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A B S T R A C T

Nanobeam X-ray diffraction (nanoXRD) enables nanoscale mapping of crystal structures across wafer-scale 
crystals, offering unique insight into microstructural evolution during crystal growth. However, the resulting 
large and complex diffraction datasets make it challenging to quantitatively resolve local structural transitions 
and their connection to growth processes using conventional analysis. Here, we present a continuity-driven, 
unsupervised, and generalized analysis framework, referred to as the neighborhood-based similarity metric, 
which integrates spatial coordinates with nanoXRD data to reveal structural variations across growth sectors, 
interfaces, and defect-related regions without requiring prior knowledge or labels. By introducing Jaccard 
similarity scores to compare local neighborhoods in spatial and diffraction domains, the method quantitatively 
detects discontinuities where structural evolution disrupts the local continuity of diffraction patterns. Our un
supervised approach, validated with synthetic data and nanoXRD measurements of bulk GaN crystals, success
fully identified both known defects and previously hidden structural discontinuities. The results provide new 
insights into the relationship between growth conditions, local strain evolution, and defect formation, estab
lishing a robust and interpretable approach for linking processing and structural characteristics in complex 
crystalline materials.

1. Introduction

Nowadays, the functions of electronic devices increasingly rely on 
nanostructures [1,2], which motivates the need to map and localize 
crystal structural deformations with high spatial resolution and mea
surement efficiency, the latter being particularly important when 
studying bulk crystal substrates. Because real-time in situ monitoring of 
structural evolution during crystal growth is often impractical under 
extreme conditions such as high temperature, high pressure, or chemi
cally reactive environments, such growth-induced structural evolution is 
typically investigated a posteriori. Spatially resolved structural variations 

are analyzed in cross-sectional, wafer-scale samples after growth to infer 
the evolution of the crystal structure during fabrication. From this 
perspective, the development of nanobeam X-ray diffraction (nanoXRD) 
and scanning X-ray diffraction microscopy (SXDM) has enabled non- 
destructive, quantitative characterization of crystal structures, with 
measurement areas easily adjustable to meet experimental demands 
[3–20]. However, the analysis of advanced nanoXRD datasets faces 
challenges arising from both the enormous number of diffraction pat
terns and the complex yet subtle structural variations in crystalline 
materials. The rapidly increasing rate of data acquisition and the 
growing complexity of the data can outpace the accuracy and robustness 
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of traditional analysis workflows based on conventional peak fitting 
[33]. While careful fitting with region-specific models and constraints 
can be effective at a local scale, such approaches do not readily scale to 
wafer-level discovery across structurally heterogeneous regions.

Machine learning (ML) methods offer a promising route to interpret 
such massive diffraction datasets by capturing correlations and anom
alies that may correspond to hidden structural features [20–32]. 
Although most ML–XRD studies have focused on supervised learning, 
our previous work [33,34] demonstrated that unsupervised learning can 
also effectively reveal domain structures in bulk GaN crystals, classi
fying regions with distinct crystallographic characteristics. In wafer- 
scale nanoXRD/SXDM mapping, the primary objective is often the dis
covery and localization of microstructural transitions in the absence of 
reliable ground-truth labels and without assuming a universally valid 
parametric model for diffraction features. This objective motivates the 
unsupervised, continuity-driven formulation adopted here.

The success of unsupervised ML methods relies on the intrinsic 
relationship between the data structure and the crystal structure, 
whereby distinct crystal configurations yield characteristic variations in 
XRD signal features such as peak shape, position, width, and intensity. 
When pronounced differences exist between datasets, unsupervised 
methods, such as Uniform Manifold Approximation and Projection 
(UMAP) [35] and t-Distributed Stochastic Neighbor Embedding (t-SNE) 
[36], are effective in visualizing and identifying clusters in data, as well 
as interpreting distinct structural domains without prior labels.

Building on our previous findings on structural domains identified 
through clustering [34], a remaining challenge is to elucidate how 
crystal structures evolve across these domains during growth. In addi
tion, we seek a generalized analysis strategy applicable to thousands of 
measurement points and different samples, particularly in situations 
where a single parametric peak-fitting model does not remain stable 
owing to variations in diffraction profile features. To address those 
challenges, the present study focuses on structural transitions that occur 
at interfaces and boundaries formed under different growth conditions. 
We introduce a continuity-aware, unsupervised analysis frame
work—the neighborhood-based similarity metric—which captures gradual 
changes in local structural continuity by integrating spatial and 
diffraction information. Applying this approach to multiple bulk GaN 
crystals enables quantitative visualization of structural continuity and 
the identification of interfacial regions that are not clearly resolved by 
conventional clustering or optical characterization. This framework not 
only complements domain-based analyses but also provides deeper 
insight into the mechanisms of interfacial formation, strain accommo
dation, and microstructural evolution during crystal growth, thereby 
linking various growth processing conditions to the resulting structural 
characteristics.

2. Methods

2.1. Preparation of raw data

This study investigated several bulk GaN crystal samples, including 
those prepared by the Na-flux, oxide vapor phase epitaxy (OVPE), and 
hydride vapor phase epitaxy (HVPE) methods. We conducted position- 
dependent nanoXRD experiments for those samples at the hard X-ray 
undulator beamline BL13XU in SPring-8. (Fig. 1) The photon energy was 
8 keV with an energy resolution of 10-4. The beam size was around 500 
nm (hor.) x 390 nm (ver.). Here, hor. and ver. refer to the spatial hori
zontal and vertical directions, respectively. In Fig. 1(b), the spatial 
horizontal plane corresponds to the yz-plane, while the vertical direc
tion is defined along the x-axis. For each sampling point, e.g., point i at 
(xi, yi), symmetric (2200) and asymmetric (2202) planes of GaN were 
chosen as diffraction planes. The diffracted X-rays from GaN crystals 
were detected by a two-dimensional (2D) photon-counting detector 
HyPix-3000 (Rigaku, Japan) and three-dimensional (3D) ω–2θ–φ data 

were collected by scanning incident angle ω, i.e., the ω-scan. Repre
sentative raw data of diffraction patterns are listed in Supplementary Note 
1.

2.2. Algorithm for analysis

The neighborhood-based similarity metric is based on the concept that, 
in a continuously and gradually varying crystal, neighboring measure
ment points (points i and j in Fig. 1(a)) share similar structures and 
therefore similar diffraction patterns. In other words, if two measure
ment points are spatial neighbors, the data obtained from them are ex
pected to be neighbors in the data space. Conversely, when the crystal 
structure at neighboring points is deformed, i.e., when the structure 
undergoes an abrupt change, the corresponding data no longer remain 
neighbors in the data space.

In the neighborhood-based similarity metric, the position of point i is 
denoted as Si = (xi, yi), and the data obtained at this point is denoted as 
Di. Furthermore, in contrast to the previous research, which relies solely 
on raw XRD intensities for clustering [33,34], the current method in
tegrates Si into the XRD features to compose the raw data. To further 
balance the effects of locations and data features in the calculation, the 
raw data is further composed of weighted XRD features of the form Di =

(xi, yi, amp • nor_XRDi), where the amp is a scalar weighting factor 
applied to the normalized XRD signal (nor_XRDi) at point i. In this 
framework, the amp controls how strongly spatial relationships in real 
space constrain neighborhood construction relative to diffraction- 
pattern similarity. By adjusting amp, the method effectively tunes the 
extent to which structural discontinuities are emphasized in the results: 
larger values favor diffraction-driven similarity and enhance the 
contrast of weak deviations, whereas smaller values enforce stronger 
spatial coherence and suppress weak or non-local discontinuities.

During the calculation of the neighborhood-similarity metric, the set 
of neighboring points of i in the spatial space S is denoted as Ni

S, while 
the set of neighbors in the data space D of i is denoted as Ni

D. The 
neighborhood-based similarity metric consists of comparing the similarity 
between Ni

S and Ni
D, i.e., how much these two sets of neighbors overlap. 

In this study, the Jaccard similarity score J is utilized to quantitatively 
describe the similarity between Ni

S and Ni
D. A high score indicates that 

the spatial and data neighborhoods match well, suggesting strong local 
continuity near point i, as expected in regions where the crystal struc
ture evolves smoothly and nearby points on the sample surface exhibit 
the most similar diffraction patterns. In contrast, a low score indicates a 
mismatch, suggesting a significant structural difference between nearby 
points. The detailed calculation procedure for the neighborhood-based 
similarity metric is presented in ALGORITHM 1, with an illustration in 
Supplementary Note 2.

ALGORITHM 1. The neighborhood-based similarity metric

1: procedure LOCALSIMILARITY(S, D, δx, δy)

(continued on next page)

Fig. 1. Schematic of nanoXRD experiments. (a) Arrangement of measurement 
points on the sample surface. (b) Diffraction geometry, including the incident 
angle ω, diffraction angle 2θ, and the azimuthal angle φ. Under ideal diffraction 
conditions, the incident beam, the diffracted beam, and the normal of the dif
fracting crystal plane lie within the same plane, indicated by the green cross- 
section in (b).
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(continued )

ALGORITHM 1. The neighborhood-based similarity metric

▹ Step 1: Local neighborhood comparison
2: Input:
3:   S ∈ ℝN×2

4:  D ∈ ℝN×(2+M)

5:  δx, δy ∈ ℝ+

6: Output:
7:  J ∈ ℝN

▹ Jaccard similarity for each point
8:  N ← number of points in S, J ← Ø
9:  Dist ← DISTANCEMATRIX(D)

▹ Pairwise distances matrix (N × N) in D
10: for i = 1 to N do
11:  (xi, yi) ← S[i]
12:  Ni

S ← FINDNEIGHBORS(S, (xi, yi), δx, δy)
▹ Neighbors for each point in spatial layout

13:  dmax ← max{ Dist[i, j] | j ∈ Ni
S }

14:  Ni
D ← { j | Dist[i, j] ≤ dmax }

15:  J[i] ← | Ni
S ∩ Ni

D | / | Ni
S ∪ Ni

D |
16:  end for
17:  return J
18: end procedure
19: function DISTANCEMATRIX(P)
20:  N ← number of points in P, D ← matrix(N, N)
21:  for i = 1 to N do
22:  for j = 1 to N do
23:  D[i, j] ← ||P[i] − P[j]||2

▹ Euclidean distance
24:  end for
25:  end for
26:  return D
27: end function
28: function FINDNEIGHBORS (S, (xi, yi), δx, δy)
29:  N ← number of points in S, N ← Ø
30:  for j = 1 to N do
31:  (xj, yj) ← S[j]
32: if | xi − xj | ≤ δx and |yi − yj | ≤ δy then
33:  N ← N ∪ {j}

▹ Find points within a rectangular neighborhood
34:  end if
35: end for
36:  return N
37: end function

As described in line 13 of the algorithm, the determination of Ni
D relies 

on a point-wise calculation of the neighborhood size in joint data space 
D. Specifically, the effective neighborhood extent around point i is 
defined by the Euclidean distances between point i and its spatial 
neighbors Ni

s, evaluated in the joint data space D. Since the neighborhood- 
based similarity metric quantifies the overlap between neighborhoods 
defined in spatial space S and in a joint data space D, it does not involve 
parametric peak fitting and does not require prior labels or model 
initialization. The calculation instead relies on the relative weighting 
parameter amp between spatial and diffraction features, rather than on 
peak-shape models and constraint tuning. Moreover, the proposed 
metric does not involve model training or loss minimization. Conse
quently, issues commonly associated with optimization-based machine- 
learning methods, such as overfitting or convergence to local minima, 
are not relevant in the same sense, and the calculation is deterministic 
and fully reproducible for fixed inputs and analysis settings. Finally, by 
avoiding the direct use of Euclidean distances in the full data space, the 
proposed metric reduces the influence of outliers arising from isolated 
points located far from the surrounding data distribution as well as 
regional biases within the data space.

Importantly, when constructing the joint data space D, both 
diffraction and spatial information contribute to the definition of 
neighborhoods. If diffraction patterns alone are used to define neighbors 
in D, the algorithm can identify globally similar patterns, but it loses the 
notion of locality that is essential for detecting interfaces as localized 
deviations from continuity. In particular, without spatial regularization 
provided by the (X, Y) component in D, diffraction patterns from non- 

neighboring regions, for example, distant areas belonging to a 
different growth sector but exhibiting similar diffraction patterns, may 
be selected as “neighbors” in the data space. This loss of spatial regu
larization introduces non-local similarities into the neighborhood com
parison, thereby reducing the reliability of discontinuity localization, 
because the resulting score is no longer constrained to physically adja
cent points within the sample.

3. Results and discussion

3.1. Simulation-based demonstration of methodology

To demonstrate that the neighborhood-based similarity metric enables 
the identification of structural variations, its performance is presented 
using a synthetic dataset, as shown in Fig. 2. A synthetic 2D measure
ment area of 30 × 40 μm2 was defined, and the measurement point 
interval was set to 1 μm. We simulated the 2 [GRKSLT]-intensity spec
trum from the AlxGa1-xN 2200 diffraction with aGaN = 3.189 Å, cGaN =

5.186 Å, aAlN = 3.112 Å, cAlN = 4.982 Å, and the energy of the incident 
beam is 8 keV. A synthesized strain field monotonically decreases from 
top-right to bottom-left; meanwhile, the composition x of the AlxGa1-xN 
linearly increases from 0.13 to 0.18 along the X-direction. Three circular 
regions with almost uniform strain distribution are artificially inserted 
at positions (X, Y) = (9.5, 9.5), (15.5, 25.5), (23.5, 12.5) μm, with radii 
equal to 2 μm, 4 μm, and 6 μm, respectively, as shown in Fig. 2(a). For 
the ease of simulation, it is assumed that the XRD profile from positions 
with a large strain has a large FWHM and low peak height, as illustrated 
in Fig. 2(b) and (c). Representative simulated XRD profiles are listed in 
Fig. 2(e). Additional details about the synthesized dataset are provided 
in Supplementary Note 3.

Briefly, the similarity score calculated from the neighborhood-based 
similarity metric measures the difference between two sets of neighbors 
Ni

S and Ni
D. The calculated distribution of similarity scores is listed in 

Fig. 2(e) and (f), corresponding to amp = 0 and amp = 1.1, respectively. 
The similarity score is 1 for all sampling points when amp = 0 (Fig. 2(e)) 
since there are no XRD features in D (X, Y, amp⋅nor\_XRD). On the other 
hand, Fig. 2(f) shows that the low-score area clearly corresponds to the 
boundary assumed in the synthetic dataset, while the score is insensitive 
to the continuous background strain gradient. The results in Fig. 2
demonstrate the effectiveness of the neighborhood-based similarity metric, 
particularly its ability to identify regions with structural continuity 
changes in the material, thereby providing valuable information for 
subsequent analysis.

3.2. Case study I: Bulk GaN crystal with multiple domains grown by FFC 
Na-flux method

We further analyze the practical nanoXRD results obtained from a 
cross-sectional GaN wafer grown by the Na-flux method with flux film 
coating technique (FFC), as an example of a crystal containing multiple 
domains. Details of the sample growth can be found in Refs.34, 37–39. 
Fig. 3 shows the cross-sectional multiphoton excitation photo
luminescence microscopy (MPPL) image of the sample, where several 
clear boundaries of different growth sectors marked by b1 to b5 (dashed 
black lines) are formed. On this crystal, due to the varying growth facets 
and oxygen impurity incorporation that occurred during the growth 
process, multiple growth areas appear as different photoluminescence 
intensities and patterns; b1 locates within the c-plane growth sector, b2 
and b4 are boundaries between{1101} and {1102} facets growth sec
tors, b3 is the boundary between c-plane and {1102} facets growth 
sectors, b5 is the boundary between the left and right parts of {1101}
and {1102} facets growth sectors.

The measurement area, marked by the red rectangle in Fig. 3, is 120 
× 300 μm2, with a sampling interval of 5 μm. The incident angle of the 
nanoXRD beam (ω) scans with a step of 0.002◦ within a range of 0.2◦. 
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For each sampling point, symmetric (2200) and asymmetric (2202) 
planes of GaN were chosen as diffraction planes.

In analyzing the experimental nanoXRD data, the neighborhood-based 
similarity metric was first used to obtain the score distribution with amp 
= 13 for 2200 reflections, amp = 15 for 2202 reflections, as shown in 
Fig. 4(a) and (c). Based on the score distribution map, image segmen
tation was then performed to divide the original data into several re
gions, as shown in Fig. 4(b) and (d) using a watershed-based approach 
[40,41] implemented with the OpenCV library (OpenCV's marker-based 
watershed). Further computational details, including the stability of 
similarity score maps with respect to amp variation and the image seg
mentation procedure, are provided in Supplementary Notes 4 and 5. In 
particular, Supplementary Note 4 (Figs. S5(h) and S6(h)) demonstrates 
that both spatial and diffraction information in D are essential for 
quantifying the location of discontinuities, and that amp controls how 

strongly these discontinuities disrupt local continuity.
Boundaries b1 to b5 observed in MPPL are plotted as dashed black 

lines in Fig. 4. Besides, boundaries of segmented areas are labeled with 
− 1, and the background area is labeled with 1. It is also worth noting 
that, in some instances of watershed calculation, labels associated with 
small regions are sometimes overwritten by the expansion of neigh
boring labels representing larger areas, resulting in the disappearance of 
labels from small regions in the final watershed result. In our case, this 
effect caused regions 11 in Figs. 4(b) and 8 in Fig. 4(d) to vanish.

Box plots of the similarity scores for each labeled area are shown in 
Fig. 5 to highlight areas with potentially significant structural varia
tions. Based on the relationship between the similarity score and 
structural variations, greater structural variations in a region result in a 
lower score distribution, which appears as a lower value in the box plot. 
In the following section, regions 7, 12, and 10 in Fig. 4(b)

Fig. 2. Illustration of the synthesized dataset. The 2D distribution maps of (a) strain field, (b) FWHM, and (c) Peak heights. (d) Representative XRD spectrum of 
points located at positions of (X, Y) = (0, 0), (10, 10), (20, 15), (30, 25), and (40, 30) μm. The similarity score J distribution is mapped when (e) amp = 0, (f) amp 
= 1.1.
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(corresponding to regions 7, 12, and 11 in Fig. 4(d)) are selected for 
detailed discussion. For clarity, these regions are hereafter referred to as 
regions A, B, and C, respectively. The selection of regions A, B, and C is 
motivated by their distinct structural characteristics: regions A and B 
exhibit the lowest similarity score distributions (Fig. 5), whereas dis
tributions and shapes of regions A and B show little connection to the 
known boundaries (b1–b5). Meanwhile, region C is directly related to 
b2, b4, and b5 but exhibits comparatively higher score distribution in 
Fig. 5.

Angular characteristics of diffraction profiles provide key 

information for clarifying the nature of structural deformations. For 
instance, an increased density of lattice defects broadens the diffraction 
peaks, resulting in a broader peak; impurity incorporation alters the 
local interplanar spacings, leading to detectable shifts in the 2θ peak 
positions. Furthermore, fluctuations in the morphology of lattice planes 
manifest as changes in the tilting angle ω. Peak positions in 1D XRD 
profiles are therefore essential for identifying structural similarities and 
differences among regions A, B, and C. However, it has been reported 
that in practical nanoXRD data analysis, XRD profiles are often asym
metric, making fitting with traditional Gaussian or Voigt functions 
difficult [33]. To eliminate uncertainties arising from unreliable fitting, 
we employed a fitting-free statistical approach, as described in more 
detail in Supplementary Note 6. In short, the method characterizes the 
peak positions of each angular diffraction intensity profile by calculating 
the relative diffraction peak centroids with respect to the averaged 
profile, rather than relying on the fitted parameters from traditional 
Gaussian or Voigt functions.

Using the calculated relative diffraction peak positions, that is, 
centroids of ω and 2θ, we evaluated the structural similarities and dif
ferences among regions A, B, and C, as shown in Figs. 6 and 7. Mea
surement points are indicated by black and red dots, with the red dots 
located at the boundaries between each labeled area. It is also worth 
noting that 2202 reflections contain contributions from both m-and c- 
planes, while 2200 reflections reflect only the characteristics of m-planes 
Fig. 8.

Fig. 6(a–1), (a–2), and Fig. 7(a–1), (a–2) reveal that both regions A 
and B exhibit highly localized structural deformations associated with 
the 2200 reflections, whose positions are marked by the white rectangle 
and arrows. Fig. 6 (ω centroid map) shows that extreme maxima and 
minima of tilt appear around these localized deformation points, while 
Fig. 7 (2θ centroid map) further demonstrates that corresponding 
extrema in interplanar spacing are also observed in the same regions. 

Fig. 3. Cross-sectional MPPL image of the GaN sample grown by the FFC Na- 
flux method.

Fig. 4. Analysis results of practical nanoXRD measurement. Results from the 2200 reflections are shown for (a) the similarity score distribution, and (b) the 
segmented image. Results from the 2202 reflections are shown for (c) the similarity score distribution and (d) the segmented image.
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Similar behavior is found for the 2202 reflections.
Unlike regions A and B, on the other hand, region C, corresponding to 

b2, b4, and b5, exhibits localized but milder structural deformation 
extending over a broader area with a narrower variation range in the 
color-map scales of Fig. 6(a–3), (b–3) and Fig. 7(a–3), (b–3). We find 
that b2 and b4, which lie at the boundaries between {1102} and {1101} 
growth sectors, tend to show maxima in ω and a sharp increase in 2θ 
centroids along the Y-direction. In addition, the structural variation 
associated with b5 (indicated by red arrows in Fig. 6(a–3), (b–3) and 
Fig. 7(a–3), (b–3)) appears slightly to the right of the b5 position 
observed in the MPPL image. This discrepancy likely arises because the 
b5 position observed in Fig. 3 is determined from MPPL measurements 
of the sample surface, whereas nanoXRD probes deeper into the crystal, 
leading to a shift away from b5.

In regions A and B, the highly localized structural deformations 
suggest that end-on dislocation cores are the primary defect sources 
[10]. To strengthen the physical interpretation of the low-similarity- 
score regions associated with dislocations, we introduced an indepen
dent, strain-based validation in Supplementary Note 7. The qualitative 
agreement between the similarity metric and the theoretical strain-field 
model demonstrates that the proposed analysis framework not only 
enables data-driven detection of structural discontinuities but also 
provides physically meaningful insight into variations of the crystal 
structure. While higher spatial-resolution measurements would be 
required for a more definitive, defect-specific interpretation, Ref. [10]
reports that dislocation-induced effects can be detected by nanoXRD at 

distances of 5 μm from the dislocation core.
In contrast, region C exhibits a different type of structural variation 

unrelated to dislocations. Oxygen is known to be the most common 
unintentionally incorporated impurity (UII) in FFC GaN, with its con
centration varying across different growth sectors [37–39]. Previous 
studies have also shown that variations in UII oxygen concentration 
across growth sectors result in luminescence contrast in MPPL images 
[42,43]. Therefore, the sharp contrast across b2 and b4 in Fig. 3 is likely 
caused by such variations in UII oxygen concentration.

The resulting oxygen-induced lattice mismatch between the {1101} 
and {1102} growth sectors is reflected in an increase in the 2θ centroids 
across b2 and b4 (Fig. 7(a–3) and (b–3)). To accommodate this 
mismatch, a transition region is expected to form, as schematically 
illustrated in Fig. 8, and is characterized by morphological variations. 
This region exhibits an increase in the tilting angle ω for both m- and c- 
planes, consistent with the trends observed in Fig. 6(a–3) and (b–3). 
Notably, Fig. 6(a–3) shows a larger tilt at b2, while Fig. 6(b–3) indicates 
a larger tilt at b4. Given that 2202 reflections include contributions from 
c-planes in addition to m-planes, the difference between Fig. 6(a–3) and 
(b–3) suggests that c-planes have a greater tilting than m-planes at b4, 
whereas the opposite trend occurs at b2.

Except for b2 and b4, b5 corresponds to the sample's coalescence 
boundary (CB) [34,37–39]. The extremely low 2θ values observed in 
Fig. 7(a–3) and (b–3) are likely due to localized stress concentration at 
this boundary and to oxygen impurity segregation, both of which 
contribute to an enlarged lattice spacing. Notably, the extreme-value 

Fig. 5. Box plots of the region-dependent similarity score distribution. Results are shown for (a) 2200 reflections and (b) 2202 reflections.
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distribution of 2θ is confined to the CB within the {1101} growth sector, 
indicating that coalescence-induced stress is also restricted to this sector. 
In contrast, among the results in Fig. 6, only Fig. 6(a–3) shows a 
decrease in ω toward b5 (indicated by the red arrow), suggesting that 
the lattice tilt induced by coalescence is more pronounced along the m- 
plane than along the c-planes.

Collectively, these results demonstrate that nanoXRD effectively 
captures impurity-induced boundaries between the {1102} and {1101} 
growth sectors and the existence of localized defects, presumably 
attributed to dislocations. By resolving full features of planes within the 
diffraction volume, nanoXRD provides a comprehensive picture of how 
dislocations, impurity inhomogeneities, and crystal coalescence 
generate structural discontinuities, thereby extending the insights 
gained from MPPL imaging. Additional changes in diffraction peaks in 
regions A, B, and C are detailed in Supplementary Note 8. We further 
verified similar behavior in additional regions of the FFC GaN sample, as 
presented in Supplementary Note 9, supporting the conclusion that the 

observed variations in oxygen concentration are not attributable to data 
collection or processing artifacts.

3.3. Case study II: Bulk GaN crystal with few boundaries grown by OVPE 
and HVPE

To further validate the performance of the neighborhood-based simi
larity metric on samples with fewer domains, boundaries, or interfaces, 
nanoXRD experiments were performed on an OVPE GaN sample and an 
HVPE sample, as shown in Figs. 9 and 10.

As discussed in Refs.44–47, the growth of OVPE samples typically 
produces numerous inverted pyramidal pits, characteristic of a 3D 
growth mode. These pyramidal growth pits consist of {1122} and 
{3304} facets, which are highlighted in grey and red, respectively, as 
illustrated in Fig. 9(a). In the MPPL images from the c-plane and cross- 
sectional m-plane shown in Fig. 9(b) and 9(c), {1122} and {3304} facets 
appear as regions of dark and bright contrast, respectively, 

Fig. 6. Maps of ω centroids. Results for (a-1) region A, (a-2) region B, and (a-3) region C in 2200 reflections and for (b-1) region A, (b-2) region B, and (b-3) region C 
in 2202 reflections are shown.
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corresponding to different concentrations of incorporated oxygen impurity. Earlier studies in Refs.45–47 indicate that threading 

Fig. 7. Maps of 2θ centroids. Results for (a-1) region A, (a-2) region B, and (a-3) region C in 2200 reflections and for (b-1) region A, (b-2) region B, and (b-3) region C 
in 2202 reflections are shown.

Fig. 8. Schematic illustration of the transition region. The figure is drawn in an exaggerated manner.

Z. Wu et al.                                                                                                                                                                                                                                      Materials & Design 263 (2026) 115669 

8 



dislocations (TDs) tend to converge at centers of pyramidal pits, a 
feature confirmed by the positions of the TD-related etch pits formed 
using a NaOH-KOH solution, as shown in Fig. 9(b). A magnified cross- 
sectional image near the center of a growth pit reveals a stem-like 
contrast (red arrow in Fig. 9(d)). Considering that the dislocation core 
acts as a non-radiative recombination center [48], this stem-like 
contrast is attributed to the presence of TDs.

The position-dependent nanoXRD measurements using 2200 and 
2202 reflections were conducted on the area shown in Fig. 9(d) which 
has a size of 25.5 × 87 μm2, with an interval of 1.5 μm between sampling 
points. The incident angle of the nanoXRD beam scans with a step of 
0.002◦ within a range of 0.2◦. The score distribution maps of the 
neighborhood-based similarity metric are depicted in Fig. 9(e) and (f) for 
2200 and 2202 reflections, respectively. In Fig. 9(e), low similarity 
scores are distributed along the Y (or c-axis) direction at the center of the 
image, whereas Fig. 9(f) shows high scores in the same region. Both 
patterns are attributed to the presence of a TD. The results from the 2200 
reflections (Fig. 9(e)) show low crystal structural continuity near the 
center, while the 2202 reflections (Fig. 9(f)) exhibit relatively high 
continuity at the same location. The difference at the center of the 
measurement area can be explained by the contributions from the c- 
planes, which are included only in the 2202 reflections. Comparing 
Fig. 9(e) and (f) suggests that th. This implies that the TD is likely of edge 
type, since the Burgers vector of an edge TD lies in the basal plane with 

minimal impact on the c-plane. Besides, both figures consistently show 
higher similarity scores on the right side of the TD compared with the 
left, indicating structural asymmetry within the pyramidal growth pit. 
These results demonstrate that the neighborhood-based similarity metric, 
combining nanoXRD measurements, effectively captures plane- 
dependent variations in crystal structure with TDs.

The second example involves a previously reported HVPE GaN 
sample, with detailed nanoXRD experimental procedures described in 
Ref. [33]. Although the MPPL image in Fig. 10(a) indicates a pro
nounced structural boundary near Y = 17 μm, earlier work showed that 
the 2200 and 2202 reflections exhibit distinct structural features across 
this boundary. In particular, these reflections together revealed the 
presence of two growth boundaries located at Y1 = 17 μm and Y2 = 27 
μm [33]. The results in Fig. 10(b) and (c) confirm this previous analysis 
and, in addition, provide further insights into the associated structural 
transitions. Compared with the bottom part of the sample, the 2202 
reflection exhibits a decline in continuity around Y1, reaching a mini
mum near Y2. This distribution agrees with our earlier conclusion that 
misfit occurs near Y1 and that stacking faults are generated around Y2. 
Interestingly, although our earlier study reported severe broadening of 
nanoXRD diffraction profiles caused by stacking faults for Y > 27 μm, 
the results in Fig. 10(b) and (c) show that structural continuity is well 
preserved on the c-plane (Fig. 10(c)) but strongly disrupted on the m- 
plane (Fig. 10(b)) for the region at Y > 27 μm, X  > 20 μm. This dif
ference between c-plane and m-plane again highlights the anisotropy of 

Fig. 9. Results of an OVPE GaN sample. (a) Schematic of the crystal structure in the OVPE sample. (b) The MPPL image of the c-plane of the sample. (c) Cross- 
sectional m-plane's MPPL image of the sample. The white rectangle marks the area analyzed by nanoXRD. (d) Magnified MPPL image of the analyzed area. The 
red arrow indicates the center of the growth pit. Maps of similarity score distribution obtained from the neighborhood-based similarity metric are shown for (e) 2200 
reflections and (f) 2202 reflections

Z. Wu et al.                                                                                                                                                                                                                                      Materials & Design 263 (2026) 115669 

9 



structural deformation in regions affected by stacking fault evolution.

3.4. Physical interpretability, constraints, and insights of the metric

We also note that interpreting the outputs of exploratory, unsuper
vised analysis inevitably requires additional physical insight, particu
larly when identifying interfaces or defects such as dislocations. One 
route toward a more definitive interpretation is to increase the spatial 
resolution of nanoXRD measurements, guided by regions of interest 
highlighted by the similarity score maps. Another important route is 
validation through independent, physics-based modeling or simulations. 
In this work, we introduced a strain-field-based simulation of a screw 
dislocation in Supplementary Note 7. The qualitative agreement be
tween the similarity metric and the strain-field model provides inde
pendent validation that the proposed framework not only enables data- 
driven discovery of structural discontinuities, but also supports physi
cally meaningful interpretation of the crystal structure.

We further note that the locality enforced by the proposed similarity 
metric is physically consistent with post-growth nanoXRD analysis of 
cross-sectional samples. While similar diffraction patterns may arise at 
spatially non-neighboring locations on topmost crystal surfaces due to 
quasi-two-dimensional growth, such behavior was not observed in the 
cross-sectional datasets analyzed here. Along the growth direction, 
structural variations continuously evolve in the absence of abrupt 
changes in growth conditions, making the occurrence of identical 
diffraction patterns at distant locations unlikely. By explicitly incorpo
rating spatial coordinates into the data space, the proposed framework 
enforces a physically motivated locality constraint that suppresses non- 
local similarities, ensuring that reduced similarity scores reflect local 
disruptions in structural continuity rather than global repetition. 
Consistent with this interpretation, additional analysis in Supplemen
tary Note 4 shows that the parameter amp effectively regularizes the 
data structure by controlling the strength of this locality constraint.

Beyond structural segmentation, the proposed framework enables 
new insights into the relationship between crystal processing and 
microstructural defect formation. Because the same similarity metric 
can be applied consistently across different samples, reflections, and 
growth conditions, it provides a generalized basis for comparing how 
specific fabrication processes manifest as localized structural 

discontinuities. For example, in Fig. 10(c), the strongly disrupted con
tinuity observed around region Y2 suggests a localized structural 
response that is likely associated with changes in the HVPE growth 
process. Although the present work does not attempt to reconstruct the 
full growth history, such observations demonstrate how the method can 
systematically highlight regions where processing conditions may have 
induced distinct defect structures or strain states. In this sense, the 
approach serves as an exploratory but physically grounded tool for 
connecting fabrication conditions with resulting microstructural 
features.

4. Conclusion

In conclusion, the neighborhood-based similarity metric provides a 
general and interpretable framework for nanoXRD-based crystal struc
ture analysis by integrating diffraction information with spatial co
ordinates. This approach enables the quantitative detection of structural 
transitions across growth-sector interfaces and domain boundaries that 
conventional clustering or peak-fitting methods may overlook. In the 
analyzed GaN crystals, distinct growth sectors exhibit well-separated 
regions of low similarity, facilitating the identification of interfacial 
boundaries and local strain variations probably ignored in other 
observation methods. Even in samples exhibiting fewer domains or 
more continuous structures, where segmentation becomes challenging, 
the spatial distribution of similarity scores still captures subtle structural 
gradients and transitions linked to different reflection planes.

Furthermore, the method supports a forward-looking workflow in 
which the analysis of nanoXRD datasets using this similarity metric 
guides the construction of defect-aware, process-linked reference data
sets. By consistently detecting and localizing different types of structural 
discontinuities across samples grown under varied conditions, the 
framework provides a foundation for data-driven labeling and catego
rization of defects. Such datasets could subsequently enable more tar
geted supervised learning approaches, facilitating the detection of even 
subtle post-growth structural variations associated with specific growth 
conditions.

Finally, because the continuity evaluation relies on local neighbor
hood relationships rather than on data type or dimensionality, this 
framework is broadly applicable to other spatially or temporally 

Fig. 10. Results for an HVPE GaN sample. (a) Cross-sectional MPPL image of the sample. Maps of similarity score distribution from the neighborhood-based similarity 
metric are shown for (b) 2200 reflections and (c) 2202 reflections.
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resolved techniques, such as Raman spectroscopy or electron diffraction, 
especially in cases requiring the detection of weak or gradual structural 
transitions. Although the present study does not include in situ on-the-fly 
experiments, the same analysis concept can, in principle, be extended to 
such measurements. For example, replacing spatial coordinates in the 
joint data space with time- or temperature-dependent variables would 
enable the neighborhood-consistency framework to detect abrupt 
structural changes, phase transitions, or non-continuous structural re
sponses as a function of time or temperature.
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