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Abstract
Few-shot material image segmentation constitutes one of the challenging re-
search problems in the field of image segmentation. The microstructures of
material images typically exhibit characteristics such as diverse shapes, com-
plex textures, and blurred boundaries, which often lead to inaccurate segmen-
tation results. To address the challenge of automatic few-shot material image
segmentation, Graph-UNet has been proposed to integrate UNet and graph
convolutional neural networks. This method transfers the concepts of multi-
dimensional feature fusion and skip connections from convolutional neural net-
works to graph convolutional neural networks, thereby achieving an effective
combination of graph convolution and graph attention. Furthermore, it es-
tablishes a universal module for mutual conversion between feature maps and
graph structures. Comparative and ablation experiments conducted on material
image datasets demonstrate that Graph-UNet achieves superior segmentation
results compared to many state-of-the-art methods, accurately identifies various
material structures, and advances the exploration of the relationship between
material structure and performance.
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Abstract: Few-shot material image segmentation represents a significant chal-
lenge in the field of image segmentation. The microstructures in material im-
ages typically exhibit diverse shapes, complex textures, and blurred boundaries,
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which often lead to inaccurate segmentation results. To address the challenge of
automatic segmentation for few-shot material images, we propose Graph-UNet,
which integrates UNet and graph convolutional neural networks. Our approach
transfers the multi-dimensional feature fusion and skip connection concepts from
convolutional neural networks to graph convolutional neural networks, enabling
effective combination of graph convolution and graph attention mechanisms.
Additionally, we establish a universal module for mutual conversion between
feature maps and graph structures. Through comparative and ablation exper-
iments on material image datasets, we demonstrate that Graph-UNet achieves
superior segmentation performance compared to many state-of-the-art methods,
accurately identifying various material structures and advancing the exploration
of structure-property relationships in materials.

Keywords: semantic segmentation; graph convolutional neural network; graph
attention; material image; deep learning; few-shot

0 Introduction
With continuous advancements in image segmentation methodologies and in-
creasing interdisciplinary integration, researchers have begun applying sophisti-
cated image segmentation techniques to material image analysis, as evidenced
in studies [?, ?]. Accurate segmentation of material images facilitates investiga-
tions into the relationships between manufacturing processes, microstructures,
and material properties, thereby contributing to the development of novel ma-
terials. Image segmentation of material structures serves as the foundation for
subsequent image processing tasks, and precise delineation of target regions is
crucial for structural analysis and performance evaluation.

Most material images contain intricate textures and microstructures of various
shapes. Even within the same material category, structures can exhibit sub-
stantial variations in shape and texture. The diversity of material structures
makes annotation extremely labor-intensive and time-consuming. Consequently,
enhancing model generalization and addressing few-shot image segmentation
problems are essential. Distinguishing different material structures in small
datasets remains a formidable task.

Several deep learning approaches have been developed for material image seg-
mentation. Azimi et al. [?] proposed MVFCNN, a segmentation algorithm for
material microstructures based on Fully Convolutional Networks (FCN). How-
ever, this method requires numerous material samples, and the high acquisi-
tion cost of most material images limits the application of deep learning in
this domain. Jiang et al. [?] introduced a deep learning method that performs
pixel-level material segmentation on entire images, combining dilated convolu-
tion features with traditional convolution features to remove artifacts caused by
dilated convolutions. Xiong et al. [?] developed a rice panicle segmentation algo-
rithm based on Simple Linear Iterative Clustering (SLIC) superpixel generation
and convolutional neural network classification. Nevertheless, rice panicles ex-
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hibit distinct boundaries and regional features, making the superpixel approach
task-specific and limited in generalizability. Decost et al. [?] proposed a deep
convolutional neural network capable of extracting distributions of water lime
particle size and metamorphic zone widths from micrographs containing multi-
ple microscopic components. However, their approach primarily targets specific
application scenarios.

To address end-to-end material image segmentation, this paper proposes a uni-
versal network model, Graph-UNet, which combines UNet and graph convo-
lutional neural networks, as illustrated in [Figure 1: see original paper]. We
utilize deep convolutional networks to model graphs and apply graph convolu-
tion methods to solve semantic segmentation tasks for material images. The
model constructs a graph structure from feature maps processed by convolu-
tional neural networks, employs a Multi-dimensional Graph Attention Module
(MGAM) to exchange features between neighboring nodes, and then encapsu-
lates the updated graph structure back into feature maps for subsequent con-
volutional operations. This approach makes two primary contributions: (a) we
propose a novel graph attention module that integrates graph convolution and
graph attention for multi-dimensional feature fusion; (b) we develop a graph
model for material images that encapsulates images into graph structures for
participation in graph convolution operations.

The remainder of this paper is organized as follows: Section 1 introduces the
network architecture and specific details. Section 2 presents experimental results
and discussions on material datasets. Section 3 concludes the paper and outlines
future research directions.

1 Graph Model for Semantic Segmentation
Graph Convolutional Neural Networks (GCNNs) are designed to address learn-
ing problems on graph-structured data. Recently, researchers have begun ex-
ploring how graph convolution can be applied to structured data. Lu et al. [?]
first combined graph convolution with fully convolutional networks for seman-
tic segmentation, achieving a 1.34% performance improvement. Zhang et al. [?]
proposed the Dual Graph Convolutional Network (DGCNet), integrating graph
convolution for irregular data into a dual attention model for semantic segmen-
tation tasks. Ma et al. [?] introduced a novel Attention Graph Convolutional
Network (AGCN) for superpixel segmentation of remote sensing images, utiliz-
ing graph convolution combined with graph attention for image segmentation.

Currently, few graph convolution-based network models target material image
segmentation. Drawing inspiration from previous research, the graph structure
in this work features two key characteristics. First, graph structures enable
more flexible skip connections. Unlike convolutional networks that establish
an n×n local region around a pixel, graph convolution allows custom-defined
neighborhoods for each node. Second, the message propagation mechanism in
graph convolution facilitates information exchange between nodes, and as graph
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convolution layers are stacked, each node’s receptive field expands, enabling
comprehensive capture of broader contextual features.

To leverage the advantages of attention mechanisms in image segmentation
tasks and enhance network focus on important features, we incorporate a multi-
dimensional feature fusion-based graph attention module into UNet [?] to ad-
dress few-shot material image segmentation.

We selected UNet as the backbone network because it was originally developed
for medical images, which share significant similarities with material images,
such as monotonic colors and predominant use of grayscale. Notable UNet vari-
ants include UNet++ [?] and Attention-UNet [?]. UNet++ enhances feature
supplementation through additional skip connections, while Attention-UNet im-
proves network performance by incorporating attention mechanisms in the de-
coder. Inspired by the application of graph convolution and attention mecha-
nisms in image segmentation, we propose the graph attention module.

In our network, the input image first passes through five convolutional layers,
with pooling layers added after the first four. Following the fifth convolutional
layer, we convert the extracted feature maps into graph structures and employ
the multi-dimensional feature fusion-based graph attention module for node fea-
ture propagation and learning. Subsequently, the module converts the graph
structure back into feature maps for the following four upsampling layers, pro-
gressively enlarging the feature map dimensions. After each upsampling opera-
tion, the current feature map is concatenated with the encoder feature map of
the same size. Finally, the network outputs a prediction map through a Sigmoid
function to obtain the segmentation result.

1.1 Graph Structure

A graph structure is an irregular data structure that can be represented as a
triplet 𝐺(𝑁, 𝐸, 𝑈). 𝑁 denotes the node set, which is an |𝑁| × 𝑆 matrix where
|𝑁| is the number of nodes and 𝑆 is the dimension of node feature vectors. 𝐸
represents the edge set, and 𝑈 denotes graph features.

We construct the graph using a directed approach, assigning directionality to
each edge. To ensure no discriminative difference in connectivity between nodes
after graph construction, we initialize each node’s total degree to a specific value
using a four-neighborhood scheme. The model is trained through supervised
learning.

1.2.1 Graph Encoder

The input to the graph attention module is a graph structure. To feed feature
maps into the graph attention module, we create a graph encoder that converts
feature maps into graph structures.

In our model, node features are initialized by the encoder portion of UNet. In
the graph model, connections between nodes are represented using an adjacency

chinarxiv.org/items/chinaxiv-202206.00053 Machine Translation

https://chinarxiv.org/items/chinaxiv-202206.00053


matrix, with each node connected to its nearest neighbors. We establish edge
connections in a four-neighborhood pattern based on the spatial relationships
between pixel points. These connections indicate that features can propagate
through edges within the graph attention module.

1.2.2 Graph Attention Module

We propose a Multi-dimensional Graph Attention Module (MGAM), as illus-
trated in [Figure 2: see original paper].

Graph Convolutional Networks (GCN) represent one deep learning approach for
processing graph structures. Its implementation formula [?] is as follows:

𝑍(𝑙+1) = 𝜎(𝐷̃− 1
2 ̃𝐴𝐷̃− 1

2 𝑋(𝑙)𝑊 (𝑙))

where 𝑋 is the graph structure converted from UNet encoder output, 𝐷 and 𝐴
are the degree and adjacency matrices of 𝑋, ̃indicates that self-connections are
added to each node with corresponding degree matrix 𝐷̃ and adjacency matrix

̃𝐴, 𝑊 (𝑙) is the weight matrix for the 𝑙-th graph convolution layer, 𝜎 is the ReLU
activation function, and 𝑍(𝑙+1) is the output of the (𝑙 + 1)-th graph convolution
operation.

Graph Attention Networks (GAT) represent an attention mechanism applied to
graph structures. Its implementation formula [?] is as follows:

ℎ′
𝑖 = 𝜎 ( 1

𝐾
𝐾

∑
𝑘=1

∑
𝑗∈𝒩𝑖

𝛼𝑘
𝑖𝑗𝑊 𝑘ℎ𝑗)

where 𝐾 denotes the number of attention heads, 𝒩𝑖 is the set of neighbor nodes
of node 𝑖, 𝛼𝑘

𝑖𝑗 is the attention coefficient between node 𝑖 and its 𝑗-th neighbor
in the 𝑘-th attention head, 𝑊 𝑘 is the weight matrix for the 𝑘-th attention head,
ℎ𝑗 is the feature vector of node 𝑗, 𝜎 is the activation function, and ℎ′

𝑖 is the
aggregated output feature of node 𝑖 after the multi-head graph attention layer.
The specific formula for 𝛼𝑘

𝑖𝑗 is:

𝛼𝑘
𝑖𝑗 = exp(LeakyReLU(𝑎𝑇 [𝑊 𝑘ℎ𝑖||𝑊 𝑘ℎ𝑗]))

∑𝑟∈𝒩𝑖 exp(LeakyReLU(𝑎𝑇 [𝑊 𝑘ℎ𝑖||𝑊 𝑘ℎ𝑟]))

where LeakyReLU() is a specific activation function, 𝑎 and 𝑊 are weight ma-
trices, and ℎ𝑖, ℎ𝑗, and ℎ𝑟 are the feature vectors of node 𝑖, node 𝑗, and the 𝑟-th
neighbor of node 𝑖, respectively.

Both GCN and GAT aggregate neighbor node features to the central node:
GCN utilizes the Laplacian matrix, while GAT employs attention coefficients.
However, GCN cannot assign different weights to each neighbor, treating all
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neighbors equally during convolution without considering node importance. In
contrast, GAT effectively incorporates correlations between node features into
the model and uses multi-head attention to stabilize the learning process, as
shown in [Figure 3: see original paper].

Generally, GCN for node classification or segmentation employs one to two
layers; stacking too many GCN layers leads to over-smoothing. However, in
convolutional neural network models, deeper stacks of convolutional layers typi-
cally demonstrate better performance and effectiveness. Deeper models provide
stronger non-linear expressive capabilities, enabling learning of more complex
transformations to fit more sophisticated feature inputs, as exemplified by resid-
ual networks. To incorporate this CNN philosophy, we deepen the graph con-
volution model by introducing a hyperparameter 𝑎 that controls the proportion
of node features flowing into the next graph convolution layer. This approach
simulates skip connections in residual networks but only partially mitigates
over-smoothing. Performance still degrades when too many layers are stacked.

We utilize two GCN layers to simultaneously propagate node features and per-
form dimensionality reduction, followed by two GCN layers for feature dimen-
sionality expansion while summing the dimensionality-reduced node features at
each step. Initially, the input graph structure contains 𝐻 × 𝑊 nodes, each
with feature dimension 𝐶. After the first graph convolution layer, node fea-
ture dimensions are reduced to 𝐶/2. The graph with updated node features is
then fed into the second graph convolution layer, reducing dimensions to 𝐶/4.
Subsequently, we perform dimensionality expansion by passing through two ad-
ditional graph convolution layers. The dimensionality-reduced and expanded
features correspond one-to-one, with the reduced-dimension node features con-
nected to a GAT layer and then summed with the expanded graph convolution
output. Graph structures with dimensions 𝐶, 𝐶/2, and 𝐶/4 correspond to
high-resolution, medium-resolution, and low-resolution feature maps in the im-
age domain. By learning coarse features from low-resolution graph structures
and fine details from high-resolution graph structures, fusing different resolu-
tion graph structures enables accurate learning and representation of few-shot
material images. After the graph attention layer, we set a hyperparameter 𝑎 to
control the proportion of node features flowing to the next graph convolution
layer, preventing node features from converging to nearly global features after
excessive graph convolution layers. The specific fusion implementation for the
feature expansion portion is shown in Equation (4):

𝑍(𝑙+1)
𝑎𝑑𝑑 = 𝑍(𝑙+1) + 𝑎 ⋅ 𝐻𝑎𝑑𝑑

where 𝑍(𝑙+1)
𝑎𝑑𝑑 is the summation result of the graph attention layer output and

the graph convolution layer expansion output, 𝑍(𝑙+1) is the output feature of
the (𝑙 + 1)-th graph convolution layer, 𝑎 is the hyperparameter, and 𝐻𝑎𝑑𝑑 is the
output of the graph attention layer.

chinarxiv.org/items/chinaxiv-202206.00053 Machine Translation

https://chinarxiv.org/items/chinaxiv-202206.00053


The graph attention module constitutes a crucial component of the network
model, representing a combination of graph convolution and graph attention.
It primarily serves to deepen the network, enhance its ability to fit complex in-
put images, alleviate excessive focus on local features, prevent neglect of global
feature information, and achieve superior material image segmentation perfor-
mance. Graph convolution preserves the spatial location information of feature
map pixels without node disappearance, while the graph attention layer focuses
on important nodes, enhancing feature flow for significant nodes and suppressing
flow for irrelevant ones.

1.2.3 Graph Decoder

The output of the graph attention module remains a graph structure. To en-
able continued processing in convolutional neural networks, we create a graph
decoder that converts the graph structure back into feature maps.

2.1 Experimental Environment and Evaluation Metrics
In our experiments, we used a computer with an i7-8750H CPU@2.20GHz pro-
cessor and Python 3.8 as the development environment. The network was im-
plemented using PyTorch. We standardized all images to 512 × 512 pixels as
network input and converted label images to binary format for training. We
employed binary cross-entropy loss as the network’s loss function and trained
the model using the Adam optimizer with momentum. The momentum and
decay coefficients were set to 0.9 and 0.0005, respectively, to mitigate overfit-
ting. We trained for 100 epochs with a batch size of 1 and an initial learning
rate of 0.001, adjusting the learning rate to approach optimal network param-
eters. Each material structure dataset contained two classes: target material
structure and background. We trained on the training dataset, minimizing the
loss between input and label images, and saved the optimal network parame-
ters across 100 iterations for testing. Network performance was evaluated using
Mean Intersection over Union (MIoU).

We trained the network on the training dataset, saved the optimal parameters,
and then performed predictions on the test dataset, calculating MIoU between
test predictions and corresponding annotations as the performance metric. Fi-
nally, we converted network outputs into visualized binary annotation results.

Our experimental dataset comprises four material structure categories:
Spheroidite, Wood, Pearlite1, and Pearlite2. Spheroidite, Pearlite1, and
Pearlite2 are open-source material datasets from literature [?]. Due to the
complexity of experiments and high annotation costs, each category contains
only 4 to 6 images. The dataset distribution is shown in .

We primarily use MIoU as the evaluation metric for semantic segmentation
networks, calculated as follows:
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MIoU = 1
𝑘

𝑘
∑
𝑖=1

𝑝𝑖𝑖
∑𝑘

𝑗=1 𝑝𝑖𝑗 + ∑𝑘
𝑗=1 𝑝𝑗𝑖 − 𝑝𝑖𝑖

where 𝑝𝑖𝑖 represents the number of pixels with true value 𝑖 predicted as 𝑖, 𝑝𝑖𝑗
represents pixels with true value 𝑖 predicted as 𝑗, 𝑝𝑗𝑖 represents pixels with true
value 𝑗 predicted as 𝑖, and 𝑘 is the number of classes. MIoU is calculated on a
per-class basis, computing IoU for each class, summing them, and averaging to
obtain a global evaluation metric.

2.2 Comparative Experiments with Existing Methods
To further demonstrate the effectiveness of our proposed model for material
image segmentation, we compared it against current state-of-the-art methods
on the same dataset. We evaluated traditional segmentation methods including
KMeans [?] and Watershed [?], as well as deep learning approaches FCN [?],
UNet [?], UNet++ [?], CENet [?], R2U-Net [?], Attention-UNet [?], and UNet3+
[?]. Experimental results are shown in [Figure 4: see original paper] and .

KMeans is overly sensitive to noise in complex texture images, causing most
textural details to be segmented out. Consequently, KMeans cannot obtain
complete material structures, leading to over-segmentation of phases. Water-
shed produces inconsistent segmentation results; as shown in figures 5, 6, and
7 of the Watershed results in [Figure 4: see original paper], it barely segments
target structures and even produces large black areas as erroneous results. For
grayscale images with low contrast, Watershed struggles to achieve satisfactory
segmentation. Both KMeans and Watershed lack generality for image segmen-
tation tasks.

Due to limited samples, deep learning-based networks cannot obtain rich train-
ing data, resulting in insufficient feature learning for material structures. FCN
results exhibit varying degrees of noise. As shown in figure 3 of the FCN results
in [Figure 4: see original paper], numerous small but noticeable noise points
appear near boundaries, indicating inadequate feature learning in boundary
regions. In figure 7 of the FCN results, blocky material structures show obvi-
ous color discrepancies, with centers tending toward black and edges appearing
white. For such structures, FCN fails to segment blocks as unified regions, cre-
ating many non-existent boundaries. Clearly, FCN does not effectively incorpo-
rate contextual information, leading to segmentation of many small regions.

UNet, UNet++, and UNet3+ produce good segmentation results, but UNet3+
exhibits slightly inferior visualization quality with some noise, suggesting that
excessive skip connections are not universally beneficial for material datasets.
CENet demonstrates stable evaluation metrics and segmentation maps but still
contains small segmentation errors, as shown in figures 2 and 7 of the CENet
results. R2U-Net exhibits local segmentation errors, while Attention-UNet pro-
duces inconsistent results. Detailed statistics in show that our method achieves
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superior MIoU performance, generally exceeding existing methods by 2-5 per-
centage points.

Our network model demonstrates stable performance across multiple datasets.
Most noise points in material structures are effectively filtered, large connected
regions are accurately segmented, and narrow boundaries between material
structures are segmented better than most methods. Even with low color con-
trast, the method exhibits strong learning capability, achieving a good balance
between classification accuracy and localization precision.

2.3 Validation Experiments on Graph Attention Module
Effectiveness
We investigated network performance with different backbones to validate the
effectiveness of the graph attention module. We compared models with and
without the graph attention module using ResNet34-UNet, ResNet34-FCN, and
UNet++ as backbones, finding that the graph attention module positively im-
pacts network performance, as shown in .

To demonstrate the positive effect of our proposed graph attention module on
material image segmentation, we compared it with classical attention methods:
SE-Net [?], CBAM [?], DANet [?], CCNet [?], and PSANet [?], as shown in
. We added each of these five attention methods as separate modules to UNet
and compared them with our graph attention module across four datasets. Ex-
periments confirm that our proposed module has a positive impact on material
image segmentation.

2.4 Ablation Experiments
In this work, we primarily propose a novel multi-dimensional feature fusion-
based graph attention module. To understand the impact of graph convolu-
tion, graph attention, and hyperparameter 𝑎 on the network model, we con-
ducted detailed ablation experiments with five configurations: (1) UNet with
one graph convolution layer, (2) UNet with one graph attention layer, (3) UNet
with a multi-dimensional graph convolution module, (4) UNet with a multi-
dimensional graph attention module without hyperparameter 𝑎, and (5) our
complete network model. We compared the segmentation results of these five
configurations on material datasets, with different graph convolution module
structures shown in [Figure 5: see original paper].

Ablation experiment results are presented in , with numbers reported as per-
centage segmentation accuracy. The table reveals that our proposed multi-
dimensional feature fusion-based graph attention module positively influences
model performance, with each component contributing to segmentation improve-
ments to varying degrees.

Visualization results in [Figure 6: see original paper] show that each network
model produces relatively accurate segmentation results for material structures,
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making differences difficult to discern visually. However, upon examining bound-
ary segmentation, particularly in figures 5 and 6 of each experimental group,
our proposed module demonstrates positive effects on boundary identification.
This confirms that the multi-dimensional feature fusion-based graph attention
module enhances segmentation of fine details.

3 Conclusion
In this work, we extracted a semantic segmentation method for few-shot mate-
rial structure images. By incorporating a multi-dimensional feature fusion-based
graph attention module into UNet, our approach obtains more feature infor-
mation under limited sample conditions to achieve automatic segmentation of
material images. The method has certain limitations requiring improvement.
For instance, it is relatively computationally expensive. Additionally, bound-
ary details with indistinct material structures remain challenging to segment
effectively.

For future research, we will further strengthen our method by leveraging the
advantages of graph convolution, employing deeper graph convolutional neural
networks to enhance model fitting capabilities, and applying the approach to
more novel material structures.
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