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Abstract
In this study, we present a novel hybrid algorithm for filling in missing orientation values in electron backscatter diffraction 
(EBSD) maps, which are instrumental in characterizing microstructures of polycrystalline materials. Traditional exemplar-
based and machine-learning methods, which were originally designed for natural images captured with conventional cameras 
in macroscopic environments, typically perform poorly on EBSD images due to the distinct nature of EBSD data and grain 
geometries. To address this gap, we adapted a classical exemplar-based inpainting algorithm and a partial convolutional 
neural network-based method to the unique requirements of EBSD data. Each adapted method, however, presents its own set 
of strengths and limitations. To overcome these limitations, we propose a novel hybrid inpainting algorithm that integrates 
modified machine learning and exemplar-based methods. Our approach begins by using a tailored deep-learning model to 
produce an initial approximation of missing regions, followed by refinement using an adapted exemplar-based algorithm, 
ensuring the preservation of critical grain boundaries and structural integrity. We validate our method on 10,000 synthetic 
EBSD images generated with DREAM.3D software and demonstrate that the hybrid algorithm outperforms standalone 
techniques in both accuracy and visual coherence. This advancement results in high-quality restorations that are more 
reliable for material analysis. Furthermore, the hybrid approach is adaptable to broader inpainting problems, extending its 
applicability beyond EBSD maps to other orientation-based datasets.
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Introduction

Polycrystalline materials comprise crystal grains, which 
are regions with a homogeneous crystal orientation. There 
are a variety of experimental methods that can determine 
these grain orientations, such as electron-backscatter 
diffraction (EBSD), transmission electron microscopy 
(TEM) [1], automated crystal orientation mapping within 
TEM (ACOM-TEM) [2], and X-ray diffraction (XRD) [3]. 
Additionally, high-energy X-ray diffraction microscopy 
(HEDM or 3D-XRD) has recently been employed to 
acquire orientation measurements [4]. The orientation 
maps generated using these techniques are instrumental in 
calculating microstructural statistics [5] or in simulating the 
physics of microstructures [6].

In particular, the EBSD technique obtains such orientation 
data as Euler angles [7], which constitute the EBSD map of 
the polycrystalline material, analogous to how a collection 
of pixels forms a natural image [7]. Despite their extensive 
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applications and utility, EBSD maps are often imperfect and 
can have artifacts giving a noisy or incomplete appearance, 
and this can compromise the accuracy and reliability of the 
analysis based on the EBSD maps. Noisy and incomplete 
data could cause incorrect conclusions about the statistical 
properties of the material. Moreover, if such data is used 
to support the design of materials, the resulting materials 
manufactured could miss the intended specifications, and 
fail in real-life applications.

While our previous work [8] focused on denoising EBSD 
maps using weighted total variation flow, in the current work, 
we address the problem of filling the missing orientation data 
in an EBSD map. The problem of filling a missing region 
of pixels in an image is referred to as inpainting [9–11] in 
the image processing community. There are several methods 
for inpainting. Recent advances in image inpainting have 
leveraged generative image synthesis models, particularly 
those based on generative adversarial networks (GANs), 
diffusion-based models, and Fourier convolutional neural 
networks (FCNs) [12–15]. However, we emphasize that 
these methods focus on generating realistic-looking images 
and require a large amount of training data and computation 
time. In contrast, we aim to accomplish this with a modest 
amount of training data and computation time.

Moreover, EBSD maps differ fundamentally from 
traditional natural images in that they represent spatially 
structured crystallographic data to which perceptual or 
semantic cues common in natural image processing do not 
directly apply. For example, pixel intensities in EBSD maps 
correspond to crystallographic orientations rather than color 
or texture, making perceptual loss functions or pre-trained 
semantic models less suitable.

Two prominent classes of inpainting large regions are 
exemplar-based methods and machine-learning-based 
methods. We describe the exemplar-based inpainting 
algorithm by Criminisi et al. [16] in section "Exemplar-based 
Inpainting". In section "Neural Network-based Inpainting", 
we describe a recent inpainting algorithm based on a partial 
convolutional neural network (PNN) [17]. Both methods, 
originally developed for natural images captured with 
conventional cameras, are ill-suited for EBSD maps due to 
the distinct geometric and structural characteristics of these 
datasets. Unlike natural images, where pixel values represent 
intensity levels, EBSD maps encode orientation data as 
Euler angles. Consequently, traditional similarity measures, 
such as the sum of squared differences, are ineffective for 
EBSD maps, as numerical differences in Euler angles do 
not directly correspond to meaningful discrepancies in 
orientation. Consequently, adaptations are required to tailor 
these algorithms to the unique demands of EBSD inpainting. 
We describe these modifications in section "Modifications 
to Current Inpainting Approachesfor EBSD Maps". In 
section "Modified Exemplar-based Inpainting Algorithms 

(SSδ andSSδEu)", we propose changes to the inpainting 
algorithm by Criminisi et al. [16] to suit orientation data 
in EBSD maps. Similarly, in section "Modification to 
the Partial Convolutional Network for EBSD Maps", we 
propose changes to the loss function used in the partial 
convolutional neural network described in [17] to make it 
suitable for inpainting orientation maps. We find that even 
after these changes, the two algorithms have shortcomings. 
In particular, the neural network approach produces results 
that do not have the piecewise constant appearance of the 
grains. On the other hand, exemplar-based algorithms fail 
to generate reasonable grain boundaries in the EBSD data.

We propose a novel hybrid approach in section "The 
Proposed Hybrid Inpainting Algorithm" to address the 
shortcomings of these inpainting algorithms. In the proposed 
approach, we first obtain an approximation of the inpainting 
using machine learning and then use this approximation to 
find the best exemplar in the EBSD map. Our approach 
produces accurate completions of incomplete EBSD maps. 
Homogeneous values of orientations are preserved within 
the completed grains, resulting in an almost piecewise 
constant orientation map of the grains. At the same time, we 
have better continuation of grain boundaries due to the use 
of the first-approximation obtained with machine-learning. 
We show that the proposed hybrid approach provides the 
best empirical accuracy of inpainting.

Broader Impact of the Work

This manuscript primarily focuses on inpainting grain 
orientation data obtained through electron backscatter 
diffraction (EBSD) technology. However, the proposed 
algorithm is broadly applicable to various data structures 
containing grain orientations, such as Automated Crystal 
Orientation Mapping in Transmission Electron Microscopy 
(ACOM-TEM), X-ray diffraction (XRD), and high-energy 
X-ray diffraction microscopy (HEDM). Since deep-learning 
inpainting algorithms depend on effective training sets, they 
may miss the context of the image being inpainted. Our 
hybrid approach incorporates this context to enhance deep-
learning inpainting results. Thus, even if the data does not 
pertain to grain orientations, our hybrid algorithm can be 
adapted to improve deep-learning inpainting by integrating 
it with other techniques that learn from the given image.

Organization of the Paper

In sections "Exemplar-based Inpainting" and "Neural 
Network-based Inpainting", we review the exemplar-
based inpainting algorithm by Criminisi et al. [16] and 
the partial convolutional neural network (PNN) inpainting 
method, respectively. In section "Modifications to 
Current Inpainting Approaches for EBSD Maps" details 
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modifications to these algorithms to adapt them for EBSD 
data. In section "Hybrid Inpainting Approach" introduces 
a weighted hybrid inpainting approach, characterized by a 
weight parameter w ∈ [0, 1] , culminating in our proposed 
inpainting algorithm, which is further elaborated in section 
"The Proposed Hybrid Inpainting Algorithm". Section 
"Finding the Optimal Weight, ω, for the Hybrid Approach" 
discusses the experiments conducted to identify the optimal 
weight for the hybrid method, while section "Experiments" 
compares the performance of various inpainting algorithms 
through extensive experiments. In section "Illustrating 
Various Patterns of Missing Regions", we explore inpainting 
results for different patterns of missing regions, and section 
"Inpainting Real EBSD Maps" demonstrates the application 
of the proposed approach on real EBSD data. Finally, section 
"Conclusion" concludes the paper with a summary of 
findings and their implications.

Existing Inpainting Approaches

There are several inpainting approaches for natural images. 
One of the simplest inpainting methods is the nearest 
neighborhood method, which fills missing regions in an 
image by copying the pixel values from the nearest known 
pixels. However, this method assumes that the missing 
regions can be adequately reconstructed by propagating the 
values of surrounding pixels into the gap. It works well in 
scenarios where the missing region is small and surrounded 
by homogeneous textures or colors. However, it might not 
perform well when large blocks are missing from the image. 
Despite this drawback, we will use the nearest neighbor as a 
benchmark for comparing our proposed method.

Variational inpainting methods or inpainting with partial 
differential equations are the other class of inpainting 
methods [10]. While these methods work well for filling 
in missing data surrounded by homogeneous regions, these 
methods are unsuitable when the missing regions are large 
compared to the grain size.

The next section briefly describes two inpainting 
approaches most relevant to the EBSD maps with large 
missing regions.

Exemplar‑based Inpainting

Exemplar-based inpainting methods reconstruct missing 
regions by copying patches (blocks of pixels) from known 
areas, matching texture and structure more effectively than 
the nearest-neighbor method. These methods prioritize areas 
based on texture continuity, ensuring seamless blending with 
surrounding content. Unlike nearest-neighbor inpainting, 
which uses individual pixels, exemplar-based methods 

preserve finer details and are better suited for complex 
patterns.

Criminisi et al. [16] is an exemplar-based inpainting 
algorithm that uses exemplar-based texture synthesis, 
prioritizing the filling process based on confidence in 
synthesized pixel values and the importance of preserving 
image structure. This approach allows for the simultaneous 
propagation of texture and structure information from 
existing pixels into missing regions using a single algorithm, 
avoiding the need for separate mechanisms to handle 
different image patterns. This algorithm splits the image 
f ∶ D ∈ ℝ

2
→ ℝ into two regions: the missing (target) 

region Ω and its complement, the known (source) region Ωc . 
For a given point p on the fill front �Ω , which is the 
boundary between Ω and Ωc , we define a patch Ψp centered 
on p, and scan the known region of the original image to find 
a patch Ψq that is most similar to Ψp with respect to some 
dissimilarity measure. Refer to Fig. 1 for an illustration 
showing the regions Ω , Ψp and Ψq . We then replace the 
unknown data in Ψp with the corresponding known data in 
Ψq , shaded gray in Fig. 1. Criminisi et al. [16] argue that the 
filling order of the missing pixels significantly affects the 
quality of the inpainting results. To determine the filling 
order, Criminisi et al. [16] assign a priority P(p) to the pixel 
p on �Ω . This priority is computed as P(p) = C(p) × D(p) , 
where C(p) is the confidence and D(p) is the data term. To 

Fig. 1   In this illustration, we show the target region Ω , in which 
the pixel values are missing and need to be filled in. The region Ψp 
is the neighborhood of the point p on the fill front. The region Ψq is 
the region in Ωc that we compare with the region Ψp . The locations 
i and i′ are the corresponding locations in the regions Ψp and Ψq , 
respectively. The shaded region in Ψq is the region that corresponds 
to the missing region in Ψp , and we denote this region with the 
notation Ψq ∶ Ω . Similarly, the unshaded region in Ψq is the region 
that corresponds to the known region in Ψp , and we will denote this 
region with the notation Ψq ∶ Ωc
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initialize the algorithm, we set the confidence function 
C(i) = 0 for all locations i in the missing region, i.e., for all 
i ∈ Ω , and C(i) = 1 for all i ∈ Ωc . The confidence terms are 
updated as C(p) =

�∑
i∈Ψp∩Ωc C(i)

��
�Ψp� as missing pixel 

values are filled in. The confidence term C(p) is a measure 
of the amount of reliable information surrounding the pixel 
p [16].

The data term is defined as D(p) = |∇f⟂
p
⋅ n̂p| , which 

encourages continuation of edges with ∇f ⟂
p

 as the isophote 
direction at p (orthogonal to the image gradient ∇f  ) and n̂p 
as a unit normal to the fill front, �Ω . The algorithm then 
selects a patch Ψq that minimizes some distance dΩc(Ψp,Ψq) 
between the known pixels in Ψp , i.e. Ψp ∩ Ωc and the 
corresponding pixels in Ψq which we will denote by Ψq ∶ Ωc . 
For reference, in Fig. 1, the region Ψq ∶ Ωc is depicted as the 
unshaded part of Ψq , and the Ψq ∶ Ω is the shaded part of 
Ψq . Criminisi et al. [16] use the distance:

which is the sum of squares of the difference between the 
pixel values of the regions Ψp and Ψq.

Once the best match Ψq to Ψp is found, based on the 
distance (1), the algorithm replaces the ‘unknown’ data in 
Ψp , i.e., in Ψp ∩ Ω with the ‘corresponding’ pixels in Ψq i.e. 
Ψq ∶ Ω (the shaded part of Ψq in Fig. 1).

After each iteration, the algorithm updates the target 
region Ω , source region Ωc , and the confidence values. This 
process is then iterated on the highest priority patch until the 
entire target region is inpainted.

Neural Network‑based Inpainting

An alternative inpainting approach leverages neural 
networks, offering a powerful tool for handling complex 
missing data patterns. In this work, we build upon and adapt 
the method proposed by Liu et al. [17], which introduced 
a partial convolutional autoencoder based on the U-Net 
architecture [18] for inpainting irregular holes in images. 
The following section provides a brief overview of this 
method and its relevance to our work.

The approach by Liu et  al. [17] adapts the standard 
convolutional layer [19] to manage inputs with missing 
data by selectively performing convolutions on valid pixels 
only. The architecture uses a binary mask to indicate the 
missing region Ω and its complement Ωc , the known region. 
This mask differentiates between known pixels, marked with 
a value of 1, and missing pixels, marked with a value of 
0. Consequently, the architecture requires the image to be 
inpainted and its corresponding binary mask as inputs.

The U-Net architecture in [17] is formed with encoder 
layers followed by a cascade of decoder layers as in [18] 
with some modifications to support inpainting. The encoder 

(1)dΩc(Ψp,Ψq) = SSD(Ψp ∩ Ωc,Ψq ∶ Ωc),

consists of a sequence of downsampling operations, while 
the decoder comprises the same number of upsampling 
operations. This structured approach facilitates deep feature 
extraction and subsequent reconstruction of the inpainted 
image. The algorithm initializes the encoder by defining 
the dimensions and kernel size for partial convolutions. The 
partial convolutional layer then processes the input image 
and mask, outputting a convolved image and an updated 
mask. The batch normalization step [20, 21] normalizes 
the mean and standard deviation of each mini-batch, 
streamlining the training process by maintaining a consistent 
distribution of layer inputs throughout the network. Applying 
the Rectified Linear Unit (ReLU) [22] introduces necessary 
nonlinearity, enabling the network to capture complex data 
patterns.

The decoder layer further refines the reconstruction. It 
upsamples the encoder’s features using nearest-neighbor 
interpolation and then concatenates them with the 
corresponding features from the encoder. This process 
reintegrates context and aids in accurately reconstructing 
the missing image regions. A subsequent partial convolution 
integrates information from both the decoder and encoder, 
ensuring comprehensive feature reconstruction. Following 
the batch normalization, a Leaky ReLU activation 
function processes the output [22–24], culminating in the 
reconstructed image features that merge contributions from 
both network halves.

In summary, this approach ensures effective inpainting by 
maintaining the integrity of known pixels while accurately 
reconstructing missing areas. The encoder captures and 
compresses image features, which the decoder then expands, 
employing contextual information from the encoder to 
achieve inpainting.

Modifications to Current Inpainting 
Approaches for EBSD Maps

Exemplar-based and machine-learning algorithms, while 
effective for natural image inpainting, face significant 
limitations when applied to EBSD maps due to the 
fundamental differences in data characteristics. Exemplar-
based methods work by replicating patterns based on pixel 
intensity similarities, but this approach does not work well 
for EBSD data, where the values represent orientations as 
Euler angles. Traditional similarity measures, such as the 
sum of squared differences, are not suitable for capturing 
similarities between patches represented by Euler angles.

Machine-learning approaches, designed for smooth 
transitions in natural images, struggle with the piecewise 
constant structures and sharp grain boundaries of EBSD 
maps. They often fail to preserve these critical features, 
leading to inaccurate reconstructions. To address these 
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challenges, exemplar-based and machine-learning-based 
methods require an orientation-based approach. The 
following sections explore these necessary adaptations for 
effective EBSD inpainting.

Modified Exemplar‑based Inpainting Algorithms 
( SSı and SSıEu)

Criminisi et al. [16] proposed the inpainting algorithm for 
images with pixel values representing gray-scale intensity 
at that location. However, in an EBSD map, each point 
represents orientation angles.

In Fig. 2a, we see a typical EBSD map displayed using 
the IPF-z color scheme, and Fig. 2b shows the same map 
with de la Vallée Poussin noise of b = 4 , and Fig. 2c shows 
the noisy map with a missing region. If we implement the 

classical Criminisi algorithm with the sum of squares of 
differences of Euler angles as the dissimilarity measure, we 
obtain the result shown in Fig. 3a.

The issue with employing the classical implementation 
of the Criminisi algorithm for inpainting EBSD maps lies in 
the fact that each data point represents an orientation. Hence, 
to account for this, we modified the Criminisi dissimilarity 
measure to be an appropriate distance measure between the 
orientation angles. To this effect, we note that if Ψi

p
 is the 

orientation at the location i in Ψp , we denote the 
corresponding rotation matrix by R(Ψi

p
) . We denote the 

location corresponding to i in the region Ψq by i′ as shown 
in the schematic Fig. 1. Note that as the location i in Ψp 
changes, the location i′ changes accordingly. Similarly, 
R(Ψi�

q
) denotes the rotation matrix for the corresponding 

orientation Ψi�

q
 . With this notation, the misorientation 

Fig. 2   Clean, noisy EBSD maps, and missing region used for 
demonstration. a IPF-z map of clean EBSD map generated using the 
Dream.3D software. b IPF-z map of original noisy EBSD map with 
de la Vallée Poussin noise of b = 4 c missing region of size 20 × 20 

represented as a white block. The goal of inpainting algorithms is to 
take the map in (c) as an input and obtain an inpainting result as close 
as possible to the map in (b)

Fig. 3   Results of the comparison of Criminisi et  al. [16], and its 
modifications. Inpainting results for the EBSD map shown in Fig. 2c. 
a shows results with the original Criminisi et  al. [16] algorithm, b 
shows the results using the sum of squares of disorientations ( SS� ) as 

the dissimilarity measure shown in Eq. (2), c depicts the results using 
the sum of squares of disorientations as the dissimilarity measure 
with the Euclidean distance penalty ( SS�Eu ) as delineated in Eq. (3). 
Compare these results with the EBSD map in Fig. 2b
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between the angles corresponding to the orientations at Ψi
p
 

a n d  Ψi�

q
 c a n  b e  w r i t t e n  a s 

�(Ψi
p
,Ψi�

q
) = arccos

(
Trace(R(Ψi

p
)R(Ψi�

q
)T ) − 1

2

)
, where R(Ψi�

q
)T 

denotes the transpose of the matrix R(Ψi�

q
) [25]. With these 

considerations, we modify the dissimilarity measure to the 
following:

We will hereafter refer to the exemplar-based method that 
utilizes the similarity measure detailed in Eq. (2) as the SS� 
algorithm.

Furthermore, the original Criminisi algorithm [16] 
is suitable for ‘natural’ images, which typically contain 
repeating patterns. For such images, searching for the 
matching patch in locations distant from the missing region 
is reasonable. However, EBSD maps consist of grains that 
may not have repetitions in distant locations of the map. 
Hence, we are likely to find a matching patch spatially 
close to the location of the missing region. We added the 
Euclidean distance to the dissimilarity measure to account 
for this. In conclusion, we propose to use the following 
dissimilarity measure between the region Ψp and Ψq for the 
EBSD inpainting when the data in Ω is missing:

where the summation is over locations corresponding to 
all ‘known’ orientations in Ψp . The term ‖ p q ‖

�2 is the 
Euclidean distance between the locations p and q. We 
will refer to the exemplar-based inpainting employing the 
dissimilarity measure in Eq. (3) as the SS�Eu algorithm. 
We observed that the penalty parameter, � applied to the 
Euclidean distance, demonstrated robustness across all 
experiments. Consequently, � was fixed at a value of 1 for 
all experiments.

Comparison of the Three Exemplar‑based 
Algorithms

In this section we present comparison of the SS� and SS�Eu 
algorithms with the original Criminisi algorithm using the 
paired t−test [26]. For this analysis, we selected 16 randomly 
chosen EBSD maps simulated using the Dream3D software 
[27, 28], subjected to various levels of de la Vallée Poussin 
noise [8, 29], with half-widths b = 0, 2, 4, 6, 8 degrees. From 
each image, we removed a 20 × 20 region.

Subsequently, we inpainted these regions using 
the three exemplar-based algorithms: (a) the original 
Criminisi algorithm [16], employing the dissimilarity 

(2)dΩc(Ψp,Ψq) =
∑

i∈Ψp∩Ωc

�2(Ψi
p
,Ψi�

q
)

(3)dΩc(Ψp,Ψq) =
�

i∈Ψp∩Ωc

�2(Ψi
p
,Ψi�

q
) + �‖ p q ‖

�2 ,

measure shown in Eq. (1), (b) the modified Criminisi 
algorithm, using the dissimilarity measure shown in 
Eq. (2), referred to as the SS� algorithm; and (c) the 
further modified Criminisi algorithm, incorporating the 
dissimilarity measure described in Eq. (3), denoted as the 
SS�Eu algorithm.

For each specified value of the half-width parameter b, 
we identified the two algorithms that yielded the lowest 
mean disorientation errors between the inpainted maps 
and the original clean (noise-free, complete) maps. We 
then conducted paired t−tests between these two best-
performing algorithms with sample size, n = 16 [26].

Figure 2a depicts a clean EBSD map. Then we added 
a de la Vallée Poussin noise of half-width parameter, 
b = 4 . We depict the resulting map in Fig. 2b, c illustrates 
the same map with a missing region measuring 20 × 20 
pixels. The inpainting results illustrated throughout this 
section use this map shown in Fig. 2b and c. The goal 
of the inpainting methods is to obtain an EBSD map as 
close as possible to the one in Fig. 2b. The result of the 
three algorithms (for inpainting of the EBSD map shown 
in Fig. 2c) is illustrated in Fig. 3.

Figure 3a shows the result of the original algorithm 
proposed by Criminisi et al. [16]. Figure 3b and c depicts 
the result of the SS� and SS�Eu , respectively. We encourage 
readers to compare these results with the map in Figure 2b. 
Additionally, the outcomes of the paired t−tests, which 
compare the three variants of the Criminisi algorithms on 
16 randomly selected noisy EBSD maps, are presented 
in Table 1. We note that both SS� and SS�Eu algorithms 
perform better than the inpainting by Criminisi et al. [16]. 
Furthermore, the SS�Eu is statistically significantly better 
than the second-best algorithm, SS� , with p-value < .001 
in every value of b.

Table 1   Reconstruction errors of exemplar-based algorithms with 
various dissimilarity measures

Per pixel reconstruction errors (in radians) using various inpainting 
algorithms for input noise with half-width parameters: 0, 2, 4, 6, and 
8. We observed that the SS�Eu was the best-performing (boldfaced) 
algorithm and SS� was the second-best-performing algorithm 
(italicized) for all noise levels examined. We observe that our SS�Eu 
is statistically significantly better than the second-best algorithm, SS� , 
with p-value < .001 in every value of b

half-width Criminisi 
et al. [16]

SS� algorithm SS�Eu algorithm

(b)
0 1.243 1.143 0.756

2 1.471 1.338 0.430

4 1.271 1.175 0.739

6 1.113 0.955 0.570

8 1.094 1.017 0.582
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Modification to the Partial Convolutional Network 
for EBSD Maps

In this study, we adopt a U-Net architecture [18] with 
partial convolutional layers [17] for machine learning-based 
inpainting tasks, following a modified implementation 
from [30]. In the usual implementation of inpainting, the 
loss function we aim to minimize during the training is 
the mean of squared differences between the predicted 
and original images. In the context of EBSD maps, 
pixel intensities represent crystallographic orientations 
rather than color or texture, which makes traditional loss 
functions less applicable to this type of data. Thus, for 
EBSD maps, we need to account for the disorientation 
between the original and inpainted regions. However, 
incorporating disorientation directly into the loss function 
during neural network training is computationally intensive 
and would significantly increase training cost. To balance 
accuracy and efficiency, we instead incorporate the squared 
misorientation as a penalty term in the loss function to 
penalize inaccuracies within the inpainted regions:

where i′ is the location in Ωpredicted corresponding to i. We 
acknowledge that the loss function based on misorientation 
does not account for crystallographic symmetries. However, 
we will use disorientations as a metric for comparing the 
performance of different inpainting algorithms in section 
"Finding the Optimal Weight, ω, for the Hybrid Approach". 
Our implementation of this inpainting is available at [31].

Data Generation: We generated a dataset of 10, 000 
images of size 256 × 256 to train this neural network, 
consisting of noisy images and their corresponding clean 
versions. These images were synthesized using DREAM.3D 
[27] and subsequently processed into CTF files in Oxford 
Instruments’ format [32]. To this effect, we generated EBSD 
maps with grain sizes following a lognormal probability 
density function, which is the default for Dream.3D. We 
chose grain sizes characterized by � = 3 and � = 0.3 . 
Consequently, the average grain diameter is approximately 
20 microns ( e� ). To include a broad distribution of grain 
sizes, we allowed large grains with a maximum cutoff of 
e�+6� and excluded small grains using a minimum cutoff of 
e�−4� . We initialized a volume of 256 ×256 × 30 voxels with 
a spatial resolution of 1 micron per voxel and extracted a 
single slice from this microstructure for analysis. For all other 
morphological parameters, including the ellipsoidal axis 
ratios, we adopted the default Dream.3D presets and did not 
impose any crystallographic texture on the microstructures. In 
particular, the methodology has not been trained or evaluated 

(4)L(Ωclean,Ωpredicted) =
∑

i∈Ωclean

�2(Ωi
clean

,Ωi�

predicted
),

on multi-phase materials, particularly morphologies other 
than equiaxed grains.

The 10, 000 clean images thus generated serve as the 
ground truth for training our predictive model. The noisy 
images had de la Vallée Poussin noise, simulated via 
MTEX [33], to generate noisy counterparts with half-width 
b = 0, 2, 4, and 8 degrees. The training data is publicly 
available [34].

To further augment the data:

•	 We removed a 20 × 20 pixel square from random 
locations in 80% of the noisy images, varying these 
locations throughout the training epochs.

•	 We introduced lines with diverse patterns, including 
zigzags, in the remaining 20% of the noisy images, with 
pixel widths of approximately 5 pixels at random slopes, 
and modified their positions across training epochs.

We chose not to train the model on other shapes, as any 
other forms of missing regions could be represented as linear 
combinations of lines and squares.

Training: The training involved predicting clean data 
within artificially created missing regions of noisy images. 
To train our neural network-based inpainting model, we 
deliberately selected the size of the missing region to be 
comparable to the average grain diameter (in pixels), 
representing a worst-case scenario. We randomized the 
location of the missing window across the map to ensure 
wide-ranging exposure during training. Since the missing 
region can sometimes cover entire grains, reconstructing 
them from a single example may be impossible. To address 
this, we trained the model for about 1,000 iterations (996 
epochs). This ensures that the model will recover such grains 
in other training epochs.

Testing: We created the testing dataset of 1, 000 EBSD 
maps with similar patterns of missing regions and used it 
to evaluate the mean average disorientation for the trained 
model. We have made this dataset publicly available at the 
following link [35].

Comparing Partial‑Convolutional Neural Network 
(PNN)‑based Method and its Modification

We now outline the experiments conducted to evaluate the 
performance of the inpainting algorithms of the partial-
convolutional neural network (PNN) as proposed by Liu 
et al. [17] and our modified version as described in section 
"Modification to the Partial Convolutional Network for 
EBSD Maps". For this comparison, we utilized the dataset 
that we previously employed to evaluate various exemplar-
based methods in section "Modified Exemplar-based 
Inpainting Algorithms (SSδ and SSδEu)". Consistent 
with the methodology outlined in section "Modified 
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Exemplar-based Inpainting Algorithms (SSδ and SSδEu)", 
we conducted paired t-tests [26] on sixteen randomly 
selected simulated EBSD maps. The modification to the 
PNN algorithm incorporates the loss function specified in 
Eq. (4). Figure 4a shows the application of the inpainting 
algorithm from [17], and Fig. 4b depicts the result of our 
modification. Additionally, Table 2 presents the results of 
paired t-tests conducted to compare the performance of the 
two inpainting approaches across various noise levels.

The result of our modified PNN algorithm depicted 
in Fig.  4b is qualitatively better than the outcome in 
Fig. 4a obtained from the original implementation in by 
Liu et al. [17]. The paired t-test conducted between the 
two implementations indicates that our modified PNN 
significantly outperforms the PNN model described by 
Liu et al. [17] across all tested noise levels, with a p-value 
< .001 . However, comparing with the map in Fig. 2b, we 
observe that the grain boundaries in Fig. 4b are not well-
defined although well-defined grain boundaries are expected 
in typical polycrystalline orientation maps.

Hybrid Inpainting Approach

In Fig.  4, we observe that the results of inpainting 
using the machine learning approach generally lack the 
typical piecewise constant nature of orientation values 
in polycrystalline EBSD maps, although the mean 
disorientation errors measuring inpainting accuracy 
(with respect to the ground truth data) are comparatively 
low. Conversely, the exemplar-based methods yield the 
expected piecewise constant appearance but with larger 
errors, as illustrated in Table 1. This observation leads to 
the development of a hybrid approach that initially uses 
machine learning to achieve a preliminary approximation 
of the inpainting. This approximation then aids in 

identifying the most suitable exemplar within the EBSD 
map.

As previously explained in section "Exemplar-based 
Inpainting" with the help of Fig. 1, when we do not have any 
information on the missing region, Ω , we cannot compare 
the part of the potential matching patch Ψq corresponding to 
the data in the missing region. Hence, the classical exemplar-
based algorithm uses only the ‘known’ region in Ψp . After 
the machine learning step, we have some data in the region 
Ω , which we did not have before. We incorporate this new 
information into the Criminisi et al. algorithm. To this effect, 
we modify the dissimilarity measure in Eq. (3) between the 
region Ψp and Ψq to the one below

where w is a weight between 0 and 1. The term dΩc(Ψp,Ψq) 
is the same as in Eq. (3), and dΩ(Ψp,Ψq) is defined similarly 
but for region Ω which has some data now, thanks to the 
machine learning approach.

(5)dh(Ψp,Ψq) = � dΩc(Ψp,Ψq) + (1 − �) dΩ(Ψp,Ψq),

Fig. 4   Inpainting results for the 
EBSD maps shown in Fig. 2c. 
a IPF-z map of the result using 
the partial-convolutional neural 
network due to Liu et al. [17], 
b IPF-z map of the result using 
our modified loss function in 
Eq. (4)

Table 2   Reconstruction errors of the inpainting with partial 
convolutional neural network (PNN) and its modification

Per pixel reconstruction errors (in radians) using various inpainting 
algorithms for input noise with half-width parameters: 0, 2, 4, 6, and 
8. The modified PNN was significantly better than the one by Liu 
et al. [17] with p−value < .001 for all noise levels

half-width PNN Liu et al. [17] modified PNN
(b)

0 1.238 0.608
2 1.001 0.448
4 1.121 0.559
6 1.115 0.466
8 1.073 0.515
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To summarize, we first run the machine learning-based 
algorithm to obtain an approximate inpainted map, then we 
use it as input to our modified Criminisi algorithm ( SS�Eu ) 
with the new weighted dissimilarity measure (5).

Interpretation of the Weight, !

The weight in Eq. (5) represents the importance given to 
the known part of the target region Ψp , compared to the part 
of Ψp that needs inpainting. The weight of � = 1 implies 
that the dissimilarity measure dh(Ψp,Ψq) = dΩc(Ψp,Ψq) , 
meaning that we use only the part from the known region 
Ωc to find the best patch. The case of � = 1 is close to the 
exemplar-based method. Indeed, the dissimilarity measure is 
the same as shown in Eq. (3). The weight � = 0 implies that 
the dissimilarity measure, dh(Ψp,Ψq) = dΩ(Ψp,Ψq) , i.e., we 
use only the part of Ψp that has been filled with the machine 
learning algorithm to find the best patch in the exemplar-
based inpainting.

It is important to note that the hybrid method at � = 0 
is ‘not’ the same as the machine-learning-based method. 
Indeed, the algorithm at weight � = 0 uses the information 
filled in by the machine-learning algorithm in the region to 
be inpainted alone to identify the most suitable patch in the 
exemplar-based method. 

Finding the Optimal Weight, ! , for the Hybrid 
Approach

To determine the optimal weight, � , in Eq. 5, we inpainted 
1, 000 EBSD maps with a 20 × 20 patch removed using 

various algorithms: the original Criminisi algorithm [16], 
Criminisi-SS� , Criminisi-SS�Eu , the partial convolutional 
neural network-based inpainting (PNN) [17], our 
modification to the PNN (In section "Modification to the 
Partial Convolutional Network for EBSD Maps"), and 
the hybrid algorithms (In section "Hybrid Inpainting 
Approach"). For the hybrid algorithms, we used various 
weight increments from � = 0 to � = 1 in steps of 0.05. 
We then documented the mean disorientations for these 
algorithms.

Figure 5 shows the average of the mean disorientation 
(AMD) errors over 1, 000 randomly selected simulated 
EBSD maps for various inpainting algorithms, including 
the hybrid algorithm with weights ranging from � = 0 to 
� = 1 in increments of 0.05.

We observe that the average mean disorientation (AMD) 
error for the modified PNN was 0.548 radians, whereas the 
model from Liu et al. produced an AMD error of 1.089 
radians. The AMD errors for the [16], SS� , and SS�Eu were 
1.210, 1.117, and 0.607 radians, respectively. Note that the 
modified PNN shows only a marginal advantage over the 
SS�Eu . Moreover, we observe that the error for the proposed 
algorithm corresponding to � = 0 was 0.406, the least 
among all values of � in the hybrid algorithms.

The Proposed Hybrid Inpainting Algorithm

Following a careful comparative analysis as shown in Fig. 5 
we propose to use the hybrid inpainting algorithm with 
weight � = 0.

Fig. 5   Average mean disorientation (AMD) errors (radians) after 
inpainting with various algorithms of 1,  000 randomly selected 
simulated EBSD maps. The parameter w denotes the weight in Eq. 

(5), as utilized in the hybrid algorithm described in section "Hybrid 
Inpainting Approach"
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The specific steps of our proposed algorithm are as 
follows: 

1.	 Acquire a preliminary approximation of the inpainted 
map using the modified partial convolutional neural 
network, employing the loss function specified in Eq. 
(4).

2.	 Implement the exemplar-based algorithm, utilizing the 
dissimilarity measure detailed in Eq. (5) with � = 0 . 
Thus, the proposed dissimilarity measure is defined as: 

As explained in section "Interpretation of the Weight, ω", 
setting the weight � = 0 entails solely using the information 
filled in by the machine-learning algorithm to identify the 
most suitable patch in the exemplar-based method. The 
rationale behind � = 0 being the optimal weight stems from 
the fact that it directs the search toward a patch that most 

(6)dh(Ψp,Ψq) = dΩ(Ψp,Ψq).

closely matches the best approximation of the missing region 
itself.

Note that the effectiveness of � = 0 in our case stems 
from the high quality of the EBSD maps generated by 
the machine learning step of the algorithm. However, in 
scenarios where the maps generated by the machine-learning 
step are less accurate, a nonzero 𝜔 > 0 may offer improved 
performance by using complementary strengths of the 
exemplar-based and machine learning approaches.

Experiments

Comparing the Proposed Inpainting Algorithm 
with the Alternatives

This section aims to find whether the proposed hybrid 
algorithm demonstrates a statistically significant 
improvement over the alternative methods. Figure  6a 

Fig. 6   IPF-z maps of the 
inpainting results for the EBSD 
map shown in Fig. 2. a using 
the Dream.3D neighborhood 
filling filter, b results with 
modified Criminisi algorithm, 
i.e., the SS�Eu algorithm, c 
using the modified PNN using 
the loss function shown in Eq. 
(4), d using the proposed hybrid 
algorithm
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depicts the result of the nearest neighbor inpainting. We 
use this result as the benchmark for comparison. Figure 6b 
depicts the outcome of inpainting using the exemplar-
based algorithm, SS�Eu , which utilizes the dissimilarity 
measure specified in Eq. (3). Figure 6c illustrates the result 
of inpainting using the modified PNN-based algorithm 
detailed in section "Modification to the Partial Convolutional 
Network for EBSD Maps". Finally, Fig. 6d shows the result 
of the algorithm proposed in section "Hybrid Inpainting 
Approach". From Fig.  6, we see that the result by the 
proposed method is qualitatively better than the result 
obtained using the SS�Eu and modified PNN. Indeed, the 
result in Fig. 6c is visually close to the target EBSD map 
in Fig. 2b.

Following the procedure outlined in section "Comparison 
of the Three Exemplar-based Algorithms", we selected 
16 simulated EBSD maps for each half-width parameter, 
b = 0, 2, 4, 6, 8 degrees, of the de la Vallée Poussin noise 
and removed a 20 × 20 region from each. We inpainted 
these maps using the nearest neighbor inpainting, modified 
Criminisi ( SS�Eu ) algorithm (In section "Modified 
Exemplar-based Inpainting Algorithms (SSδ and 
SSδEu)"), the modified PNN (In section "Modification to 
the Partial Convolutional Network for EBSD Maps"), and 
the proposed hybrid approach (In section "The Proposed 
Hybrid Inpainting Algorithm"). We recorded the mean 
disorientation errors to identify the two best-performing 
algorithms. Subsequently, we employed the paired t-test 
to compare these two algorithms, utilizing the statistical 
methodology consistent with sections "Comparison of the 
Three Exemplar-based Algorithms".

Furthermore, Table  3 presents the outcomes of the 
statistical analyses. These results show that the proposed 
algorithm outperforms nearest neighbor inpainting, modified 
Criminisi, i.e., the SS�Eu algorithm, and the modified PNN 
algorithm for all noise levels.

Illustrating Various Patterns of Missing Regions

We tested various algorithms on 20 × 20 missing regions 
from randomly selected simulated EBSD maps. However, 
missing regions can vary significantly in their characteristics. 
While it is impossible to test the algorithms on every 
possible type of missing region, it is beneficial to understand 
how these algorithms perform across a spectrum of missing 
region types. Recall from section "Modification to the Partial 
Convolutional Network for EBSD Maps" that the 20% of the 
training dataset of the modified PNN consisted of diverse 
types of missing regions, including multiple missing blocks 
of different shapes, uniformly random missing pixels, 
missing pixels on grain boundaries, and missing pixels along 
lines of varying thickness.

Figure 7 illustrates various patterns of missing regions. 
Specifically, Fig. 7a displays an EBSD map with three blocks 
missing; (b) features uniformly random missing pixels with 
20% of the pixels missing; (c) shows 50% of the data missing 
from the grain boundaries; and (d) depicts the removal of 
one vertical and one horizontal line each one pixel thick, as 
well as a line of nonzero slope five pixels thick.

We present the outputs of various algorithms on these 
patterns in Fig. 8. The first column of Fig. 8 displays EBSD 
maps with various missing data patterns. The second 
column (b) illustrates the results achieved using our SS�Eu 
algorithm, as described in section "Modified Exemplar-
based Inpainting Algorithms (SSδ and SSδEu)". The third 
column (c) presents the outcomes using the modified PNN 
algorithm outlined in section "Modification to the Partial 
Convolutional Network for EBSD Maps". Finally, the 
images in column (d) demonstrate the results obtained with 
the proposed algorithm from section "The Proposed Hybrid 
Inpainting Algorithm". The reader is encouraged to compare 
the results in the last column with the target EBSD map 
in Fig. 2(b). We observe that the proposed method yields 

Table 3   Reconstruction errors of exemplar-based algorithm ( SS�Eu 
from section "Modified Exemplar-based Inpainting Algorithms 
(SSδ and SSδEu)"), modified PNN (In section "Modification to the 

Partial Convolutional Network for EBSD Maps"), and the proposed 
inpainting algorithm from section "The Proposed Hybrid Inpainting 
Algorithm")

Per pixel reconstruction errors (in radians) using various inpainting algorithms for input noise with half-width parameters: 0, 2, 4, 6, and 8. The 
empirically best denoising error is boldfaced, while the error with the empirically second-best method is in italicized. The stars indicate the 
p-value for the statistically best performance compared with the second-best method. The p-values reported are for the paired t-test between the 
best methods and its closest competitor. * p < 0.1 ,   ** p < 0.01 ,   *** p < 0.001

Half-
width 
( b)

Nearest neighbor Modified Criminisi SS�Eu 
Section "Modified Exemplar-
based Inpainting Algorithms (SSδ 
and SSδEu)"

Modified PNN Section 
"Modification to the Partial 
Convolutional Network for EBSD 
Maps"

Proposed hybrid inpainting 
Section "The Proposed Hybrid 
Inpainting Algorithm"

p-values

0 0.783 0.756 0.607 0.528   ** .005
2 0.453 0.429 0.447 0.230 *** < .001

4 0.790 0.739 0.559 0.386 *** < .001

6 0.613 0.570 0.466 0.345 *** < .001

8 0.608 0.582 0.515 0.408 *** < .001
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qualitatively better results than the other methods for all 
patterns of missing regions.

Inpainting Real EBSD Maps

Thus far, our inpainting experiments have been conducted 
on simulated EBSD maps. In this section, we extend our 
investigation to real EBSD maps. Figure 9a shows three real 
EBSD maps, courtesy of Adam Creuziger from NIST [36]. 
The missing points scattered around the EBSD maps shown 
in Fig. 9 were missing data at the time of data acquisition. 
The second column labeled (b) in Fig.  9 shows the 
inpainting results with the nearest neighbor inpainting for 
comparison. We used the nearest neighbor inpainting from 
Dream.3D software as a benchmark due to its wide use in the 
community. The last column (c) of Fig. 9c shows the results 
of the proposed algorithm. For real-world data, precise error 
quantification is not feasible; hence, the evaluation relies on 
visual inspection. The inpainting results appear satisfactory 
based on visual assessment.

In general, we find that the contrast with the results of 
our inpainting algorithm is more dramatic when an EBSD 
map contains large regions of missing data, as the majority 
of missing orientations are away from known orientations 
that can inform them. Such large missing regions are 
more naturally filled in using our algorithm. In the EBSD 
examples of Fig. 9, the missing regions are thin and scattered 
across, and more critically, most missing orientations have 
known orientations in their vicinities. Thus, the nearest 
neighbor inpainting from Dream.3D did a reasonable job 
filling in the missing orientations. However, these examples 
do not show the real utility of our algorithm.

To illustrate the advantage of our algorithm over the 
nearest neighbor filter, we artificially removed two squares 
from the first real image shown in Fig. 9, as depicted in 
Fig.  10a. The results of applying the nearest neighbor 
filter are presented in Fig. 10b, while Fig. 10c shows the 
outcome using our proposed algorithm. In this example, 
the advantage of our method is clear: the nearest neighbor 
inpainting produces a linear propagation of edges, which 

Fig. 7   Various patterns of 
missing regions. a EBSD map 
with three missing blocks, b 
uniformly distributed random 
missing pixels, c missing 
pixels on the grain boundaries, 
d missing lines of varying 
thickness
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appears unnatural, while our algorithm yields more realistic 
results. This is consistent with expectations, as our approach 
represents a significant advancement over the exemplar-
based Criminisi algorithm [16], which itself improves upon 
the nearest neighbor filter.

Limitations and Future Directions

Currently, our algorithm can be applied to 3D datasets such 
as HEDM datasets on a slice-by-slice basis, but it does not 
yet support direct application to 3D volumes. This is due 
to high storage requirements and computational resources, 
which we currently do not possess. However, the core 

principles underlying our method, i.e., exemplar-based 
and neural network components, can be extended to 3D. 
This would require adapting the algorithm to incorporate 
the third spatial dimension and generating synthetic 3D 
EBSD datasets for training. We acknowledge that such an 
extension would significantly increase the computational 
demands of training and implementation, and we consider 
this a promising direction for future work.

Intragranular orientation gradients commonly occur in 
mechanically deformed specimens [37, 38]. However, our 
current algorithm was trained on EBSD data without such 
gradients, leading to oversmoothing in regions with real 
orientation variation. This, in turn, degrades the performance 
of the exemplar-based step, which depends on accurate local 

Fig. 8   IPF-z maps of the inpainting results for the various patterns of 
missing regions. The column a shows the missing regions. Columns 
b–d show the results obtained with various algorithms: (b) SS�Eu 

algorithm, (c) modified PNN algorithm, and (d) proposed algorithm 
detailed in section "The Proposed Hybrid Inpainting Algorithm"
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context for matching. To address this limitation, future 
work will focus on training with EBSD maps that include 
realistic intragranular gradients and modifying the exemplar-
based algorithm to incorporate gradient-aware dissimilarity 
measures. Nonetheless, the core principles of the hybrid 
framework remain applicable.

In this work, our approach combined a modified 
exemplar-based inpainting method and machine-learning 

inpainting based on Liu et  al. [17]. In the future, we 
plan to explore other deep-learning techniques, such as 
generative adversarial networks (GANs) or reinforcement 
learning, which can improve the machine learning stage 
of the hybrid approach.

Fig. 9   IPF-z maps for the a 
real EBSD data from NIST 
[36], b inpainting result using 
the nearest neighbor inpainting 
from Dream.3D software, c 
inpainting using the proposed 
method

Fig. 10   IPF-z maps for the a 
real EBSD data from NIST 
[36] with 20 × 20 sized missing 
blocks introduced, b inpainting 
result using the nearest neighbor 
inpainting from Dream.3D 
software, c inpainting using the 
proposed method
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Conclusion

In this manuscript, we presented a comprehensive study of 
missing values in orientation maps and developed a hybrid 
inpainting algorithm to fill in missing values in grain 
orientation maps, such as electron backscatter diffraction 
(EBSD) maps. The hybrid approach successfully integrates 
the strengths of machine learning approximations and 
exemplar-based techniques, and is thereby able to address 
the unique challenges of preserving and reconstructing 
the geometric structures in EBSD maps. With extensive 
experimentation, we were able to demonstrate that our 
proposed hybrid algorithm, when utilizing a weight 
parameter � = 0 , outperforms both the modified exemplar-
based and machine learning-based methods applied 
independently. Our algorithm not only retains the geometric 
integrity of the grain boundaries but also accurately fills in 
the missing orientation data. Thus, the algorithm produces 
high-quality reconstructions from corrupt EBSD maps, a 
crucial tool for reliable material analysis.

The proposed hybrid algorithm is applicable to various 
grain orientation data types like ACOM-TEM, XRD, and 
HEDM, by effectively using exemplar-based methods to 
mitigate the limitations of deep-learning-based inpainting.

Broader implication of our work:  This paper addresses 
the inpainting challenges specific to electron backscatter 
diffraction (EBSD) data. However, the proposed hybrid 
algorithm is versatile and can be directly applied to other 
types of grain orientation data, including Automated Crystal 
Orientation Mapping in Transmission Electron Microscopy 
(ACOM-TEM), X-ray diffraction (XRD), and high-energy 
X-ray diffraction microscopy (HEDM). Moreover, the hybrid 
approach, which leverages exemplar-based methods to 
counterbalance the limitations of deep-learning techniques, 
holds potential value for a variety of data patterns beyond 
grain orientations.

Appendix A: EBSD Restoration Pipeline: 
Denoising the Inpainted Results

The goal of this paper is to propose an inpainting algorithm 
for large missing regions. We tested the proposed algorithm 
to inpaint the given noisy EBSD map. However, in practice, 
we need to obtain a clean EBSD map. To this effect, we 
propose that we denoise the inpainted EBSD map using 
the denoising algorithm proposed in Atindama et al. [8]. 
This denoising method is based on weighted total variation 
flow [39–42]. Figure 11 shows the final restoration result. 
Figure 11a shows the noisy EBSD map with the missing 
region, and Fig.  11b shows the result of our proposed 
inpainting algorithm. Finally, Fig. 11c is the result of the 
denoising algorithm due to Atindama et al. [8]. The reader 
is encouraged to compare this result with the clean EBSD 
map in Fig. 2a. The denoised result has a misorientation 
error of 0.044 radian compared with the clean ground truth 
shown in Fig. 2a.

Moreover, we present the denoising of the inpainted 
EBSD maps with various categories of missing regions in 
Fig. 12. Table 4 details the results of the nearest neighbor, 
proposed method, and denoising of the inpainting results. 
We see that after denoising, the errors are significantly 
reduced.

Appendix B: Disorientation Error Maps

Figure 13 shows the disorientation errors, with respect to 
the ‘ground truth’, corresponding to the inpainting results 
depicted in Fig.  6. The errors are primarily attributed 
to misaligned grain boundaries, which account for the 
relatively high mean disorientation error of 0.406 radians 
observed for the hybrid method in Fig. 5.

Fig. 11   IPF-z maps of the a given noisy EBSD map with the missing region, b inpainting result using the proposed hybrid algorithm, c result of 
the denoising algorithm proposed in Atindama et al. [8]. Compare the restored map in (c) with the original clean EBSD map in Fig. 2a
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Fig. 12   IPF-z maps of the a given noisy EBSD maps with various 
patterns of missing regions, b inpainting result using the proposed 
hybrid algorithm, c result of the denoising algorithm proposed in 

Atindama et al. [8]. Compare the restored map in (c) with the original 
clean EBSD map in Fig. 2a
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Editor’s Video Summary  The online version of this article (https://​
doi.​org/​10.​1007/​s40192-​025-​00402-9) contains an Editor’s Video 
Summary, which is available to authorized users.
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Creuziger from NIST, Gaithersburg, MD [36].

Data Availability  The denoising code and inpainting code are available 
in the following GitHub repository: https://​github.​com/​Atind​ama/​
EBSD-​Resto​ration-​Inpai​nting-​and-​Denoi​sing. The training and 
validation datasets for the neural network are available at https://​
doi.​org/​10.​18434/​mds2-​3694. NIST Disclaimer: Certain equipment, 
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are identified in this paper in order to specify the experimental 
procedure adequately. Such identification is not intended to imply 
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Table 4   Reconstruction errors of the nearest neighbor fill-in method, 
the proposed inpainting algorithm, and the denoising of the results 
obtained using the proposed inpainting

Per pixel reconstruction errors (in radians) using various inpainting 
algorithms the EBSD maps in Figs. 11 and 12

Missing region Nearest neighbor Proposed 
inpainting

Inpainting 
+  denoising

oneblock 0.549 0.340 0.290
threeblocks 0.436 0.240 0.197
boundary 0.495 0.268 0.205
random 0.285 0.171 0.103
zigzag 0.285 0.113 0.056

Fig. 13   Disorientation error 
maps of the inpainting results 
shown in Figure 6. a error 
map using the Dream.3D 
neighborhood filling filter, 
b error map with modified 
Criminisi algorithm, i.e., the 
SS�Eu algorithm, c error map 
for the modified PNN using the 
loss function shown in Eq. (4), 
d error map for the proposed 
hybrid algorithm
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