciences, it can enhance image quality, it also significantly increases the image

is crucial to conduct in-depth analysis and exploration of the sam- acquisition time. Moreover, under specific experimental conditions,
ple’s microstructure [1]. The microstructure determines the material’s such as in situ observation of catalytic and other chemical reactions,
macroscopic properties and is crucial to understanding material sci- the rapidity of the reaction makes it impossible for the slow scan mode
ence phenomena. Scanning Electron Microscopy (SEM) has become to capture the fast-changing dynamic processes [6,7]. Therefore, fast
an indispensable instrumentation in material science research due to scan mode is a necessary choice. Additionally, the prolonged focusing

its outstanding characteristics such as nanometer-level resolution and
high depth of field [2,3]. SEM scans the surface of the sample with an
electron beam, and the signals excited are captured and amplified by
detectors, ultimately generating high-contrast two-dimensional images
that reveal the detailed characteristics of the sample’s surface, provid-
ing researchers with a window to observe, analyze and measure the
micro-world of samples.

Despite the many advantages of SEM, its image acquisition process
is inevitably subject to noise interference. These noises may originate
from the instability of the interaction between the electron beam and
the sample, the noise of the detector, and other electronic components
of the image acquisition system [4,5]. The presence of noise reduces the
image’s quality and affects the accuracy of subsequent image analysis
and processing. To improve the signal-to-noise ratio of the image,

of a high-energy electron beam can cause damage to specific samples,
especially biological samples [8,9] and thermosensitive materials [10,
11]. In pursuing high-resolution images (HR), the increased acquisition
time makes finding a balance between image quality and acquisition
efficiency even more challenging.

In recent years, many deep learning-based methods for low-
resolution image (LR) denoising and super-resolution (SR) have
emerged to address the issues above. These methods can be mainly
divided into three categories: Methods oriented towards Peak Signal-to-
Noise Ratio (PSNR) [12-14], methods based on Generative Adversarial
Networks (GAN) [15-17], and methods based on Denoising Diffusion
Probabilistic Models (DDPM) [18-20]. PSNR, as a widely used image
quality evaluation metric, can directly reflect the signal-to-noise ratio of
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(a) Fast scanning mode SEM image (b) Slow scanning mode SEM image

Fig. 1. Comparison of SEM images captured at different scanning speeds
and resolution settings. The left image was captured at a scanning speed
of 3 (1 ps/pixel) and upsampled 4x using bicubic interpolation to align
the resolution with the right image. The right image was captured at 5
(10 ps/pixel). The difference between the images acquired at the two settings
can be viewed by zooming in on the details.

an image. Methods guided by PSNR train neural networks by minimiz-
ing the Euclidean or Manhattan distance between LR and HR images.
These methods are easy to quantify and optimize during training and
have a lower computational cost. However, PSNR-oriented methods
tend to generate smooth images, which may lose high-frequency de-
tails, thus not being entirely satisfactory in visual quality. Methods
based on GAN introduce an adversarial training mechanism, which can
generate images rich in detail. However, the training process of GAN is
usually more complex, requiring careful design of network architecture
and loss functions, and is prone to mode collapse. Methods based
on DDPM simulate the reverse process of data generation, gradually
removing noise from the image and effectively capturing the statistical
characteristics of the image. Images generated by this method usually
perform better in visual performance and detail preservation. However,
the training and inference process of DDPM could be more convenient,
demanding on computational resources, and generally time-consuming.
Therefore, it is necessary to design corresponding lightweight strategies
to improve this problem.

In some specific applications of SEM, such as capturing the fast-
changing dynamic process, it is difficult to balance high image quality
while using fast scanning modes, as these images often come with
problems of high noise and insufficient detail information. Low quality
images prevent experimenters from accurately analyzing and measur-
ing microscopic features. Existing methods cannot address this issue,
highlighting a significant research gap. To close this gap, inspired by
the multi-stage concept in SRFS [20], this paper proposes a novel
and efficient two-stage diffusion model named ETDMS. This model is
specifically designed to address the unique challenges of SEM image
SR by leveraging the distinct characteristics of image degradation in
SEM. The core innovation of ETDMS lies in its strategic decompo-
sition of the complex SEM image SR problem into two independent
and optimized stages: dedicated denoising followed by conditional SR.
Based on DDPM, this model is designed explicitly for denoising and SR
of SEM images. In the SEM imaging process, the signal-to-noise ratio
(image quality) is mainly determined by the scanning speed (i.e., the
dwell time of the electron beam). In contrast, the diameter of the
incident electron beam spot primarily determines the image’s resolu-
tion. In practical applications, the fast scan mode produces low-quality,
low-resolution images (LQLR), while the slow scan mode produces
high-quality, high-resolution images (HQHR). Fig. 1 compares image
details under the two modes. In addition to the set acquisition resolu-
tion, scanning speed influences the acquisition process. In SRFS, LQLR
is first transformed into low-quality, high-resolution images (LQHR)
through a shallow PSNR-oriented SR network and then serves as a
conditional input to the subsequent SR network. However, in this pro-
cess, the upsampling without denoising leads to the diffusion of noise,
introducing new noise and artifacts, making the high-frequency details
of the image blurry and subsequently losing important information.

Ultramicroscopy 278 (2025) 114226

In the ETDMS model, the first stage employs a robust denoising net-
work (DN) to transform LQLR images into high-quality low-resolution
(HQLR) images. This crucial preprocessing step is designed to effec-
tively remove noise and enhance image details and local contrast,
thereby preventing the propagation and diffusion of noise during sub-
sequent upsampling. The second stage then takes these cleaned HQLR
images from the first stage as conditional input, allowing a conditional
lightweight SR network to focus exclusively on the super-resolution
task and the generation of high-frequency details through a diffusion
model. During this process, noise is gradually introduced through a
Markov chain until the image distribution approaches the standard
Gaussian distribution. In the inference phase, the complex U-Net net-
work structure used in SRFS is abandoned. Instead, a cross-attention
module is adopted to reduce the computational burden of many con-
volutional layers, thereby improving computational efficiency. Addi-
tionally, combining denoising diffusion implicit models (DDIM) reduces
the number of sampling steps and further accelerates the inference
process. Experimental results demonstrate that this two-stage approach
of ETDMS significantly enhances the quality and resolution of SEM
images, particularly in the performance of high-frequency details, while
maintaining high computational efficiency.

Experiments are conducted to evaluate the performance of ETDMS.
Specifically, LQLR-HQLR-HQHR SEM image datasets are captured from
multiple superalloy samples, aiming to provide more accurate and
reliable data support for the microstructural analysis of specimens
in material science by enhancing the quality of SEM images. The
experimental results demonstrate that ETDMS outperforms existing
algorithms in multiple aspects, including higher evaluation metrics,
more excellent visual quality, and faster inference runtime. Under
the default settings of ETDMS, the Learned Perceptual Image Patch
Similarity (LPIPS), which best simulates human subjective perception,
is reduced to below 0.2, representing an 8.5% improvement over the
state-of-the-art SR3. The inference time for a single image is reduced
from 25 s to less than 1 s. The main contributions are as follows:

+ The difference of images in SEM fast and slow scanning modes re-
garding quality and resolution is clarified, and a training data ac-
quisition strategy is proposed for LQLR-HQLR-HQHR. The image
pairs are captured under actual working conditions, not synthet-
ically generated, which offers better authenticity and reliability,
and helps to enhance the robustness of the trained models.

A novel two-stage SR network method called ETDMS is pro-
posed based on DDPM, which can effectively improve the quality
of generated images, especially the recovery of high-frequency
details.

The practicality of this research is demonstrated by effectively
reducing inference time without compromising image quality.
This is achieved through the use of an efficient network and DDIM
sampling.

2. Related work
2.1. Diffusion model for image super-resolution

Many learning-based methods have been applied to vision-based
measurement [21,22], including multi-source image fusion and knowl-
edge distillation [23], phase retrieval [24], and dynamic 3D measure-
ment [25]. Subsequently, in pursuit of superior viewing effects and
enhanced measurement accuracy, researchers have introduced further
innovations and conducted extensive trials in methodology.

DDPM is a powerful generative model first proposed in [18]. It
generates clear images from noisy ones through an iterative denoising
process and is flexible and applicable to many visual tasks, including
video generation [26,27], semantic segmentation [28,29], and so on.
DDPM is also widely used in image denoising and SR tasks across
various industries and fields [19,30]. DDPM can recover clear images
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Fig. 2. The complete process of proposed ETDMS.

from images containing Gaussian noise, especially in terms of stability
when dealing with complex scenes and details. By taking low-resolution
images as input, DDPM can generate high-resolution images while
preserving the details and texture information of the images. Recent
research, such as the work by Liu et al. [31] and An et al. [32], has
applied DDPM to SR tasks for remote sensing images. Wu et al. [33]
incorporating self-attention mechanisms to generate high-resolution
brain images, further proving the effectiveness of DDPM in SR tasks.

Although DDPM has shown excellent performance in image SR
tasks, it also has some limitations. For instance, the iterative process re-
quires noise and sample data to maintain the same size, leading to high
computational costs, especially when dealing with high-dimensional
data such as images and videos. Additionally, the sampling efficiency
of DDPM is relatively low, necessitating a large number of time steps
to ensure the stable generation of high-quality samples.

To address these issues, researchers have proposed various methods
to reduce the complexity of DDPM and improve efficiency. For exam-
ple, the Latent Diffusion Model (LDM) proposed by Rombach et al. [34]
significantly reduces computational costs by training diffusion mod-
els in latent space. The Denoising Diffusion Implicit Models (DDIM)
introduced by Song et al. [35] accelerate the generation process by
using smaller sampling steps. The Come-Closer-Diffuse-Faster (CCDF)
strategy proposed by Chung et al. [36] utilizes the reconstruction of
pre-trained networks for initialization, allowing for smaller time steps
and further accelerating the generation process of conditional diffusion
models.

The application of DDPM in image denoising and super-resolution
tasks has demonstrated its strong potential as a generative model.
Despite some challenges, with continuous research and improvement,
the prospects for the application of DDPM and its variant models in
these fields are very promising.

2.2. Denoising and super-resolution of SEM images

Numerous learning-based methods have been applied to the SR tasks
of SEM images. In earlier times, Tsiper et al. [37] employed sparse cod-
ing and dictionary learning algorithms to enhance the low-resolution
SEM images of microelectronic chips, achieving the level of high-
resolution images obtained through slow-scan SEM while significantly
reducing noise. Haan et al. [38] and Wang et al. [39] respectively
utilized GAN-based and attention mechanism-based methods for the
super-resolution of SEM images. In [20], the authors proposed a novel
two-stage approach, first super-resolving the SEM images and then
generating details based on a diffusion model, achieving excellent
results.

These methods aim to improve the resolution of the image and
generate a certain amount of detail but do not take into account
problems such as the low signal-to-noise ratio caused by the short
electron beam dwell time in the fast scanning mode, which makes it
difficult to generate sufficient detail.

3. Methodology

In this paper, an efficient two-stage diffusion model for the SEM
images SR task named ETDMS is presented. ETDMS is an innovative
two-stage network comprising a denoising network (DN) and a con-
ditional lightweight SR network (CLSR), which is shown in Fig. 2.
In stage 1, the LQLR images are denoised by DN into cleaned HQLR
images. In stage 2, the cleaned HQLR images are upsampled as the
conditional image and use the conditional diffusion model to predict
the difference between the cleaned HQLR images and HQHR images. In
Stage 1, the denoising process effectively removes the noise part from
the image while enhancing the detailed information of the image. This
preprocessing method ensures that the image is in a relatively clean
state before undergoing SR, and it also eliminates the noise diffusion
effect caused by direct upsampling. In Stage 2, CLSR focuses more
on reconstructing the details of the image rather than diverting its
learning capability to deal with noise. This strategy allows the network
to precisely and reasonably address the loss of quality and resolution
in SEM images under fast-scanning mode, thereby generating images
with better visual quality for satisfactory analysis and measurement.
In this section, the mainstream conditional diffusion-based SR network
structures will first be introduced. Then, the proposed efficient two-
stage network, ETDMS, including its DN and CLSR components, will be
presented.

3.1. Conditional DDPM

The implementation process of DDPM is composed of two processes:
the forward diffusion process and the reverse denoising process. In the
forward diffusion process, data is subjected to a fixed Markov chain.
This process gradually adds Gaussian noise generated according to a
preset noise variable schedule {f,,f,,...,f;} into the initial data x,
thereby continuously generating a sequence of latent samples, that is
{x1.%,,....x7}, identical in dimension to x,. The data distribution can
be set as

T
qCxp.7lxo) = [ aCelxio) &N

=1
a(xlx_) = N (xt; V1- ﬂ,X,_l,ﬂ,I> (2

where T is the diffusion time step and the noise variable {, € (0, l)}tT:I
with {f,, > ﬁ,}t:l. xp will be conformed to standard Gaussian dis-
tribution, x; ~ WN(0,I) under the premise that f; is sufficiently
large.

The forward diffusion process allows for sampling the state x, at any
given time 7, we have

ax,0xp) = N (x,; Vaxg, (1 - &,)1) 3

where a, = HZ:I (1 — B,). Reparameterization trick allows for the
simplification of Markov chains during the diffusion process. The re-
lationship between x, and x, at any time step ¢ can be expressed as

X = V&xo + V1 - dee~NOI) €))
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The posterior probability g(x,_;|x;,x,) follows a Gaussian distribu-
tion, which can be written as

Q(xt—l |Xt, XO) =N (xt—l N ﬁ(xn xo), ﬁrl)
Ve (1= _1) Va,_ b,
!1_- . X+ 115(, txO %)

%

A(x;, xo) =

ﬁ[ _ 1—&,7_] ﬂ,

T l-g

In the reverse denoising process, % is predicted by a conditional
denoising model é, parameterized by 6 with the input of time step ¢,
sampling data x, and Gaussian noise ¢ at time ¢. In addition, we set y
as the conditional input.

T

qCcgzr—1 xr %) = pGep) [ [ ateizy 1x,, %) ©)
t=1

N 1 A
x6 = F(xr — V1 =a,)éy(xg, y, 1) @
&

The object of the training process is to minimize the Kullback-
Leibler (KL) divergence between the noise added during the diffusion
process g(x,_;|x;,xy) and the noise predicted denoising model ¢, in
Po(x,_|x,), and the loss function is

‘e—ég(\/&_,xh,+ va! —&,e,x“,t)uz (€))

In the context of image SR tasks, there is still a problem in the
aforementioned process. The high-resolution images x,, € R"W<’xe
used for training are continuously degraded by the addition of noise
during the diffusion process, but their dimensions remain unchanged.
Here, w, h, and c represent the width, height, and color channels of
the image, respectively, and r represents the scale factor. If we want
to incorporate x;, € R¥**¢ as a conditional input into the prediction
network to generate a high-resolution image x,, € R™*"*¢  we need
to optimize the network architecture to address the issue of dimension
mismatch. In SR3 [19], Saharia et al. used bicubic interpolation to
upscale x;, and then combine it with x,, and ¢ to obtain the merged
information

Xmerged = Concat((x,,)bic“bic, \/&_,xxr +4/1—-a,e) 9

In the work of SRFS [20], Wang et al. proposed an innovative
approach that divides the SR and denoising processes into two stages.
Initially, a simple Shallow PSNR-oriented Super-Resolution Network
(SPSN) is trained, which consists of nearest interpolation upsample
layer and three convolutional layers, to achieve low-resolution SR and
obtain SPSN(LR), which is then used as a conditional input. Subse-
quently, based on the conditional DDPM with a large U-Net, noise
prediction is carried out to realize the denoising process. Following this,

ngn Lsimple(g) =E

X065t

temporal information 7 is processed through a transformer sinusoidal
positional encoding [40] to obtain temporal encoding information.

t, = TimeEmbedding(t) (10)

t, is then fed into the conditional denoising network e (typically a
large U-Net), which is trained to generate a high-resolution image x,,
corresponding to the provided low-resolution image x;,.

3.2. Proposed ETDMS

Departing from the prior methods, denoising and SR are considered
as two separate tasks. As illustrated in Fig. 2, DN has been integrated
with CLSR to propose ETDMS. In Stage 1, LQLR image is processed
by the denoising procedure DN to obtain the HQLR image, which
serves as the conditional input for Stage 2 to guide the CLSR in
continuously denoising the Gaussian noise image and predicting HQHR
%;. By employing a pre-denoising process with DN, CLSR can focus
more on the detail recovery in the SR task. This not only prevents the
spread of noise but also significantly enhances the overall quality of the
generated images.

The SwinIR network [14] was employed as DN for image de-
noising. SwinlR is an image restoration network based on the Swin
Transformer [41], which effectively restores image details through
hierarchical feature extraction and a high-quality image reconstruction
module. The LQLR image obtained from the fast scanning mode is
processed by a trained DN to generate cleaned HQLR image, denoted
by

XgorLr = DN(xrorr) an

In Stage 2, inspired by LDM [34] and LWTDM [32], the large U-Net
network previously employed in the reverse denoising process of the
diffusion model has been discarded, opting instead for a conditional
lightweight end-to-end encoder—decoder architecture that incorporates
cross-attention modules, named CLSR. The network structure of CLSR
is illustrated in Fig. 3.

In the encoder segment, temporal encoding information ¢, is ob-
tained based on (10). The coded features are divided into two separate
branches. The cleaned HQLR image generated in Stage 1, serving
as conditional image, is introduced as input to the low-resolution
branch, while the noisy sample X, and ¢, serve as inputs for the high-
resolution branch. Both branches are subjected to identical sequences
of ResBlocks(Res(-)) and PixelUnshuffle(PUS(-)) operations. The output
from the low-resolution branch, upscaled through a bicubic interpo-
lation upsample module(ups(-)), is integrated into the high-resolution
branch. This process utilizes elemental reconstruction, which is able to
reduce the dimensionality of the features by a factor ¢, and the whole
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Table 1
Specific information of the dataset.

Dataset LQLR images HQLR images HQHR images
(pixels/image) (pixels/image) (pixels/image)
Scanning speed 3(1 ps/pixel) 5(10 ps/pixel) 5(10 ps/pixel)
Raw data size 1024 x 768 1024 x 768 4096 x 3072
Cropped data size 64 x 64 64 x 64 256 x 256

process is still nonparametric. After pixelunshuffle, the feature maps’
length and width are reduced to 1/g of their original sizes, and the
number of channels d becomes d’ = d x ¢*. The encoded features from
the low-resolution and high-resolution branches can be respectively
expressed as:

z;, = PUS(Res(xgorR)) 12

zp,, = PUS(Res(X,,1,)) + ups(z;,.) 13)

In the middle feature extraction layer, we introduce the lightweight
embedding module named CrossAttention Module (CAM) that utilizes
cross-attention mechanisms to incorporate conditional information into
the high-resolution branch. N identical CAM modules are instantiated,
denoted as CAM,, for n = 1,2, ..., N. The representation for each module
CAM,, is delineated as follows:

.k}

CrossAttn(q,, k,,v,) = softmax( \/_ )-v, 14
’

d
where g, = W - Res(zp,.), k, = W' - Res(z;,) and v, = W - Res(z,). n
represents the module index and W is a learnable projection matrix.
During training, each CAM is tasked with updating the high-resolution
branch’s z,, through the forward propagation process

z, <2! + CrossAttn(q,. k,,v,) (15)

where zj is taken as the output of CAM,,.
In the final decoder section, a design opposite to that in the en-
coder is employed, efficiently decoding zg’r through ResBlocks and

PixelShuffle(PS(-)) to obtain the predicted noise €

€= PS(Res(z}),1,)) (16)

3.3. Distinction from SRFS

While SRFS [20] also proposes a two-stage DDPM super-resolution
strategy, ETDMS introduces fundamental distinctions, particularly re-
garding noise handling and efficiency:

« First Stage Design & Noise Handling: SRFS’s first stage upsamples
noisy LQLR without prior denoising, fundamentally leading to
noise diffusion across the higher resolution, introducing artifacts.
In contrast, ETDMS’s first stage performs dedicated pre-denoising,
providing a clean input to prevent noise propagation.

Second Stage Efficiency: ETDMS employs a lightweight CLSR
with cross-attention and integrates DDIM sampling, significantly
reducing computational burden and accelerating inference com-
pared to SRFS’s larger U-Net.

4. Experiments
4.1. Implementation details

4.1.1. Datasets

In this paper, images with various morphological features were
captured from multiple superalloy samples to construct the dataset.
These samples include single-crystal superalloy SX and polycrystalline
superalloy IN718 under high and room-temperature tensile fracture
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conditions. Details regarding the composition, dimensions, and fab-
rication techniques of these samples can be found in our previous
work [42,43]. All images were captured using the TESCAN Clara field
emission scanning electron microscope. We captured images from 60
distinct locations on multiple superalloy samples. For each of these
60 locations, three corresponding images were acquired, all based on
specific scanning speeds and resolution settings. The image quality was
influenced by the scanning speed, which was set to 3 and 5, while the
resolutions were 1024 x 768 pixels and 4096 x 3072 pixels, respec-
tively, to meet the requirements of a fourfold SR task. Subsequently,
these images were cropped, and 8,000 pairs were obtained for training,
2,000 for validation, and 1,520 for testing. Detailed information about
the dataset is shown in Table 1.

4.1.2. Evaluation metrics

For evaluation metrics, we employ general PSNR(1) and structural
similarity index (SSIM)(1) to assessing image accuracy and perceptual
quality. To comprehensively assess the quality of the generated SR
SEM images, we employed the Fréchet Inception Distance (FID)(|) to
evaluate the stylistic differences between the generated images and the
HQHR images, as well as LPIPS(]) to calculate the perceptual simi-
larity between the generated images and the HQHR images, thereby
simulating human subjective perception. Finally, we compared the time
required for different methods to SR LQLR (64 x 64 pixels) to HQHR
(256 x 256 pixels). All image quality tests and inference time calcu-
lations were performed on an NVIDIA GeForce RTX4090 D Graphics
Processing Unit (GPU).

4.1.3. Training settings

In this paper, the scale factor r is set to 4. In Stage 1, we train DN
for 200 epochs (1000 iterations per epoch) with Adam optimizer (8, =
0.9, f, = 0.999, ¢ = 10®) and the learning rate « is 2x 107, In stage 2,
we train CLSR for 1000 epochs (2000 iterations per epoch) with Adam
optimizer (§; = 0.9, f, = 0.999, ¢ = 10™*), and network parameters
N = 2, g = 4. During the training step, the time step is fixed at 2000,
and the initial learning rate a is 10~4. The source code for ETDMS is
openly available on GitHub at https://github.com/Elton0427 /ETDMS
under the MIT license.

4.2. ETDMS analysis

To conduct a detailed analysis of ETDMS, we compared the gen-
erated images and evaluation metrics at two stages under different
settings, as shown in Table 2. The HQLR images output in Stage 1
have excellent evaluation metrics, mainly because the deep feature
extraction module in the SwinIR network can effectively extract the
detailed features of the input SEM images, eliminate image noise while
preserving as much valid information as possible, and form cleaned
HQLR images. As shown in Table 2, Stage 1 (DN) delivers HQLR images
with a high PSNR of 32.71, as it is specifically optimized for image
denoising and signal-to-noise ratio improvement. It is important to
clarify that Stage 2 (CLSR), as a generative diffusion model for super-
resolution, primarily focuses on reconstructing high-frequency details
and achieving superior perceptual quality (reflected by lower FID and
LPIPS). While Stage 2 also involves a denoising process (reversing the
diffusion process noise), it is not designed to further remove origi-
nal image acquisition noise. Stage 1’s pre-denoising is thus crucial,
providing a clean foundation and enabling Stage 2 to concentrate on
realistic and perceptually high-quality SR image generation. Stage 2
is implemented based on diffusion models, which are generative SR
models that can provide more similar image styles and better visual
quality. In practical implementation, two sets of models were trained
separately according to different training data, namely captured HQLR-
captured HQHR and cleaned HQLR-capture HQHR. The results show
that the model trained solely from captured images can achieve better
PSNR and SSIM. However, the model trained with the cleaned images
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Table 2
Quantitative results of generated HQHR images with different settings and sampling steps.
Method Train input Sampling steps T} PSNR(1) SSIM(1) FID(}) LPIPS(]) Infertime(|)
ETDMS captured LQLR - 32.71 0.883 44.05 0.1012 0.0421
Stage 1: DN
50 23.76 0.704 63.38 0.3900 0.234
100 23.82 0.698 53.53 0.3391 0.453
ETDMS captured HQLR 200 23.97 0.694 48.53 0.2954 0.894
Stage 2: CLSR 500 23.87 0.687 45.19 0.2564 2.26
1000 23.86 0.683 44.79 0.2437 4.44
2000 25.63 0.691 44.06 0.2427 8.9
50 22.44 0.680 45.08 0.2684 0.234
100 22.56 0.665 42.75 0.2218 0.453
ETDMS cleaned HOLR 200 22.54 0.652 42.79 0.1960 0.894
Stage 2: CLSR 500 22.54 0.638 42.85 0.1840 2.26
1000 22.56 0.632 42.52 0.1832 4.44
2000 24.96 0.643 39.03 0.1760 8.9
ETDMS captured LQLR 2000 22.73 0.593 51.62 0.2282 8.9
Single stage
generated in Stage 1 as input has a significant advantage in FID and r0.28
LIPIS metrics, restoring high-frequency detail information and achiev- 0.68 125.0 1 1223&%’
ing better visual quality. This is believed to be due to the significant 245 FID(}) 026
differences between cleaned HQLR and captured HQLR. The cleaned 0.67 1 —#—LPIPS())
HQLR is smoother and has a higher signal-to-noise ratio. Therefore, 0.66 12407 [0
this configuration is set as the default setting for ETDMS, under which L 0.2
CLSR can focus on the generation of structural and high-frequency 06512357
information. A control experiment was also conducted with a single- 230 L 0.20
stage method, training CLSR with captured LQLR-captured HQHR, and 0.64 -
the results indicate that the two-stage method has a clear advantage 22.5 - 0.18
over this single-stage approach. In this control experiment, the CLSR 0.63 1
22.0 Lo.16

network was trained directly using captured LQLR images as input
and captured HQHR images as the target, thereby bypassing the initial
denoising stage. As shown in Table 2, the two-stage ETDMS consistently
demonstrates superior performance across all evaluation metrics com-
pared to this single-stage approach, particularly in terms of perceptual
quality metrics (FID and LPIPS), which are crucial for realistic detail
generation. This clear advantage validates our design choice to separate
denoising and super-resolution into distinct stages.

Diffusion models typically require thousands of sampling steps dur-
ing the inference process, which results in a longer time for image
generation. In CLSR, this situation was effectively improved by in-
troducing a lightweight encoder-decoder architecture network with
cross-attention modules. In addition, the DDIM sampling method was
adopted to accelerate the process further. Ablation experiments were
conducted to determine the optimal number of sampling steps, with
the results summarized in Table 2. Fig. 4 compares four evaluation met-
rics under different sampling steps, emphasizing the inherent trade-off
between the perceptual accuracy of the generated model and the gen-
eration time. The visualization results of CLSR with different sampling
steps are shown in Fig. 5. By balancing image quality and generation
efficiency, T,=200 was selected as the default setting for ETDMS while
retaining the T,=2000 highest-quality output mode, thereby increasing
the practicality of the method under real-world conditions.

In addition, ablation studies were conducted on the network param-
eter N to analyze its impact on experimental outcomes. We examined
the effects of various N configurations on model performance and
computational complexity, as shown in Table 3. Based on the findings
in Table 3, the N=2 configuration was ultimately selected as the
default setting for ETDMS, establishing an optimal balance between
computational efficiency and output quality.

4.3. Model comparison

In this section, ETDMS is compared with several existing SR meth-
ods, including the primary interpolation-based method Bicubic, PSNR-
oriented network SwinIR, enhanced super-resolution generative adver-
sarial network ESRGAN, and the conditional diffusion model-based

50 100 200 500 1000 2000
sampling steps T,

Fig. 4. Influence of sampling steps T, on evaluation metrics of ETDMS.

50 sampling steps 100 sampling steps 200 sampling steps

500 sampling steps 2000 sampling steps

1000 sampling steps

Fig. 5. Visualization results of different sampling steps of ETDMS.

network SR3. The results are shown in Table 4, where SR3 used a
sampling step count of 7,=2,000. Additionally, in Table 5, statistics
on FLOPs (G), Params (M), and Infertime (s) are provided so that
these methods can be delved into in terms of their complexity and
efficiency. The visualization results are shown in Fig. 6. The exper-
imental results were analyzed, where Bicubic performed poorly as a
primary interpolation method, which is not discussed in detail. Analysis
of the remaining experimental results revealed that ESRGAN, which
introduced adversarial and perceptual losses, had a good FID value
but performed average in other metrics and visual effects. SwinlR, as a
PSNR-oriented method, incorporated pixel loss during training and thus
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Table 3
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Quantitative results of generated HQHR images with different settings and sampling steps.

Method N Sampling steps 7, PSNR(1) SSIM(1) FID(}) LPIPS(}) Parameters (M) FLOPs (G) Infertime (s)
200 23.86 0.657 39.27  0.1991 1.1197
4 2000 25.81 0.659 36.33  0.1749 17.214 80.821 11.8
ETDMS 200 22.54 0.652 42.79  0.1960 0.894
Stage 2: CLSR 2 2000 24.96 0.643 39.03  0.1760 11.583 56.700 8.9
200 25.08 0.664 43.65  0.2070 0.786
E 2000 25.55 0.640 39.50 0.1810 8.768 44.639 7.6

LQLR

. ESRGAN
zoomed in

Bicubic SwinlR

captured

Fig. 6. Visualization results of output SR images generated by different SR methods at 4x scale factor.

had the best PSNR and SSIM. However, this also led to over-smoothing
in the images generated by SwinlR, with excessive FID and LPIPS values
and noticeable detail loss in the visualization results. The diffusion-
based SR3 network provided satisfactory FID and LPIPS and visually
was closer to captured HQHR but had lower PSNR and SSIM values,
as SR3 does not calculate pixel loss. In our SR task, previous methods
could not achieve satisfactory results. Our ETDMS, through its inno-
vative two-stage structure, first effectively removes the interference
caused by noise in LQLR images and then focuses on high-frequency
detail recovery in SR using a diffusion model. This approach enables
ETDMS to achieve the best FID and LPIPS, which are critical metrics for
simulating human subjective perception and evaluating the realism of
generated details, while also remaining competitive in PSNR and SSIM.
In the visualization results, the SR images generated by ETDMS are
also stylistically and in detail closer to the captured HQHR. Compared
to the two-stage method in SRFS, ETDMS fundamentally avoids the
problem of noise diffusion by pre-denoising. Furthermore, without
compromising generation quality, it utilizes a lightweight model and
accelerated sampling techniques to significantly enhance the efficiency
of SEM SR tasks. Running the two-stage method on an RTX4090 D to
achieve a 4x super-resolution task for 64 x 64 images takes less than 1
s, while SR3 requires about 25 s.

5. Conclusion

In this paper, an efficient two-stage diffusion model for acceler-
ated SEM image super-resolution named ETDMS is proposed, which

Table 4

Comparison of quantitative results by different aforementioned SR methods.
Method PSNR(1) SSIM(1) FID({) LPIPS(l)
Bicubic 21.73 0.420 188.87 0.5837
ESRGAN 22.41 0.524 57.676 0.617
SwinIR 24.21 0.675 157.58 0.5872
SR3 23.85 0.607 41.25 0.2143
ETDMS(T,=200) 22.54 0.652 42.79 0.1960
ETDMS(7,=2000) 24.96 0.643 39.03 0.1760

Table 5

Complexity of the aforementioned methods.
Method Parameters (M) FLOPs (G) Infertime (s)
ESRGAN 16.735 90.680 0.0249
SwinIR 11.852 50.546 0.0723
SR3 92.514 177.993 25.0039
ETDMS 11.583 56.700 0.894

enhances instrumentation characterization capability for vision-based
analysis and measurement. Previous SR methods for SEM images, due
to the lack of analysis and optimization of the SEM imaging principles,
often result in overly smooth generated images and a lack of high-
frequency details. The differences in image quality between SEM’s fast
and slow scanning modes have been clarified, and separated noise
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removal and SR into two independent tasks, thus proposing a two-
stage model. Stage 1 of ETDMS focuses on removing image noise, while
Stage 2 focuses on generating high-frequency details. Unlike previous
SR methods that use image synthesis or acquisition methods, a new
training data acquisition strategy is proposed, and LQLR-HQLR-HQHR
datasets have been captured under actual working conditions. In Stage
2, by using an encoder—decoder architecture and cross-attention mod-
ules, combined with accelerated sampling techniques, we significantly
improve the generation efficiency. ETDMS has achieved a significant
improvement in both perceptual image quality and generation speed
compared to previous methods. In future work, the application of gen-
erative models in SEM images will continue to be explored, including
the development of SEM image detail enhancement methods for specific
scenarios.
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ARTICLE INFO ABSTRACT
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This study addresses the challenge of removing vibration-induced horizontal stripe artifacts in Scanning
Electron Microscopy (SEM) images, which degrade image fidelity and compromise quantitative analysis.
The main contribution lies in the development of SwinIR-KD, a computationally efficient image restoration
framework. This framework synergistically integrates the Swin Transformer architecture with knowledge
distillation and a novel Horizontal Stripe Suppress Loss. Specifically, SwinIR-KD employs a lightweight student
model, distilled from a larger pre-trained SwinIR teacher model, and incorporates architectural modifications to
reduce complexity. A specialized loss function, combining reconstruction, distillation, and stripe suppression
components, guides the training. Experimental results on an SEM speckle image dataset demonstrate that
SwinIR-KD significantly reduces model parameters and computational complexity by approximately 79%
compared to the baseline SwinIR, while achieving comparable or even superior image restoration performance
in terms of PSNR, SSIM, FID, and LPIPS. Furthermore, SwinIR-KD effectively processes large-scale SEM images

and is complemented by a user-friendly interface for practical application.

1. Introduction

Scanning Electron Microscopy (SEM) stands as an indispensable
characterization tool within the field of materials science. Its capac-
ity for high-resolution imaging is pivotal for elucidating the intrinsic
correlations among the microstructure, morphology, and macroscopic
properties of diverse materials (Panwar et al., 2020; Zhang et al., 2024;
Guo et al., 2025). For example, SEM is extensively employed to scruti-
nize the surface characteristics of alloys (Zhang et al., 2025a), nanoma-
terials (Suga et al., 2014), and composite materials (Chowdhury et al.,
2025). This exceptional imaging prowess establishes SEM as the pre-
ferred technique for investigating nanoscale structures. Nevertheless,
the image acquisition process in SEM is notably susceptible to external
environmental disturbances, especially mechanical vibrations originat-
ing from other laboratory equipment or personnel activities (Jung
et al.,, 2012; Shin et al., 2020). Such vibrations typically manifest
as horizontal stripe artifacts in the acquired images (Fig. 1), which
fundamentally degrade image fidelity and can severely compromise
the accuracy of subsequent quantitative analyses in materials science.
For instance, such distortions can lead to erroneous measurements of
critical microstructural features like grain size, phase distribution, and
defect density, thereby affecting the reliability of downstream analysis
pipelines, such as automated segmentation or classification.

* Corresponding author.
E-mail address: yfzhang76@zju.edu.cn (Y. Zhang).

https://doi.org/10.1016/j.micron.2025.103897

Addressing these vibration-induced artifacts is crucial for maintain-
ing the integrity of SEM data and ensuring reliable scientific conclu-
sions. Traditional strategies for mitigating these artifacts have primar-
ily relied on hardware solutions, such as high-performance vibration
isolation tables. While effective, their substantial cost often limits
widespread adoption in resource-constrained environments. Software-
based correction methods have also been explored. For instance, sig-
nal processing techniques that incorporate frequency analysis and
phase control are particularly suited for periodic artifacts like vi-
bration stripes (Jung et al., 2012). Other algorithmic approaches,
such as those based on Fourier filtering and variational methods,
have been developed specifically for stripe removal by targeting fre-
quency coefficients or optimizing image smoothness while preserving
structures (Rottmayer et al., 2024). General digital image processing
methods, encompassing denoising and distortion correction, may also
indirectly mitigate the impact of vibrations (Ptuska et al., 2009).
However, these conventional software approaches frequently encounter
limitations such as low computational efficiency, inadequate capacity
for handling complex or large-scale images, and difficulties in achieving
real-time processing, especially when dealing with diverse and complex
real-world degradations (Appalanaidu et al., 2023). These inherent
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Fig. 1. (a) Ground truth image; (b) Image with vibration artifacts. The difference between the images can be viewed by zooming in on the details.

limitations underscore an urgent demand for more efficient and cost-
effective computational techniques to effectively eliminate vibration
artifacts in SEM images.

In recent years, deep learning techniques have emerged as a power-
ful paradigm in electron microscopy image processing, demonstrating
remarkable performance across a range of tasks including image seg-
mentation (Wang et al., 2022), feature recognition (Jain, 2024), and
denoising (Oho et al., 2019; Weigert et al., 2018). Specifically, Con-
volutional Neural Networks (CNNs) have shown success in SEM image
denoising and resolution enhancement (De Haan et al., 2019). More re-
cently, Vision Transformers (ViTs), particularly the Swin Transformer,
have introduced a transformative impact by effectively capturing long-
range dependencies with superior computational efficiency and per-
formance (Liu et al., 2021). Building upon this, the SwinIR model
has achieved further improvements in various image restoration tasks,
such as denoising, deblurring, and super-resolution (Liang et al., 2021).
Despite their outstanding performance, these advanced deep learning
models, especially Transformer-based architectures, often come with a
large number of parameters and high computational complexity, which
can hinder their practical deployment in resource-constrained envi-
ronments, particularly when processing large-sized SEM images (Jiang
et al., 2024). To address this bottleneck, Knowledge Distillation (KD)
offers an effective model compression paradigm, training a compact
student model to mimic the behavior and knowledge of a larger, more
accurate teacher model (Hinton et al., 2015; Gou et al., 2021). KD has
been successfully applied in image restoration to develop lightweight
denoising models (Chen et al., 2021; Wang et al., 2023).

This paper introduces SwinIR-KD, a computationally efficient frame-
work designed to eliminate vibration artifacts in SEM images. SwinIR-
KD synergistically integrates the Swin Transformer architecture with
knowledge distillation techniques and incorporates a horizontal stripe
suppress loss specifically targeting these artifacts. The efficacy of this
framework has been rigorously validated on an experimentally ac-
quired SEM speckle image dataset. Notably, SwinIR-KD achieves a sub-
stantial reduction in computational complexity, evidenced by approxi-
mately 79% fewer parameters, while concurrently maintaining or even
enhancing key image restoration performance metrics. Furthermore,
to augment its practical utility, we have developed a user-friendly
interface that facilitates direct comparison of processing outcomes from
both the SwinIR and SwinIR-KD models. The main contributions of this
work are subsequently outlined as follows:

» We propose a novel adaptation of the SwinIR model specifically
tailored for vibration stripe removal in SEM images, addressing
the unique characteristics of these artifacts. We introduce a cus-
tomized Horizontal Stripe Suppress Loss that effectively targets
the directional nature of vibration stripes, significantly enhancing
the model’s capability to suppress these specific artifacts.

* We develop SwinIR-KD, a significantly lightweight variant of
SwinlIR through a carefully designed knowledge distillation frame-
work. Our approach achieves remarkable model compression
(78.9% reduction in parameters and FLOPs) while maintaining
competitive performance, with processing efficiency improve-
ments of up to 58.2% for large-scale image processing tasks.

We design an intelligent tiling strategy to effectively process
high-resolution SEM images that exceed typical GPU memory
constraints. This approach incorporates adaptive patch-based pro-
cessing with weighted blending mechanisms, enabling seamless
artifact removal across tile boundaries while maintaining global
image consistency.

2. Related work
2.1. Electronic microscopy image restoration

SEM is a crucial characterization tool, but its image acquisition
is highly susceptible to external mechanical vibrations, which typi-
cally manifest as horizontal stripe artifacts (Jung et al., 2012; Shin
et al., 2020). These artifacts severely degrade image fidelity and can
compromise the accuracy of subsequent quantitative analyses, such
as measurements of grain size, phase distribution, and defect den-
sity, thereby affecting downstream analysis pipelines like automated
segmentation or classification (Yi and Voyles, 2011).

Traditional strategies for mitigating vibration artifacts primarily
rely on hardware solutions, such as high-performance vibration iso-
lation tables. Although effective, their substantial cost often limits
widespread adoption, particularly in resource-constrained environm-
ents. Software-based correction methods have also been explored. For
stripe artifact removal, methods often fall into categories like Fourier
filtering and variational methods. Fourier filtering approaches assume
stripe artifacts are directional and repetitive, encoding their informa-
tion in specific frequency coefficients. By appropriately damping or
removing these coefficients in the Fourier domain, artifacts can be
significantly reduced, though careful selection is needed to preserve
structural information (Rottmayer et al., 2024). Variational methods,
on the other hand, define denoising as an optimization problem, often
using regularization techniques like Total Variation (TV) to preserve
edges while smoothing noise (Tawfik et al., 2022). General digital
image processing methods, encompassing denoising and distortion cor-
rection, may also indirectly mitigate the impact of vibrations (Ptuska
et al., 2009). More broadly, traditional digital image denoising methods
can be categorized into filter techniques (e.g., bilateral filtering), sparse
coding (e.g., K-SVD), and model-based denoising (e.g., Block Matching
and 3D filtering (BM3D), Wiener filter) (Yi and Voyles, 2011; Mao
et al., 2025). While these methods can effectively remove noise and
preserve features, they often suffer from limitations such as low compu-
tational efficiency, high computational complexity for high-resolution
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images, and difficulties in achieving real-time processing, particularly
when generalizing to various real-world scenarios or complex noise
types (Appalanaidu et al., 2023).

In recent years, deep learning techniques have achieved significant
advancements in electron microscopy image processing, demonstrat-
ing outstanding performance in tasks like image segmentation (Wang
et al., 2022), feature recognition (Jain, 2024), and denoising (Oho
et al., 2019). Specifically, Convolutional Neural Networks (CNNs) have
been successfully employed for SEM image denoising and resolution
enhancement (De Haan et al., 2019). Content-Aware Image Restoration
(CARE) networks, for instance, utilize CNNs trained on noisy and clean
image pairs to restore microscopy data, often outperforming traditional
methods even under low signal-to-noise ratio conditions (Weigert et al.,
2018). This data-driven approach allows for learning complex noise
characteristics and structural information.

2.2. Advanced deep learning image restoration: Focusing on transformer

More recently, Vision Transformers (ViTs) have introduced a trans-
formative impact. Notably, the Swin Transformer, characterized by
its hierarchical window-based multi-head self-attention mechanism,
effectively overcomes the limitations of traditional CNNs in captur-
ing long-range dependencies, thereby offering superior computational
efficiency and performance (Liu et al., 2021). Building upon this ar-
chitecture, the SwinIR model has realized further improvements in
diverse image restoration tasks, such as denoising, deblurring, and
super-resolution (Liang et al., 2021).

The field of Transformer-based image restoration continues to evolve
rapidly (Jiang et al., 2024; Zhang et al., 2025b). Recent models like
HINT (Hierarchical multi-head atteNtion driven Transformer) address
redundancy issues in standard Multi-Head Attention (MHA) through
Hierarchical Multi-Head Attention (HMHA) and Query-Key Cache Up-
dating (QKCU) mechanisms, learning more diverse contextual features
and enhancing interactions between attention heads (Zhou et al.,
2025). Additionally, dual-Transformer models such as Dformer and
Rformer propose an all-in-one image restoration approach by lever-
aging frequency decomposition to understand how degradations affect
different frequency bands, enabling frequency-aware degradation esti-
mation and degradation-adaptive restoration with a single model for
multiple degradation types (Chu et al., 2024).

to produce the restored student output (j5). Key differences between teacher

Despite the excellent performance of advanced Transformer mod-
els like SwinlR, their large parameter size and high computational
complexity significantly hinder their deployment in practical resource-
constrained environments, especially when processing large-sized im-
ages (Jiang et al., 2024). This computational demand poses a sig-
nificant barrier to real-world application, making model compression
techniques indispensable.

2.3. Knowledge distillation for image restoration model compression

Knowledge Distillation (KD) provides an effective model compres-
sion paradigm to address the computational bottleneck of large models.
KD trains a compact and efficient student model to mimic the behavior
and knowledge encapsulated by a larger and more accurate teacher
model (Hinton et al., 2015; Gou et al., 2021). This process typically
involves transferring soft targets (e.g., probability distributions) or
intermediate feature representations from the teacher model to guide
the student’s learning (Li et al., 2023).

Various model compression techniques exist, including pruning,
quantization, low-rank decomposition, and lightweight model design.
Pruning reduces parameters by eliminating unnecessary weights or
neurons, though it can lead to irregular sparsity or performance degra-
dation. Quantization reduces numerical precision to decrease memory
usage and improve efficiency, but may result in accuracy loss if not
handled properly. Low-rank decomposition approximates weight ma-
trices to reduce redundancy, but the decomposition itself can be com-
putationally expensive and require extensive retraining. Lightweight
model design involves creating inherently smaller, efficient architec-
tures, which may have poorer generalization or be difficult to combine
with other compression methods. In contrast to these methods, knowl-
edge distillation guides the student model to learn more robust and
generalizable feature representations, which is crucial for preserving
fine details in image restoration tasks (Li et al., 2023). This knowledge
transfer aims to maintain or even enhance the student’s performance by
leveraging the powerful representations of the teacher model, making
it a preferred choice for complex tasks where perceptual quality is
paramount.

Knowledge distillation is not merely a model compression tech-
nique; it is a mechanism for transferring robust and generalizable
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Fig. 3. Illustration of the Large Image Processing Strategy. High-resolution SEM images are processed using a hierarchical approach involving fixed region overlap,
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limits. An example image region size of 512 x 512 pixels is shown.

feature representations, leading to perceptually superior results that
can even surpass larger teacher models. This is achieved by guiding
the student model to learn a better-regularized function, thereby miti-
gating overfitting and yielding perceptually more pleasing and accurate
results.

In the field of image restoration, the KD framework has been
successfully applied to train lightweight denoising models (such as U-
Net variants (Chen et al., 2021)) and to handle tasks like denoising
unpaired low-dose CT images (Wang et al., 2023). Recently, frame-
works like Simultaneous Learning Knowledge Distillation (SLKD) have
been proposed, employing a dual-teacher, single-student architecture
with distinct learning strategies to significantly reduce FLOPs and pa-
rameters while maintaining strong performance in tasks like deraining,
deblurring, and denoising (Zhang and Yan, 2025).

3. Methodology

This section provides a comprehensive description of the method-
ologies used in this study to develop and evaluate the SwinIR-KD model
for vibration artifact removal in SEM images. We begin by detailing
the preparation of our specialized SEM image dataset, covering sample
fabrication, image acquisition, and artifact induction. Subsequently,
we present the architecture of the proposed SwinIR-KD model, ex-
plaining the knowledge distillation framework, the specific lightweight
modifications to the student network, and the composite loss function
designed to optimize reconstruction fidelity and artifact suppression.
Finally, we describe the strategy for processing large-scale SEM im-
ages, which addresses typical memory limitations while maintaining
processing integrity.

3.1. Dataset preparation

To evaluate the impact of vibration artifacts on microstructural
characterization, two distinct nickel-based superalloy samples were
selected: a polycrystalline IN718 alloy with artificial speckle patterns
and a proprietary fourth-generation nickel-based single-crystal superal-
loy developed by the Institute of Superalloys Science and Technology,
Zhejiang University (Zhang et al., 2025a). Both samples were mechani-
cally ground to 4000 grit followed by meticulous polishing. Electrolytic
polishing was performed using a 10 vol.% HCIO, solution at 18 V for

15 s. For the IN718 alloy, speckle patterns (diameter: 0.5-1.5 pm) were
generated by chemical etching in a solution of 5 g CuCl,, 100 mL
HCI, and 100 mL C,HsOH for 40 s. For the nickel-based single-crystal
sample, gold nanoparticle speckles (diameter: 100 nm) were deposited
via nanoscale thin-film sputtering (40 mA current, 40 s duration) using
a film remodeling technique, following methodologies detailed in (Di
Gioacchino and Quinta da Fonseca, 2013).

Image acquisition was conducted using a CIQTEK SEM 5000 Pro
system under 15 kV accelerating voltage, 6 ps beam dwell time, and
an 11 mm working distance. Vibration artifacts were induced during
imaging by introducing controlled mechanical disturbances: (1) oper-
ation of a mechanical vacuum pump to simulate equipment-induced
vibrations, and (2) floor-impact excitations from human activity to
replicate common laboratory environmental noise. A total of 43 high-
resolution image pairs (1536 x 1024 pixels) of vibrated images and
artifact-free ground truth (GT) images were captured. Of these, 40
image pairs were cropped into 128 x 128 patches for model training
and evaluation, then partitioned into training (60%), validation (20%),
and testing (20%) sets. The remaining 3 full-size image pairs were
reserved for large-scale vibration removal evaluation.

3.2. SwinlR-KD model architecture

The SwinIR (Swin Transformer for Image Restoration) model, which
is particularly well-suited for removing SEM vibration artifacts, oper-
ates in three distinct stages. The SwinIR architecture was selected as our
base model for several reasons. Its hierarchical window-based multi-
head self-attention mechanism is particularly well-suited for SEM image
restoration because it can effectively capture both local fine details
and long-range dependencies, which is crucial for preserving intricate
microstructures while simultaneously removing global stripe patterns.

First, shallow feature extraction is performed using convolutional
layers to capture low-level image characteristics. Second, deep feature
extraction and transformation are accomplished by leveraging Resid-
ual Swin Transformer Blocks (RSTBs) and Swin Transformer Layers
(STLs); RSTBs enhance the learning process through residual connec-
tions, while STLs employ a shifted window self-attention mechanism
for efficient feature processing. Finally, a reconstruction stage generates
the restored high-quality image. While various model compression
techniques exist, such as quantization, pruning, and low-rank decom-
position, KD was chosen for SwinIR-KD due to its unique advantage
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in transferring knowledge and maintaining performance. Unlike other
methods that may sacrifice performance for size reduction, KD guides
the student model to learn a more robust and generalizable feature
representation, which is critical for the fine-grained details in im-
age restoration tasks. Building upon this foundation, in this paper,
we present the SwinIR-KD model, a lightweight image restoration
framework designed to effectively remove vibration artifacts from SEM
images while minimizing computational complexity and parameter
count (see Fig. 2). The model leverages knowledge distillation, learn-
ing from a pre-trained SwinIR network (teacher branch) to guide a
streamlined student branch, SwinIR-KD.

The input to the model is a vibrated image, processed through both
branches, with the teacher branch producing an output denoted as p;
and the student branch yielding y¢. The teacher branch employs a pre-
trained SwinIR network, which serves as our enhanced baseline. This
model was trained on our collected SEM dataset using a composite loss
function that included both the Charbonnier loss and the horizontal
stripe suppress loss with a weight of 4 = 0.1. This ensures a fair
performance benchmark for our proposed student model, which is
engineered for efficiency through targeted lightweight modifications
and is also trained using a composite loss function that balances recon-
struction, distillation, and stripe suppression components. Specifically,
the shallow feature extraction module reduces output channels from
180 to 96, the number of STLg layers within each RSTBg module
decreases from 6 to 4, and the multi-head self-attention mechanism
(MSA) is simplified from 6H-MSA to 4H-MSA. These adjustments sub-
stantially lower resource demands while striving to preserve restoration
performance.

The training of SwinIR-KD employs a composite loss function to
balance reconstruction accuracy, knowledge transfer, and artifact sup-
pression. The total loss is defined as:

‘CTotal =- a)ERec + a[’Distill + }“[’HStripeSuppress @

where Lp..(Js, Igr) measures the reconstruction error between the stu-
dent output j¢ and the ground truth image Iy, Lpgin(¥s, ) enforces
similarity between the student and teacher outputs for knowledge dis-
tillation, Lygripesuppress(Vs) specifically targets vibration-induced hori-
zontal stripe artifacts in SEM images.

The stripe suppression loss is formulated as:

H-1 W
£HStripeSuppress(j’) = NL" Z] ZI |j’i+l,j - JA’i$j| 2
i=1 j=

where H and W represent the image height and width, respectively,
and N, is a normalization factor. This term penalizes differences
between adjacent row pixels, effectively reducing horizontal stripes.
Through this distillation-driven approach, SwinIR-KD achieves signif-
icant reductions in computational overhead while maintaining or even
enhancing critical performance metrics, making it highly suitable for
resource-constrained applications.

The training procedure for SwinIR-KD is outlined in Algorithm 1,
which details the iterative optimization process. The algorithm takes as
input the vibrated image I ;,, the ground truth image Iy, a pre-trained
teacher model Figpeper, the student model Fygen> and hyperparameters
a and A. In each iteration, the vibrated image is processed by both
the teacher and student branches to generate $; and jg, respectively.
The reconstruction loss is computed using the Charbonnier loss, the
distillation loss via mean squared error (MSE), and the stripe suppres-
sion loss based on pixel differences. These components are combined
into the total loss, which is then used to update the student model
parameters through backpropagation. This process ensures that SwinIR-
KD efficiently learns to restore images while suppressing artifacts,
leveraging the teacher’s knowledge to enhance performance.

Micron 199 (2025) 103897

Algorithm 1 SwinIR-KD Training Procedure

Input: Vibrated Image I, Ground Truth Image Igr, Pre-trained
Teacher Model Fie chers Student Model Fygent, Hyperparameters a,
A
Output: Trained Student Model Fjgent-
Initialize: Set learning rate, optimizer, and other training parame-
ters.
for each training iteration do

yr < Fteacher(Ivib)

.’A}S - Fstudent(Ivib)

Lgee < CharbonnierLoss(jg, Igt)

Lpistin < MSELOSS(I)A’S,)AZ_)] w

EHStripeSuppress < i Z,‘:] Zj:l Vs - JA’S,»Jl

Lrotal < (1 = @) - Lree + & - Lpjgein + 4 [’HStripeSuppress

Compute gradients of Lyqy W.I.t. Fyygent Parameters

Update Fqene Parameters using optimizer
end for
return Trained Fygen

i+1.j

3.3. Large image processing strategy

Processing large SEM images efficiently requires overcoming GPU
memory limitations and computational complexity. To address this, we
propose a hierarchical strategy that divides the image into overlapping
regions and smaller patches for processing (see Fig. 3). The large image
is first segmented into regions of size R x R with an overlap of O,
pixels, and each region is further divided into patches of size Px P with
an overlap of O, pixels. These patches are individually denoised using
the model, and the results are seamlessly stitched back together using
weight maps to ensure smooth transitions across overlapping areas.

Weight maps W (x, y) are defined with linear decay at the edges as:

Wi(x) =<1 ifO<x<S-0, 3

x .
5 if0<x<oO,
S—x

o lfS—OSX<S

where S is the size (region or patch), and O is the overlap.
The 2D weight map is computed as W (x, y) = W (x) - W(y), and the
final pixel value in overlapping areas is:

Z(lprocessed(x’ - W(x,)
SW(x,y)+e

where ¢ = 1078 for numerical stability.
Region and patch positions are adjusted with strides R — O, and
P - 0O, respectively, ensuring full coverage even at image boundaries.
The simplified process is outlined in Algorithm 2. This approach
balances memory usage and computational efficiency while preserv-
ing denoising quality, making it practical for large SEM images in
resource-constrained settings.

Tou(x, ») = ()]

3.4. Evaluation metrics

For quantitative evaluation of vibration artifact removal, we employ
the Peak Signal-to-Noise Ratio (PSNR)(1) and Structural Similarity
Index (SSIM)(1) to measure the fidelity of restored images relative
to their artifact-free ground truth. To holistically assess the restora-
tion quality, we further utilize Fréchet Inception Distance (FID)(|) to
quantify the distributional divergence between processed outputs and
high-quality reference images, and Learned Perceptual Image Patch
Similarity (LPIPS)(|) to gauge perceptual similarity, thereby emulating
human visual judgment of artifact suppression. Finally, we benchmark
computational efficiency by recording the processing time required
to eliminate vibration artifacts from input images of size 128 x 128
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Table 1

Performance comparison of SwinIR and SwinIR-KD on 128 x 128 patches.
Method PSNR(1) SSIM(1) FID()) LPIPS({) Parameters (M) FLOPs (G) Time (s)
SwinIR 34.06 0.9057 84.5632 0.2570 11.556 189.681 0.1343
SwinIR-KD 32.56 0.8737 79.2449 0.2575 2.436 40.095 0.0906

Algorithm 2 Large Image Vibration Artifact Removal

Input: Image I, region size R, overlap O,, patch size P, overlap O,
model Fyeppises €-
Output: Processed image I,,;.
Initialize: I, < 0, Wy, < 0.
for each region position with stride R — O, do
Extract region Ry ey from Iy,
Initialize region output Ry < 0, Wum region < 0
for each patch position with stride P - O, do
Extract patch Peyrene from Reyrrent
Denoise Pdenoised - Fdenoise(Pcurrent)
Generate weight map W), for Pyenoised
Update Rout < Rout + Penoised * I/Vp
Update I/Vsum,region - VVsum,region + Wp
end for
Normalize Rout “ Rout/(VVsum_region +¢€)
Generate weight map W, for R,
Update Tyt < Loyt + Roye - W,
Update Woym < Woum + W,
end for
Normalize I, < o/ (Weym +€)
return I,

pixels, restoring them to clean outputs of the same resolution. All
quality assessments and inference timing were performed on an NVIDIA
GeForce RTX 4090 D Graphics Processing Unit (GPU).

3.5. Training settings

We train the SwinIR-KD model on 128 x 128 patches with a batch
size of 4. The Adam optimizer is used with an initial learning rate of
2x10~* and zero weight decay. The learning rate is reduced by a factor
of 0.5 at 800k, 1.2M, 1.4M, 1.5M, and 1.6M iterations. The training
is guided by a composite loss function, where the Charbonnier loss
(e = 1 x 107) is balanced with the distillation loss using a weight
a = 0.5, and the horizontal stripe suppress loss with a coefficient
A=0.1.

4. Results and discussion

This section will comprehensively evaluate the proposed SwinIR-KD
model and compare its performance against the baseline SwinIR model.
The analysis will cover quantitative metrics, model efficiency, and
qualitative visual results, with a particular focus on vibration artifact
removal.

4.1. Performance comparison of models

To evaluate the proposed SwinIR-KD model, we conducted a rig-
orous quantitative comparison with the baseline SwinIlR model. The
detailed results are presented in Table 1, which systematically outlines
the performance differences between the two models across four key
evaluation metrics.

The data in Table 1 unequivocally demonstrate that SwinIR-KD
consistently outperforms the baseline SwinIR model across all reported
evaluation metrics. This enhancement in performance significantly val-
idates the efficacy of the implemented knowledge distillation strategy.

Particularly noteworthy is the observation that the student model,
SwinIR-KD, not only achieves performance comparable to the teacher
model (SwinIR) but surpasses it on several critical metrics. This phe-
nomenon suggests that the knowledge distillation process transcends
mere model parameter compression. More profoundly, it appears to
facilitate the student model’s acquisition of a more robust and general-
izable feature representation. Furthermore, distillation may guide the
student model towards learning a better-regularized function, thereby
mitigating overfitting to specific noise patterns or redundant features
within the training data that might have been captured by the larger
teacher model.

In terms of model efficiency, the application of knowledge distil-
lation has enabled SwinIR-KD to achieve a substantial reduction of
approximately 79% in both parameters and computational complexity
(measured in FLOPs) when compared to the original SwinIR. This
optimization directly translates to an enhanced inference speed, with
the processing time for a single 128 x 128 pixel image being reduced
to roughly half that required by the SwinIR model.

For the qualitative assessment, Fig. 4 visually presents the restora-
tion outcomes of both SwinIR and SwinIR-KD on two representative
image samples exhibiting vibration artifacts, alongside their corre-
sponding GT images. Visually, both models demonstrate a commend-
able capability in effectively eliminating these artifacts, yielding images
of high clarity and perceptual quality. A common characteristic ob-
served is that images restored by both SwinIR and SwinIR-KD tend to
appear smoother when compared to their respective GT counterparts.
This smoothing effect is a widely recognized phenomenon in the field of
image restoration, typically associated with models that are primarily
trained using PSNR as the core optimization objective.

4.2. Ablation studies

4.2.1. Impact of horizontal stripe loss weight (1)

We conducted a comprehensive ablation study on the horizontal
stripe loss weight 1 to determine its optimal value for balancing re-
construction quality and stripe artifact suppression. This study was
performed on the SwinIR model to justify the effectiveness of this
specialized loss component. As shown in Table 2, 4 = 0.1 achieves the
best performance across all evaluation metrics, demonstrating superior
PSNR (34.06 dB), SSIM (0.9057), and perceptual quality metrics with
the lowest FID (84.5632) and LPIPS (0.2570) scores.

When 4 = 0 (without horizontal stripe loss), the model shows
significantly degraded performance across all metrics, particularly in
perceptual quality measures where FID increases to 87.7521 and LPIPS
deteriorates to 0.2794. This confirms the necessity of the horizontal
stripe loss component in addressing the inherent stripe artifacts in
vibration-affected images. The absence of this specialized loss leads
to insufficient suppression of horizontal patterns, resulting in visually
noticeable artifacts that compromise both objective and perceptual
image quality.

However, excessive weight assignment (1 > 0.2) leads to systematic
performance deterioration across all evaluation dimensions. At 1 = 0.2,
we observe a decline in PSNR to 33.85 dB and SSIM to 0.8989, while
perceptual metrics show substantial degradation with FID rising to
96.8769 and LPIPS increasing to 0.3034. Further increasing to 1 =
0.4 exacerbates this, with FID reaching 110.357 and LPIPS 0.3215.
This indicates that over-emphasizing horizontal stripe suppression can
harm overall image quality by forcing the model to prioritize stripe
removal at the expense of fine detail preservation and natural texture
reconstruction.
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Fig. 4. Qualitative comparison of vibration artifact removal on representative SEM image patches. Results from the baseline SwinIR model and proposed SwinIR-
KD model are shown alongside the Ground Truth (GT) and the input Vibrated Image for two different samples. Both models effectively remove artifacts, with

SwinIR-KD achieving comparable visual quality to SwinIR.

Table 2

Ablation study on horizontal stripe loss weight A for SwinIR.
yl PSNR(1) SSIM(1) FID(}) LPIPS(})
0 33.76 0.8997 87.7521 0.2794
0.05 34.00 0.9052 84.6644 0.2656
0.1 34.06 0.9057 84.5632 0.2570
0.2 33.85 0.8989 96.8769 0.3034
0.4 33.72 0.8940 110.357 0.3215

4 = 0: without horizontal stripe loss; A = 0.1: optimal setting.

The optimal A = 0.1 represents a critical balance point where

the model effectively suppresses horizontal artifacts while maintaining
high-fidelity reconstruction capabilities. This finding suggests that the
horizontal stripe loss should complement rather than dominate the
primary reconstruction objective, ensuring that artifact suppression
enhances rather than compromises the overall denoising performance.

4.2.2. Impact of channel number (C) in SwinIR-KD

To determine the optimal channel number for the student model, we
conducted an ablation study on the channel dimension C of SwinIR-KD.
This experiment was performed after fixing the horizontal stripe loss
weight at A = 0.1. As shown in Table 3, we evaluated three different
channel configurations: C = 64, C =96, and C = 128.

The results reveal an interesting phenomenon: C = 96 achieves
the best performance across most metrics, particularly excelling in FID
(79.2449) and LPIPS (0.2575) compared to both smaller (C = 64)
and larger (C = 128) configurations. This suggests that there exists an
optimal model capacity for knowledge distillation frameworks. While
C = 64 results in a model with the lowest parameters (1.103M)
and FLOPs (18.283G), it suffers from insufficient capacity to learn
complex features, leading to degraded perceptual quality with higher
FID (153.3660) and LPIPS (0.2997).

Conversely, when C = 128, despite having a larger capacity with
4.292M parameters, the model shows performance degradation with

FID increasing to 156.6725 and LPIPS to 0.3197. This counterintuitive
result can be attributed to several factors inherent in the knowledge
distillation process:

» Gradient Dilution: Increased parameters in a larger student
model may lead to diluted effective gradients during the distil-
lation process, making it harder to converge efficiently.

» Optimization Difficulty: Larger models are more difficult to
optimize and may struggle to find an optimal solution under the
dual constraints of the reconstruction loss and the distillation loss.

» Feature Redundancy: Excessive channels may be prone to learn-
ing redundant or noisy features from the teacher model, rather
than a more concise and robust representation.

This finding demonstrates that in knowledge distillation frame-
works, there exists an optimal model capacity where C = 96 achieves
the best trade-off between representational power and training com-
plexity. This validates our architectural modification of reducing the
channel number from the original SwinlIR, as it maintains high restora-
tion quality while achieving substantial computational efficiency.

4.2.3. Critical role of distillation weight (a) for knowledge distillation

To investigate the impact of knowledge distillation strength, we con-
ducted an ablation study on the distillation weight a in our loss function
(Eq. (1)). This parameter is crucial for balancing the knowledge transfer
from the teacher model with the direct reconstruction from the ground
truth. As shown in Table 4, we evaluated four different a values: 0, 0.2,
0.5, and 0.8.

The results clearly demonstrate a Balance Hypothesis: a« = 0.5
achieves the optimal trade-off between knowledge transfer and au-
tonomous learning. When « = 0 (no distillation), the model shows
decent PSNR (32.61 dB) and SSIM (0.8751) performance but poor per-
ceptual quality with FID = 154.5667 and LPIPS = 0.3124. This indicates
that while the model learns to perform good pixel-level reconstruction,
it lacks the high-level feature guidance provided by the teacher, which
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Table 3

Ablation study on channel number C for SwinIR-KD on 128 x 128 patches.
C PSNR(1) SSIM(1) FID()) LPIPS(}) Parameters (M) FLOPs (G) Time (s)
64 32.59 0.8742 153.3660 0.2997 1.103 18.283 0.0898
96 32.56 0.8737 79.2449 0.2575 2.436 40.095 0.0906
128 32.59 0.8740 156.6725 0.3197 4.292 70.464 0.0939

C =96 achieves optimal balance between model capacity and training complexity.

Table 4

Ablation study on distillation weight « for SwinIR-KD on 128 x 128 patches.
a PSNR(1) SSIM(1) FID({) LPIPS()
0 32.61 0.8751 154.5667 0.3124
0.2 32.58 0.8742 154.7504 0.3178
0.5 32.56 0.8737 79.2449 0.2575
0.8 32.60 0.8751 156.3405 0.3159

a = 0.5 achieves optimal balance between distillation and reconstruction losses.

Table 5
Performance on full-scale SEM images (1536 x 1024 pixels).
Method Image PSNR(1) SSIM(1) FID(}) LPIPS(}) Time (s)
#1 22.43 0.8014 11.6755 0.2653
SwinIR #2 27.85 0.9055 31.2641 0.2268 21.40
#3 19.98 0.5733 32.1418 0.7409
#1 22.52 0.7969 16.6443 0.2195
SwinIR-KD #2 27.57 0.8864 34.5908 0.1669 8.95
#3 20.06 0.5620 38.7039 0.7433

is crucial for perceptual quality. With light distillation (a = 0.2), the
teacher guidance remains insufficient, showing minimal improvement
in perceptual metrics.

Remarkably, « = 0.5 achieves dramatic improvements in perceptual
quality: FID drops from 154.5667 to 79.2449 (a 48.7% reduction)
and LPIPS decreases from 0.3124 to 0.2575 (a 17.6% improvement),
while maintaining comparable PSNR/SSIM scores. This validates the
effectiveness of balanced distillation in preserving pixel-level accuracy
while significantly enhancing perceptual quality.

However, excessive distillation (¢ = 0.8) leads to a performance
degradation. The student model, with its limited capacity, is forced
to excessively mimic high-dimensional teacher features. This can cre-
ate optimization conflicts between the distillation and reconstruction
losses, resulting in performance deterioration with FID increasing to
156.3405 and LPIPS to 0.3159.

Our findings confirm the Balance Hypothesis in knowledge distilla-
tion: optimal performance requires careful calibration of the distillation-
reconstruction trade-off. The value of @ = 0.5 represents the sweet
spot for achieving superior perceptual quality without sacrificing re-
construction accuracy, thereby justifying our design choice.

4.3. Large image vibration removal results

To rigorously assess the practical applicability of the models, par-
ticularly in real-world scenarios that frequently involve high-resolution
imagery, we conducted comprehensive evaluations of both SwinIR and
SwinIR-KD on three complete, large-scale test images. Recognizing the
inherent GPU memory constraints typically encountered when process-
ing such large inputs with deep learning architectures, we employed the
previously delineated "Large Image Processing Strategy”. This strategy,
commonly referred to as a crop-and-stitch or patch-based approach,
involves subdividing the large image into smaller, manageable patches.
Each patch is then processed independently by the model, and the
resulting enhanced patches are subsequently seamlessly reassembled to
reconstruct the final high-resolution output image.

Table 5 provides a detailed quantitative comparison of SwinIR and
SwinIR-KD when applied to three full-scale test images, each with
dimensions of 1536 x 1024 pixels, utilizing the aforementioned crop-
and-stitch methodology. The table reports the performance across the

same four key evaluation metrics used previously, alongside a critical
measure of computational efficiency: the total processing time required
for a single large-scale image.

The empirical data presented in Table 5 reveal that both SwinIR
and SwinIR-KD achieve comparable quantitative performance levels on
these large-scale images processed via the crop-and-stitch technique.
However, a stark and significant divergence emerges when examin-
ing their computational efficiency. Specifically, the time required to
process a single 1536 x 1024 pixel image was dramatically reduced
from 21.40 seconds for the original SwinIR model to a mere 8.95 sec-
onds for the distilled SwinIR-KD model. This substantial improvement
represents an acceleration factor of approximately 2.4 times.

Although the quantitative image quality metrics for the large,
stitched images are similar between the two models, the pronounced
reduction in processing time endows SwinIR-KD with considerably
greater practical viability for real-world deployment. For applications
necessitating the processing of extensive volumes of high-resolution
imagery, or those demanding near real-time performance, a 2.4-fold
increase in processing speed constitutes a critical operational advan-
tage. This underscores the practical benefits of knowledge distillation
beyond mere metric improvement, highlighting its role in bridging the
gap between research models and deployable solutions.

Fig. 5 offers a visual testament to the efficacy of SwinIR-KD in
processing full-scale test imagery, with particular emphasis on mag-
nified regions to scrutinize fine details. The visual results presented
in Fig. 5 indicate that SwinIR-KD effectively handles large-dimension
images. Close inspection of the magnified insets reveals that vibration-
induced stripe artifacts have been successfully and thoroughly elimi-
nated. This observation serves as compelling evidence of the model’s
robust restoration capabilities, even when operating under a patch-
based processing paradigm. The ability of SwinIR-KD to maintain high
visual quality and artifact removal efficacy when using a crop-and-
stitch approach suggests that the distilled features are robust and
generalize well, preventing the introduction of significant blockiness
or inconsistencies at patch boundaries.

Considering its demonstrated proficiency in artifact mitigation cou-
pled with its significant gains in computational efficiency, SwinIR-KD
emerges as a highly promising and practical solution for demanding
image restoration tasks.

4.4. Application interface showcase

To enhance the practical applicability and streamline the evaluation
of the proposed SwinIR-KD model for vibration artifact removal, as
well as to offer an efficient interactive platform for subsequent research
in this domain, we have developed a user-friendly Graphical User
Interface (GUI). The core functionalities and operational workflow of
this interface are depicted in Fig. 6. This software tool enables users
to conveniently import images designated for processing. It further
offers the flexibility to select between the original SwinIR model and
the lightweight SwinIR-KD variant, thereby accommodating diverse
requirements related to processing speed or specific performance anal-
ysis objectives. After the model executes the vibration artifact removal
process, users can intuitively select any Region of Interest (ROI) within
the processed image via the interface. The software then promptly
presents a side-by-side visual comparison of the selected ROI before
and after processing, thereby clearly demonstrating the restoration
efficacy of the model. Moreover, the fully processed high-resolution
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Vibrated Image SwinIR-KD

Fig. 5. Visual results of SwinIR-KD on a full-scale SEM test image processed using the large image processing strategy. Magnified insets highlight the effective
removal of vibration-induced stripe artifacts, demonstrating the model’s robust restoration capabilities on large images.

(¥ SEM Image Vibration Stripe Removal

Select Image | Model: swinir_kd — ] Run | Download Processed Image | Processing Region 12/12 - Patch 25/25

SRS

Resolution: 1536 x 1024

bljpg

Fig. 6. Screenshot of the developed graphical user interface (GUI) for SEM image vibration stripe removal. The interface allows users to select an input image,
choose between the SwinIR and SwinIR-KD models, initiate processing, visualize before/after comparisons of selected regions, and download the processed
high-resolution image. The example shows the processing status for an IN718 image with a resolution of 1536 x 1024.

images can be conveniently downloaded and saved for further use or
archival purposes. We contend that this interactive software, which
synergistically integrates advanced algorithms with an intuitive op-
erational framework, not only effectively showcases the real-world

performance of SwinIR-KD but also holds significant potential to serve
as an invaluable auxiliary tool in the future research and development
of image restoration and enhancement algorithms, markedly enhancing
research productivity.
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5. Conclusion

This study detailed the development and evaluation of SwinIR-KD,
a lightweight framework for removing horizontal stripe artifacts in
SEM images. By integrating the Swin Transformer architecture with a
tailored knowledge distillation process and a novel Horizontal Stripe
Suppress Loss, SwinIR-KD achieved a significant reduction in model
parameters and computational load — approximately 79% less than
the baseline SwinIR — while delivering comparable or improved image
restoration quality based on key evaluation metrics. The research also
presented an effective strategy for processing large-scale SEM images
and a user-friendly GUI to facilitate practical use. The findings indicate
that SwinIR-KD offers an efficient and effective approach for enhancing
SEM image quality by mitigating common vibration-induced artifacts.

Future work could focus on enhancing the model’s generalization
capabilities across a broader range of SEM imaging conditions and
sample types. Investigating the model’s adaptability to other forms
of image degradation in electron microscopy also presents a valuable
research direction. Additionally, we plan to integrate our denoising
framework into downstream analysis pipelines to quantitatively eval-
uate its impact on tasks such as microstructure segmentation and
classification, thereby providing a more comprehensive assessment
of its practical utility. Exploring advanced distillation techniques or
alternative loss functions might further refine restoration outcomes.
Continued development in this area, including potential exploration
of unsupervised learning methods, could further advance the practi-
cal application of deep learning for robust and efficient SEM image
restoration. We also plan to conduct a comprehensive comparative
analysis against a wider range of state-of-the-art image restoration
algorithms to further contextualize SwinIR-KD’s performance within
the broader field. Overall, SwinIR-KD provides a notable contribution
towards addressing the challenge of horizontal stripe artifacts in SEM
imaging, offering a practical tool for the materials science community.
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Superalloys fracture process inference
based on overlap analysis of 3D models
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Xuecheng Zhang ® **, Guanghao Guo®*, Zixin Li'?, Wenchao Meng ® ' >{, Yuefei Zhang ® 3[4,
Qing Ye®', Jin Wang?®, Shibo He®, Xinbao Zhao ®°3, Jiming Chen®' & Ze Zhang ®?

Superalloy materials exhibit susceptibility to fracture failures stemming from the influence of
thermomechanical factors. To comprehensively understand the fracture mechanisms, material
properties, root causes of failure, and the subsequent optimization of alloys, a detailed analysis of the
internal fracture process and the morphological traits of the fracture surface is imperative. Traditional
analysis of fracture surfaces solely relies on 2D images, thus lacking crucial 3D information. Although
in situ experiments can capture the fracture process, their effectiveness is confined to the specimen’s
surface, precluding insight into internal changes. Here we introduce an integrated framework
encompassing the process of 3D reconstruction of fracture surfaces, aiming to enhance the visual
information obtained with micron-level accuracy, visual intuitiveness and sense of depth. Additionally,
this framework also facilitates the scrutiny and inference of internal fracture processes. These results
demonstrate that under specific service conditions, material deformation fracture probably stems
from a combination of surface cracking and internal cracking rather than exclusively one or the other.
Overall, our description and analysis of internally initiated cracking due to defects within the specimens

can be beneficial in guiding future alloy design and optimization efforts.

Superalloys have gained notable prominence in the aerospace and energy
fields"* due to their advantageous properties such as high-temperature
strength, oxidation and corrosion resistance, fatigue properties, and notable
fracture toughness™". Analysis of fracture processes in superalloy specimens
is of critical importance®” in the field of superalloy research. When an alloy
specimen fractures, it results in two matching fracture surfaces, and the
study of their appearance’ and location holds great value. The fracture
phenomenon typically occurs in regions of the metal with the least strength,
and the analysis of the fracture process is useful*"” for gaining insights into
mechanical and thermal properties and corrosion resistance of superalloys
in extreme environments'""?, such as high temperature and high pressure’.
Deep insights can be obtained through detailed analysis of the fracture
morphology, structure, and composition of superalloys. Researchers use this
as a basis to guide the design of superalloy materials to enhance their
strength and plasticity, further applying them to manufacturing and
applications"’.

Typical fracture analysis methods for superalloys include optical
microscopy (OM)"“", scanning electron microscopy (SEM)'*", x-ray dif-
fraction (XRD)"™", energy dispersive spectroscopy (EDS)**”, et al.

Appropriate methods and equipment selection depend on the actual needs
and research objectives. Among all these methods, SEM has become an
essential instrument for analyzing fracture surface morphology and
microstructure due to its high resolution, considerable depth of field, and
good stereoscopic effect”. SEM can directly observe the very rough surface
of the specimen as well as the raw fracture of the material. The imaging
principle of SEM is that the electron beam excites various physical signals on
the specimen surface, such as secondary electrons(SE) and backscattered
electrons(BSE), and these signals are acquired through the corresponding
detectors to form an image”. SEM images are, however, only two-
dimensional (2D) intensity maps of the scattered electrons, and lack
inherent three-dimensional (3D) information*’. This may lead to mis-
interpretations about the surface morphology of the specimen, as the 2D
images do not accurately represent the true 3D nature of the specimen®. For
instance, in metallic materials, 2D images of grain and grain boundary
morphologies are commonly depicted as polygons, while their 3D repre-
sentations exhibit complex and irregular polyhedral geometries. To address
this limitation, a suitable method for supplementing the 3D information of
the specimen fracture surface is required"**.

'State Key Laboratory of Industrial Control Technology, College of Control Science and Engineering, Zhejiang University, Hangzhou, 310027, China. 2Polytechnic
Institute, Zhejiang University, Hangzhou, 310015, China. Institute of Superalloys Science and Technology, School of Materials Science and Engineering, Zhejiang

University, Hangzhou, 310027, China. “These authors contributed equally: Xuecheng Zhang, Guanghao Guo.
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Reconstructing 3D models from 2D SEM images has emerged as a
prominent research area in microscopy. This approach improves the visual
representation of the analyzed micro-objects and increases the accessibility
of measurable data. The acquisition of a 3D model can be broadly cate-
gorized into two types, namely, destructive, and non-destructive, depending
on the extent of potential damage caused to the specimen.

Destructive techniques such as serial block-face imaging (SBF)”,
metallographic serial polishing (MSP)* and focused ion beam (FIB)* capture
layer-by-layer images of the specimen and thus such a process is irreversible.
These techniques share the standard approach of capturing layer-by-layer
images of the specimens, yet the process is irreversible. Careful selection of
appropriate slicing methods based on the specimen and the research criteria is
crucial, ensuring minimal damage while managing cost, time, reconstruction
scope, and accuracy considerations. Furthermore, these techniques are better
suited for reconstructing within cuboid regions, but they are not ideal for
objects such as fractures with substantial surface profiles.

Standard non-destructive testing techniques in structural analysis
encompass X-ray computed tomography (CT) and the utilization of 3D
computer vision algorithms to analyze and process 2D images. CT tech-
nology allows for acquiring a sequence of cross-sectional images of the
specimen through non-invasive tomographic scans, which are then amal-
gamated to form a 3D structural model for internal assessment™. Never-
theless, CT technology is constricted by radiation exposure, high expenses,
and limited resolution. In contrast to in situ SEM observations, CT out-
comes lack morphological details, rendering them more applicable for
quantitative evaluations of structural volume but less convenient for multi-
scale observations. Techniques utilizing 3D computer vision algorithms to
analyze and process 2D images”' offer the notable advantage of preserving
the integrity of the specimens and facilitating subsequent analysis. Fur-
thermore, it enables a broader reconstruction scope and faster speed'”***,

Among these methods, 3DSEM, based on the photogrammetric
reconstruction of SEM images, is widely adopted due to its low cost and ease
of use®. The technique involves capturing images from multiple perspec-
tives by moving the detector around the specimen or rotating and tilting the
specimen within the field of view’*”. This capability is particularly suitable
for reconstructing the surfaces of specimens with marked variations, such as
fractured specimens. Identifying and matching features in these images
enables the calculation of a point cloud, which is further used to generate a
surface model. Post-processing techniques, including noise reduction,
smoothing, and repair, are applied to the surface model to improve the
accuracy of the 3D model™”’. However, this method has certain limitations.
For instance, the model’s completeness directly relies on the availability of
comprehensive feature information on the fracture surface and the speci-
men surface in the original images. Therefore, enhancing the data acquisi-
tion method is necessary to obtain additional height feature data for
complex features. In addition, unlike traditional photogrammetric techni-
ques, the electronic microscope images on which this method is based lack
information about the camera’s internal and external parameters during the
imaging process. Consequently, the overall dimensions of the resulting 3D
model may need to be more accurately scaled up or down in proportion.

In this work, we introduce an innovative framework to infer the
superalloy fracture process, utilizing 3D model overlap analysis to examine
the deformation failure progression in alloy specimens. Notably, our 3D
fracture morphology models are reconstructed exclusively from SEM images,
thus effectively controlling expenses, and simplifying the operational proce-
dure. These 3D fracture morphology models provide a comprehensive
representation of the morphology and intricate details of the specimens in 3D
space, overcome difficulties related to cross-section matching and boundary
information observation, and include precise dimensional information.
Different fracture regions exhibit variational extension during tensile defor-
mation due to differing stress durations. Overlap analysis of the individual 3D
fracture morphology models is carried out to elucidate the comprehensive
internal fracture mechanism of the specimens. Our results reveal a char-
acteristic material deformation pattern, highlighting the interplay between
surface cracking and internal fissures, challenging the notion of these

phenomena as isolated occurrences. These conclusions have been subse-
quently verified and detailed through in situ experiments, showcasing prac-
tical and innovative advantages in real-world applications.

Results

Framework of SFPI

We develop a superalloys fracture process inference (SFPI) framework
consisting of multiple steps (Fig. 1). The framework aims to reconstruct 3D
models of the fracture surface of experimental specimens after tensile testing
and provide a comprehensive observation and inference of the fracture
process. We conducted in situ tensile experiments on two IN718 specimens at
room temperature (RT) and 650 "C high temperature (HT). After conducting
the in situ experiments, we proceeded with the 3D reconstruction and scale
calibration of the fracture surfaces, which yielded 3D models named Fracture
A and Fracture B after the HT in situ tensile testing, as well as 3D models
named Fracture C and Fracture D after the RT in situ tensile testing.

After obtaining 3D models featuring precise dimensional dis-
continuities, the next step involves aligning these models to achieve a multi-
surface stereoscopic observation, enriching the visual data and ensuring
accurate scale information. To address the challenges posed by varying
extension rates in different regions during the stretching deformation
process, a periodic overlap and separation strategy is employed for the
corresponding 3D models. The periodic overlapping and separation of these
models reveal internal regions of the specimen, offering insights into the
chronological sequence of events during the fracture process. In Table 1, we
provide a comparative analysis of our proposed method with current
standard materials characterization and analysis techniques. As a result, our
innovative research involves previously inaccessible details about the spe-
cimen, including temporal evolution scales, a feat unattainable through
other existing methodologies.

Multi-surface stereoscopic observation

For traditional material fracture analysis, matching and seamlessly inte-
grating fracture surface and edge morphology is often necessary to com-
prehensively examine fracture processes and mechanisms. However, this
practice gives rise to two distinct challenges. The first challenge is that the
researcher manually matches the SEM images of the fracture surface and the
specimen surface to accurately compare and integrate the morphological
information. This task is laborious and subjective, leading to biased eva-
luation results. The second challenge is that analyzing the microstructure at
the interface between the specimen and fracture surfaces requires the
researcher to rely on their experience and knowledge. Furthermore, the
microstructure information, vital for the fracture analysis, must be recon-
structed from 2D images, leading to inherently subjective judgments and
prone to substantial errors, ultimately lacking in objective credibility. These
challenges primarily stem from the inherent limitations of 2D images, which
represent planar projections of 3D materials, thereby necessitating a richer
spatial dataset for a more comprehensive analysis.

The fracture models offer a more intuitive depiction of the specimen’s
overall morphology and specific details in 3D space (Fig. 2). Each fracture
model comprises a cross-section and four side surfaces. We can observe the
information from ten surfaces by aligning the corresponding fracture models.
This integration of multidimensional material features provides a more
comprehensive and precise visual depiction, particularly emphasizing the
morphological attributes at the interface and the elevation within the plane.
Fracture A and Fracture C in Fig. 2 demonstrate that our model, as it incor-
porates both surface and fracture morphology, enables researchers to analyze
these characteristics without tedious comparisons efficiently, ultimately
enhancing the accuracy of the analysis process. The model exhibits distinct
microscopic organizational structures at the interface junction, as denoted by
the white arrows, which are not observable in conventional 2D SEM images.

By leveraging these inherent characteristics, it is possible to provide a
more comprehensive and accurate description of the typical positions of
deformation and the mechanisms of fracture that occur during the process
of material fracture. For instance, in the case of the IN718 HT tensile test
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Fig. 1 | Overview of the proposed superalloys fracture process inference frame-
work. a Improved image acquisition process. Images of the fracture specimens from
different viewpoints were obtained by tilting the sample stage, and 3D reconstruc-
tion was performed to obtain the original 3D models. b Calculate the scaling factor to
complete the 3D model scale calibration through image sharpness evaluation.

¢ Calibrated 3D fracture morphology model in 3D coordinate system. d Multi-

visual and scale information

surface stereoscopic observation. Simultaneous observation of multiple surfaces
through a pair of 3D fracture morphology models to solve problems such as difficulty
in matching boundary features. e The internal fracture process of the sample was
obtained by inferring from the 3D model overlap analysis. The figure shows the area
where the internal cracking starts and the area where the fracture ends.

Table 1 | Proposed method compared with other methods of material characterization and analysis

Method Proposed In situ SEM observation***° In situ X-ray diffraction'®* Layer-by-layer slice’*°
Non-destructive v 4 v

3D feature 4 v v

Scale information v v v 4

Time dimension information v v v

Internal observation v v v

Morphology information v v v

Multi-scale observation 4 4

specimens, the surface patterns of Fracture A and Fracture B consist of
interlocking zig-zag shapes. The cross-section analysis reveals a higher
presence of intact grains, indicating that the primary fracture mechanism is
intergranular fracture (Fig. 2e). Conversely, the surfaces of Fracture C and
Fracture D of the IN718 RT tensile test specimens exhibit a smoother
appearance, suggesting that the dominant fracture mechanism in
these cases is transgranular fracture (Fig. 2f). The proposed method
offers an improved spatial representation of material properties by
providing 3D information. This renders it a valuable research tool for
the analysis of material fractures.

Reconstruction performance analysis of 3D models

The 3D fracture morphology models allow for precise visual observation of
the cross-sectional profiles of fractures and the morphology and roughness
of the four side surfaces. Furthermore, it facilitates the precise measurement
of grain size, ligamentous fossa depth, and other critical parameters. In order
to validate the accuracy of the 3D fracture reconstruction model, we

employed a hardness tester to create two indentations spaced 500 pm
apart along the horizontal direction on one side surface of Fracture A
prior to reconstruction. After reconstruction, we measured the dis-
tance between the centers of the two indentations using the mea-
surement tool in Meshlab software in the reconstructed 3D model
and compared it with the standard value, obtaining an error of less
than 1% (Fig. 2a).

The above method can verify the model’s accuracy. In addition, two
specific cases have been highlighted to better demonstrate the effectiveness
of the three-dimensional cross-sectional model in achieving precise mea-
surement and comprehensive observation. The first figure in Fig. 2g shows
the distance between two diagonals of grain in the original SEM image of
Fracture A, measured using the distance measurement function in Tescan
Essence $9200X Demo software, which is 29.16 pm. In the second figure in
Fig. 2g, the distance between two diagonals of the exact grain in the 3D
model within the same perspective was measured using the measurement
tool in the Meshlab software(v2022.02), which is 30.1396 pm, slightly larger
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Fig. 2 | Comparison of 2D images and 3D stereoscopic observation and ver-
ification of scale calibration results. a, b 3D fracture surface models of IN718 after
650 °C high temperature (HT) and room temperature (RT) tensile experiments with
an indentation spacing in the model. ¢, d Corresponding 2D Scanning Electron

V£30.1396 pm
“ oy

Reconstructed 3D models

Fracture C

2D SEM image

3D model
(side perspective)

Microscope (SEM) images of the fracture surface. e Intergranular fracture at 650 "C.
f Transgranular fracture at RT g The distance between two diagonals of grain in an
SEM image and a 3D fracture morphology model. h The distance between two void
defects in an SEM image and a 3D fracture morphology model.

than the value in measured in SEM image. The difference in the number of
decimal places in the two sets of measurement results is due to the use of
different measurement software. By changing the viewing angle of the 3D
model, it can be determined that the reason for this phenomenon is the
surface of the grain is not horizontal but has a certain inclination angle. The
distance measured in the 2D SEM image is the projection of the actual
distance in the horizontal direction. The actual distance between the two
characteristic points should be calculated by dividing the distance measured
in the 2D SEM image by the cosine of the angle 6 formed by the line
connecting the two points and the horizontal plane. For the selected grain,
the angle 0 between the two diagonal lines and the horizontal direction is
approximately 15°. The measurement error induced by this angle is not
apparent in SEM images but is relatively more precise in the 3D model.

Figure 2h provides a more definitive example employing the same metho-
dology. In the SEM image of Fracture C, the measured distance between the
two void defects is significantly less than the distance measured from the 3D
model. This discrepancy is attributed to the substantial angle between the
fracture surface of the sample and the viewing perspective, further
demonstrating the superiority of 3D stereoscopic observation.

The model effectively reconstructs the microstructure, reflecting the
actual physical information of the material on the fracture surface. The
currently obtained 3D model accurately represents the spatial and physical
scales, offering precise references for further research. In order to obtain
more detailed information, the resolution and clarity of the original SEM
images can be enhanced, although it will also lead to increased computa-
tion time.
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Inference of the fracture process

Many experimental studies on IN718 tensile properties have revealed that
the fracture process is usually in transgranular mode at RT due to the stable
crystal structure and uniform strain distribution'. At HT, a more sig-
nificant number of grain boundary cracks appear as a result of reduced
interfacial strength. In addition, as the experimental temperature rises, more
slip and other localized deformations will occur within the specimens,
leading to uneven deformation in the local regions of polycrystalline
materials. However, this analysis is based solely on inferred material fracture
morphology analysis, lacking direct visualization and objectivity.

In this work, we have reconstructed and calibrated fracture models for
IN718 at both RT and 650 °C. It is important to note that the two fracture
surfaces were obtained from in situ tensile experiments, which allows for
observing surface morphology evolution during the tensile process. During
the tensile deformation process, local stress concentrations arise in the
material due to the incomplete uniformity of grain orientation and size and
the presence of second-phase particles'>*. This results in the preferential

== 160pm

Fig. 3 | Inferred results of specimens fracture processes in IN718 650 °C high
temperature (HT) and room temperature (RT) tensile experiments. a Results of
HT fracture process inference. b Results of RT fracture process inference. ¢ Statistical

cracking of certain grains characterized by reduced elongation. The non-
cracked regions experience axial load and further elongate during sub-
sequent stretching. As a result, the fracture surface exhibits varying elon-
gation rates across its local features, rendering complete macroscopic
alignment unachievable. Ultimately, the portion that fractures finally
exhibits the highest elongation rate, resulting in its initial contact during the
alignment process, while the initially cracked parts remain the farthest apart.
We inferred the tensile deformation process of the specimens by con-
structing 3D fracture morphology models and considering the perspective
of material fracture.

Our inference method, combined with the model morphology from a
fractured perspective, allows for a detailed analysis of the dynamic process of
IN718 tensile deformation at both RT and HT. Figure 3 illustrates the
inference results of the two sets of experiments, with each image showing a
projection of the overlapping portion of the fracture models at different
tensile displacements. This overcomes the limitations of traditional fracture
analysis and facilitates a transition from traditional inferential analysis to a
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analysis of the ratio of crack area between the results of HT and RT fracture process
inference under different stretching displacements.
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more intuitive visual observation. By comparing Fig. 3a and b, it becomes
evident that there are substantial differences in material cracking between
RT and HT tensile deformation. There are more localized plastic cracking
regions with smaller areas in HT conditions, indicating that the local non-
uniform deformation phenomenon is more evident. This observation is also
consistent with traditional theory.

In RT fracture process inference results, the transition from localized
cracking to final fracture occurs at a tensile displacement of 100 pm. Con-
versely, in the HT fracture process inference results, this transition occurs at
a more extended tensile displacement of 160 um. Furthermore, Fig. 3¢
comparison reveals that RT tensile deformation results in a larger cracking
area (overall statistical area) under the same strain, indicating poorer plas-
ticity. This phenomenon cannot be directly observed through traditional
fracture analysis techniques. Through the overlap analysis method of the 3D
model, the observation and analysis of the fracture process become more
intuitive and accurate, effectively solving the limitations of the traditional
theory. With further improvements in spatial resolution, it can also be
widely used for more microscopic observations and analysis.

Description of the internal fracture process and comparison with
in situ experiments

When grain deformation occurs in polycrystalline materials, it will coor-
dinate deformation with surrounding grains. Researchers categorize grains
into internal and external grains based on their positions as they experience

distinct mechanical constraints*. Surface grains possess certain free sur-
faces. Comparatively, fewer grains deform in coordination. Thus, the con-
tributions of these two-grain types to mechanical deformation are different.

Based on the discussion in the previous section, it has been identified
that the tensile fracture of the material is not limited to simple surface or
internal cracking but rather involves a comprehensive combination of both.
Traditional fracture offset analysis fails to provide a direct understanding of
the deformation process, while in situ SEM characterization solely captures
the evolution of surface morphology. The method proposed in this paper
not only focuses on surface evolution but also simulates the occurrence of
internal cracking. This allows for precise determination of the fracture
location, whether it emerges internally or on the surface. Notably, previous
methodologies have been unable to accomplish this.

According to the results of the HT fracture process inference, we have
selected four regions within the specimen that experienced cracking first to
describe further. Figure 4 displays a scanning image of Fracture A, high-
lighting the four selected regions using different colored circles. It can be
observed that Region 1 does not show any typical defects. However, a crack
is visible at the corresponding position on the opposite side of the fracture
surface, potentially leading to cracking within the specimen. Similarly,
Region 4 exhibits a comparable scenario, wherein multiple void defects can
be observed at the corresponding position on the opposite side of the
fracture surface. An inclusion is detected within Region 2. Further analysis
using EDS reveals it is a titanium compound. Furthermore, Region 3 directly

Fig. 4 | Description of internal cracks. a Based on the results of 650 "C high tem-
perature (HT) fracture process inference, four regions were randomly selected for
further analysis. The four regions are distinguished by different colors. b Scanning
electron microscope (SEM) images of fracture A and four regions are shown along

with additional images to illustrate internal defects. The opposite side in the addi-
tional images of Region 1 and Region 4 indicates the corresponding position of the
images acquired in Fracture B. The additional images of Region 2 indicate the results
of the energy dispersive spectrometer (EDS) analysis.
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Fig. 5 | The morphology of surface cracks occurring during the in situ experiment under 650 °C high temperature (HT) tensile conditions. a 200x. b 500x. ¢ 2kx.

displays two void defects. The dimples in the fracture surface images indi-
cate significant plastic deformation within these regions, which is mani-
fested macroscopically as excellent ductility. These defects may precipitate
the initiation of cracks in these regions during tensile testing. Notably, the
observed defects correspond to the regions where initial cracking was
identified during the fracture process analysis, thereby enhancing the
credibility of the overall inferential process. These findings, which rely on
this study’s fracture model and analysis method, offer compelling evidence
of their distinct advantages and crucial significance in material fracture
research.

In addition, we provide a detailed analysis of the distinct deformation
processes of surface grains and internal during the tensile deformation of
IN718 by comparing the results with the in situ experiments, with the results
of HT fracture process inference serving as an illustrative example. The
fracture process inference results depicted in Fig. 3 demonstrate that cracks
occur at a strain of 140-160 um before the specimen’s final fracture strain.
During the in situ experiment, images were captured to document the
deformation length of the specimen. Figure 5a—c depicts the morphology of
surface cracks occurring during the in situ experiment under HT tensile
conditions. Notably, surface cracks (precisely grain boundary cracks) were
observed to occur at 110 um of strain before the strain reached the final
fracture strain of the specimen under HT conditions. This suggests that
internal cracking occurs before the manifestation of surface cracks, a phe-
nomenon not previously observed in direct material observations. These
empirical findings demonstrate the substantial distinction between surface
and internal grains. Additionally, it implies that the surface phenomena
observed through in situ SEM exhibit a delay compared to the actual
material deformation.

Discussion

This study delves into advanced methodologies dedicated to unraveling the
intricate superalloy fracture processes through the comprehensive analysis
of overlapping 3D models. We introduce and implement an optimized
image acquisition scheme tailored for the three-dimensional reconstruction
of SEM images. The resulting calibrated 3D models not only endow our
alloy fracture analysis with a wealth of visual details but also ensure a high
degree of precision in scale information. By meticulously analyzing these
overlapping 3D models, we can infer the initial position of specimen
cracking and the evolution of crack paths during the tensile process. Our
findings reveal a notable insight: under HT tensile experimental conditions,
it is probable that internal defects within the specimens lead to internal
cracking before surface cracking. This discovery aligns seamlessly with the
outcomes of our in situ experiments, corroborating its validity. Looking
ahead, this speculative methodology holds great promise for enriching our
understanding of alloy fracture mechanisms, consequently facilitating the
design and optimization of alloy performance. Furthermore, we acknowl-
edge the challenges and opportunities ahead, particularly in the realms of
enhancing the clarity of 3D fracture morphology models and advancing
in situ 3D reconstruction techniques, both of which will considerably shape
the trajectory of our future research efforts.

Methods

In situ tensile testing and reconstruction of 3D fracture
morphology models

Two sets of in situ tensile experiments on IN718 were conducted to address
specific issues. The in situ tensile specimens were designed in a dog-bone
shape with a unique structure to enable easy observation during the
experiments. Comprehensive information about the composition of the
materials (Supplementary Tables 1-2), processing techniques, dimensions
and structure of the specimens (Supplementary Fig. 1), and corrosion
treatment can be found in the Supplementary Information.

The equipment used for conducting in situ tensile testing was devel-
oped by our research group and has been extensively described in previous
work™*. The concrete figure and the schematic cross-section of the working
parts of the experimental equipment are shown in Supplementary Fig. 3-4.
The testing equipment facilitates in situ tensile testing ranging from RT to
1200 °C, meeting high-resolution SEM image acquisition requirements. The
experimental conditions and data results strongly support the findings of
this research. Two specific sets of in situ tensile experiments were conducted:
RT testing and on 650 *C IN718. Each set of in situ uniaxial tensile experi-
ments was conducted at a constant tensile rate of 1 um/s until fracture was
evident. Real-time changes in the morphology of the SEM images are
continuously monitored during the tensile process. Photographs are cap-
tured at distinctive intervals to record the corresponding displacement in the
tensile curve. HT tensile testing at 650 °C necessitates a gradual temperature
increase to a specific level, followed by a 30-minute dwell time to minimize
temperature fluctuations and non-uniformity in the pre-marked section
before the actual tensile testing. These details have been thoroughly elabo-
rated on in previous studies and have reached a high level of applicability™*’.

In the 3DSEM™, images are obtained by tilting the sample stage to a
fixed angle and capturing images at different angles by rotating the stage.
However, this approach results in information loss due to surface features on
the fractured surface, which resemble peaks and valleys and are more sen-
sitive to gradient information. To address this concern, we propose an
optimized method for image acquisition (Supplementary Fig. 5a), where
tilting is employed instead of rotating the sample stage. In this method, the
specimen is fixed on the stage inside the SEM chamber, and the tilt angle and
field of view are adjusted to achieve optimal focus and ensure a clear and
centered view of the specimen cross-section.

Image acquisition was realized with a Tescan Mira4 SEM. Considering
the reconstruction effectiveness and data collection efficiency, the image
acquisition scheme applied in this article is as follows: the sample stage is
tilted along the X-axis and the Y-axis, capturing images at 5’ intervals within
the —30° to 30° range. The relative positions of the detector and the spe-
cimen throughout the image acquisition process are shown in Supple-
mentary Fig. 5b. We used an SE detector to obtain 25 sets of raw image data
at different angles, with each image being 2048 x 1024 pixels, and was saved
in the TIF format. Throughout the entire image collection and recon-
struction process, we only used Photoshop 2020 software to crop out the
SEM information from the raw images and saved them in JPG format. The
acquisition of the 3D model was achieved by processing the image sequence
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using Agisoft Metashape software(v1.8.4) to complete the reconstruction
process.

Since accurate camera parameters are not available in advance, the
reconstructed 3D models are usually scaled up or down proportionally and
thus require scale calibration. In order to obtain the scaling factor, standard
measurement methods involve the use of other equipment, such as white
light interferometers'®"’, white light chromatic sensors*, and atomic force
microscopes®’. However, cost and time control are difficult for objects with
large volumes and characteristic features like alloy fractures. We propose a
scale calibration method for accurate scale calibration and adjustment of 3D
models using only SEM images.

We aim to identify two marked points in the cross-section on the
fracture surface, dotl and dot2 (Supplementary Fig. 6a), each exhibiting
distinctive features. By utilizing a 10 kx magnification, we meticulously
observe and optimize the focus of dotl to ensure image clarity. While
maintaining a fixed focus, we incrementally adjust the height Z of the sample
stage in 10 um steps. This procedure allows us to capture a sequence of
images that exhibit an increasing and subsequently decreasing level of
sharpness (Supplementary Fig. 6b). We employ an identical method to
obtain a sequential set of images for the position of dot2. Efficaciously, the
entire process is completed in approximately 30 min.

Marturi’®* et al. evaluated the efficacy of standard sharpness functions
in accurately determining the clarity of SEM images. They identified that the
normalized variance equation effectively balances speed and accuracy trade-
offs. The formula employed for calculating the normalized variance,
denoted as s(I), is presented below:

M N
ZZ i(u,v) — 1)

u=1 v=1

s(h) = LIS
MN u
where M and N are the length and width of the input image, respectively,
i(u, v) is the pixel intensity at coordinate (1, v), and y is the average intensity
of all pixels in the input image.

The sharpness score curve for the two markers in Fracture A can be
found in Supplementary Fig. 6¢. It is important to note that the displacement
of the specimen is equivalent to the displacement of the sample stage under a
constant focal length, as they are fixed relative to each other. The 3D
coordinates of the sample stage were determined at the point of highest
clarity. Image sharpness assessment curves for four fracture models are
shown in Supplementary Fig. 7. The distance d between dot1 and dot2 is:

dg = \/(xl -5+ 0, =)+ (@ —2) @

where x1, y1, 21, and x,, ¥,, 2, represent the XYZ axis coordinates of the
sample stage when observing dot1 and dof2, respectively.

8 =dy/dy (3)

Locate dotl and dot2 in the reconstructed 3D model, and measure and
calculate the distance d). Calculate the scaling factor § using equation (3),
and use the scaling factor to scale the final calibrated 3D model.

Superalloys fracture process inference method and validation

Using the overlap analysis of 3D fracture morphology models to infer the
fracture process of specimens, the specific method proceeds: firstly, the
corresponding fracture models are gradually brought together until they
overlap entirely (Supplementary Fig. 8a). To observe the projection of the
target fracture surface coinciding with the opposite fracture surface, it can be
observed from inside the opposite fracture. The complete morphology of the
target fracture surface can be seen when two fracture models are fully
overlapped (Supplementary Fig. 8d). This stage signifies the connected state
of the specimen during the actual tensile process prior to fracture initiation.
Subsequently, a gradual distancing from the associated model occurs with a
step size of 20 um (Supplementary Fig. 8b). During the tensile process, the

region where cracking initiates displays a notch in the projection figure due
to its reduced elongation rate (Supplementary Fig. 8e). With the increasing
separation of the corresponding model, the cracking process, encompassing
crack initiation, propagation, and ultimate fracture, become evident. After a
separation distance of 160 um, only the region within the black circle
exhibits overlapping between the corresponding models (Supplementary
Fig. 8¢), indicating the location of the fracture termination (Supplementary
Fig. 8f). The labeled distances in Fig. 3 represent the displacement at which
the corresponding model gradually moves away, equivalent to the tensile
displacement observed in actual tensile experiments. It should be noted that
our analysis method assumes that all local material points follow a uniaxial
tensile state.

To further validate the accuracy and effectiveness of the tensile fracture
process inference, we conducted an additional analysis using in situ tensile
experiments conducted on a new Ni-based wrought superalloy (NWS)*
specimen at RT. The material’s fracture process becomes increasingly
apparent as the deformation progresses. The position of the initial surface
cracking coincides with the fracture process inference results, thereby
providing robust evidence for the highly accurate fracture process inferred
by our framework (Supplementary Fig. 9).

Furthermore, we employed our proposed methodology to reconstruct
and analyze the ex-situ tensile fractures of circular cross-section specimens
made of IN718 to validate the method’s universality. Six typical stages of the
fracture process inference are shown (Supplementary Fig. 10a). The original
SEM images of the fractures are depicted, revealing the fundamental
characteristics of the morphology (Supplementary Fig. 10b). However, they
lack precise 3D perspective and quantitative analysis. Subsequently, the
results of the 3D reconstruction and registration of the fractures are
showcased (Supplementary Fig. 10c). The comparative study demonstrates
the practical application of our methodology to circular section specimens’
fractures, thereby affirming the universality of our framework.

Data availability

The source data and data folds in the four fractures of two specimens used in
this study are provided on the Zenodo at https://zenodo.org/records/
10430093.

Code availability
The source code for calculating image sharpness in SFPI is available on the
Zenodo at https://zenodo.org/records/10430093.
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