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ABSTRACT
In this paper, we implement a vision graph neural network (ViG) architecture to 
segment microstructures in X-ray computed tomography 3D data. Our ViG archi-
tecture is first trained on a synthetic augmented dataset, and then fine-tuned on 
experimental data to obtain an improved segmentation. Successively, we assess 
the accuracy of the segmentation on manually-labeled experimental slices. We 
exemplarily use the approach on a complex microstructure: a metal matrix com-
posite, reinforced with two ceramic phases, intermetallic inclusions and a silicon 
network, in order to show the generality of our method. ViG model proves to be 
more efficient than U-Nets in adapting to new data when fine-tuned on a small 
portion of the experimental data. The fine-tuned ViG shows comparable perfor-
mance to U-Nets, while largely reducing the number of trainable parameters, 
with the potential of greater adaptability and efficiency.

Introduction

Quantitative analysis of X-ray computed tomography 
(XCT) is going through a new era thanks to the suc-
cessful application of deep learning algorithms (see [1] 
and refs therein, for recent developments).

Quantitative microstructural analysis is vital for 
material qualification, and XCT images significantly 

reduce the time and cost associated with this process. 
Given the difficulties and time demands of manu-
ally segmenting these microstructures, automatic 
segmentation using neural networks has proven 
highly effective [2–4]. However, training supervised 
deep learning models typically requires a large 
amount of labeled data, which is where synthetic 
datasets become valuable, alleviating the burden of 
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time-consuming manual-labeling of experimental 3D 
volumes.

Specifically, 3D deep convolutional neural net-
works (DCNNs) [5], 2D DCNNs [6], and autoencod-
ers [7] have been utilized for automatic segmenta-
tion of XCT reconstructions. Originally designed for 
detection and segmentation in medical imaging (see 
[8] for a recent review), these techniques have now 
established themselves as state-of-the-art in the field 
of materials science.

In modern computer vision tasks, such as classifi-
cation, object detection, and semantic segmentation, 
convolutional neural networks (CNNs) represent the 
standard technique [9–11]. However, recently, trans-
former architectures with attention mechanisms have 
been also exploited for visual tasks [12, 13]. Differ-
ent networks require the input to be visualized and 
structured in different ways: CNNs view the image 
as a regular grid of pixels, while transformers treat 
the image as a sequence of patches. In this work, 
we exploit a further approach: we view the image 
as a graph and we employ graph neural networks 
(GNNs) architectures (see [14, 15] and refs therein) to 
segment a challenging six-phase Al–Si alloy compos-
ite reinforced with ceramic fibers and particles. Since 
these microstructures can have irregular shapes, the 
flexibility of learning from the graph structure may 
help in the segmentation task.

Due to comparable X-ray attenuation coefficients 
(and hence similar densities), different microstruc-
tural phases can exhibit similar grayscales in recon-
structed XCT data [4]. Consequently, the 3D shape 
of these phases becomes crucial for differentiating 
them, even when their gray levels are alike. There-
fore, segmenting the entire 3D reconstructed vol-
ume is the most effective method for distinguishing 
these multiphase composite materials, rather than 
relying solely on 2D slices. Additionally, recognizing 
geometric features can be beneficial when multiple 
objects (or phases, in this context) are present [3, 4].

By now, the application of GNNs in the field of 
computer vision mainly include point clouds clas-
sification and segmentation [16–18]. To make a GNN 
suitable for visual tasks, it is important to overcome 
the common phenomenon of over-smoothing [19]. 
Hence, we exploit the successful framework of vision 
GNN (ViG) introduced in [20] to enlarge our pre-
vious GNN architecture [21] and enhance the final 
segmentation.

The advantages of GNNs

One of the primary advantages of GNNs is their ability 
to process graph-based data, treating the 3D volume 
as a graph where voxels serve as nodes interconnected 
by edges. Due to how the graph convolution works 
(see Sec. 4), the spatial orientation of the graph does 
not influence the learning. Usually, when segmenting 
images with 2D and 3D DCNNs, the kernel shifts on 
2D and 3D Euclidean grids and the DCNN is transla-
tion equivariant with respect to the segmentation task. 
This means that, if an object’s position in an image is 
shifted by some pixels, the output (e.g., the feature 
map in a CNN) will also be shifted by the same num-
ber of pixels. In the case of segmentation with GNNs, 
instead, the kernel is not moving by translation and 
graph convolutions are equivariant also with respect 
to rotation of the graph and permutation of the nodes. 
This characteristic of GNNs fits our task, since voxel 
classification is independent of voxel spatial orienta-
tion. Also, having such orientation symmetries auto-
matically built in allows to reduce the number of train-
able parameters with respect to usual DCNNs.

Another advantage of GNNs is their ability to solve 
node classification problems in a semi-supervised set-
ting: the GNN has access to the labels of a restricted set 
of nodes but exploits the information coming from the 
graph structure to classify the remaining nodes (see 
[22] for a clear illustration of this fact in a toy social 
network example [23]). This behavior can be exploited 
to fine-tune the trained architecture on experimental 
data. Once the model is trained on the synthetic data-
set, we expect that further training on a small portion 
of the experimental data can greatly improve the final 
segmentation of experimental data. To this end, a 3D 
manual-labeling of experimental data is required, but 
only for a small percentage of voxels (unlike what 
happens for classic DCNNs). We give details about 
fine-tuning in Sec. 4.3 and present the results in Sec. 5.

These structural advantages of GNNs could not 
only allow to reduce the computational costs of train-
ing (training time and hardware requirements) but 
also to possibly solve more challenging tasks.

Materials and data

We segment an AlSi12CuMgNi matrix metal com-
posite (MMC) reinforced with 7%vol Al

2
O

3
 short fib-

ers and 15%vol SiC particles, as detailed in [4]. The 
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synchrotron X-ray computed tomography (SXCT) data 
were collected at the BAMline beamline at BESSY II 
synchrotron in Berlin, Germany. More details about 
the SXCT imaging and the analysis of the microstruc-
tures are contained in [3].

In Fig. 1, we present a 512 × 512 pixel cross-section 
of the XCT volume, illustrating how different micro-
structures exhibit similar gray levels.

To train supervised deep learning algorithms effec-
tively, a substantial amount of labeled data is essen-
tial. Therefore, we train our GNN using a synthetic 
dataset (see Fig. 1), whose detailed generation proce-
dure is outlined in [4]. Here, we provide a brief sum-
mary: synthetic Al–Si MMC microstructures are cre-
ated using BAM’s in-house MATLAB library (BAM 
SynthMAT [4]). This generation process accounts for 

structural and grayscale resemblance, positioning the 
microstructures into a single volume using a prior-
ity function [4]. The priority function is necessary due 
to the inhomogeneous spatial distribution of parti-
cles and volume fractions in the experimental data. 
Additionally, voxel grayscales are assigned based on 
local contrast, noise, and blur, allowing us to achieve 
a spatial and grayscale distribution of the constituent 
phases that closely mimics the experimental one.

The final synthetic volume comprises two raw 
eight-bit binary files: one containing the grayscale 
values (ranging from 0 to 255) and the other con-
taining labels for the various synthetic phases (with 
labels ranging from 0 to the number of phases-1). 
For the Al–Si MMC under investigation, there are 
six distinct phases: voids, Al

2
O

3
 fibers, intermetallics 

Figure  1   Experimental (top: (a), (b)) and synthetic (bottom: 
(c), (d)) slices of the AlSi12CuMgNi Metal Matrix Compos-
ite (MMC). On the left the gray level (an integer between 0 and 

255), on the right the label corresponding to its class (a number 
ranging from 0 to 5). Arrows point to the six phases for clarity.
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(IMs), eutectic Si, SiC particles, and the Al matrix (see 
Table 1). Since the phases are not homogeneously dis-
tributed in the volume, we carefully weight the con-
tribution of each phase when computing the loss func-
tion (see Sec. 4). Specifically, we take into account the 
average occurrence of each phase across the synthetic 
volumes (see Table 1). This is calculated by counting 
the average number of voxels associated with each 
class among the dataset volumes, and then, it is nor-
malized with respect to the sum of all classes average 
occurrences.

The synthetic dataset comprises eight Al–Si MMCs 
volumes, each with dimensions of 512 × 512 × 512 
voxels and generated using various parameters such 
as fiber sizes, lengths, orientations, grayscales, and 
volume fractions. Out of these, seven volumes are 
designated for training and validation, while one is 
reserved for testing. Figure 1 displays a cross-section 
from one of the synthetic volumes along with its cor-
responding labels.

The experimental dataset used to evaluate the 
trained model includes four conditioned XCT vol-
umes, also sized at 512 × 512 × 512 voxels, each con-
taining a single manually-labeled slice (see Fig. 1). 

These slices serve as ground truth for assessing the 
model’s performance on the experimental volumes. 
Experimental data are conditioned with two condi-
tioning methods: by a non-local means filter [24], and 
by BAM SynthCOND, a deep conditioning framework 
introduced in [25]. The purpose of conditioning the 
experimental data is to reduce noise and blur, thus 
improving the final segmentation. BAM SynthCOND 
trains conditioning DCNNs with synthetic data. 
Therefore, since we are training a segmenting architec-
ture with analogous synthetic data, further improve-
ment in the final segmentation can be achieved [26]. In 
Fig. 2, we compare the different conditioning methods.

Since the synthetic grayscale distributions are not 
perfect models of the experimental ones, the synthetic 
training dataset is augmented to increase the gener-
alization ability of the model [4]. Four augmentations 
are applied: contrast and brightness augmentations, in 
random orders and intensity ( ±10% for both); Gauss-
ian noise (random standard deviation of 0 − 8 ); and 
3D Gaussian spatial blur (random sigma of 0 − 1 ). 
The brightness/contrast augmentations have the aim 
of better including different material interfaces in the 
experimental volumes, so that the 3D interface geom-
etry is better recognized as well. The purpose of the 
introduction of artificial noise and blur is to make the 
training more challenging and thus further improv-
ing generalization. The augmentations are randomly 
applied to sub-volumes during slicing and not to the 
seven synthetic volumes as a whole, so that the num-
ber of combinations of the augmentations is increased 

Table 1   Mean occurrence of the six phases among the eight vol-
umes of the synthetic dataset (in increasing order)

Voids IMs Al
2
O

3
 Fib-

ers
SiC Parti-
cles

Si Al Matrix

0.13 % 3.90 % 4.32 % 4.41 % 10.31 % 76.92 %

Figure 2   Conditioned experimental slices of the AlSi12CuMgNi Metal Matrix Composite (MMC). From left to right: a the uncondi-
tioned experimental slice, b the non-local means filter conditioning [24], and (c) the conditioning with BAM SynthCOND [25].
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and generalization is further improved (random aug-
mentations were applied to more samples.)

Differently from what we did in our previous 
work [21], this time we train the GNN architecture 
on the augmented dataset, to see how augmentations 
improve the performance on experimental volumes.

Methods

Graph Convolutional Layers

Segmenting a volume involves classifying each voxel 
by assigning to it a label, allowing us to determine 
the class it belongs to and enabling semantic recogni-
tion of objects within the 3D reconstruction (i.e., Alu-
minum Fibers, Intermetallics, etc.). We approach this 

task as a supervised node classification problem using 
GNNs.

We begin by constructing a graph from the XCT vol-
ume (as illustrated in Fig. 3), where each voxel serves 
as a node. The feature of each node corresponds to its 
gray level, an integer between 0 and 255, while the 
label represents its class, or material phase, ranging 
from 0 to 5. Each node is connected to its six nearest 
neighbors, based on the assumption that, for micro-
structure reconstruction, spatial proximity is a mean-
ingful criterion for establishing links.

Common GNN architectures follow an encoder-
decoder structure. The encoder is formed by a series of 
graph convolutional layers (GCLs), while the decoder 
is composed of linear layers interspersed with non-
linear activation functions. Unlike the cross-correla-
tion-based convolutions used in CNNs for grid-like 
data [27], GCLs gather information through a process 

Figure 3   Successive zoom on the underlying graph structure. From a to d the side of the sub-volume goes from 32 to 16, from 16 to 8, 
and from 8 to 4.
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known as Message Passing [28]. In this process, for each 
node v, information from neighboring nodes N(v) is 
aggregated using permutation-equivariant operations 
(such as sum, mean, max, or min) and then updated by 
incorporating the node’s own features. Unlike CNNs, 
where each neuron in the receptive field is multiplied 
by a different weight in the kernel, in GCLs the same 
matrix of weights is applied to each node in the neigh-
borhood of a given vertex. This generally makes CNNs 
more expressive for visual tasks. However, several 
attempts have been made to enhance the expressive-
ness of GNNs. Among them, the introduction of an 
attention mechanism in graph attention (GAT) layers 
[29] and the usage of a multilayer perceptron in graph 
isomorphism network (GIN) layers [30].

More specifically, the implementation of the GCLs 
in our GNN architectures contains:

•	 GIN layer [30]. A graph isomorphism network 
(GIN) layer aggregates information from a node’s 
neighbors and updates its representation in a way 
that is theoretically as powerful as the Weisfeiler-
Lehman (WL) test [31, 32], a traditional method 
for checking graph isomorphism. GIN uses a sum 
aggregation function instead of mean, max, or 
other common methods. This choice is crucial as it 
enables GIN layers to capture subtle details of the 
graph structure that may be overlooked with other 
aggregation methods. Once the node aggregates 
the features of its neighbors, the result is passed 
through a neural network (usually a multilayer per-
ceptron, or MLP) to update the node’s representa-
tion. While GIN primarily uses sum aggregation, 
the MLP allows for additional nonlinear process-
ing of this aggregated information. This increases 
the expressiveness of the network compared to a 
simple linear transformation, enhancing the net-
work’s ability to learn rich, complex representa-
tions of graph data. We employ Pytorch GINConv 
[30], whose update can be expressed as: 

 Where h(k)
v

 is the updated feature for node v at 
layer k , h(k−1)

v

 is the node’s feature from the previ-
ous layer, h(k−1)

w

 is the neighboring node’s feature 
from the previous layer, and N(v) represents the 
neighbors of node v . The learnable parameter � con-
trols the balance between the node’s own feature 

(1)h
(k)
v

= MLP
(k)

(
(1 + �) ⋅ h(k−1)

v

+
∑

w∈N(v)

h
(k−1)
w

)

and its neighbors, allowing flexibility in how much 
influence a node’s own features have in relation to 
its neighbors during the update process. As stated 
above, after the neighboring features are aggre-
gated through the sum function, every GIN layer k 
employs a multilayer perceptron MLP

(k) to update 
the node’s representation.

•	 GraphSage layer [33]. This approach is akin to 
GCN [22], but it offers a more flexible framework 
for customizing the convolution steps. Specifi-
cally, we utilize the SAGEConv implementation 
in PyTorch [33], which employs the sum opera-
tion for both aggregation and concatenation: 

 In this equation, W
1
 and W

2
 represent the weights 

associated with the aggregation and concatenation 
processes. The resulting feature vector h(k)

v

 is subse-
quently passed through a fully connected layer and 
normalized after being processed by a non-linear 
activation function.

Through consecutive graph convolutional layers, we 
iteratively update the embedding of a node by aggre-
gating embeddings of its neighbors. After k itera-
tions of aggregation, a node’s embedding captures 
the information within its k-hop network neighbor-
hood. It is intuitive that, since each node aggregates 
information from the neighbors, a set of neighboring 
nodes will share a similar embedding. Starting from 
the hypothesis that neighboring nodes tend to share 
the same label, this will ultimately ease the classifi-
cation task. Even if the message passing formalism 
tends to flatten the distance between neighboring 
nodes (smoothing) to facilitate the classification later, 
when the architecture becomes deep, nodes will have 
access to information from nodes that are far away 
and may not be similar to them. There is then the risk 
of making all node embeddings look similar, thus 
decreasing the model ability to classify unlabeled 
nodes. The search for a model that is more expressive 
and aware of the graph structure (by adding more 
layers so that nodes can have a large receptive field) 
could yield a model that disperses the information 
and cancels out the differences between the nodes. 
This common phenomenon is called over-smoothing 
[19] and we take it into account when enlarging our 
GNN architecture (see Sec. 4.2).

(2)h
(k)
v

= W
1
h
(k−1)
v

+W
2

1

|N(v)|
∑

w∈N(v)

h
(k−1)
w
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The ViG architecture

During our initial attempt at segmenting the Al–Si 
MMC, we trained a simple GNN architecture on the 
non-augmented synthetic dataset as a proof of concept 
for applying GNNs to this task (see [21]). Even if this 
model correctly understands the semantic of micro-
structures, the performance gets considerably worse 
when it is trained on the augmented dataset. This is 
due to the fact that the model is too small, and it is not 
able to learn equally well when the range of gray lev-
els is enlarged. This leads us to build a second, larger, 
architecture, to train on the synthetic augmented data-
set and further improve the segmentation of experi-
mental data.

The encoding of the simple GNN architecture 
implemented in [21] is obtained by a sequence of 
three GCLs, each followed by a non-linearity: GAT 
(Graph attention networks) [29], GraphSage [33], 
and GCN (Graph convolutional network) [22]. The 
decoder consists of two linear layers separated by a 
nonlinear activation function. The first GCL is a GAT 
layer, so that we can obtain meaningful attention coef-
ficients by looking directly at the input features before 
aggregation.

To build the second enlarged GNN architecture 
(diagram in Fig. 4), we take inspiration from [20] and 
adapt vision graph neural network (ViG) blocks. ViG 
blocks proved successful in segmenting 2D images 
for well-known datasets, as in [34] where they are 
employed to segment different tissue regions in histo-
pathology images for diagnosis and prognosis of can-
cer. A ViG block consists of two main parts: the Gra-
pher and the FFN (Feed forward network) modules. 
The Grapher module contains the graph convolutional 
layers, while the FFN module is a simple multilayer 
perceptron with two fully connected layers. The FFN 
module is introduced to further encourage the feature 
transformation and alleviate the typical phenomenon 
of over-smoothing in GNNs [19]. Indeed, introduc-
ing a FFN module after the graph convolutions inter-
rupts the message passing flow and projects the node 
embeddings into a larger space, thus avoiding over-
smoothing when enlarging the architecture. The final 
architecture is built up by concatenating different ViG 
blocks.

In particular, our enlarged GNN model (diagram 
in Fig. 4) comprises two adapted ViG blocks, which 
constitute the encoder of the architecture. The Gra-
pher module contains one initial 3DCNN layer, useful 

Figure 4   Diagram of 
the ViG architecture. The 
64 × 64 × 64 sub-volume 
goes through an encoder 
composed of 2 ViG blocks 
with a Grapher and a FFN 
module each. The Grapher 
comprises a first 3D CNN 
and three following GCLs; 
the FFN simply consists of 
two feed-forward layers. The 
final decoder is a feed-for-
ward layer. Skip connections 
(dashed lines) sum the 3D 
CNN output to the Grapher 
output and the result of this 
first sum to the FFN output.
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to extract richer and more significant features for the 
nodes, and a succession of three GCLs, each followed 
by a non-linearity: one first GIN (Graph isomorphism 
network) layer [30] with a two-layer MLP, and two 
consecutive GraphSage layers [33]. Batch normaliza-
tion is applied after the 3DCNN and after each GCL 
layer in the Grapher module. On the other side, the 
FFN module is composed of two linear layers sepa-
rated by a nonlinear activation function. We employ 
SiLU activation function [35] throughout. The decoder 
of the model is a linear layer. Between the different 
modules, skip connections are inserted to help the con-
vergence of the model. We stress that the size and the 
topology of the graph is not changing throughout the 
architecture. On the other hand, the input gray level 
is initially embedded in a space of dimension 50 and 
the embedding gradually increases by multiples of 50 
until the final dense layer projects it on the number 
of classes.

Differently from the simple GNN [21], all GNN 
layers in ViG architecture can be easily implemented 
as a sparse matrix multiplication. This is possible for 
GNNs that do not make use of the central node fea-
tures or of multi-dimensional edge features when 
aggregating messages. For example, the message pass-
ing update in a GIN layer 1 can be rewritten as:

Where A denotes the sparse adjacency matrix of the 
graph, while H(k−1) is a matrix of dimension N × d 
grouping the nodes’ features from the previous layer, 
with N the total number of nodes and d the embedding 
dimension of the previous layer. This reformulation 
of the message passing scheme allows to parallelize 
the operations on the number of nodes, resulting in a 
lower memory footprint and a faster execution time. 
This memory-efficient aggregation is directly available 
in Pytorch Geometric for GIN [30] and GraphSage [33] 
layers, while it has not been implemented yet for GAT 
[29] and GCN [22] layers. We will compare the execu-
tion time and the RAM occupation of the two GNN 
architectures in Sec. 5.

Training, testing, and fine‑tuning

We will now provide a brief overview of our training 
process. First, we divide our synthetic dataset into seven 
volumes for training and validation, with one volume 
reserved for testing. To ensure a fair comparison of 

(3)H
(k) = MLP

(k)
(
(1 + �) ⋅H(k−1) +AH

(k−1)
)

performances, we evaluate the model on the same vol-
ume used in [4]. Each volume is subsequently divided 
into overlapping sub-volumes of size 64 × 64 × 64 voxel, 
and the graph structure is constructed for each sub-vol-
ume. The seven volumes are further partitioned, allocat-
ing 80% for training and 20% for validation, following 
a random shuffling of the extracted 64 × 64 × 64 sub-
volumes. This partitioning is summarized in Table 2.

We optimize the model using the Adam optimizer 
[36] with an initial learning rate of 0.001, an exponen-
tial decay rate of 0.96, and a weight decay regulariza-
tion of 0.001. The model is trained for 50 epochs, with 
a batch size set to 64 graphs. In particular, we employ 
an early stopping criterion: We save the weights of the 
model minimizing the loss on the validation set with a 
patience of 20 epochs. We utilize cross-entropy loss, and 
to address class imbalance, we adjust the contribution 
of each class by the inverse of its average occurrence 
across the eight synthetic volumes (see Table 1). Fur-
thermore, since voids constitute on average only 0.13% 
of the voxels in a volume, and they are not annotated in 
the experimental slices, we set their contribution to the 
total loss to zero.

After training the model, we assess its accuracy by 
collecting the probabilities for all 64 × 64 × 64 sub-vol-
umes extracted from the test volume. We then recon-
struct six 512 × 512 × 512 voxel probability volumes, 
one for each class. To effectively segment the overlap-
ping regions between sub-volumes, we reconstruct 
the probability volume by summing the probabilities 
of overlapping voxels. The final segmented volume of 
512 × 512 × 512 voxel is created by assigning to each 
voxel the class corresponding to the highest summed 
probability from the six probability volumes.

Since the model is trained on 3D data, fine-tuning on 
experimental data has to be done as well on 3D data to 
be effective. To cut the timing of manually-labeling the 
voxels, we first use the trained model to segment a sub-
volume of dimensions 128 × 128 × 128 voxel from one 
of the experimental volumes in the dataset. Then, we 
manually correct this segmentation and we fine-tune the 
model on it. Again, the experimental volume is divided 
into overlapping sub-volumes of size 64 × 64 × 64 voxel, 
and the graph structure is constructed for each sub-
volume. The model is further trained for 50 epochs on 

Table 2   Dataset split ratio 
between training, validation, 
and test

Training Validation Test

70% 17% 13%
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these experimental sub-volumes, and the batch size is 
now set to four graphs because of the reduced size of 
the dataset. Since the dimension of the dataset for fine-
tuning is small, this time we do not create a validation 
set and we just save the weights corresponding to the 
last epoch of training.

Also, since the model is originally trained on syn-
thetic data, we choose to fine-tune it on experimental 
data conditioned with BAM SynthCOND [25]. That is 
because this conditioning method constraints experi-
mental data to be entropically analogous to synthetic 
data, and this results in an increased performance 
with respect to fine-tuning on experimental data con-
ditioned by a non-local means filter [24].

Results and discussion

To evaluate the accuracy on the test set, we conduct 10 
training runs with a fixed random seed and calculate 
the standard deviation corresponding to a 95% confi-
dence interval. This approach is common practice in 
the literature (see, for example, [37]).

We assess accuracy using the Dice score, a.k.a. F1 
score, a widely used metric for image segmentation 
(see, for example, [2, 4, 34]). The Dice score rewards 
correctly segmented voxels and penalizes incorrect 
ones. It is defined in terms of true-positive, false-pos-
itive, and false-negative voxels as follows:

In Table 3, we present the Dice scores obtained from 
evaluating the two architectures on the synthetic test 
dataset and on the four manually-labeled slices of 
experimental data (conditioned by a non-local means 
filter [24], and conditioned by BAM SynthCOND [25]). 
The Dice score for the experimental data is calculated 
by first averaging the Dice scores of the 10 trained 
models for each slice and then averaging the result-
ing Dice scores across the four slices. Since voids are 
not annotated in the manually-labeled experimental 
slices, we focus on the segmentation of the remaining 
five classes. We stress that, even if the model is trained 
to segment 3D structures, we evaluate the experimen-
tal performance on 2D slices. This is due to the fact 
that manually-labeling the voxels is a time-consuming 
operation and it is faster to manually-label a 2D slice 
than a 3D sub-volume. Computing the Dice score in 
3D is generally more appropriate for evaluating the 
segmentation of 3D structures, since it ensures a com-
prehensive assessment of the segmentation quality 
by capturing spatial consistency. However, 2D Dice 
scores constitute a first relevant measure for the qual-
ity of the segmentation.

As expected, the model performs worse on experi-
mental data than on synthetic data since it was trained 
on low-resemblance synthetic data (see also [4]). This 
discrepancy arises because our synthesized data do 

(4)Dice score =
2TP

2TP + FP + FN

Table 3   Dice score on 
synthetic testing volume 
and experimental slices. 
The values and their errors 
represent the mean and 
standard deviation over 
10 training runs. The 
performance is compared 
to the single U-Net model 
proposed in [4]

Al
2
O

3
Fibers IMs Eutectic Si SiC Particles Al Matrix

(%) (%) (%) (%) (%)

Synthetic
Simple GNN 91.5 ± 0.6 90.2 ± 1.2 88.4 ± 0.5 89.8 ± 0.6 95.8 ± 0.1

ViG 91.1 ± 1.0 98.9 ± 0.1 93.0 ± 0.9 96.4 ± 0.3 98.1 ± 0.2

Single U-Net 97.2 ± 0.5 98.1 ± 1.5 93.3 ± 0.2 96.4 ± 0.7 98.5 ± 0.1

NLM Experimental
Simple GNN 31.1 ± 0.8 61.7 ± 0.8 62.6 ± 1.1 40.3 ± 2.0 75.5 ± 1.0

ViG 33.1 ± 2.7 39.5 ± 3.0 68.4 ± 1.0 61.4 ± 1.1 83.4 ± 0.6

Single U-Net 55.1 ± 0.4 53.4 ± 1.8 68.6 ± 0.2 67.2 ± 0.7 85.7 ± 0.1

SynthCond Experimental
Simple GNN 32.7 ± 0.9 64.8 ± 2.1 62.9 ± 1.0 59.1 ± 1.3 77.5 ± 1.0

ViG 40.5 ± 2.0 61.0 ± 2.2 72.2 ± 1.1 65.0 ± 0.9 85.7 ± 0.5

Single U-Net 57.8 ± 3.0 68.5 ± 1.9 75.1 ± 1.8 70.5 ± 1.5 87.4 ± 0.6

Fine-Tuned (SynthCond)
ViG 47.8 ± 1.0 69.9 ± 1.3 73.0 ± 1.0 67.8 ± 1.1 85.6 ± 0.5

Single U-Net 45.5 ± 2.7 68.0 ± 2.3 65.9 ± 0.8 65.5 ± 2.8 82.0 ± 0.5
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not fully capture the complexity of the experimen-
tal data, both in terms of grayscale distributions and 
structural details. One solution to this problem could 
be to generate better synthetic data through deep 
learning algorithms such as GANs and diffusion mod-
els ( [38–40]).

In Fig. 5, we give an example of segmentation for 
two of the manually-labeled experimental slices con-
ditioned with BAM SynthCOND [25], while in Fig. 6, 
we visualize the segmentation in 3D on an experimen-
tal sub-volume. We notice that despite the poor accu-
racy (see Table 3), the GNN models correctly capture 
the geometry of the objects in the slice, thus giving 
a correct semantic understanding of the image. Also, 
since BAM SynthCOND constraints the conditioned 

experimental slices to be entropically analogous to 
the synthetic data [26], the segmentation is enhanced 
compared to the one obtained when conditioning 
experimental data with a Non-local means filter [24] 
(see Table 3).

From the Dice scores in Table 3 and the visualiza-
tion of the segmentation in Fig. 5, we notice that our 
enlarged ViG architecture, trained on the augmented 
dataset, actually manages to improve the overall seg-
mentation of the experimental data with respect to 
our previous model in [21]. More specifically, the Dice 
scores by ViG architecture improve over the previous 
ones, apart from Intermetallics (IMs), whose accu-
racy decreases. The reduction of the Dice score for 
intermetallics is particularly high when segmenting 

Figure  5   Resulting segmentation of two experimental slices 
conditioned with BAM SynthCOND [25]. On the left, the man-
ually-labeled ground truths (a,d), in the middle the segmenta-
tion by the simple GNN model (b,c), on the right the one by ViG 

model (c,f). The color bar shows the label for each class, from 0 
to 5: Voids, Al2O3 fibers, Intermetallics (IMs), eutectic Si, SiC 
particles, and Al matrix.
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experimental data conditioned with a non-local means 
filter [24], but it gets better when evaluating the model 
on experimental data conditioned with BAM Synth-
COND [25].

By inspecting Fig. 5 more closely, we notice that 
ViG model is able to correctly distinguish between 
eutectic Si and SiC particles, while the previous GNN 
model was generally segmenting the Al matrix portion 
between these two labels as eutectic Si. This improve-
ment by ViG model is reflected in the enhanced Dice 
score for eutectic Si, SiC particles, and Al matrix in 
Table 3. In Fig. 5, we also notice that the simple GNN 
model better recognize thicker fibers, but it confuses 
SiC particles and portions of the Al matrix as fibers as 
well, and the Dice score for fibers is overall enhanced 
by ViG model. In Fig. 5, we highlight the differences in 
the segmentation of thicker fibers with a red rectangle, 
while the aereas where the GNN model confuses fib-
ers with SiC particles and Al matrix are highlighted 
in light blue.

In Fig. 7, we report the confusion matrix of the 
two GNN models when segmenting one experimen-
tal slice conditioned with a non-local means filter 
[24] and with BAM SynthCOND [25]. The number 
of true-positives on the diagonal of the confusion 
matrix generally reflects the behavior of Dice scores 
in Table 3. We obtain a similar confusion matrix for 

each experimental slice (not reported for the sake of 
brevity). In particular, the segmentation by ViG model 
splits almost in half the number of voxels belonging 
to eutectic Si (label 4) and classified as Al matrix (label 
5) with respect to the simpler GNN. Also, the number 
of voxels belonging to fibers (label 1) and classified as 
SiC particles (label 4) and Al matrix (label 5) is largely 
reduced.

We next compare our GNN architectures with the 
single U-Net architecture developed in [4], when 
trained on the augmented dataset. The corresponding 
Dice scores are reported in Table 3 for both synthetic 
and experimental data. From Table 3, we see a similar 
drop from synthetic to experimental data.

So far, our ViG architecture is generally slightly out-
performed by the single U-Net in [4], while it is largely 
outperformed in the segmentation of Fibers. This dis-
crepancy in segmenting larger 3D structures may be 
due to constructing the graph by linking each node 
with only the six nearest neighbors, which might not 
provide sufficient connectivity for effective fiber seg-
mentation. However, the structure of the architecture 
could play a role as well, beyond the type of neural 
network employed. To this end, to properly compare 
the usage of CNNs and GNNs for this task, we plan 
to implement a Graph U-Net [41] in the near future.

To improve the performance on experimen-
tal samples, we use the Single U-Net to segment a 
128 × 128 × 128 voxel sub-volume from one of the 
experimental volumes and, after manually correcting 
some of the errors, fine-tune the single U-Net and our 
ViG model on it. In the case of ViG architecture, fine-
tuning helps enhancing the segmentation on fibers 
and intermetallics, while the Dice scores for the other 
classes stay the same (see Table 3). On the contrary, 
fine-tuning does not increase the performance for the 
single U-Net, and the Dice scores for fibers, interme-
tallics, and SiC particles are largely reduced. One pos-
sible explanation is that GNNs can generalize more 
easily than CNNs on a small portion of experimental 
data. To further investigate this behavior, we plan to 
enlarge the dataset for fine-tuning and compare again 
the performance of the two architectures.

In any case, the main advantage of our GNN archi-
tecture is that it largely reduces the number of train-
able parameters. In Table 4, we report the number of 
trainable parameters of our two GNN architectures 
and the single U-Net in [4]. Although the enlarged 
ViG architecture has 6 times the number of trainable 
parameters compared to our previous simple GNN 

Figure  6   3D visualization of the segmentation on an experi-
mental sub-volume conditioned with BAM SynthCOND [25]. 
The color bar shows the label for each class, from 0 to 5: Voids, 
Al2O3 fibers, Intermetallics (IMs), eutectic Si, SiC particles, and 
Al matrix.
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Figure  7   Confusion matrices resulting from the segmentation 
of one experimental slice conditioned with a non-local means 
filter [24] (top: (a), (b)) and with BAM SynthCOND [25] (bot-
tom: (c), (d)). The X and Y-axis indicate the class, from 1 to 5: 

Al2O3 fibers, intermetallics (IMs), eutectic Si, SiC particles, and 
Al matrix. We discard voids since they are not annotated in the 
manually-labeled experimental slice.

Table 4   Comparison of the 
three architectures under 
analysis in terms of number 
of trainable parameters, 
RAM usage, and time during 
training and test

Architecture Trainable 
parameters

Memory (Train) Time (Train) Memory (Test) Time (Test)

Simple GNN 61,406 4,155 MB 19 min 8,924 MB 12 min
ViG 401,006 6,570 MB 30 min 10,362 MB 15 min
Single U-Net 667,446 6,542 MB 8 min 10,333 MB 10 min
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[21], it is still almost half the size of the single U-Net 
in [4].

In Table 4, we also compare the models in terms 
of RAM usage and time execution for both training 
and test. While training on the augmented dataset, 
we compute the RAM and the time required for one 
epoch. During inference, we measure RAM and time 
when segmenting one experimental volume. RAM 
usage is comparable between the ViG model and 
the single U-Net, while the single U-Net is faster in 
training. On the other side, even though ViG model 
has 6 times the number of trainable parameters with 
respect to the simple GNN, the RAM usage and 
training time are not even twice the size. We trace 
back this behavior to the fact that, differently from 
the simple GNN, all GNN layers in ViG model are 
implemented as a sparse matrix multiplication and 
this reduces the memory footprint and speeds up 
the execution time. Then, we believe that, once the 
libraries employed for GNNs will reach the same 
optimization level as the ones implementing usual 
DCNNs, the reduced number of trainable parameters 
will cut the computational costs both in training and 
testing.

Conclusions

We implement a vision graph neural network (ViG) 
architecture to segment microstructures in XCT vol-
umes of an AlSi12CuMgNi metal matrix compos-
ite, and we enhance the final segmentation by fine-
tuning the model on experimental data. Our GNN 
architecture gives a correct semantic understanding 
of microstructures, despite the highly reduced num-
ber of trainable parameters with respect to state-of-
the-art U-Nets. As future work, we plan to improve 
the segmentation on experimental slices by generat-
ing highly resembling synthetic data through deep 
learning algorithms.
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