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Deep Learning Based Detection and Width Extraction
of Back Molten Pool in TIG Welding

LU Zhenyang, GONG Zhaohui, YAN Zhihong, ZHAI Sikuan

(Engineering Research Center of Automobile Structural Parts Advanced Manufacturing Technology,

Ministry of Education, Beijing University of Technology, Beijing 100124, China)

Abstract; To ensure the real-time and accuracy of pool information extraction in welding process, and to
solve the problems of weak anti-interference of traditional image processing algorithms in the field of
welding monitoring, poor reliability of real-time monitoring and low degree of automation, and to enable
the system to extract and analyze the pool width information in real-time, image processing algorithm and
deep learning algorithm were combined in this paper. Through observation of TIG welding pool and
detection of penetration information, the reverse pool was divided into three categories. First, the burning
pool was screened out by image processing method, and then the incomplete and penetration were
classified by a convolution neural network trained by large data samples, which was different from the
existing research. Not only good penetration test results were obtained, but also the maximum width of the
molten pool was found, and the real-time performance was guaranteed. The results meet the requirements
of engineering application.
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Fig.3  Molten pool pictures that are difficult to handle

2.2 EffarE

XF TR 3 F B TR) L, 1% 5 1Y R B AR Z2 40
FHIWFSE , Reborts i 2% K61 35 F | Sobel 11 2% 46; ] 4.
T E NGRS S R R G Ty 123X
SEBEVE R i T 10 A B0 B AR A R AT T 2 RO
I, Hrp Canny 31 2460 551 )& W PHEAR 5, A S
T Canny AW T —E I GAIN A0t 3
GRiEAT T AR, BARAR QA 4 PR,



FEYRVE, A, FETUREE S ST 0 TIG JETS S o A6 0 1A 57 42 B 991

it Canny8.T- o

< | s | R

&
RF
&
&

K4 EBAE R
Fig.4 Image processing flow

Hdr | Canny 1 Z kB 3E AT L AR 5 4
AR L) I R kT T R, B R R
F52) BT EURBYSREERLEE ;3) W AR B KA il 4L
AR BRI IR (AR A A RS ) 54) N
FHRUS A () J7 12 R T 2 AT Re 9 (WS FERY) i A5 5)
FIFH A S B AR IR R T

TR A 5 B T B A IR E
15, LA/ i A I 25 1 B S g R RS S . RNy
(2k +1) x (2k + 1) 0= SRtz i A O #0h
exp ((L (k+1))2:;2(1 (k+1)) )

1<i,j<2k +1
Krrei g A BAATECNINVEL H S TR
AR EMG Y i BB R T BT AR B ¢ Ay
] 6, Hat 33 =0
G=./6+C
6 = arctan 2( G, ,G,)
K G, G, 73 KR BT ) (25 55

ASCERE o = 1. 4, X EF LA F40 U]
(Rt R i R IR A7 HE 4 s B AR e MR e 4 ot
B R 2 AT, 33k Ak o 1 3 R A5 AN
ARG, BpE A AR S A S B, B 5 (a)
SEEME A R R A BRSO, 8] 5
(b) REGH R E 405, ER BB

H. =
i oma?

(a) LR by
Fl5  EHRaBEZ,

Fig.5 Image processing results
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