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Visual detection of liquid leakage based on

convolutional neural network
LI Si-han', QIU Huai-li'* » WU Jia?» SHEN Yan’

(1. School of Electronic Science and Applied Physics,
He fei University of Technology, Hefei 230601, China;
2. Shanghai Sipai Intelligent System Co., Ltd., Shanghai 200233, China)

Abstract: Aiming at the problem of low accuracy of traditional image processing methods for liquid
leakage detection in a factory with complex equipment structure, numerous types of debris, and
severe ground wear, a leak detection algorithm based on CNN is proposed. The leak detection prob-
lems is analyzed, the data set is made, the VGG16 model is established. In order to avoid over-fitting
state, combined with early stopping algorithm to train samples, the rapid and automatic detection of
the leakage of complex pipelines is achieved. In industrial sites, this method can accurately identify the
leakage and reduce the impact of noise interference. Finally, the superiority of this algorithm is
verified by comparison with a variety of image processing methods. The results show that the test ac-
curacy of the algorithm can reach 99.44%, and the prediction accuracy can reach 97.0% , which is
higher than the accuracy of traditional image processing algorithms. The prediction time of a single

picture is about 0.2 s, which can meet the detection needs of industrial sites.
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Fig.3 Ground plan of sewage treatment plant
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Fig.5 Trend chart of standard parameters of evaluation model. (a) Loss and val_loss at barch, size=20, epoch=196;

(b) Acc and val_acc at barch-size=20, epoch=096; (c) Loss and val_loss at barch-size=40, epoch=83; (d) Aoc

and val_acc at barch-size=40, epoch=283.
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Tab.2 Influence of various parameters on the model

barch_size epoch loss acc val loss val_acc test_ace/ %
20 10 0.180 9 0.944 5 0.105 0 0.962 6 96.57
20 96 0.030 1 0.992 6 0.004 8 1.000 0 99.39
40 10 0.144 4 0.953 1 0.073 7 0.988 3 98.77
40 83 0.021 4 0.994 6 0.004 1 1.000 0 99.44
34 XLEXW F 3 MYIZREE I uE 4R | I i A S AR ] 4K

ARSCRIA Z PRI Tk B 2 A7 TR REAREON 40, e i AR B 100 I, 45 FRUM 22
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Tab.3 Comparison of results of different models
WRES EXAN/ € Wk IIgAEsR  WIERAR RS WiEMEs R DS R/ %
Alexnet 73 0.001 7 1.000 0 0.210 0 0.906 9 89.72
VGG16 83 0.021 4 0.994 6 0.004 1 1.000 0 99.44
Googlenet 53 0.022 9 0.992 3 0.005 6 0.999 8 99.52

HH 2% 3 AT, Alexnet A5 7800 38 o A >R B 1K
VGG16 BRI ER 5 Googlenet AHIT . Il
AR VT SR % bR BB 24 4 4, L6 Tk 4R RN 4k
IR B T I ALE B AL TS B LA R
AR SCNEL I BEMLFATE 200 SR AE I FEAS B fT £
TR AR 58 SR 0N, G s 5 SR S 2K ) 1 R 2, 1
M 25 R WL 3R 4,

x4 ETAERBEP KBRS R

Tab.4 Actual prediction results based on different model

Tk M BB MERRR/ X%
k-means—+ Canny 131 65.6
Alexnet 200 175 87.5
VGG16 194 97.0
Googlenet 194 97.0

R 4 SR A IR J5 1 %0 0 73 26 1R 5 000 4R
BEATIZ A TR 3 B 7P AR R 5 0 45 SR A 1
) i A% G 12 8 Ak B 7 35 T30 A9 B R Ol 65.6 %
WO R BAR . T8 I 0 0L 5% R W i R T LG R
B, 6 0, 22 9 N KB X3, A0 5O BRSO B 1Y
e S5 DX s B K e M TRT A A5 3 B 2 A8 K 35 B E 1Y
D3, T 2K % ) T RE R AR G, AR ST i o
BN 97. 004, 2 51 0 W i o - AR &

Xt T2 e R ZOR IR i B, — e dh 4%
IR B 5 min, XF T4 4 P AR 2R B 9 B
Yy — AR BT (6] (] B E N 2 s AR SRS AR
LI B[] 0L 3% 5

12 5 Al A1, 2 SO 2 T 3 10N B (8] B L R
RSP 25 TN B[R] 249 R 0.2 s o PR 903000 s i) Sz A1
V5 SR 15 11 [ i AR SC T 412 530 1k 56 4 RE 8 1 2

x5 AEEBH SRR E

Tab.5 Actual prediction time of different models
IR7S EN s T A /s
k-means—+ Canny 160.42
Alexnet
200 61.10
VGG16
39,41
Googlenet
64.94

Tl 337 S5 I ARG I A 3R

Zi LTk, VGG16 5 R I 25 48 UE 6 5% A1 4%
e pREME Y B by, HLB UE 4 I X AR AR S B T
B A, H I vE B R 5 Googlenet A 3T , 11 I 4%
SRR [ 0 Ao ) A i e 3 AR T Tk B 3 1
T W1 DL

ZE LAk, AR AL B 5 1l A T LB
B PN JOT &5 W A A /0 8 e AT B H B A 4R B
ZT A — A B E e AL P A7 A AR
T el Ot B AE R B I R R 8 K Y KRR,
REERE A S LB, WA T CNN IR B 2
SRR 5 24 0 B0 B8 HE AT K B R DU, AT LK R
P& THAG W 0 o B P L AR SR R Tl 3R 35 g A R
TR % 2 0 2 Fh 85 17 % L SE 8, i —
HHAIE T VGGL6 454 45 2 19 18581 09 A 2tk
NG e g R 0T LAIK B 99.44 %0, T v W % GA
F] 97.0% , Huk WO B (R e 29k 0.2 s, HJFE
BRI, 5 T SC 9, WA B, v LA R T
b B 3 K I A 7 K
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