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Abstract: Aiming at the problem of intelligent identification and parameter extraction of key
joints in complex joint networks on surfaces of rock (mass), a method based on AttentionR2U-
net network and joint geometric feature model is proposed. The attention gate was introduced on
the basis of R2U-net network to improve the network, and then the accuracy test and
generalization ability study of the recognition results of slope joint images and fracture images in
concrete, cracked soil and common brittle rocks were carried out by qualitative and quantitative
methods. Finally, the AttentionR2U-net network was used to identify the key joints by coupling
the geometric features of the joints. The geometric parameters of the original and key joints are
extracted, and then the trace length, area and inclination angle are analyzed. The results show
that for joint identification of rock (mass) , the Dice similarity coefficient of the proposed
algorithm is increased from 0. 965 to 0.990 in U-net network, outperforming the traditional

i BHEE: 2022-08-16

HEUTH: EHKH KRB 224 % B H (52174106, 52004017) 5w g 5 £ B A BL BV 55 2% & 300 9% 4 %% B 30 H (FRF-IDRY-
20-021).

YEEBI: b W5 (1992-) , 9 LRI bt BHE R R0 115 4% 55(1974-) 9 VE0 4 b N Jb st BH K2 3082 1
A i



102 FAKFFHR(A A FR)

% 45 %

algorithm significantly. Therefore, the proposed algorithm has stronger reliability and superiority
in joint identification of rock (mass). For crack identification in concrete, cracked soil and brittle
rocks such as marble, granite and sandstone, the similarity coefficient Dice of the proposed
algorithm is above 0. 953, so the proposed algorithm has strong generalization ability. Compared
with the original joint network, the dominant trace length of the key joint network increased

significantly from 0.732 m to 1.835 m, the distribution pattern of joint dip angle and the

dominant dip angle group remained unchanged, and the proportion of joints with dominant trace

length and dip angle increased significantly.

Key words: rock (mass) ; key joint; AttentionR2U-net network; intelligent recognition;

parameter extraction
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Table 2 Model superiority evaluation index
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Table 3 Quantitative results of predicting different
joint images based on AttentionR2U-net

EiEE Franl 2 FRAR3 A4
TP 4022 10921 3923 4570
TN 58404 51487 58501 57857
FN 19 69 11 34
FP 55 23 65 38
Sen 0.995  0.994  0.997  0.992
Spe 0.999  0.999  0.998  0.999

P 0.986  0.998  0.984  0.992

Dice 0.991 0.996  0.990  0.992
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Table 4 Calculation results of each index in the test set

127 Acc Sen Spe P Dice
ST 0.997  0.991  0.998 0. 990 0. 990
frE 0.999  0.998  0.999 0.998 0.997
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Fig. 5 Indicators of the results of different algorithms
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Table 5 Dice results for fracture identification
in other fields
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Table 6 Comparison of results of two coupling
methods for critical joint identification
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Fig. 8 Intelligent identification process of key joints
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