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A B S T R A C T

Additive manufacturing produces inhomogeneous and anisotropic microstructures that differ from those in 
conventionally processed materials. Heat treatment is a crucial process to regulate the microstructural properties. 
Although estimating the resultant microstructure is a challenging issue, visualizing grain boundaries (GBs) would 
provide fundamental understanding of the mechanism during heat treatment. In this study, we developed a 
visualization method using electron diffraction mapping in transmission electron microscopy combined with 
machine learning. By extracting the area where the feature of electron diffraction patterns varies in the mapping 
data, GB region was successfully visualized. The developed image processing was applied to ex-situ heating 
observation of an additively manufactured 316L stainless steel (316L SS), and the curvature variation of GB 
before and after heat treatment was discussed. It was shown that GB bulging was likely observed around existing 
sub-GBs, causing unevenness in GB migration.

1. Introduction

Additive manufacturing (AM) enables unprecedented control over 
component geometry, yet it produces complex microstructures due to 
rapid solidification [1–3]. The resultant microstructure is in non- 
equilibrium state characterized by, for instance, pronounced disloca
tion cell structure and segregation of solute atoms [4]. These in
homogeneity in the microstructure lead to anisotropy of mechanical 
properties and residual stress [5–7], those of which are often undesir
able for industrial purposes. After heat treatment, the microstructure 
becomes more homogeneous and stable compared to that in the as-built 
condition. Elucidating the microstructure evolution before and after 
heat treatment is essential for controlling and optimizing mechanical 
properties, and many studies have addressed this issue (e.g., [8–11]). 
However, the detailed mechanisms of microstructure evolution during 
heat treatment are still not fully understood due to unique microstruc
tural factors, such as the high density of localized dislocations and 
segregated solute atoms [8,12,13]. The high dislocation density in
creases the driving force, while the solute atoms inhibit the grain 

boundary (GB) migration. In any cases, visualizing details of GB 
morphology in nanoscale helps investigating the fundamental mecha
nisms and kinetics of GB migration, as well as how the microstructural 
factors influence the resultant morphology.

On the other hand, the visualization of GB in nanoscale is not a trivial 
issue. Electron backscatter diffraction (EBSD) technique using scanning 
electron microscopy (SEM) typically becomes the common method for 
visualizing GB morphology [12,14,15]. However, only the traces of GBs 
appear on the sample surface can be detected in SEM because the 
detectable electrons are limited to the vicinity of surface, thus the detail 
of GB migration would be difficult to obtain. X-ray diffraction micro
scopy is a powerful technique for visualizing GBs in 3D [16,17]. How
ever, the spatial resolution is typically around 1 μm, which is not 
sufficient for elucidating the influence of dislocation structures and 
nanosized precipitates in detail. A suitable nanoscale visualization 
technique would be the dark field (DF) imaging using transmission 
electron microscopy (TEM), where a selected diffraction spot is used for 
imaging 18,19. DF imaging can reveal whole grain shape when the most 
suitable diffraction spot is selected. 3D visualization of crystal grains at 
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nanoscale has been achieved [20], namely, all the GBs in the observed 
field of view can be visualized by this method. However, the challenges 
of DF-based visualization lie in the selection of an appropriate diffrac
tion spot, as described below. First, it is not obvious which diffraction 
spot visualizes a whole single grain. When certain diffraction spots 
originating from two adjacent crystal grains are identical, these spots 
must be avoided for visualizing their GBs. Second, there are multiple 
factors, such as local strains that can fluctuate or smear the diffraction 
spot intensity from a crystal grain [21,22]. Diffraction spot(s) free from 
those factors should be selected for clear GB imaging. Third, which is 
related to the first and the second, recording DF images while avoiding 
these problems is labor-intensive and sometimes not feasible, especially 
when the region of interest contains a large number of GBs or disloca
tions. A convenient, as well as robust visualization technique should be 
established to analyze a broad range of materials.

In this study, we developed a GB visualization method by combining 
electron diffraction mapping and machine learning-assisted image pro
cessing. The electron diffraction mapping, also known as 4D-STEM 
(four-dimensional scanning transmission electron microscopy) 
[23,24], has been attracting attention because of its capabilities for 
nanoscale analysis. This method records a 2D electron diffraction 
pattern from each point of the region of interest, rather than a specific 
spot. Thus, the obtained data consists of a set of 2D electron diffraction 
patterns holding the 2D real space coordinates of the region of interest. 
While electron probe scanning from one crystal grain to the adjacent 
grains, electron diffraction patterns from the first grain gradually alters 
to those of the adjacent ones around GBs [19]. In principle, the gradual 
variation can be measured by expressing each electron diffraction 
pattern as a linear combination of the representative electron diffraction 
patterns, which will be obtained by averaging the electron diffraction 
patterns of each grain recorded in the grain interior. Then, the variation 
is to be characterized by a clustering method. The points where the 
variation ends will be obtained by fitting the coefficient variation in 
each clustered area using Gaussian process regression and by detecting 
the crossing points. The detected points should be regarded as the edge 
of GBs.

This paper demonstrates the development of GB detection from 
electron diffraction mapping data. We first employed a conventional 
austenitic steel sample to develop and validate the image processing 
procedure. Then, the developed method is applied to ex-situ heating 
observation of an additively manufactured 316L SS. Comparison of the 
GB morphology before and after heat treatment clearly reveals the 
inhomogeneous GB migration near sub-GBs.

2. Methods

2.1. Data acquisition

ASTAR (NanoMEGAS) [25] system installed to an ARM200F (JEOL) 
electron microscope operated at an acceleration voltage of 200 kV was 
used for electron diffraction map acquisition. ASTAR enables to yield 
precise electron diffraction patterns by the precession of electron beam 
[26,27].

The sample for image processing procedure development was an Fe- 
22Mn-0.6C steel (FCC). The bulk sample was thinned to electron 
transparency by mechanical polishing followed by Ar+ ion milling using 
model IB-09060CIS cryo ion slicer (JEOL). Electron diffraction mapping 
was performed with a precession angle of 0.5◦ and 10 nm step size. The 
second condenser lens aperture size was 10 μm, camera length was 300 
mm and the image size of the diffraction pattern was 288 × 288 pixels. 
After the electron diffraction mapping, crystal orientation of each grain 
was determined through template matching [28] using the software 
bundled with ASTAR. Although the orientation map indicates lines 
distinguishing crystal grains, they express only a part of GB regions 
because GBs are two-dimensional crystal defects, appearing as surface in 
general. These lines tentatively express GBs and are noted as ‘initial-GB’ 

hereafter. The data on the initial-GB was also to be processed in the same 
way as that in grain interior.

A TEM foil from additively manufactured 316L SS sample was pre
pared as follows. The feedstock powder was obtained from EOS GmbH 
(Germany). The LPBF process was carried out using an EOS M290 sys
tem (EOS, Germany), with the laser power P, scanning speed v, scanning 
pitch D, and stacking thickness t set to P = 250 W, v = 800 mm/s, D =
0.08 mm, and t = 0.06 mm, respectively. Bulk samples with dimensions 
of 10 mm × 10 mm × 10 mm were fabricated in an Ar atmosphere by 
employing bi-directional laser scanning in one direction for all layers. 
The bulk sample was sliced along a [100] direction, and then thinned 
down by mechanical polishing followed by Ar+ ion milling. Electron 
diffraction mapping was performed with a precession angle of 1.0◦ and 
10 nm step size. Then, the TEM foil was heat treated at 1000℃ for 10 
min under Ar atmosphere using a tubular electric furnace (Asahi Rika 
Manufacturing Co., Ltd.), and cooled by Ar flow. The identical field of 
view was examined using the same acquisition parameters for direct 
comparison. It should be noted that the objective of this experiment was 
to capture the early stage of recrystallization. Based on some literatures 
[9,29], which indicated recrystallization in additively manufactured 
316L SS occurred at around 1000◦C given sufficient time, the heat 
treatment condition used in this study (1000◦C for 10 min) was deter
mined accordingly.

2.2. Image processing procedure

2.2.1. Feature extraction from electron diffraction mapping data
The detection strategy of GB is to identify regions where electron 

diffraction patterns vary around the initial pattern. In this concept, 
diffraction patterns in identified GB region overlap with those from 
other crystals. Fig. 1 shows the overall flow of the GB detection. The aim 
up to the multivariate least squares (MLS) fitting step (labeled A in 
Fig. 1) is to quantitatively express how much electron diffraction pat
terns vary within two adjacent grains. In the step, first, mask images 
corresponding to each grain were created using the orientation map as 
shown in Fig. 2(a). These mask images tentatively defined which regions 
an electron diffraction pattern belongs to. Second, electron diffraction 
patterns were averaged within a mask to obtain representative electron 

Fig. 1. Flowchart of GB extraction. Details of processes A to D are indicated in 
later figures.
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diffraction patterns. Hereafter, the created electron diffraction patterns 
in this way are called ‘basis diffraction patterns’. These basis diffraction 
patterns enabled to express each electron diffraction pattern as a linear 
combination of those as demonstrated in a later section.

After identifying which grains were neighbors, MLS fitting, a type of 
multivariate statistical analysis [30], was applied (labeled B in Fig. 1) 
using NumPy library (version 2.2.6) [31]. Summary of this fitting pro
cedure is shown in Fig. 2(b). To quantitatively represent the variations 
among electron diffraction patterns, an electron diffraction pattern (X) 
at point p is approximated by using the basis diffraction patterns (H): 

Xp ≈
∑

i
wi,pHi, (1) 

where i indicates the number of targeted grains and the coefficient wi,p 

means contribution from basis i at point p (p = 1 n). wi,p is the variable 
to be obtained. In this step, MLS fitting was implemented for each pair of 
grains (i = 1,2) to ensure the mathematical independency in the basis 
diffraction patterns. If three or more basis diffraction patterns are 
defined, one of the basis diffraction patterns may be expressed as a linear 
combination of others, and consequently, the uniqueness of the solution 
is no longer guaranteed. In Fig. 2(b), the coefficient matrix W, composed 
of wi,p, was initially defined with arbitrary values, and the matrix HW, 
which approximates X, was constructed. Then, the squared error of 
these two matrices ((X − HW)

2) was calculated and W was updated to 
minimize the error.

Fig. 3(a) indicates the representative w1,p and w2,p distribution after 
the MLS fitting. w1,p and w2,p were predominant in both left-hand side 
(Grain1) and right-hand side (Grain2) grains, respectively. The pre
dominant coefficient clearly varied around the expected GB. A line 
profile obtained along the broken line in Fig. 3(a) quantitatively dem
onstrates the variation of coefficients. In Fig. 3(b), two breakpoints (BPs) 
were clearly appeared. Fig. 3(c) shows the corresponding electron 
diffraction patterns around the BPs. At the BP1, the signal intensity of 
electron diffraction from Grain2, e.g., marked by blue circles, started to 
be intense while that from Grain1, e.g., marked by red circles, started to 
be diminished. Behind the BP2, the signal intensity of the electron 
diffraction from Grain1 disappeared and that from Grain2 became 
dominant. Therefore, the BPs can be regarded as the edge of GBs.

2.2.2. GB detection
As shown in Fig. 3(b), the GB region was expressed as the slope in wi,p 

distribution profile. In other words, the variation of wi,p in the GB region 
was roughly linear, while that within the crystal grain was roughly 
negligible. Based on the concept, we performed spectral clustering [32]
(labeled C in Fig. 1), by defining the similarity matrix as follows: 

Apq = exp
(
− ‖wi,p − wi,q‖/2σ2), (2) 

where Apq is (p, q) component of the similarity matrix (q = 1 n), ‖ • ‖
means L2 norm, σ is the constant which indicates how sensitively signal 
changes are detected. In this study, we used the coefficient of the basis of 
Grain2 (i = 2), σ = 0.2 in the case of the austenitic steel, σ = 0.1 in the 
case of the 316L SS. The tuning of σ was necessary depending on the 
input data. Wrong choice of σ resulted in undesired outputs, as shown in 
Fig. S1. In the case of 316L SS, changes in diffraction signal intensity 
occurred frequently within the grains because they contained a high 
density of dislocations. To clearly distinguish the signal variations be
tween the grain interiors and the GBs, a smaller σ value was needed. The 
spectral clustering means that images such as Fig. 3(a) is regarded as a 
graph structure, where each edge weight between node p and node q are 
given by Apq. The weight is predominantly determined how much the 
coefficient at point p matches that at point q. Since the coefficient within 
the crystal grains is almost same, the difference of that around a point 
(‖wi,p − wi,q‖) is nearly zero. At GBs, on the other hand, ‖wi,p − wi,q‖

around a point is larger than that inside the crystal grains. The graph 
defined in this way can characterize the coefficient variation. The 
spectral clustering partitions the graph such that similar structure is 
assigned to the same group by applying k-means clustering to the ei
genvectors of the graph Laplacian. In this study, the MLS result for each 
pair of crystal grains was classified into three with the aim of dividing 
the targeted dataset into Grain1, Grain2, and GB, respectively. Only a 
fixed width of region from initial-GB as shown in Fig. 4(a) was consid
ered for computational efficiency and balance the number of data 
points. The calculation width in Fig. 4(a) was 30 pixels (300 nm) in the 
case of the austenitic steel and 50 pixels (500 nm) in the case of for the 
316L SS in this study.

Fig. 4(b) shows the representative result of the clustering. Intuitively, 

Fig. 2. Schematic illustration showing image processing procedure A and B, which are indicated in Fig. 1, respectively. (a) Image processing procedure of A. Mask 
images were created based on an orientation map, which was obtained via template matching of electron diffraction mapping data. (b) Image processing procedure of 
B, showing summary of MLS fitting. MLS fitting was performed for each two adjacent grains. Electron diffraction patterns at each point were flattened to 1D array, 
making the data matrix (X). The basis diffraction patterns were obtained by averaging electron diffraction patterns within a crystal grain, which had been identified 
in (a). The basis matrix (H) was created by flattening the basis diffraction patterns and concatenating them. The coefficient matrix (W) was initially defined in 
random value. Then, W was repeatedly updated so that minimizing the error between the approximate value (HW) and X.
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Fig. 3. A representative result of MLS fitting. (a) Distribution of coefficients for the basis H1 and H2. The dotted arrow indicates where the line profile (b) taken from. 
From (b), GB would be assumed to be between the breakpoint 1 (BP1) and BP2. (c) Electron diffraction patterns corresponding to the line profile. Their magnified 
view was also shown. Looking from left to right, the diffraction spots marked by the blue circles started to appear at BP1, and the intensity of them gradually 
increased. The intensity of the diffraction spot marked by the red circle, on the other, gradually decreased from BP1. Then, the diffraction spot disappeared after BP2. 
Therefore, the region between BP1 and BP2 corresponded to GB. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.)

Fig. 4. Summary of spectral clustering, which is labeled C in Fig. 1. (a) Definition of input data region. Only the data within a distance from the initial-GB 
(calculation width) was used in the clustering. (b) Representative results of spectral clustering. (c) Quantitative evaluation of the clustering results. By 
comparing the clustering results with a line profile of a MLS result, the detected GB was found to be underestimated. (d) Schematic drawing how spectral clustering 
underestimated the GB width.
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the result appears to be divided into Grain1, Grain2, and GB, respec
tively. However, superposition of the w2,p distribution and the clustering 
result indicated that the GB region obtained by the clustering was al
ways located between the BPs as shown in Fig. 4(c). This result indicates 
that the clustering must have underestimated the width of the GB. The 
underestimation would be an inevitable consequence in this clustering. 
As noted, w2,p (also w1,p) gradually varied from Grain1 to Grain2, while 
it showed roughly constant inside the crystal grains, although there was 
some fluctuation. The fluctuation in the profile within the crystal grains 
somewhat yields coefficient variation, which is considerably smaller 
than that at GB center. However, the coefficient variation around the 
BPs is also not large compared to that at the GB center. Therefore, the 
BPs and their surrounding points would likely be regarded as identical to 
the crystal grains rather than as GBs, as schematically indicated in Fig. 4
(d).

To summarize here, the spectral clustering enabled to roughly 
identify the three regions − Grain1, Grain2, and GB. The identified GB 
region was underestimated, and thus, the BPs, namely GB edge, were to 
be detected (labeled D in Fig. 1) using the clustered data as demon
strated in next section. Although the clustering did not exactly yield GB 
region, we tentatively note the clustered region as Grain1, Grain2, and 
GB for convenience in the following section.

2.2.3. GB edge detection
Fig. 5(a) shows the flowchart of the GB edge detection step labeled D 

in Fig. 1. This proposed approach aimed to detect intersections of three 
curvilinear surfaces derived by Gaussian process regression [33] using 
the coefficient distribution inside each clustered region, Grain1, Grain2, 
and GB, obtained from the previous clustering step. Fig. 5(b) schemat
ically indicates the basic concept of the GB edge detection. This concept 
is built upon the MLS outcomes in which the coefficient variation is 
roughly monotonic for each region as shown in Fig. 3(b). Three 

regression functions expressing the coefficient distribution within the 
interior of individual clustered regions can be defined, and these should 
be monotonic over the entire regions of interest. The intersections of 
these three regression functions indicate both ends of a GB, that is, two 
BPs as indicated in Fig. 5(b). In here, these regression functions were 
obtained through Gaussian process regression, using the coefficient 
distributions in each clustered region as inputs. This process is labeled 
(ii) in Fig. 5(a). The resultant functions were represented as three 
curvilinear surfaces that express the coefficient distributions of each 
region, and the extrapolations of these curvilinear surfaces intersected 
near the ‘GB’ assigned in the previous step. Then, the region between the 
two intersections was designated as ‘tentative GB’, label-(iii) in Fig. 5(a). 
If there was no significant deviation between the curvilinear surface 
(regression function) over the GB and the original coefficient distribu
tion data (the corresponding MLS result) exists within the tentative GB 
region, the GB edge detection step is completed.

It should be noted that using all clustered regions without separation 
as the input for the regression step is not feasible, because all the clus
tered regions are adjacent and intersections coincide with the cluster 
boundaries, making GB edge detection impractical. The resultant 
regression functions, or curvilinear surfaces, from such input would be 
similar to those shown by the orange dotted lines in Fig. 4(c), and thus 
this step offers no improvement. To resolve this, GBs edge (BP) were 
assumed to be located within a certain distance from a GB. Each iden
tified crystal grain was then subsequently shrunk to generate a gap, d, as 
indicated in Fig. 5(c) (label- (i) in Fig. 5(a)). The gap was configured to 
be 3 (d = 3[pixels]) and was later confirmed to be not sensitive to the 
accuracy of the GB detection because the input region has adaptively 
changed as described in later paragraph.

For the regression surface construction, we used w2,p distribution 
within each region and performed the Gaussian process regression using 
Matern kernel [34] expressed as follows, 

Fig. 5. Summary of GB edge detection, which is labeled D in Fig. 1. (a) Flowchart of the process. (b) Schematic drawing of the GB edge detection method procedure. 
(c) Definition of the data input region for Gaussian process regression. Using the results of the spectral clustering, the three kinds of region were defined (Grain1, 
Grain2, and GB). Each crystal grain was shrunk by the distance d. The GB edge was assumed to lie between the GB and shrunk regions. The Gaussian process 
regression was performed using the coefficient distribution in each region as input. (d) Results of gaussian process regression at first loop. Since the GB edge was 
estimated by extrapolating the regression curve, the error between the MLS result (original data, light blue) and the regression curve was sometimes inevitable. One 
pixel was added at the GB positions closest to the points showing error above threshold (more than 5% in this study). This process corresponded to “increase GB 
region” in (a). (e) Results of gaussian process regression after finishing the loop, showing the adequately fitted regression curves. (For interpretation of the references 
to colour in this figure legend, the reader is referred to the web version of this article.)

S. Ihara et al.                                                                                                                                                                                                                                    Materials & Design 268 (2026) 116450 

5 



k
(
w2,p,w2,q

)
=

1
Γ(ν)2ν− 1

( ̅̅̅̅̅
2ν

√

l
de
(
w2,p,w2,q

)
)ν

Kν

( ̅̅̅̅̅
2ν

√

l
de
(
w2,p,w2,q

)
)

,

(3) 

where de( • ) means the Euclidian distance, Kν( • ) means a modified 
Bessel function, and Γ( • ) means the gamma function. The Gaussian 
process regression estimates a surface without assuming a specific 
functional form, yielding a surface that fits well for any input data while 
retaining its smoothness in the extrapolation region. In this study, ν was 
set to 0.5 to make the curvilinear surfaces as flat as possible and to 
ensure only a single intersection per line profile. The gaussian process 
regression was carried out using the scikit-learn library [35].

Fig. 5(d) indicates the obtained curvilinear surfaces using the data in 
Grain1 (marked by red), Grain2 (blue), and GB (green), with the original 
MLS result as a reference (light blue). The figure also shows the line 
profiles at the position indicated by an arrow, representing the in
tersections between Grain1 and GB and Grain2 and GB, respectively. 
The intersections roughly corresponded with the BPs. However, some 
errors between the line profile of the regression surface and the original 
MLS data were detected within the GB region as shown in Fig. 5(d). The 
errors indicate that the variation of regression surface was gentler than 
the MLS data, resulting in the overestimation of the GB width. When the 
maximum error within the tentative GB exceeded the threshold value, 
which was 5% in this study, an update, i.e., the change of the GB width, 
labeled (iv) in Fig. 5(a), was carried out by dilating by 1 pixel at the edge 
of the GB region closest to the position where error exceeded the 
threshold. Then, the gap d from the updated GB region was set and all 
the input regions were redefined for the Gaussian process regression. 
These processes were iteratively performed until all the errors in 
tentative GB region were less than 5%. Note that the error threshold was 
set to be below average error after the first loop of each pair of grains. 
The average error value for each pair was shown in Fig.S2.

Fig. 5(e) demonstrates the same data plot as Fig. 5(d) but obtained at 
the final step of the GB edge detection. In the figure, the intersections 
showed good agreement with the BPs. Therefore, the obtained in
tersections corresponded with the GB edges. By filling inside of the 
detected GB edges, whole GB region was obtained.

3. Results and discussion

To summarize the image processing, the variation of electron 
diffraction patterns in the electron diffraction mapping data was first 
expressed as the feature variation – the variation of coefficients which 
were obtained through MLS fitting. The region where the coefficients 
vary was regarded as a GB, and was detected using the spectral clus
tering and the Gaussian process regression. In this section, we evaluated 
the accuracy of the GB detection and then applied to ex-situ heating 
observation of an additively manufactured 316L SS in which GB 
migration occurred.

3.1. Evaluation of the proposed method

To alternatively reveal GB region from the electron diffraction 
mapping data, we performed virtual dark field (VDF) imaging [36]. In 
VDF, an image is reconstructed from the signal of specific areas in 
electron diffraction patterns, instead of physically using a DF aperture 
during imaging. By selecting the diffraction spots appropriately, the VDF 
image showing a single crystal grain can be obtained as shown in Fig. 6
(a). This VDF image was reconstructed from the three diffraction spots 
indicated in the same figure. The multiple selection of the diffraction 
spots enabled to visualize the crystal grain with enough contrast, and 
therefore, by choosing appropriate threshold value, the mask image that 
corresponds the single crystal grain was obtained. Hereafter, mask im
ages obtained from VDF images are called VDF mask.

We obtained VDF masks for the three crystal grains and super
imposed them to create a combined mask. Fig. 6(b) left shows the 
combined VDF mask, where the GB region clearly appeared. The middle 
of Fig. 6(b) indicates the GB region obtained from the proposed method. 
This GB region was obtained by combining the extracted GB regions for 
each pair of the crystal grains. The overlapped image of the two is shown 
in Fig. 6(b) right, where the common region was demonstrated as white. 
In the figure, 97% of the points matched. The average distance among 
the mismatched points, excluding the points that were outside the three 
crystal grains, was 1.1 pixel (11 nm). We applied same procedure to 
several tilt angles (±20◦) as shown in Fig. S4. The results were also in 
agreement with the VDF images to a similar extent as described above, 
despite the increase in effective foil thickness caused by sample tilting. 

Fig. 6. Validation of GB detection. (a)Procedure of VDF mask creation. (b) Comparison of combined VDF masks with proposed method.
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Therefore, the proposed method successfully extracted the GB area from 
the electron diffraction mapping data. Note that a gap formed around 
the triple junction of the GB after simply combining the extracted GB 
regions. The gap was only a few pixels and surrounded by the extracted 
GB regions, and thus, it was filled by interpolation.

It should also be noted that the GB extraction using VDF demands 
suitable diffraction spots selection and threshold value determination, 
thus careful handling is needed. When diffraction spots that also appear 
also in neighboring crystal grains are selected, both crystal grains will be 
highlighted and cannot be distinguished. The suitable threshold value 
depends on which and how many diffraction spots are selected since the 
selected area determines the signal intensity of a VDF image. In this 
study, the threshold value was determined from the signal intensity of 
neighbor regions near GB edge for each VDF image because the intensity 
of electron diffraction spots is likely influenced by structural defects and 
sample thickness. The proposed method in this study does not require 
the diffraction spot selection and the threshold determination, and thus, 
provides more objective and more noise-robust approach.

3.2. Application to ex-situ heating observation

Fig. 7(a) shows virtual bright field (VBF) images of the additively 
manufactured 316L SS sample presenting an identical GB region before 
and after heating. The VBF images were reconstructed from the signal 
intensity of transmitted wave in electron diffraction patterns, and thus 
they are equivalent to regular STEM-BF images. Many dislocations were 
observed in the sample before heating, whereas the number of visible 
dislocations decreased after heating when observed from same orien
tation. Fig. 7(b) presents the corresponding orientation maps, where 
crystal grains with the misorientation angle larger than 10◦ are indi
cated. Only the band-shaped contrast in the central region in Fig. 7(a) 
was the high angle GB, thus all other band-shaped contrast areas were 
concluded to be sub-GBs. Fig. 7(c) shows the GB area extracted using the 
proposed method. Overall morphological changes induced by heating 
were clearly observed; however, determining the exact distances re
mains challenging at present because of the lack of invariant point. 
Adding fiducial markers or applying image correlation methods will be 

the subject of future study. Note that to obtain Fig. 7(c), we vertically 
divided the MLS results into five, i.e., five stripes of coefficient distri
bution were prepared as input for the clustering step. This division was 
needed because electron diffraction patterns differed slightly even 
within a single crystal grain due to the sub-GBs included in this field of 
view. Dividing the input data can reduce its variability, making clus
tering more effective.

To quantitatively compare the variation, we evaluated the absolute 
curvature of the detected GB edges. The curvature calculation was 
performed after fitting the GB edges as Chebyshev polynomial such that 
the fitting parameter minimizing the Akaike’s information criterion. 
This fitting procedure prevents overfitting while minimizing error, 
resulting in smooth fitting, and enables theoretical calculation of the 
derivatives. We have confirmed by using mathematical models that the 
fitting results matched with theoretical solution of the curvature dis
tribution and robust in noise addition as shown in Fig.S3. Fig. 8(a) shows 
the curvature distribution of the entire field of view. To examine the 
curvature variation in detail, three areas were selected as indicted by I to 
III in the figure. Fig. 8(b) compares the shapes of these three GB edges 
before and after heating, side by side, where the average curvature in the 
region of interest is also shown. The curvature of the GB edge basically 
decreased as representatively shown in Fig. 8(b) left. The decrease of 
curvature after heating was easily understood because heating process 
generally reduces the free energy of materials. However, one of the areas 
showed increase of the curvature after heating as expressed in Fig. 8(b) 
right.

To examine what caused the GB edge geometry variation, we 
compared the VBF images of each area with their corresponding 
extracted GBs as shown in Fig. 9(a). The area where curvature increased 
(III) was merged with a sub-GB, resulting in the concave shape after 
heating as indicated in the green arrow. Another area where another 
sub-GB merged (II) also showed the concave shape. These results would 
indicate that GB bulging was likely observed around sub-GBs during 
heating in this study, sometimes yielding high curvature GBs. This sub- 
GB induced GB migration has also been proposed [12]. According to the 
literature, crystal grains containing sub-GBs have higher elastic strain 
energy than neighboring crystal grains, resulting in the promotion of 
grain nucleation at sub-GB junction based on the strain induced 
boundary migration (SIBM) mechanism [37–39] and leading to the 
convex shape of GBs. Multiple studies have reported the SIBM in many 
materials [40–42] and the results shown in Fig. 9(a) supports the SIBM 
in the 316L SS. Interestingly, in the after-heating sample of Fig. 9(a), the 
width of the GBs around the sub-GB junction was small compared to the 
surrounding GB region. If the sub-GBs contributed the GB bulging iso
tropically, the GB width would be constant. The concave morphology in 
the GB region suggests that GB bulging straightens the inclined GBs, 
leading to a reduction in the GB interfacial area and thus the interfacial 
energy.

It should be noted that another area also showing concave shape as 
indicated by orange arrow in Fig. 9(a) would form by the presence of 
precipitates. Fig. 9(b) shows an electron diffraction pattern around the 
sub-GB. Diffraction spots not belonging to the matrix (austenitic steel, 
FCC) appeared. A VDF image reconstructed using one of those spots 
(Fig. 9(c)) indicates fine precipitates aggregated around the GB. These 
precipitates slightly decreased the signal intensity of the diffraction 
spots from the matrix. When the signal intensity of diffraction spots from 
the matrix decreased, the coefficient (wi,p) in Eq. (1) would become 
smaller compared to the crystal grain interior. Consequently, the pre
cipitates located at the GB were also classified as part of the GB region. 
This classification is a natural consequence of the proposed method, 
which identifies GB regions based on the overlap of diffraction patterns 
with those from adjacent crystals. While understanding the nature of 
grain boundary precipitation is a critical topic in materials science, and 
the development of evaluation methods for grain boundary micro
structures is certainly valuable, these topics are beyond the scope of the 
present work and will be addressed in future studies.

Fig. 7. Summary of ex-situ heating observation for an additively manufactured 
316L SS. (a) VBF images before and after heating. (b) Orientation maps showing 
crystal grains with high misorientation angle (more than 10 deg.). (c) Results of 
GB detection using the proposed method based on (b).
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4. Conclusion

This paper demonstrated the machine learning-assisted image pro
cessing for GB extraction from electron diffraction mapping data. 
Calculating the feature variation in electron diffraction patterns and 
detecting the points where the feature variation completed made it 
possible to visualize the GB region. The proposed method was validated 
to be comparable to the other visualization method, VDF. The advantage 
of the proposed method lies in the objective determination of the GB 
region, and thus, it enables to quantitatively analyze the GB edge shape.

The visualization method was also applied to ex-situ heating obser
vation of an additively manufactured 316L SS. The curvature variation 
before and after heat treatment was discussed. It was demonstrated that 
GB bulging was likely occurred around sub-GBs during heating. As 

demonstrated in this study, the proposed method would reveal the 
variation of GB morphology under external stimuli in detail for broad 
range of materials.
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Fig. 8. Quantitative evaluation of detected GB edges. (a) Curvature distribution for whole field of view. (b) Magnified field of view whose number and region were 
indicated in (a).

Fig. 9. Details of morphological changes induced by heating. (a) Redisplay of VBF images and extracted GBs. The green dotted lines indicate the parts of GB 
connected with sub-GBs. The displayed numbers correspond to those in Fig. 8(a). (b) An electron diffraction pattern extracted at the GB, showing diffraction spots 
which were not belong to the matrix. (c) A VDF image created by using the spot shown in the dotted red circle in (b). The convex shape indicted by orange arrows in 
(a) and (c) likely formed by precipitates. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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[26] L.M. Corrêa, E. Ortega, A. Ponce, M.A. Cotta, D. Ugarte, High precision orientation 
mapping from 4D-STEM precession electron diffraction data through quantitative 
analysis of diffracted intensities, Ultramicroscopy 259 (2024), https://doi.org/ 
10.1016/j.ultramic.2024.113927.

[27] P.A. Midgley, A.S. Eggeman, Precession electron diffraction - a topical review, 
IUCrJ 2 (2015) 126–136, https://doi.org/10.1107/S2052252514022283.

[28] A.C. Diebold, C. Ophus, A. Kordijazi, S. Consiglio, S. Lombardo, D. Triyoso, 
K. Tapily, A. Mian, N.B.V.I. Shankar, T. Morávek, N. Chandran, R. Stroud, 
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