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Abstract: Grain boundary segmentation is crucial for the quantitative analysis of grain structures
and material optimization. However, challenges persist due to noise interference, high labeling
costs, and low detection Accuracy. Therefore, we propose a semi-supervised method called Semi-
SRUnet, which is based on teacher–student knowledge distillation and pseudo-label repair to achieve
grain boundary detection for a small number of labels. Specifically, the method introduces SCConv
(Spatial and Channel Reconstruction Convolution) and boundary regression to improve the U-Net (a
convolutional neural network architecture) as a teacher network. These innovations aim to reduce
spatial and channel redundancy, expand the receptive field, and effectively capture contextual
information from images, thereby improving feature extraction robustness and boundary precision
in noisy environments. Additionally, we designed a pseudo-label repair algorithm to enhance the
Accuracy of pseudo-labels generated by the teacher network and used knowledge distillation to train
a lightweight student network. The experimental results demonstrate that Semi-SRUnet achieves
88.86% mean Intersection over Union (mIoU), 96.64% mean Recall (mRecall), 91.5% mean Precision
(mPrecision), and 98.77% Accuracy, surpassing state-of-the-art models and offering a novel approach
for reliable grain boundary segmentation and analysis.

Keywords: semi-supervision; knowledge distillation; pseudo-label repair; grain boundary segmentation;
optical microscopy

1. Introduction

In materials science, a grain boundary is a region in a crystal structure where different
grains intersect [1]. Compared to the interior of the crystal, grain boundaries possess higher
energy and their structure directly affects the overall behavior of the material, significantly
influencing its mechanical, electrical, and optical properties [2]. For instance, the presence
of grain boundaries can lead to variations in material properties, such as strengthening,
fracture, and deformation [3–5]. Therefore, grain boundary detection is an important step
in order to better understand and optimize the overall properties of materials.

With the emergence of advanced materials, research techniques, scanning electron
microscopy (SEM) [6], transmission electron microscopy (TEM) [7], X-ray micro-computed
tomography (XCT) [8], and optical microscopy (OM) [9] have become widely used for
microstructure characterization and analysis. However, SEM, TEM, and XCT involve
relatively high equipment costs and are time-consuming compared to OM. Despite this,
OM faces challenges due to its lower resolution and the noise generated during sample
preparation. As a result, grain boundary detection remains challenging, and achieving
clear and accurate extraction of grain boundaries is still difficult.
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Grain size is crucial for analyzing the mechanical properties of materials. To determine
grain size, researchers must observe and measure grain boundaries. Grain boundary detec-
tion can be categorized into two types of methods: rule-based methods and learning-based
methods. Rule-based methods [10–13] utilize the physical properties or geometric rules of
the material to analyze grain shape and set appropriate thresholds to distinguish regions
with different properties in the image. Although current rule-based methods have achieved
good results in grain boundary detection, they are susceptible to environmental effects such
as noise, lighting, and low resolution, as well as difficulties in adapting to complex sce-
narios with ambiguous grain boundaries. Learning-based (including supervised learning,
semi-supervised learning, and unsupervised learning) methods have achieved significant
results in the field of grain boundary detection. These methods use deep neural networks
to learn features of grain boundaries in images, offering greater flexibility and general-
izability compared to traditional rule-based approaches. However, supervised learning
methods [14,15] require extensive manual labeling of grain boundary information, and
their denoising effectiveness can be compromised by scratches, blurred, or missing grain
boundaries. Certainly, there are also semi-supervised and unsupervised [16] methods cur-
rently. While semi-supervised [17] and unsupervised learning approaches reduce labeling
costs, the limited amount of labeled data often fails to capture all features and complexities
of grain boundaries, resulting in lower Accuracy compared to supervised learning. This
presents significant challenges in practical applications. Moreover, the effectiveness of
the teacher–student framework [18] in handling noisy data has been demonstrated in
medical imaging. By incorporating attention mechanisms, this framework can accurately
distinguish subtle anatomical features from noisy regions, ensuring the transmission of
context-rich information and achieving more precise model outputs [19].

Therefore, to reduce the labeling cost while effectively removing the noise and improv-
ing the Accuracy of the grain boundary detection, this paper proposes a semi-supervised
grain boundary segmentation method based on teacher–student knowledge distillation
and pseudo-labeling repair. Specifically, the proposed semi-supervised model employs
a teacher–student knowledge distillation framework. The teacher–student network in-
troduces SCConv [20] and boundary regression to improve the U-Net [21] model, which
enhances the network’s representation of spatial and channel features as well as improves
the ability to capture fine-grained features. Then, the teacher network trained with a small
amount of labeled data generates pseudo-labels for unlabeled images. Additionally, a
pseudo-label repair algorithm based on the physical characteristics of grain boundaries
is introduced to address missing label information in pseudo-labels. Finally, the student
network takes the dataset to a data enhancement strategy (adding noise points, scratches,
and fuzzy boundaries) to improve the robustness of the model. Compared with previous
work, our contribution can be summarized as follows:

(1) We propose a novel semi-supervised grain boundary segmentation method based on
a knowledge distillation framework. This method enhances model learning efficiency
and segmentation Accuracy, addressing the challenge of high labeling costs in grain
boundary segmentation.

(2) We propose the novel SRUnet network for teacher–student frameworks. This network
integrates SCConv into the U-Net architecture to improve spatial and channel recon-
struction, thereby reducing noise impact. Additionally, a boundary regression module
is included to further suppress noise propagation.

(3) In order to improve the Accuracy of pseudo-labeling and make full use of unlabeled
data, we propose a novel pseudo-labeling repair method based on the unique physical
characteristics of grain boundaries.

2. Related Work
2.1. Grain Boundary Segmentation

Grain boundary segmentation is essentially a binary classification task akin to edge
detection in computer vision, where each pixel must be classified as either a boundary
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pixel or not. Early approaches to grain boundary detection primarily utilized the physical
properties of the material and pixel gradients for boundary extraction. For instance, Ma
et al. [10] employed an overlapping tiling strategy to detect grain boundaries based on
the high degree of consistency between two neighboring slices in a material image. Wang
et al. [11] proposed a method to extract grain boundaries by reconstructing the boundary
region and analyzing pixel relationships. Gajalakshmi et al. [12] applied both the Otsu and
Canny edge detection techniques for grain boundary detection. Peregrina-Barreto et al. [13]
used image simplification, noise removal, automatic thresholding, and grain delineation
to measure grain size in mild steel. However, with the development of deep learning,
the use of neural networks to learn grain boundary features has become mainstream. For
example, Li et al. [14] used multi-task learning and generative adversarial networks (GAN)
for the segmentation of second-phase grains and grain boundary detection. Wang et al. [15]
developed an end-to-end CNN-based method for compressing and identifying δ-phase
grain boundaries in CrNiFe alloy from SEM images, achieving automatic, rapid, and
accurate identification. Na et al. [16] framed grain boundary detection as a real-to-virtual
(R2V) translation problem, mapping real microstructures to virtual ones and incorporating
regularization into unsupervised segmentation. Li et al. [17] introduced a semi-supervised
boundary detection method combining transfer learning and boundary region growth for
detecting aluminum grains in metallographic images. It is worth noting that most of the
current deep learning methods for grain boundary segmentation are fully supervised and
require a large annotation cost. Semi-supervised and unsupervised learning approaches
often suffer from poor generalization and low robustness due to their limited annotation. In
practical scenarios involving complex tasks such as scratches, partially missing boundaries,
and noise from impurities, these models are prone to noise interference, resulting in reduced
Accuracy. In contrast, our model addresses these issues by reducing annotation costs while
effectively managing noise problems encountered in practical applications.

2.2. Semi-Supervised Learning

In the case of insufficient labeled data, semi-supervised learning leverages both labeled
and unlabeled data during training, using information from the unlabeled data to enhance
the model’s performance and generalization ability. Current semi-supervised learning
methods are primarily categorized into consistency regularization, pseudo-labeling, and
holistic models. Consistency regularization aims to ensure that a model’s predictions for
the same unlabeled image remain consistent before and after adding noise. For exam-
ple, Tarvainen et al. [22] proposed the Mean Teacher model, which enhances the student
model’s performance in semi-supervised learning by generating stable consistency tar-
gets using exponential moving average weights of the teacher model. Zhao et al. [23]
combined contrastive learning with consistency constraints to improve medical image
segmentation by leveraging both labeled and unlabeled data. However, pseudo-labeling
methods initially train a model using labeled data, then predict labels for the unlabeled
data and incorporate these predictions into the training set. The model is subsequently
trained on both the true labeled data and the pseudo-labeled data. For instance, McClosky
et al. [24] proposed a self-training model that trains on labeled data and then predicts
and adds high-confidence pseudo-labels to the training set. Cascante-Bonilla et al. [25]
introduced Curriculum Labeling, which starts with easier samples and progressively in-
corporates more complex samples until all unlabeled data are included in the training set.
Additionally, holistic models integrate both consistency regularization and pseudo-labeling
techniques. For example, Sohn et al. [26] developed the FixMatch model, which computes
supervised loss on labeled data, generates pseudo-labels for unlabeled data through weak
augmentation, and uses these pseudo-labels to compute unsupervised loss. While these
semi-supervised methods enhance model robustness by utilizing unlabeled data, chal-
lenges remain regarding perturbation selection and the reliability of pseudo-labels. In this
paper, we propose a pseudo-label repair algorithm based on the physical properties of
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grains to improve pseudo-label Accuracy and mitigate performance degradation caused by
pseudo-label noise.

3. Methodology
3.1. Data Preprocessing

In this study, 21 OM images of size 2048 × 450 pixels were collected. The labelme [27]
tool was used to manually annotate the grain boundaries in 10 of these OM images (see
Figure 1), while the remaining 11 images were treated as unlabeled for use in unsupervised
learning. Each OM image, originally sized at 2048 × 450 pixels, was cropped into four sub-
images of 512× 512 pixels each. These sub-images underwent data augmentation, including
rotation, flipping, and contrast adjustment. Consequently, we obtained 380 labeled images
(340 for the training set and 40 for the test set) and 420 unlabeled images.
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3.2. Semi-SRUnet Modeling Framework

In a mathematical sense, this paper defines the OM image as X ∈ RW×H×C. The
labeling diagram for the Semi-SRUnet model is Y ∈ {0, 1}W×H×C, with 0 denoting the
background category and 1 denoting the grain boundary category. The dataset D used by
the model consists of n labeled samples and N unlabeled samples, denoted as D = Dl∪Du,

where Dl =
{
(Xl

i , Yl
i )
}n

i=1
and Du =

{
Xu

i
}N

i=1.
The semi-supervised grain boundary segmentation model proposed in this paper is

illustrated in Figure 2. The process involves the following steps: (i) Using the labeled data
Du to train the teacher network. The teacher network learns the feature information of
the grain boundaries from the OM image Xl

i . Subsequently, it generates predicted images

of the grain boundaries Yp1
i and boundary regression images Yp2

i . These predictions are
then combined with the ground truth labels Yl

i to train the teacher network and adjust
the parameters of the model. (ii) The trained teacher network will segment the unlabeled
OM images Xu

i with grain boundaries and generate pseudo-label images Yu
i . Subsequently,

the label Yu
i repair is performed using the breakpoint connection method to obtain the

repaired pseudo-label images Y f
i . (iii) During the training process, we employed a random

noise generation procedure, which involves adding noise points, missing boundaries, and
scratches to the labeled OM images Xl

i . Among these, missing boundaries are simulated
by binarizing and extracting regions with significant grain boundary features in the OM
image and adding a mask to these regions. This approach more realistically simulates the
phenomenon of missing grain boundaries in real images. The noise generation strategy
aims to enhance the model’s generalization capability when faced with noise and distortions
beyond those present in the training dataset. The OM images with random noise added
and their corresponding ground truth labeler are included in a dataset named MixData.
Additionally, unlabeled OM images Xu

i and repaired pseudo-labeled images Y f
i are also
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incorporated into the MixData dataset. Therefore, the MixData dataset is denoted as
MixData =

{
(Xm

i , Ym
i )

}M=3n+N
i=1 . Subsequently, Xm

i are fed into the student network for
training and output YS1

i and YS2
i , as well as predictions Yt

i from using the trained teacher
network, are used for knowledge distillation to accelerate the student’s feature learning.
Finally, the predicted output images are compared with ground truth labels to compute the
loss value for the student network. Based on this, the parameters of the student network
are adjusted to enhance model Accuracy.
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Figure 2. Overview of the Semi-SRUnet model.

3.2.1. Teacher–Student Network

In this paper, we enhance U-Net by introducing SCConv and a boundary regression
module to improve its spatial and channel information capture and edge segmentation
performance. This improved version is named SRUnet (U-Net enhanced with SCConv and
boundary regression), as shown in Figure 3. SCConv is composed of two parts, the Spatial
Reconstruction Unit (SRU) and the Channel Reconstruction Unit (CRU) (Figure 3a). SRU
filters out irrelevant spatial details and CRU optimizes key features across channels, helping
the model to focus on the most representative features even in the presence of distortion in
the input image. Therefore, SRUnet inserts three SCConv modules in the encoding process
to avoid the extraction of redundant features in the encoding process, and the convolved
information is fused with the up-conv image information by jump connection for feature
fusion. During the decoding process, SRUnet also inserts three SCConv modules during
the decoding process to capture the spatial and channel information after feature fusion.
Finally, two conv and Rectified Linear Units are applied to the image features of the end
up-conv output to preserve the detail information of local features and output images.
Additionally, three more convolutional layers and a Rectified Linear Units are applied to
the end up-conv output to expand the receptive field, capture contextual information, and
accurately locate boundaries, resulting in boundary regression images (Figure 3b).
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However, in the semi-supervised grain boundary segmentation method proposed
in this paper, the teacher network is based on SRUnet. The student network also uses
SRUnet but without the SCConv module, and it receives guidance from the teacher network
through knowledge distillation. This approach avoids the need for the student model to
learn from scratch, helps it find the correct direction more quickly, reduces the search space,
and improves learning efficiency.

The output images and regression images in the SRUnet network structure are used
to calculate the loss values with real ground labels using two loss functions, binary cross
entropy with logits Loss (loss1) defined in (1) and mean squared error (loss2) defined in
(2), respectively. Teacher uses the loss function Tloss defined in (4), while the student’s
loss function Sloss is defined in (5). Sloss is based on the teacher network and introduces
a knowledge distillation loss function (lossd) in the form of Kullback–Leibler Divergence
defined in (3) to learn the prior knowledge of the teacher. The calculation formulas are
as follows:
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loss1 = − 1
M

M

∑
i=1

[yi × loge(σ(pi)) + (1 − yi)× loge(1 − σ(pi))] (1)

loss2 =
1
M

M

∑
i=1

(yi − ŷi)
2 (2)

lossd =
1
M

M

∑
i=1

σ(pi)× loge

(
σ(pi)

σ(qi)

)
(3)

Tloss = α × loss1 + β × loss2 (4)

Sloss = λ × lossd + ω × loss1 + µ × loss2 (5)

where M denotes the number of samples in the training set, pi denotes the predicted output
from the student model, qi denotes the predicted output from the teacher model, ŷi denotes
regression images, yi denotes real ground labeling, σ denotes sigmoid activation function,
and α, β and λ, ω, µ denote the weight ratio of the loss function.

3.2.2. Pseudo-Label Repair

Since only a small amount of labeled data is used for supervised learning, the pseudo-
labels predicted by the teacher network contain some errors compared to the real ground
truth labels. Therefore, this paper presents an algorithm for pseudo-label repair, as outlined
in Algorithm 1:

Algorithm 1: Pseudo-label inpainting

Input: Pseudo-label Yu
i .

Output: Fixed − label Y f
i .

1 : img= thinning(Yu
i )

2 : pb= break_detect(img)
3 : if distance(pbi, pbj) < length1 and

∣∣∣θbi − θbj | > θ0 or
∣∣∣θbi − θbj | < (180 − θ0 ) :

Connect(img, pbi, pbj)

4 : pnewb= break_detect(img)
5 : p f = forkpoint_detect(img)
6 : if distance(pnewbi, p f j) < length2 and |θnewbi −angle(pnewbi, p f j )| < θ1 :

Connect(img, pnewbi, p f j)
7 : return 2, decrease θ0 and increase the value of length1, until θ0= 0.
8 : premain= break_detect(img)
9 : n → +∞; (x, y) = premaini

while k < n :
x = x + cos(θr); y = y + sin(θr)
if (x, y)== grain boundary point :

connect(img, (x, y), premaini)
break

else if (x, y)== border point:
break

10 : Y f
i = dilate(img)

11 : return Y f
i

For Algorithm 1, the main steps are as follows. (1) Perform skeleton extraction on
the input pseudo-labeled image Yu

i . (2) Iterate over each non-zero pixel in the image,
treating each non-zero pixel as the center. Extract the eight neighboring pixels around
it; if there is only one non-zero pixel among these neighbors, the central non-zero pixel
is considered a breakpoint. This process continues until all breakpoints in the image are
detected, resulting in a set of breakpoint coordinates. (3) Iterate over any two breakpoints
pbi and pbj of the set pb. If the distance between the two points is less than the threshold
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length1 and
∣∣∣θbi − θbj

∣∣∣ greater than threshold θ0 or
∣∣∣θbi − θbj

∣∣∣ less than (180 − θ0), then
connect the two breakpoints pbi and pbj. While θbi is the direction angle of the line segment
at pbi, θbj is the direction angle of the line segment at pbj, and θ0 is the threshold. (4) Repeat
the operation of (2) to detect breakpoints on the image and obtain a new set of breakpoints
pnewb. (5) The method of the morphology of shapes is applied to detect all the fork points
of the crystal boundaries in the image to obtain the set of fork points p f . (6) Traverse
all combinations of fork points and breakpoints assuming the traversals are p f j, pnewbi.
Connect p f j and pnewbi if the distance between p f j and pnewbi is less than length2 and the
absolute value of θnewbi minus angle(pnewbi,p f j) is less than θ1. (7) Return (2) to continue
with the following steps, decrease θ0, and increase the value of length1 until θ0 = 0. (8) After
the breakpoints and forks are connected, repeat the operation in (2) to detect the remaining
grain boundary breakpoints. (9) Extend breakpoint premain(x, y) by adding x = x + cos(θr)
and y = y + sin(θr) until it reaches the coordinates of the grain boundary, and then connect
premain with the coordinates of the grain boundary. (10) Perform the expansion operation
on the img of the image with the breakpoints connected to restore the thickness of the grain
boundary as the real ground label. (11) Return the restored pseudo-label image Y f

i .
To avoid introducing noise due to erroneous connections between breakpoints, ap-

propriate thresholds for both length and angle must be set. Based on the polygonal
characteristics of grain boundaries, when connecting breakpoints, the target point typically
falls within the angular range of (−60◦, 60◦) relative to the breakpoint. Similarly, when
connecting a breakpoint to a bifurcation point, the directional angle between the break-
point and the bifurcation point predominantly lies within the same range. Therefore, we
conducted a grid search within a range of 0 to 100 pixels, performing multiple tests and
observing the connection results to determine the optimal pixel length as 30 pixels. Given
that the side length of our images is 512 pixels, and considering that different image sizes
may require different connection lengths, we converted the pixel length into a proportion of
the image side length to represent length1 and length2. The final optimal threshold values
for length1 and length2 are determined to be 5.85%. Additionally, within the angular range
of (−60◦, 60◦), we used the same testing method to determine the optimal angle thresholds
as θ1 = 30◦ and (180◦ − θ0) = 20◦. When the direction of the line segments at the two
breakpoints is nearly opposite and close to 180◦, it may indicate that the grain boundary is
interrupted in the middle. Therefore, |θbi − θbj| > θ0 also meets our connection criteria.
However, this may also lead to situations where breakpoint connection becomes impossible.
For example, if the grain boundaries in the pseudo-labeled image are severely missing,
resulting in excessively long distances between breakpoints and the inability to find grain
boundary points by extending the breakpoints, the breakpoint repair cannot be completed.

Using Algorithm 1, skeleton extraction is performed for pseudo-label Yu
i , as shown in

Figure 4a. Subsequently, length1 = 5.85% (5.85% represents the proportion of the image’s
side length) and θ0 = 160

◦
are set to connect the two breakpoints that meet the conditions

for connecting them, as shown in Figure 4b. Next, the thresholds length2 = 5.85% and
θ1 = 30

◦
are applied to connect the breakpoints and fork points, as shown in Figure 4c.

Then, line segments are extended for the remaining breakpoints until they reach the grain
boundary points, as shown in Figure 4d. Finally, shape morphology is applied to expand
the grain boundaries, as well as black and white inversion of the image after the connection
of the breakpoints to obtain the repaired pseudo-labeled image Y f

i , as shown in Figure 4e.
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3.3. Training Details

In this paper, we empirically determine the optimal hyperparameters for the teacher
and student networks. Both networks are trained using the RMSProp optimizer with
a batch size of 2, a learning rate of 0.00001, and a weight decay of 1 × 10−8 to prevent
overfitting. The momentum is set to 0.9 to facilitate faster convergence and improve model
performance. After experimentation and testing, the weights α and β of the loss function
Tloss in the teacher network were set to 0.8 and 0.2. The weights λ, ω, and µ of the loss
function Sloss in the student network were set to 0.88, 0.02, and 0.1. In addition, this study
was trained and tested on a computer (Intel(R) Xeon(R) Platinum 8352 V CPU @ 2.10 GHz,
NVIDIA GTX 3090 GPU, ubuntu20.04, PyTorch 1.10.0).

4. Experiments and Results
4.1. Dataset Partition

The experiments in this paper involve dividing the 340 labeled images and 420 un-
labeled images in the training set into three strategies for training, as detailed in Table 1.
The effectiveness of these methods is then tested using the test set. Specifically, when the
strategy is set to 0.5, 170 labeled images and 420 unlabeled images are used for training;
when the strategy is set to 0.75, 255 labeled images and 420 unlabeled images are used; and
when the strategy is set to 1, all 340 labeled images and 420 unlabeled images are utilized.

Table 1. Dataset partition strategy.

Strategy Labeled Unlabeled

0.5 170 (50%) 420
0.75 255 (75%) 420
1 340 (all) 420

4.2. Evaluation Metrics

In this paper, four evaluation metrics are used to assess the model’s performance:
mean precision (mPrecision), mean recall (mRecall), Accuracy, and mean intersection over
union (mIoU).

Since grain boundary segmentation is a binary classification task, confusion matrices
are constructed for the model’s predictions, including true positives (TP), true negatives
(TN), false positives (FP), and false negatives (FN). Based on the confusion matrix, the
evaluation metrics are defined as:

mPrecision = mean
(

TP
TP + FP

)
× 100% (6)
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mRecall = mean
(

TP
TP + FN

)
× 100% (7)

Accuracy =
TP + TN

TP + TN + FP + FN
× 100% (8)

mIoU = mean
(

TP
TP + FP + FN

)
× 100% (9)

where mPrecision, mRecall, and mIoU are the average indicator values for the two categories
of background and grain boundary predicted by the model.

4.3. Comparison with Baseline Models

This chapter compares our SRUnet model with the baseline model U-Net. The U-Net
model uses the same data strategy (Strategy = 1) and experimental configuration but does
not include the SCConv module and the boundary regression (BR) module.

As shown in Table 2, the improved SRUnet significantly outperforms the baseline
U-Net model in terms of mIoU, mRecall, and mPrecision. Notably, introducing the BR module
into the baseline model improved Accuracy by 0.17%, with the other three evaluation metrics
increasing by more than 1%. These results suggest that the BR module can more accurately
capture object contours, thereby enhancing the boundary precision of segmentation results.
Comparing results from (1) and (3), adding the SCConv module to the baseline model
increased mIoU by 3.98%, mRecall by 5.09%, mPrecision by 3.26%, and Accuracy by 0.7%. This
demonstrates that the SCConv module, through spatial and channel reconstruction, better
preserves and conveys critical spatial information, reducing information loss and thus
improving segmentation performance. However, our Semi-SRUnet model is an integrated
model where each component is indispensable. Therefore, rather than analyzing the model
through ablation experiments, this paper evaluates and compares the model’s performance
across different proportions of labeled data to demonstrate its effectiveness.

Table 2. Performance comparison with baseline models (methods: (1) baseline, (2) baseline + BR,
(3) baseline + SCConv, (4) baseline + BR + SCConv).

Method BR SCConv mIoU mRecall mPrecision Accuracy

(1) 64.09 75.61 72.22 94.71
(2)

√
65.24 77.26 73.11 94.89

(3)
√

68.07 80.7 75.48 95.41
(4)

√ √
70.37 81.31 78.64 96.06

4.4. Comparison with Supervised Models

In this paper, four state-of-the-art supervised models in the field of semantic seg-
mentation, namely U-Net, UNet++ [28], ResUNet++ [29], and DSCNet [30], are used to
compare against our SRUnet and Semi-SRUnet models. The experiments were conducted
using each of the three strategies outlined in the Table 1 dataset (the supervised models
did not use unlabeled data), and the test results are presented in Table 3. As shown in
the table, when the strategy is set to 0.5, our SRUnet demonstrates improvements in all
three metrics—mIoU, mRecall, and mPrecision—compared to other segmentation models,
with increases of 4.33%, 7.87%, and 0.12%, respectively. However, the Accuracy drops by
0.31% compared to the DSCNet model. For the Semi-SRUnet model, all four metrics show
improvements, with mIoU, mRecall, mPrecision, and Accuracy increasing by 8.18%, 12.9%,
3.54%, and 0.57%, respectively. When the strategy is adjusted to 0.75, the advantages of
our model become more apparent. Specifically, SRUnet sees increases of 4.71% in mIoU,
8.69% in mRecall, 1.53% in mPrecision, and 0.14% in Accuracy, while Semi-SRUnet’s metrics
improve significantly by 25.3% in mIoU, 23.21% in mRecall, 18.1% in mPrecision, and 3.80%
in Accuracy. However, when the strategy is set to 1, the magnitude of improvements in our
model’s metrics compared to other segmentation models decreases but still outperforms
them. For example, SRUnet’s metrics increase by 1.21% in mIoU, 1.36% in mRecall, 0.93% in
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mPrecision, and 0.2% in Accuracy, while Semi-SRUnet’s metrics improve by 19.7% in mIoU,
16.69% in mRecall, 13.79% in mPrecision, and 2.91% in Accuracy.

It can be seen that our SRUnet model captures the boundary and shape of the target
more accurately and improves the Accuracy of grain boundary detection after incorporating
SCConv and boundary regression. Moreover, our semi-supervised model, Semi-SRUnet,
achieves a reduced labeling cost and a substantial improvement in detection Accuracy by
using knowledge distillation to accelerate network feature extraction and by repairing the
pseudo-labels.

We use strategy = 1 for training and testing, and the three test images from the test set
are shown in Figure 5. As seen in the figure, certain regions (scratches circled by green and
blurred grain boundaries circled by blue) in the four models—U-Net, UNet++, ResUNet++,
and DSCNet—are not accurately segmented to capture the grain boundaries. Additionally,
three of the models, except for U-Net, fail to remove the noise points circled in red. Since the
noise points and scratches have similar pixel values to the grain boundaries, and the regions
with blurred boundaries have the same pixel intensity as the background, the models
mistakenly identify the noise points and scratches as grain boundaries and the blurred
regions as background. This issue arises because these models lack the ability to improve
generalization and fail to adequately learn the texture, shape, and proximity features of the
grains. In contrast, our semi-SRUnet model introduces a random noise generation module
to enhance the model’s generalization and employs boundary regression along with the
SCConv module to extract grain features at a deeper level. Consequently, as seen in the
segmentation results of our model, noise points and scratches are effectively removed, and
grain boundaries in regions with blurred boundaries are accurately segmented, avoiding
problems such as missing or disconnected grain boundaries.

Table 3. Comparison results with advanced supervisory models.

Method Strategy
Metrics

mIoU mRecall mPrecision Accuracy

U-Net

0.5

60.39 68.27 70.71 94.6
UNet++ 60.92 70.88 69.56 94.22
ResUNet++ 60.84 69.54 70.48 94.51
DSCNet 60.78 68.22 71.79 94.8
SRUnet 65.25 78.75 71.91 94.49
Semi-SRUnet 69.10 83.78 75.33 95.37

U-Net

0.75

62.54 73.36 70.98 94.48
UNet++ 62.04 71.54 71.3 94.61
ResUNet++ 61.91 71.36 71.18 94.59
DSCNet 62.19 70.9 72.2 94.82
SRUnet 67.25 82.05 73.73 94.96
Semi-SRUnet 87.84 96.57 90.30 98.62

U-Net

1

64.09 75.61 72.22 94.71
UNet++ 63.21 73.81 71.84 94.67
ResUNet++ 64.64 72.99 75.49 95.39
DSCNet 69.16 79.95 77.71 95.86
SRUnet 70.37 81.31 78.64 96.06
Semi-SRUnet 88.86 96.64 91.50 98.77
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Figure 5. Comparison of grain segmentation with supervised algorithms. From left to right are the
OM images; manually labeled images, including the results of U-Net, UNet++, ResUNet++, DSCNet
models; and the results of our Semi-SRUnet model. The orange rectangle in each image indicates
the local zoomed-in region and the three local zoomed-in regions are placed to its right. The red
circles, blue circles, and green circles in the magnified regions indicate noise points, boundary blur,
and scratches, respectively.

4.5. Comparison with Semi-Supervised Models

In this paper, we compare four mainstream semi-supervised methods: Mean Teacher
(MT) [22], Uncertainty-guided Collaborative Mean Teacher (UCMT) [31], Self-Supervised
Correction (SSC) [32], and Cross-level Contrastive Learning and Consistency Constraint
(CLCC) [23]. To validate the effectiveness of our model, we used the three dataset partition-
ing strategies outlined in Table 1 for training under the same experimental setup.

The comparison results of the models are presented in Table 4. Our Semi-SRUnet
model significantly outperforms the other mainstream semi-supervised models. Specifically,
when using the strategy of 0.5, our model improves mIoU, mRecall, and mPrecision by 6.34%,
8.51%, and 5.02%, respectively, compared to CLCC. In terms of Accuracy, our model shows
a 1.03% improvement over SSC, which is the best-performing model among the others.
When using the strategy of 0.75, compared to the best-performing CLCC model, our model
achieved improvements of 25.25% in mIoU, 24.81% in mRecall, 17.7% in mPrecision, and
3.93% in Accuracy. Additionally, when using the strategy of 1, our model significantly
outperforms the other four mainstream semi-supervised models.

Table 4. Comparative results with state-of-the-art semi-supervised models.

Method Strategy
Metrics

mIoU mRecall mPrecision Accuracy

MT

0.5

60.29 69.32 69.56 94.15
UCMT 58.72 70.9 65.87 92.84
SSC 56.79 62.34 68.61 94.34
CLCC 62.76 75.27 70.31 94.05
Semi-SRUnet 69.10 83.78 75.33 95.37

MT

0.75

60.24 68.17 70.56 94.43
UCMT 58.76 69.86 66.33 93.14
SSC 59.00 68.06 67.82 93.79
CLCC 62.59 71.76 72.33 94.69
Semi-SRUnet 87.84 96.57 90.30 98.62

MT

1

62.36 73.76 70.45 94.16
UCMT 59.02 71.13 66.24 92.97
SSC 61.03 75.7 67.72 93.11
CLCC 60.61 68.67 70.92 94.48
Semi-SRUnet 88.86 96.64 91.50 98.77
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To provide a more subjective comparison, we tested the model trained with strategy 1
and visualized the results, as shown in Figure 6. From the noise points indicated by red
circles, it can be observed that except for UC-MT, the other three models are unable to
remove these noise points. For the scratches indicated by the blue circles, the other four
semi-supervised models mistakenly identify them as crystal boundaries. In contrast, our
model effectively removes the noise points and is not affected by the scratches. Additionally,
our Semi-SRUnet model can segment the blurred parts of the crystal boundaries, while
the other four mainstream semi-supervised models mistakenly recognize these blurred
boundary areas as background, resulting in broken and discontinuous boundaries.

Therefore, through performance comparisons with different proportions of labeled
data and intuitive visual assessments, it is demonstrated that our model can significantly
improve the Accuracy and completeness of crystal boundary segmentation with limited
labeled data, showing better generalization ability and robustness.
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indicate the regions of noise points and scratches, respectively.

4.6. Comparison with Unsupervised Models

In this paper, we compare unsupervised models, including R2V (real-to-virtual) with
regularization [16], the Watershed Algorithm [33], and Canny Edge Detection [34] with
our Semi-SRUnet model (Figure 7). As shown in the red rectangular area of the figure,
compared to Semi-SRUnet, the Canny and Watershed algorithms only provide vague
segmentation of the grain boundary contours and fail to remove noise points and scratches.
Although R2V segments the contours of the grain boundaries clearly, it also fails to remove
noise points and scratches. For regions with fuzzy boundaries, the three unsupervised
models predict them as the background, leading to issues such as multiple grains merging
into one large grain or resulting in broken grain boundaries. Although these unsupervised
models can be used without labeling cost, the segmentation Accuracy is much lower than
the supervised models. In practical application scenarios, these errors will cause significant
errors in the subsequent quantitative analysis of the grains and are not allowed. Therefore,
our Semi-SRUnet model, which uses a small amount of labeled data, significantly improves
grain boundary detection Accuracy, effectively addressing the issues of labeling cost and
segmentation precision.
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4.7. Comprehensive Analysis and Discussion
4.7.1. Ensemble Techniques for Model Enhancement

Ensemble techniques [35] have been widely utilized in deep learning as they combine
the advantages of multiple models to reduce variance and bias, thereby enhancing gen-
eralization capabilities. In this study, we applied both bagging and cascading ensemble
techniques to our semi-SRUnet model. Specifically, we replaced the student network in
the semi-supervised SRUnet architecture with ensembles of three advanced supervised
models: SRUnet, DSCNet, and U-Net. The resulting models, named semi-SRUnet(Bagging)
and semi-SRUnet(Cascading), were evaluated using the strategy = 0.5 dataset to analyze
their performance. As indicated in Table 5, the improved semi-SRUnet(Bagging) and semi-
SRUnet(Cascading) models show improvements in four evaluation metrics, demonstrating
that these ensemble techniques effectively enhance model performance. However, it is
important to note that employing ensemble methods may increase computational costs.
Therefore, when computational resources permit, utilizing ensemble techniques can further
boost the Accuracy of the semi-SRUnet model.

Table 5. Comparative analysis of ensemble techniques on semi-SRUnet.

Method mIoU mRecall mPrecision Accuracy

semi-SRUnet 69.10 83.78 75.33 95.37
semi-SRUnet(Bagging) 69.40 84.30 75.49 95.40
semi-SRUnet(Cascading) 69.53 84.20 75.70 95.46

4.7.2. Qualitative Comparison with Advanced Grain Boundary Segmentation Models

We conducted a qualitative comparison of recent boundary segmentation methods
with our proposed model. Due to the lack of specific names for two of these methods, they
are referred to as Method A [36] and Method B [37] in this study. As shown in Table 6,
MPU-Net [38] employs pruning strategies and adaptive particle redistribution techniques
to further correct over-segmentation errors. However, this method is fully supervised
learning, which incurs high labeling costs, and its correction strategy is limited to scenarios
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where only partial overlap between grains occurs. Method A employs data augmentation
strategies such as random noise generation and simulated defects to expand the dataset,
followed by training with a U-Net network. However, this method is associated with
complex data preprocessing, high labeling costs, and occasional discontinuities in the
predicted grains. Method B leverages EBSD instrumentation to generate label data and
applies supervised models like U-Net for boundary segmentation, thus avoiding manual
annotation. However, the equipment costs for EBSD instrumentation are high, and this
approach merely shifts the labor costs to equipment costs. Furthermore, discrepancies
between SEM and EBSD can lead to pixel drift, causing mismatches between SEM images
and label data.

In contrast, our proposed semi-SRUnet model integrates a teacher–student network
framework and improves U-Net, reduces labeling costs, and enhances denoising capabili-
ties. The pseudo-label refinement algorithm further improves label Accuracy. Additionally,
we conducted tests with the MPU-Net model under the same experimental conditions and
using the data strategy of strategy = 1. The other two methods could not be compared
due to the unavailability of their code. Comparative analysis of mIoU and Accuracy with
the MPU-Net model indicates that our approach not only reduces labeling costs but also
achieves higher Accuracy.

Table 6. Comparison with advanced boundary segmentation models.

Method Pros Cons mIoU Accuracy

semi-SRUnet Low labeling cost and high
Accuracy Model complexity is relatively high 88.86 98.77

MPU-Net Corrected segmentation errors High labeling cost and limited
correction strategies 64.99 94.09

Method A Introduced a data augmentation
strategy with simulated defects

Data preprocessing is complex and
labeling costs are high --- ---

Method B Without the need for manual
data annotation

High device costs and inaccurate
labeled data --- ---

4.7.3. Comparison of Model Complexity and Training Time

In this section, we utilize Params (parameters) and FLOPs (floating-point operations)
as metrics to assess the model’s complexity. Additionally, we evaluate the training time
per epoch under the strategy = 1 data strategy and consistent experimental conditions. As
shown in Table 7, our semi-SRUnet model exhibits the lowest FLOPs among the compared
semi-supervised models, even lower than that of the unsupervised models. In terms of
parameters, our model ranks second smallest among the semi-supervised models. In
terms of training time, the number of model parameters is more than that of the UCMT
model, resulting in a training time of about 4 s per epoch more than that of the UCMT.
However, compared to the other semi-supervised models, the training time of our model
is the shortest, and it even outperforms the DSCNet model. This indicates that our semi-
SRUnet model performs exceptionally well among semi-supervised models, offering not
only optimal computational complexity but also relatively fast training speed. When
compared to certain supervised models, our model’s complexity and training time may
increase due to the necessity of learning from both labeled and unlabeled data to enhance
Accuracy. Nevertheless, our model effectively keeps complexity and training time within an
acceptable range, achieving a balanced trade-off between model complexity and Accuracy.
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Table 7. The complexity and training time of different models.

Method Learning
Paradigm Params FLOPs Train Time

DSCNet

Supervised

1.35 M 106,063 M 79 s
U-Net 17.26 M 320,683 M 37 s
UNet++ 26.89 M 300,488 M 38 s
ResUNet++ 4.06 M 506,432 M 40 s
MPU-Net 43.00 M 386,014 M 43 s

R2V with
regularization Unsupervised 28.25 M 115,505 M 23 s

UCMT

Semi-supervised

10.88 M 575,517 M 62 s
CLCC 78.79 M 683,638 M 73 s
SSC 98.07 M 538,992 M 69 s
MT 93.13 M 1,159,855 M 74 s
Semi-SRUnet 27.40 M 511,588 M 66 s

4.7.4. Performance with Varying Labeled Ratios

In this section, we conduct experiments with varying label ratios to thoroughly analyze
the performance of the proposed semi-SRUnet model. As shown in Table 8, when training
with only 34 labeled images, the Accuracy remains at 94.24%, while mRecall and mPrecision
are 77.37% and 70.05%, respectively. However, mIoU is relatively low at 63.73%. This
result is likely due to the insufficient amount of labeled data, which limits the teacher
network to learning only partial boundary features, leading to significant boundaries
missing in the generated pseudo-labels. In the process of pseudo-label repair, the large area
of missing grain boundaries may result in the distance between the breakpoint and the
target point being too long. Additionally, grain boundary points may not be found during
breakpoint extension, leading to incomplete breakpoint repair and, consequently, affecting
the model’s Accuracy.

Table 8. Performance of our semi-SRUnet model under varying labeled ratios.

Labeled Unlabeled mIoU mRecall mPrecision Accuracy

34 (10%) 420 63.73 77.37 70.05 94.24
80 (25%) 420 65.07 80.21 71.49 94.34

175 (50%) 420 69.10 83.78 75.33 95.37
255 (75%) 420 87.84 96.57 90.3 98.62
340 (100%) 420 88.86 96.64 91.50 98.77

As the amount of labeled data increases, particularly with the use of 255 labeled
images and 420 unlabeled images, the model performance improves significantly, with
mRecall reaching 96.57%. This enhancement in performance is primarily due to the fact
that, at this label ratio, the teacher network is able to capture more feature information,
resulting in pseudo-labels that do not exhibit large areas of blank regions. This allows the
pseudo-label refinement algorithm to more effectively repair the pseudo-labels and fully
leverage the unlabeled data, thereby significantly improving the overall performance of
the model.

Therefore, in order to achieve reliable grain boundary segmentation with the proposed
semi-SRUnet model, the proportion of labeled data in the training set should reach 37.70%,
which corresponds to a combination of 37.70% labeled data and 62.30% unlabeled data.

4.7.5. Performance under High Noise

To validate the denoising capability of our proposed model, we introduced noise types
such as missing boundaries, noise points, and scratches into the test set to simulate the
severe noise conditions that might be encountered in actual OM boundary images, and
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evaluated the model’s performance under these conditions. Additionally, we used the
model trained under the strategy = 1 data strategy to test the noise-added test sets and
compare the Accuracy. As shown in Table 9, the model is largely unaffected by scratches and
noise points, but under the noise of missing boundaries, the mIoU and mRecall decreased
by 4.48% and 3.34%, respectively, but still maintained a relatively high level of Accuracy.

Table 9. Performance comparison under different noise effects.

Noise mIoU mRecall mPrecision Accuracy

Original 88.86 96.64 91.5 98.77
Missing boundaries 84.38 93.3 88.83 98.2
Noise points 88.67 96.33 86.41 98.75
Scratches 88.01 95.97 90.03 98.66
Gaussian noise 83.35 93.41 87.52 98.02
Uniform noise 83.59 91.85 89.02 98.13

Moreover, SEM and TEM images are influenced by electron noise generated [39]
during the interaction of the electron beam with the sample, which intensifies with the
increase in signal strength and typically exhibits Gaussian distribution characteristics [40].
Concurrently, the scattering effect of electrons passing through the sample introduces
scattering noise [41], resulting in image blurring [42]. Additionally, the thermal motion
of electron detectors and associated electronic components generates thermal noise [43],
which generally manifests as uniform background noise, akin to low-frequency noise in
images. To preliminarily assess the denoising capability of our model on different types of
images, we simulated electron noise and scattering noise in SEM and TEM images using
Gaussian noise and modeled thermal noise using uniform noise. As shown in Table 9,
despite the addition of Gaussian and uniform noise, the mIoU and mRecall decreased
by only approximately 5%, and the model maintained a high overall Accuracy, reliably
performing the task of boundary segmentation. It is worth noting that our model has
not yet undergone data augmentation through simulated noise in SEM and TEM images,
which represents a direction for further improvement and enhancement of the model’s
performance. Therefore, these preliminary noise simulation tests provide a solid foundation
for applying the semi-SRUnet model to SEM and TEM images.

The prediction results of our model on images with various added noise are shown
in Figure 8. It can be observed that boundary gaps, noise points, and scratches did not
significantly affect the model, as the predictions are nearly identical to the ground truth
labels. However, uniform and Gaussian noise caused a few scratches in the original images
to be mistakenly identified as crystal boundaries. Despite this, the overall prediction
results remain consistent with the ground truth labels and do not affect the integrity and
granularity of the grains.
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5. Conclusions

Although many methods exist for grain boundary segmentation, including traditional
machine learning techniques (such as Canny and Watershed) and unsupervised, semi-
supervised, and supervised deep learning models, these methods suffer from labeling
cost and interference by noise. Therefore, this study proposes a semi-supervised grain
boundary segmentation method, Semi-SRUnet, to address these challenges. The validity of
the method was verified through extensive experimental and comparative tests, with the
following results:

(1) By introducing SCConv and boundary regression to the U-Net model, the performance
of the model surpasses that of state-of-the-art supervised models, with significant
improvements in both mIoU and mRecall.

(2) Our Semi-SRUnet model, based on the SRUnet model, introduces the method of
knowledge distillation to guide the training of the student network and predict
unlabeled images as pseudo-labels to augment the training dataset.

(3) Our proposed pseudo-label repair algorithm fixes the defects of breakpoints present
in pseudo-labeled images, improves the Accuracy of pseudo-labeling, and solves the
problem that semi-supervised learning of labeling data is too small to learn all the
features of grain boundaries.

(4) Our Semi-SRUnet model, using a small amount of labeling cost, has greatly improved
robustness, especially in dealing with defects such as noise points, scratches, and grain
boundary blurring. It is noteworthy that when strategy = 1, the Accuracy increased to
98.77%, mRecall reached 96.57%, mPrecision reached 91.50%, and mIoU reached 88.86%.

However, we acknowledge certain limitations in our work. Specifically, our pseudo-
label repair algorithm may struggle to rectify issues when there are severe missing bound-
aries or large blank areas in the pseudo-labels. While the complexity of our model is
manageable, it still requires a degree of computational resources. Furthermore, although
the model demonstrates excellent segmentation performance on OM images, it is nec-
essary to evaluate its effectiveness against evolving imaging technologies to enhance
its applicability.

In future work, we plan to extend our model to microstructure detection across images
captured by various devices, including SEM, TEM, and XCT, to enhance its robustness.
Additionally, we will focus on optimizing the model to reduce its complexity. We also aim
to advance our pseudo-label repair algorithm by integrating more sophisticated image
repair models, such as deep learning-based generative adversarial networks (GANs), to
more effectively address severe missing data and large blank regions. These efforts will
contribute to the advancement and application of deep learning techniques in quantitative
microstructure analysis.
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