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Semantic Segmentation of Tunnel Handheld Noodle Rock Mass
Structure Images with Improved U-Net Model

CHEN Dengfeng, CHENG Jing, ZHAO Lei, HE Tuohang
(School of Building Services Science and Engineering, Xi'an University of Architecture and Technology,
Xi'an 710000, China)

Abstract: The structural characteristics of the rock mass exposed at the tunnel face provide a direct ba-
sis for assessing geotechnical conditions, formulating construction and support strategies, and mitigat-
ing risks of accidents such as collapses and water inrush. When applying the U-Net model to the seg-
mentation and recognition of tunnel face rock mass structure images, the downsampling process can
lead to the loss of fine details in the rock mass, while the skip connections used during upsampling to
transfer low-level features to higher levels may cause excessively large feature maps. To address these
issues, an improved U-Net model is proposed by incorporating the Atrous Spatial Pyramid Pooling
(ASPP) module and the Convolutional Block Attention Module (CBAM). Specifically, the ASPP is
integrated into the skip connections of the U-Net model to capture multi-scale contextual information
through atrous convolutions with varying dilation rates, enabling the fusion of features from diverse re-

ceptive fields for a more comprehensive understanding of image content. Concurrently, the CBAM is
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embedded into the downsampling process of the U-Net model to enhancing the network focus more on

useful features, thereby enhancing the representation capability of the extracted features. Experimental

results demonstrate that the improved network model significantly outperforms the original U-Net in

both segmentation and recognition performance. Evaluated on a tunnel face rock mass image dataset

from a specific engineering project, the improved model achieves a Precision of 93.04% , mean Inter-
section over Union (mloU) of 74.98% , and a mean Pixel Accuracy (mPA) of 78.89%.

Keywords: tunnel palm-leaf noodles; image semantic segmentation; convolutional attention module;

dilated spatial pyramid pooling module
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Table 1 Parameters of Enhanced U-Net Model

num _classes (AR 25 k4 2 551 %0 6
input_shape (i A K& IEIR) 448X 448
batch size (3L 8 K /) 2
Optimizer(Z % LALES) Adam
Training: Test(YN 2 JouEH) 9:1
Learning Rate( 2% > %) 0.000 1
Activation (1% PR %) ReLu
Epochs (R %) 100
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Table 2

R2 FARAEENAREGHNTELER

Different Models' Segmentation Results for Five Rock Mass Types

AR/ i 75 PSPnet Deeplabv3 FCN U-Net ALY
RAEEL TR

IoU 71.37 74.47 69.93 86.40 87.31

BEs Recall 78.85 77.89 61.79 90.38 94.82

Precision 78.39 82.99 72.16 88.17 91.68

ToU 39.83 48.50 35.06 72.49 74.51

ViANE= Recall 42.83 54.39 28.72 81.37 81.22

Precision 85.05 81.75 42.49 86.92 87.67

ToU 28.75 42.62 36.35 52.71 72.39

Tl Ry Recall 31.06 43.43 35.27 61.59 70.38

Precision 38.65 86.75 41.45 63.24 65.65

ToU 52.35 61.57 56.70 74.85 80.23

KAk Recall 71.68 84.56 63.82 86.16 89.36

Precision 66.01 69.38 67.16 90.28 88.74

ToU 32.19 54.19 49.26 71.82 75.01

N Recall 64.47 81.72 58.48 80.56 81.29

Precision 39.12 61.66 42.17 86.88 89.69
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