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Hydraulic pipeline segmentation method based on improved U-net network
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2. Shanghai Baoye Group Co. , Ltd. , Shanghai 201999, China)

Abstract: Aiming at the complex phenomena such as variable background, bending and overlapping arrangement of hydraulic pipeline
and the low accuracy of pipeline segmentation by existing image segmentation methods, a hydraulic pipeline segmentation method based
on U-net network, combined with Mobilenetv3 network, squeeze-and-excitation networks module and self-calibration convolutional
module is proposed. The method selected Mobilenetv3-large model as the backbone network, and the feature maps are processed with
Lraspp network. In the decoding process, the squeeze-and-excitation networks module and self-correction module are integrated to
improve the feature extraction ability. Finally, the combination of Dice function and BCE function is used as the loss function of the
network, which effectively improves the convergence ability of the network. Experimental results show that the mean values of the
proposed method in the intersection over union and pixel accuracy are 90. 8% and 95.2% , respectively. The model size is 16.9 M, and
the reasoning time for each image is 20 ms, which can be applied to the scene requiring real-time deployment. It provides a basis for the
accurate identification of hydraulic pipeline leakage.

Keywords : hydraulic line; image segmentation; Mobilenetv3 network ; mechanism of attention; SC self-correcting module
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Fig. 1 Structure diagram of the improved model



513

ST HE U-net W25 BT AS 3% 20 107 15 125 -

1.2 4RIBIBELEN

TEJFHR Y U-net P28 eh (FHIE 5 25 MY ERZ
RIEATRFAE A SR IR . (B Ik X i ) 25 45 1 5 A g
FRGE S R IUEMR 5 B JF Hid Z2 28 s 5
JERAS AR AMATUR K. o T Fe SRR AE B, DA
WS RL R R TR 5 013855, 71 A Mobilenetv3 4%
S R A AR HE IR Z5 44 . Mobilenetv3 J&4 X IR
— AR AR S G5, v T T REAITE RS S i R . TR
v3 R T M R 4 & J7 15 (neural architecture
search, NAS) 3% J5 3% AT DL 4R 31 55 VT e 24 51 W 2% 45 44 1)
Ty o TE Mobilenetv3 5, Block 53 2 Ho s F A Y
FRBL I LR HE S 22 Block X145 3] Mobilenetv3 M
2% 3F H7F Mobilenetv3 F1ELE v3-small Fl v3-large I~
WA R YESEPRAT =K, 68 v3-large 1E N B TR, #G
PRI h_swish (x) JE7E ReLU6 #7% R 5 B hili - 17 Bk
I SRR SRR a1 R, IR HASC
1 Mobilenetv3 25 J5 481 T LR-ASPP bk Sk —4b
PSRRI, A HITE T3 sk B e & RO 9 HA &
I Z M BRI TF A EE S
.ReLU6éx+3) 0
K .w A s ReLU6 A0S PR h_swish (x) N BGH 5
S PRES
1.3 [EREEEDR

FEFRFIE I AR L A5 3 E R AN [ Y,
il S AE B 5 HARRHIE(S B A2 4R T Y 43 FI B
PYEEEvE  TEVRBE A= 2] T B A Ok G
AR XA HPRRE, SE B 250 Ry AR 43 H 46 Al
Wbt 2 FroR ., FE G 4 R 7 2 b Ak i H1E
FEARAR SR 4E B, an =X (2) B, s W2 1R U
[Fi) 368 T 119 AT PR A AS | LR A 2 42 i 2 )22-ReLU-42
) -sigmoid BREL, WX (3) PIran ., S P IAS 1 454
A RAE L 0= (4) Fos

S = iy 2 S UG 2)
KU (i,)) Fom EAEBRE 0 2 4E 0 1 10 & i
55 ¢ QAR PGS (ATHE IR s H W N FRIRFERE Y
I AISE S, WE o R RE 48 5 A5 2R .

E =c[W,AWS,)] (3)
K. W, 5 W, 53024 % 1 2 55 6 U2 09 B 4EAUE
S FHERUA ; £ W ReLU 3415 B4 o WE sigmoid B0
PREGE, W2 o 4588 A EE,

h_swish(x) =«

X, =E, -U, (4)

K. X, FR ¢ QERIR AT

Inception

Global pooling

Excitation

K2 dais S e

Fig.2 The flow chart of the Squeeze Excitation module
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Table 2 Various model comparison experiments
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