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[ Abstract] Objective The fully automatic segmentation of glioma and its subregions is fundamental for
computer-aided clinical diagnosis of tumors. In the segmentation process of brain magnetic resonance imaging (MRI),
convolutional neural networks with small convolutional kernels can only capture local features and are ineffective at
integrating global features, which narrows the receptive field and leads to insufficient segmentation accuracy. This study
aims to use dilated convolution to address the problem of inadequate global feature extraction in 3D-UNet. Methods 1)
Algorithm construction: A 3D-UNet model with three pathways for more global contextual feature extraction, or 3DGE-
UNet, was proposed in the paper. By using publicly available datasets from the Brain Tumor Segmentation Challenge

(BraTS) of 2019 (335 patient cases), a global contextual feature extraction (GE) module was designed. This module was
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integrated at the first, second, and third skip connections of the 3D UNet network. The module was utilized to fully
extract global features at different scales from the images. The global features thus extracted were then overlaid with the
upsampled feature maps to expand the model's receptive field and achieve deep fusion of features at different scales,
thereby facilitating end-to-end automatic segmentation of brain tumors. 2) Algorithm validation: The image data were
sourced from the BraTs 2019 dataset, which included the preoperative MRI images of 335 patients across four modalities
(T1, Tlce, T2, and FLAIR) and a tumor image with annotations made by physicians. The dataset was divided into the
training, the validation, and the testing sets at an 8 : 1 : 1 ratio. Physician-labelled tumor images were used as the gold
standard. Then, the algorithm's segmentation performance on the whole tumor (WT), tumor core (TC), and enhancing
tumor (ET) was evaluated in the test set using the Dice coefficient (for overall effectiveness evaluation), sensitivity
(detection rate of lesion areas), and 95% Hausdorff distance (segmentation accuracy of tumor boundaries). The
performance was tested using both the 3D-UNet model without the GE module and the 3DGE-UNet model with the GE
module to internally validate the effectiveness of the GE module setup. Additionally, the performance indicators were
evaluated using the 3DGE-UNet model, ResUNet, UNet++, nnUNet, and UNETR, and the convergence of these five
algorithm models was compared to externally validate the effectiveness of the 3DGE-UNet model. Results 1) In internal
validation, the enhanced 3DGE-UNet model achieved Dice mean values of 91.47%, 87.14%, and 83.35% for segmenting
the WT, TC, and ET regions in the test set, respectively, producing the optimal values for comprehensive evaluation.
These scores were superior to the corresponding scores of the traditional 3D-UNet model, which were 89.79%, 85.13%,
and 80.90%, indicating a significant improvement in segmentation accuracy across all three regions (P<0.05). Compared
with the 3D-UNet model, the 3DGE-UNet model demonstrated higher sensitivity for ET (86.46% vs. 80.77%) (P<0.05) ,
demonstrating better performance in the detection of all the lesion areas. When dealing with lesion areas, the 3DGE-UNet
model tended to correctly identify and capture the positive areas in a more comprehensive way, thereby effectively
reducing the likelihood of missed diagnoses. The 3DGE-UNet model also exhibited exceptional performance in
segmenting the edges of WT, producing a mean 95% Hausdorff distance superior to that of the 3D-UNet model (8.17 mm
vs. 13.61 mm, P<0.05). However, its performance for TC (8.73 mm vs. 7.47 mm) and ET (6.21 mm vs. 5.45 mm) was
similar to that of the 3D-UNet model. 2) In the external validation, the other four algorithms outperformed the 3DGE-
UNet model only in the mean Dice for TC (87.25%), the mean sensitivity for WT (94.59%), the mean sensitivity for TC
(86.98%), and the mean 95% Hausdorff distance for ET (5.37 mm). Nonetheless, these differences were not statistically
significant (P>0.05). The 3DGE-UNet model demonstrated rapid convergence during the training phase, outpacing the
other external models. Conclusion The 3DGE-UNet model can effectively extract and fuse feature information on
different scales, improving the accuracy of brain tumor segmentation.
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Fig 1 Bias field correction results

A, Original image. B, Corrected result.
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Fig 2 The framework of overall network architecture

A, The framework of GE-UNet. B, Residual convolution module. C, Convolution module. D, GE module.
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Table 1 MRI acquisition parameters

Image Acquisition parameters

T1 Axial 2D acquisition, with 1-6 mm slice thickness
Tlce 3D acquisition and 1 mm isotropic voxel size

T2 Axial 2D acquisition, with 2-6 mm slice thickness
FLAIR Axial 2D acquisition, with 2-6 mm slice thickness

Ground truth

B 3 FEhLEE 4R SMRIEG 5 B £ 4R T E E 5 K5
Fig 3 Four modal MRI images and a physician-labeled brain tumor

image of a patient
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Table 2 Comparison of the segmentation results of GE-UNet and 3D-UNet on the BraTs2019 test set

Model " Mean Dice/% Mean sensitivity/% Mean 95% Hausdorff/mm
WT TC ET TC ET WT TC ET

3D-UNet 35 89.79 85.13 80.90 94.08 87.46 80.77 13.61 7.47 5.45

3DGE-UNet 35 91.47" 87.14° 83.35" 94.50 86.26 86.46° 8.17" 8.73 621

WT: whole tumor; TC: tumor core; ET: enhancing tumor. The best results have been highlighted with a bold font. * P<0.05, ~* P<0.01, vs. 3D-UNet.
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Fig 4 Brain tumor segmentation images by physician annotation and
3D-UNet and 3DGE-UNet algorithms
Green indicates edema; yellow indicates enhancing tumor; red indicates

necrotic and non-enhancing tumor.
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Fig 5 Boxplot of the evaluation results for three tumor regions (WT, TC,

and ET) before and after the model improvement

WT: whole tumor; TC: tumor core; ET: enhancing tumor. : P<0.05, vs. 3D-

UNet.
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5 AL S0 B IR Z ) B 25 57 . F 27T R, 3DGE-
UNet7E g WT DX I3 2% 43 510 1 M RE (P< 0.01), {H
TETCIX FIETIX 1P fE 3R 91 5 3D - UN et B AU AT BL (P>
0.05)
2.2 SMERIRIE
2.2.1 B LEATEN

P35 R IR, 3DGE-UNetfi Bl i TA A T2
RUEAF B, 7EBraTs2019M 4 I (4 3F X IR 2 446 b
BT A 8N T Fe il . HAR4F B IL U TCHIDiceX Il
(87.25%) . WTHYBUREHIME (94.59% ) . TCHYBUREEE

%3 3DGE-UNet5 Hft1 2 8% R % BraTs20190iX & LI R
Table 3 Comparison of the segmentation results of 3DGE-UNet and other classic models on the BraTs2019 test set

Model " Mean Dice/% Mean sensitivity/% Mean 95% Hausdorff/mm

WT TC ET WT TC ET WT TC ET
ResUNet 35 89.93 83.55 78.40 93.12 85.25 79.35 12.35 11.20 7.53
UNet++ 35 90.27 84.16 79.55 94.23 85.77 80.41 10.21 9.72 6.78
nnUNet 35 91.22 85.02 81.46 93.79 86.05 83.57 10.03 8.82 5.37°
UNETR 35 91.07 87.25>" 81.65 94.59 86.98 85.47 8.26 9.52 8.84
3DGE-UNet 35 91.47 87.14 83.35" 94.50 86.26 86.46"° 8.17"¢ 8.73" 6.21

WT: whole tumor; TC: tumor core; ET: enhancing tumor. The best results have been highlighted with a bold font. * P<0.05, vs. ResUNet; ® P<0.05, vs.
UNet++; P<0.05, vs. nnUNet; ¢ P<0.05, vs. UNETR.
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Fig 6 Training loss convergence diagram for the model on the BraTs2019

validation dataset
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