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Rapid Identification of Morphology Defects of Arc Welding Assisted
Aluminum Alloy Droplet Deposition Based on ORB-SVM
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Abstract: A fast in-situ passive vision system is established to identify the defect types in the con-
text of the potential morphology defects of the arc welding assisted aluminum alloy droplet depo-
sition additive manufacturing and the lag of the entire monitoring system caused by the image pro-
cessing time. Firstly, the binary string descriptors of the key points of the deposition layer mor-
phology are automatically extracted based on ORB algorithm; then the BOW model is used to ob-
tain the image feature description vectors with the same dimension; finally, the SVM classifier is
trained with the extracted feature vectors, and the performance is verified in terms of classifica-
tion accuracy and processing time. The results show that the ORB-SVM model has an accuracy of
0. 96 for recognizing the deposition layer morphology. and the total time for feature extraction,
encoding and recognition of a single image is about 9 milliseconds. In addition, it provides a feasi-
ble solution to ensure the deposition layer accuracy of arc welding assisted droplet deposition addi-
tive manufacturing under complex manufacturing conditions and has a great potential in real-time
monitoring.
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Fig. 1 Schematic diagram of TIG assisted droplet

deposition

HERUS A RER IS A A i B o T 4k
60 mm, = S 80 mm AY B AF B T A B H R %
b, 2024 FR G 4 b2 53 AlLCu.Mn.Mg.Zn JiT & 53
B BIh 92. 94 % 4. 75%.,0. 5%.1. 56 %,0. 25 %,

B i B R R TIG M54 Fds 78 Sk R 3l S H
B2 37 & 8 85, CMOS #HL 5 4546 1 A4 X 7 & R
A5 Sk TR AR TE ot S HE U2 TV SER IO B2
REIEH . X505 B RAHPLIEA S H %R 1 i,




i 10 1

SRR, AR ORB-SVM K18 (1 B 5 G 1 i 2 5 v 9ICHE BRUZ T2 300 B 3 e i § 531 203

A1 RBEE A CMOS AaM ik AR
Table 1 Basic parameters of experimental set-up and

CMOS camera

RS BAE
B4 4 FARUY ST /mm X mm X mm 260X 220X 10
A 2B A R /mm X mm D60 X 80
REAG AR BE/ () 65
PRy SR/ (L« min!) 15
6 7 Sk 5 3 A B BE B/ mm 120
AL INEE B/ mm 400
COMS HIHL TAEHEES /cm 50
SRR /BR 1280 X 1 240
Wit 4% / Hz 55
W S B[] /ms 20
1.2 REAR

TIG H W (B L 30t . 3 A A% 2l 1 B | w3k O
%n%*}iﬁnﬁ%%r;mxﬂ‘tﬁ/\%ﬂz K 44 F

TS AR SO £ 2 A X 4 A T2 S50 e
ifﬂ&%ﬁé RIS . BRI Y T 258
AL 2 iR,

SR FHBSCH 5 0k B RGO B2 AR A B 326 1 R4 R
VAR i T ASESE 4 Fh 2RI BRI AR
TN ke B T v AL e ) T S IS RO 4 0 T B
AR B0 2 A B 0 =F 6T, ELAR MR AL 21 5 4500 07
RS SCHR19 ], e R 1R B00E 2 LA 14 000 3K A

B & 12

B RSN ZRAE B B 3 500,

A2 RERAEERRY T ELAK
Table 2 Single-layer single-track forming process
parameters
TZ2H HfH
TIG HL YR {E B/ A 200,240,280
HRB I HE/ (mm + s 1) 2,8,14,20
JEE R/ (mm® 57 1) 120,200
HAREEE/ °C 200,260
Kl 2 B TAR T ZS8A6 T HBZ T Ref

TERIE S X T [ 2(b>,HaT%1‘Ji$ZKJJJ_BZJ;
P B ARG TRET L R A B R AN BE
AR S A vy 45 G R BUR 2 WUIE 3 % B 52 12
B IF B R 2 Ca) M L i S o 008 R IR 5 e o
NG R R AN TR 2 B A W A R A
I I R A T S AR OR G B R B L SR T 22 Y
Pl A\ 2 5 BU™ H B9 % i T R PO WA
BEBT IR 2 Jo] ] 3 AR 58 5 AR K 1 085 SO I 9l 55
WP 2Ce) JIT s 5 25 0 i O ek /0N A R 3 g A
T UUR R GRS ARE , B AR T F 0 U 19 R 2
MCHERUZAES: W E 2(d s, Bk, X HERLUZ

125 1 S B A A IR )2 R AR AT AT A i I, AT S P
S0tk A 1) TR LU0
e PR S

(D RIEE

(o) ¥ L

http: // zkxb. xjtu. edu. cn




204 [N 7 . i

PN

i 56 45

(DA ESE
P2 K v e P 1500 B8 1 A0 K34l 18 5 U 16 M ARUZ T 500 5 4R 1 4

Fig. 2 Dataset images of deposited layer morphology after data cleaning,image graying and data enhancement
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Fig. 4 Schematic diagram of deposited layer morphology feature extraction and encoding
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