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Accurately segmenting the aneurysm area from CTA data can reconstruct the three-dimensional 
morphology of the aneurysm, effectively evaluating the type, size, and risk of rupture of the aneurysm. 
However, accurate separation of the aneurysm is limited by the accuracy of image segmentation 
algorithms. Currently, the segmentation methods for intracranial aneurysms using CTA big data 
and deep learning lack universality. When faced with a new hospital acquired imaging modality, it 
is usually necessary to redesign and train the segmentation network. In response to this issue, this 
article proposes a more universal segmentation model and develops the GLIA Net algorithm (MGLIA 
Net model) based on MoblieNet, which can perform adaptive target segmentation on aneurysm 
images collected under different conditions. To verify the effectiveness of the algorithm in intracranial 
aneurysm segmentation, performance tests were conducted on an open-source dataset. The results 
showed that the proposed algorithm achieved segmentation accuracy of 55.9% and 73.1% on two 
datasets, respectively, significantly better than the original GLIA-Net algorithm.
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An Intracranial aneurysm (IA), also known as a brain aneurysm1–3, is an abnormal weak spot in the wall of a 
blood vessel that causes an outward bulge, similar to a bubble. A bulging aneurysm can exert pressure on nerves 
or surrounding brain tissue and may cause leakage or rupture, spilling blood into the surrounding tissue (known 
as bleeding). An aneurysm can affect any blood vessel in the body, but only the blood vessels in the head can 
cause hemorrhagic stroke, which is a serious disease that can lead to brain damage and death after rupture. The 
commonly used neuroimaging techniques for intracranial aneurysms include digital subtraction angiography 
(DSA), magnetic resonance angiography (MRA), computed tomography angiography (CTA), and transcranial 
Doppler ultrasound examination4–6. Among them, CTA has high resolution, can clearly display vascular details 
in various parts, and is non-invasive and easy to operate. It is often used as a first-line diagnostic method for 
suspected intracranial aneurysm patients7,8.

Accurately segmenting the aneurysm area from CTA data can reconstruct the three-dimensional morphology 
of the aneurysm, effectively assessing its type, size, and risk of rupture. However, the accurate segmentation of 
aneurysms is limited by the accuracy of image segmentation algorithms.At present, researchers have developed 
various aneurysm segmentation methods based on big data and deep learning, and U-Net neural network is 
one of the widely used networks in the field of medical image segmentation. The concept of fully convolutional 
networks was initially proposed and introduced by Ronneberger et al.9. Stember et al.10 used the U-Net 
al.gorithm to detect and segment intracranial aneurysms in MIP images of MRA. Compared with the results 
marked by radiologists, its sensitivity was 98.8% (85/86), with differences in size and area of 2.01 mm (30%) 
and 8.21mm2 (27%), respectively. Segmentation of intracranial aneurysms can not only quickly determine 
intracranial aneurysms, but also further study the morphology of intracranial aneurysms.

One of the characteristics of deep learning networks is that the deeper the network layers, the stronger their 
learning ability. But the problem is also very obvious, as the depth of the network increases, there is not only a 
gradient vanishing problem, but also a more urgent degradation problem. This means that as the depth increases, 
the segmentation accuracy will rapidly decrease after reaching saturation. He et al.11 developed Convolutional 
Residual Networks (CRNs), which enable the network to achieve accuracy from deeper learning by providing a 
residual graph to the stacked layers every few layers.
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Yuki et al.12 used ResNet-18 network to detect intracranial aneurysms in MIP images in MRA in their case 
series. Their algorithm detected five aneurysms smaller than 2 mm that had been missed by two radiologists, 
which could be used by younger doctors to diagnose intracranial aneurysms. Ueda et al.13 proposed using an 
18 layer CNN residual network neural architecture for detecting intracranial aneurysms in MRA images from 
different institutions and multiple branded devices. The sensitivity of the algorithm to intracranial aneurysms in 
internal and external datasets was 91% and 93%, respectively. The algorithm has good compatibility to different 
mechanisms and different models. However, for intracranial aneurysms with a diameter greater than 5 mm, 
due to uneven internal signals in MRA images, their sensitivity was poor and segmentation of intracranial 
aneurysms has not been achieved. Park et al.14 developed a 3D CNN named HeadXNet, whose encoder was 
adapted from the 50-layer SE-ResNeXt network to detect intracranial aneurysms from CTA images. 328 positive 
CT angiography cases and 490 negative CT angiography cases were studied. Their model performed well in 
terms of sensitivity, accuracy, and consistency between doctors. Bo et al.15 proposed a 3D U-net called GLIA 
Net, which takes the entire original CTA scan (global image) as input and does not require preprocessing. The 
detection and segmentation of intracranial aneurysms from 1338 CTA images yielded an overall sensitivity of 
90% and a false positive rate of 4 per case. GLIA-Net outperforms HeadXNet and U-Net models in segmentation 
performance.

To further improve network performance, this paper introduces the depthwise separable convolution 
from MobileNet for the three-dimensional structural features of CTA images16. This convolution decomposes 
the standard convolution into two steps: depthwise convolution focuses on extracting spatial features, while 
pointwise convolution focuses on fusing channel features. This article proposes a MGLIA-Net al.gorithm based 
on MoblieNet, which can better capture structural information in three-dimensional space when processing 
CTA images, thereby improving segmentation accuracy. Specifically, since separable convolution significantly 
reduces the amount of computation, deeper networks can be constructed without worrying about the risk of 
overfitting, and deeper networks can usually capture richer details, thereby improving the detection accuracy of 
intracranial aneurysms.

Methods
MGLIA-Net model
Based on the research of Ronneberger et al.17, organ and lesion region segmentation is one of the important 
contents in medical image analysis. Traditional methods usually require the establishment of a separate 
segmentation model for each organ and each modality. When faced with a new imaging modality collected 
by hospitals, it is usually necessary to retrain and design segmentation networks, which lacks universality. 
Therefore, a more universal segmentation model is designed in this paper, and one model is used to achieve 
adaptive target segmentation of aneurysm images collected under different patient demographics (age, sex) and 
aneurysm characteristics (size, location, morphology). For the target segmentation of intracranial aneurysms, 
which has a three-dimensional structure, it is necessary to consider the spatial correlation from different domain 
images and model cross channel correlation convolution. Therefore, the separable convolution idea is very 
suitable for the segmentation of such targets. There are significant differences in the number and morphology 
of intracranial aneurysms among different patients, as well as in the images captured by different hospitals. 
Separable convolution exhibits better generalization ability due to its parameter minimization, which means 
it can achieve better results when processing different CTA data. In addition, this paper introduces a certain 
attention mechanism, namely the global positioning module mentioned in reference18.

MobileNet V2 module
In the deep convolution stage, MobileNet applies convolution only to individual input channels, creating a 
lightweight network structure. Depthwise separable convolution further processes the output from depthwise 
convolution using pointwise convolution, yielding the final feature map. The proposed method significantly 
reduces computational complexity and parameter count compared to traditional convolution, improving 
training and inference speed while maintaining high accuracy, thus facilitating easier deployment.

Figure 1 depicts the conventional convolution process, where a convolution kernel of a defined shape 
leads to a significant number of parameters and computational workload for each application. In contrast, 
depthwise separable convolution breaks the process into two stages: depthwise convolution (DW) and pointwise 
convolution (PW), as shown in Figs. 2 and 3. Depthwise convolution processes each channel independently, 
resulting in a feature map with the same channel count as the original. Since it cannot utilize information across 
channels simultaneously, pointwise convolution combines features across channels. Overall, depthwise separable 
convolution requires significantly less computation than traditional convolution, enhancing processing speed.

Figure 4 illustrates residual and inverted residual blocks. In Fig. 4(a), the residual block has more channels 
in the residual connection than in the middle convolution, employing a dimensionality reduction convolution, 
a feature extraction convolution, and a final dimensionality increase convolution, forming an hourglass shape. 
In contrast, Fig. 4(b) shows the inverted residual block, which first increases dimensionality, extracts features 
through channel-wise convolution, and then reduces dimensionality. This inversion creates a structure that is 
broader in the middle. Inverted blocks maintain efficiency while allowing for deeper network architectures.

The complete MobileNet V2 module is presented in Fig. 5. It reduces input channels using inverted residual 
blocks with a bottleneck layer followed by depthwise convolution for feature extraction and a final convolution to 
increase output channels. MobileNet V2 features linear bottlenecks, substituting nonlinear activation functions 
with linear ones, thereby reducing computational requirements and enhancing efficiency.

Scientific Reports |        (2025) 15:10593 2| https://doi.org/10.1038/s41598-025-95143-2

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 3.  Pointwise convolution.

 

Fig. 2.  Depthwise convolution.

 

Fig. 1.  Conventional convolution.
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GLIA-Net framework
GLIA-Net (Global Localization-based Intracranial Aneurysm Network)15 is a neural network that integrates 
global localization with local segmentation for detecting intracranial aneurysms. It comprises two main 
components: the global localization network, which estimates aneurysm probabilities from the entire image, 
and the local segmentation network, which analyzes sub-images for precise aneurysm detection.

As shown in Fig. 6, the global feature generator processes the complete input image through five encoding 
blocks, producing feature maps with output channels of 8, 16, 32, 64, and 128, with downsampling in some 
layers. The global feature map is reshaped using ROI pooling to align with local image inputs, guiding the local 
segmentation network through skip connections.

The local segmentation network is structured as a U-Net with four encoding blocks (output channels: 16, 32, 
64, 128). After downsampling, the outputs from the first three blocks are combined with the global features. The 
decoder consists of three blocks (output channels: 64, 32, 16) that restore the feature map to the original image 
size using transposed convolutions and residual blocks, culminating in a final convolution layer that produces 
the local segmentation map.

The loss function of the GLIA-Net model is divided into global loss and local loss functions, and the 
calculation formula is shown in (1):

	 LT otal = ωGlobalLGlobal + ωLocalLLocal� (1)

Fig. 6.  Schematic diagram of GLIA-Net model.

 

Fig. 5.  Schematic diagram of the MobileNet V2 model.

 

Fig. 4.  Schematic diagram of residual block and inverted residual block16.
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Among them, ωGlobal represents global weight,ωLocal represents local weight,LGlobal represents global loss, 
and LLocal represents local loss.

The global loss calculation formula is shown in (2) :

	 LGlobal = −(z ln ẑ + (1 − z) ln(1 − ẑ))� (2)

Among them, z represents the label, ẑ represents the prediction result of the model.
The local loss calculation formulas are shown in (3), (4), and (5):

	 LLocal = ωDiceLDice + ωCrossLCross� (3)

	
LDice = E(− ln 2yŷ + ε

y + ŷ + ε
)γDice� (4)

	 LCross = E(ω(−(y ln ŷ + (1 − y) ln(1 − ŷ)))γCross� (5)

Among them, y represents the label, ŷ represents the model’s prediction results, γDiceandγCrossrepresent the 
nonlinearity of the control loss function, ε represents the smoothing factor, ωP  represents the pyramid weight.

MGLIA-Net framework
In this paper, an end-to-end convolutional neural network model with high accuracy, easy deployment and 
fast inference was developed by combining the characteristics of GLIA-Net and Mobile V2, and the specific 
distribution of intracranial aneurysms was predicted through the processing of three-dimensional brain CTA 
images, as shown in Fig. 7, which is the schematic diagram of MGLIA network.

This network is a 4-layer U-Net network model, the input is the local slice of CTA 3D image, and the output 
is corresponding to the prediction of intracranial aneurysm distribution. The network downsamples through 
maximum pooling, with encoder output channels of 8, 16, 32 and 64, respectively. On the basis of the traditional 
U-Net, the convolution layer is replaced by the separable convolution of Mobile V2. This convolution method 
first performs pointwise convolution on the input feature graph, increasing its dimensionality to twice the 
number of channels. Then, group them by the number of channels and perform depthwise convolution on them. 
Finally, the pointwise convolution reduces the number of feature graphs channels to the specified number of 
output channels. On this basis, the inverted residual mechanism is added to sum the input feature graph and 
the convolution feature graph to prevent gradient explosion during training. The decoder part is upsampled 
by transposing convolution, and the decoder output channels are 32, 16, and 8, respectively, corresponding 
to the encoder. The convolution layer in the decoder is still the Moblie V2 module with separable convolution 
plus inverted residuals. In the skip connection section, this paper introduces the global localization module in 
GLIA-Net, which preprocesses the global brain CTA image and provides a preliminary probability distribution 
graph of intracranial aneurysms. It is then multiplied point-by-point with the feature graph in the form of an 
attention mechanism and concatenated to the output of the decoder to guide U-Net to perform more refined 
object detection segmentation.

Fig. 7.  Schematic diagram of MGLIA network model.
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Data set information
IAs are difficult to identify due to their diversity in location, morphology, and size. This paper validates the 
effectiveness of the proposed algorithm using the dataset from reference15, which employs an open-source large-
scale dataset containing data from different hospitals, patients, and lesions for network training and evaluation. 
The training and testing dataset consists of a total of 1338 CTA images, including 1489 intracranial aneurysm. 
These CTA images all contain the patient’s head area, some of which may also include the neck or heart area. 
The data included unruptured aneurysms and ruptured aneurysms with subarachnoid or parenchymal bleeding. 
During the network training phase, the data set was divided into 1186 training samples and 152 test samples. 
Internal test set with 50 negative cases (no IAs). Due to the small number of IAs in the brain, the training set 
al.ready had a serious data imbalance problem, so negative cases were not included in the training set. We 
verified that the distribution of all positive CTA images in the internal training and test sets was roughly the 
same across institutions, ages, and genders. The training set is used for model training, and the test set is only 
used to evaluate the model performance, ensuring that the model does not come into contact with the test set 
images during the training process.

To evaluate the generalization ability of the network model, the open-source data set also includes an external 
test set, divided into two parts, A and B. Test set A contains 71 cases (24 of which were negative), and test set B 
contains 67 cases (22 of which were negative). Detailed data set statistics are shown in Table 1.

Results
In order to verify the effectiveness of the proposed method, this paper compared it with other three methods, 
namely U-Net, HeadXNet and GLIA-Net. Firstly, compared with U-Net, this network model has been widely 
used in many segmentation tasks in the past few years and has made significant improvements compared to 
traditional models. Then, this model was compared with the HeadXNet network model. This model can be 
seen as adding a feature extraction network SE ResNiXt and a cordless spatial pyramid pooling module on 
the basis of U-Net. The reason for choosing this network for comparison is that it has shown great potential in 
segmentation tasks and its ability has also been tested on clinical data.Finally, this model was compared with the 
GLIA-Net network model, which made multiple improvements on the traditional U-Net structure, including 
the use of deeper network layers, stronger feature extraction capabilities, and more efficient fusion strategies.
These improvements make GLIA Net perform better in handling complex medical image segmentation tasks. By 
combining multi-scale feature extraction and attention mechanisms, GLIA-Net performs excellently in various 
medical image segmentation tasks, especially when dealing with complex anatomical structures and targets with 
unclear boundaries, demonstrating significant advantages.

Table 2 presents a performance comparison of various models on internal and external test sets for intracranial 
aneurysm segmentation. The metrics used include Precision, recall, Dice similarity coefficient (DSC), 95% 
Hausdorff distance (HD95), area under curve (AUC), and Average Precision (AP). Noting that the evaluation 
metrics in the table are defined in Reference17.

Data Set Model
Precision
(95% CI)

Recall
(95% CI)

DSC
(95% CI)

HD95
(95% CI)

AUC
(95% CI)

AP
(95% CI)

Internal test set

U-Net 14.0 (11.9–16.2) 71.3 (63.9–78.7) 23.2 (20.5–25.9) 19.6 (17.9–21.3) 98.8 (98.6–99.0) 17.5 (14.6–20.4)

HeadXNet 16.2 (13.1–19.2) 55.6 (33.0–78.2) 23.2 (20.6–25.9) 15.9 (14.6–17.1) 98.2 (97.1–99.2) 25.0 (12.0–38.0)

GLIA-Net 48.8 (44.5–53.0) 72.9 (66.9–78.9) 57.9 (56.4–59.5) 9.07 (7.84–10.3) 98.2 (97.6–98.8) 61.9 (59.4–64.4)

Ours 52.9(48.9–57.0) 70.5(64.5–76.5) 57.5(56.0-59.1) 4.51(3.23–5.74) 98.9(98.3–99.5) 60.5(58.0–63.0)

External test set A

U-Net 23.9 (20.7–27.1) 71.0 (59.3–82.8) 35.3 (31.8–38.9) 19.5 (17.7–21.3) 97.9 (97.7–98.2) 30.2 (21.9–38.4)

HeadXNet 27.1 (20.6–33.6) 52.7 (29.2–76.2) 32.4 (25.5–39.3) 15.6 (14.2–17.0) 96.2 (92.8–99.6) 32.1 (18.6–45.6)

GLIA-Net 71.2 (65.2–77.3) 83.9 (82.2–85.7) 76.8 (73.7–79.9) 8.28 (7.05–9.52) 99.0 (98.8–99.1) 80.5 (78.6–82.3)

Ours 72.1(66.1–78.2) 82.5(80.7–84.3) 75.8(72.7–78.9) 3.07(1.84–4.31) 99.2(99.0-99.3) 79.8(78.5–81.2)

External test set B

U-Net 6.54 (5.65–7.44) 43.6 (37.9–49.3) 11.3 (9.94–12.7) 21.0 (19.7–22.3) 86.9 (83.0–90.7) 6.86 (5.22–8.49)

HeadXNet 14.8 (10.2–19.4) 32.6 (22.3–43.0) 18.1 (15.7–20.6) 15.9 (14.5–17.2) 86.1 (81.3–91.0) 14.3 (8.69–19.9)

GLIA-Net 59.8 (54.7–64.8) 57.4 (43.0–71.8) 57.2 (50.5–64.0) 8.78 (7.79–9.76) 98.2 (97.2–99.2) 55.8 (44.0–67.6)

Ours 60.1(55.1–65.2) 57.2(42.8–71.6) 57.0(50.3–63.8) 4.50(3.52–5.49) 98.8(97.8–99.8) 55.5(43.7–67.3)

Table 2.  Segmentation performance. Significant values are in bold.

 

Data Set Case numbers IAs Ruptured IAs Unruptured IAs men numbers women numbers
0
IA

1
IA

2
IAs

≥ 3
IAs

Internal training set 1186 1363 474 712 508 687 0 1043 119 24

Internal test set 152 126 42 60 63 89 59 85 13 4

External test set A 71 50 29 18 32 39 24 44 3 0

External test set B 67 51 25 20 33 34 22 40 4 1

Table 1.  Dataset statistics.
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On the internal test set, GLIA-Net and MGLA-Net significantly outperform U-Net and HeadXNet. However, 
the proposed method excels in HD95 (4.51), suggesting a more precise segmentation boundary and fewer 
outliers compared to GLIA-Net (9.07). While MGLIA-Net has a slightly lower recall (70.5%) on the internal set, 
its improved Precision (52.9%) and AUC (98.9%) indicate a better balance between precision and recall.

In the external test set A, this trend continues. GLIA-Net achieves an accuracy of 71.2%, a recall of 83.9%, 
and a Dice coefficient of 76.8%, while MGLA-Net scores 72.1% accuracy and 82.5% recall. This consistent 
performance suggests that these models generalize well to unseen data. The 95% Hausdorff distance further 
highlights MGLA-Net’s superior performance (3.07), indicating better boundary delineation. GLIA-Net follows 
with 8.28, while U-Net and HeadXNet show larger distances, suggesting significant inaccuracies.

The same trend is suggested for set B. Overall, MGLIA-Net and GLIA-Net outperform U-Net and HeadXNet 
across all metrics, particularly in accuracy and boundary accuracy. The superior performance MGLIA-Net and 
GLIA-Net likely stems from their incorporation of global context, which both of them leverage global localization 
information to guide local segmentation. For MGLIA-net, it decouple spatial and channel-wise convolutions, 
and since separable convolution significantly reduces the amount of computation, deeper networks can be 
constructed without worrying about the risk of overfitting, and deeper networks can usually capture richer 
details, thereby improving the segment accuracy of small targets such as intracranial aneurysms.

In order to further carefully verify the performance of a proposed method against GLIA-Net, a baseline 
method, for segmenting intracranial aneurysms (IAs) of different sizes. The datasets are split into three size 
categories and the proportion is indicated in the Table  3. The segmentation results of three different shapes 
of intracranial arterial aneurysm cases were tested below, and three sets of experiments were designed: large, 
medium and small shape intracranial aneurysm prediction and segmentation experiments.

From the qualitative point of view, the visualization results are shown in Figs.  8 and 9, and 10, which 
respectively display the segmentation results of the cross-sectional planes, sagittal planes, and coronal planes, 
as well as the enlarged local details graph. The green area represents the true annotation labels, and the red 
area represents the algorithm’s predicted results. The higher the overlap between the red and green areas, the 
better the segmentation accuracy. Non overlapping areas were marked with red double arrows in different 
experimental results.

When comparing the performance of GLIA Net and our method in the segmentation of intracranial 
aneurysm, experiments were conducted on different shapes of aneurysm. As shown in Fig.  8, for larger 
intracranial aneurysm, the segmentation results of the two algorithms can coincide well with the actual labels. 
This indicates that both algorithms could achieve high accuracy when dealing with large-sized aneurysms, 
because large-sized aneurysms have obvious features and are easy to identify and segment. Figure 9 shows the 
segmentation results of medium-sized intracranial aneurysm. By observing the overlapping area marked by the 
red arrow, it can be clearly seen that the results obtained by GLIA Net have a smaller overlapping area and lower 
accuracy. When further testing small-sized intracranial aneurysm, as shown in Fig. 10, the overlap area between 
GLIA-Net and the proposed method is relatively small. However, through observation at the arrow mark, it can 
still be clearly observed that the overlap area of GLIA Net is smaller than that of the proposed method, indicating 
lower accuracy.

Quantitatively, for small IA Segmentation (Table  4): The proposed method demonstrates a noticeable 
improvement in Precision compared to GLIA-Net across all three datasets. While Recall is slightly lower for the 
proposed method the DSC (a measure of overall segmentation overlap) is comparable. Crucially, the 95% HD, 
which measures the maximum segmentation error, is significantly lower for the proposed method indicating 
better boundary delineation. This is a key advantage in small IA detection, where accurate boundary definition 
is critical.

For medium IA Segmentation (Table  5): The performance of both methods is more similar in this size 
category. The proposed method shows slightly better Precision, while GLIA-Net has slightly better Recall on the 
Internal and External A sets. DSC and 95% HD are generally comparable, with the proposed method showing 
lower 95% HD. The AUC and AP values are also close.

For Large IA Segmentation (Table 6): The performance is very similar between the two methods for large IAs. 
There are no substantial differences in Precision, Recall, DSC, or 95% HD.

The results indicate that the proposed method offers a significant advantage in the segmentation of small 
intracranial aneurysms (≤ 3 mm), particularly in terms of Precision and 95% Hausdorff Distance. This suggests 
improved accuracy and more precise boundary detection for small IAs, which are often the most challenging 
to segment. For medium and large IAs, the performance of the proposed method is generally comparable to 
that of GLIA-Net. The improved performance on small IAs is a valuable contribution, as accurate detection and 
segmentation of these aneurysms are crucial for risk assessment and treatment planning.

Dataset

IA size(mm)

Small(IA size ≤ 3) Medium (3 < IA size ≤ 6) Large (IA size > 6)

Internal test set 23.2% 55.1% 21.7%

External test set A 20.2% 43.7% 36.1%

External test set B 25.6% 54.2% 20.2%

Table 3.  Intracranial aneurysms size and proportion.
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Conclusions
In this paper, a GLIA-Net algorithm based on MoblieNet (MGLIA-Net) is developed by combining GLIA-Net 
network. For intracranial aneurysm, a detection target with stereoscopic structure, considering the spatial 
correlation of images, simultaneously modeling cross channel correlation convolution, better generalization 
ability is achieved. In order to verify the effectiveness of the algorithm in intracranial aneurysm segmentation, 
performance tests were carried out on different open source datasets. The results show that the segmentation 
accuracy of the proposed algorithm reaches 52.9%, 72.1% and 60.1% respectively on three different data sets, 
which is significantly better than the original GLIA-Net algorithm. This provides a reliable data foundation for 
more accurate 3D reconstruction in the future, and in the analysis of blood fluid stress, accurate segmentation 
results can more accurately simulate the blood flow state, which is conducive to further exploring the formation 
and development mechanism of intracranial aneurysms.

Fig. 8.  Comparison of segmentation results for large-sized intracranial aneurysms.
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Fig. 9.  Comparison of segmentation results for medium-sized intracranial aneurysms.
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Dataset Model
Precision
(95% CI)

Recall
(95% CI)

DSC
(95% CI)

95% HD
(95% CI)

AUC
(95% CI)

AP
(95% CI)

Internal test set
GLIA-Net 32.4 (28.3–36.5) 56.6 (49.5–63.7) 45.1 (42.4–47.8) 11.9 (8.8–15.0) 94.7 (93.1–96.3) 52.9 (48.6–57.2)

Ours 44.4 (40.3–48.5) 53.6 (47.3–59.9) 44.8 (42.4–47.2) 4.8 (2.1–7.5) 97.4 (95.6–99.2) 51.6 (47.5–55.7)

External test set A
GLIA-Net 58.6 (54.9–62.3) 73.2 (66.5–79.9) 67.4 (64.9–69.9) 9.1 (6.4–11.8) 97.5 (95.9–99.1) 74.2 (70.5–77.9)

Ours 61.4 (57.7–65.1) 72.2 (66.3–78.1) 67.1 (64.9–69.3) 3.5 (1.0–6.0) 98.4 (96.9–99.9) 73.5 (70.7–77.7)

External test set B
GLIA-Net 51.2 (47.1–55.3) 51.9 (45.0–58.8) 51.3(46.8–55.8) 11.3(7.4–15.2) 96.4(95.0–97.8) 49.3(45.6–53.0)

Ours 52.1 (48.2–56.0) 51.6 (45.5–57.7) 51.1(46.6–55.6) 5.6(2.7–8.5) 97.9(96.5–99.3) 49.0(45.5–52.5)

Table 4.  Segmentation performance for small size IA. Significant values are in bold.

 

Fig. 10.  Comparison of segmentation results for small-sized intracranial aneurysms.
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