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Table 1 MobileNetV3 network parameters

s AR ik N exp size #out SE U PRAL
1 224’ x3 Conv2d 2 — 16 — h-swish
2 112° x 16 FMCbneck,3 x 3 1 16 16 — ReLU
3 112°x 16 bneck,3 x 3 2 64 24 - ReLU
4 56" x 24 FMCbneck,3 x 3 1 7 24 - ReLU
5 56" x 24 beck,3 x 3 2 72 40 — ReLU
6 287 % 40 FMCbneck,3 x 3 1 120 40 — ReLU
7 28% % 40 FMCbneck,3 x 3 1 120 40 — ReLU
8 28% x40 bneck,3 x 3 2 240 80 — h-swish
9 147 x 80 FMCbneck,5 x 5 1 200 80 N h-swish
10 14 x 80 FMCbneck,5 x 5 1 184 80 S h-swish
11 14° x 80 FMCbneck,5 x 5 1 184 80 v h-swish
12 147 % 80 FMCbneck,5 x 5 1 480 12 N h-swish
i 1 ’éa @@@ TRy B

Y gmmw

98— et D

o 9. T

B 4 JE% LeFF &1aE
Fig. 4 Original LeFF structure diagram

= .
9999 2

ey LB PR

D 998 » 9. 55998

E 5 Mith LeFF &E
Fig. 5 Improved LeFF structure diagram
1 .
FEAEFEIC x 1 < VRITE 07 T AR FEIC x 1 W, 7 Zi =5 D, b @
0<i<W
ALY

23 ]2 )i

2




30 I I %45 %
ARk A1k
+SiLU % +SiLU 3 it H—fk
Ghost il | >[RIER MR > Ghost Bk [ >0— 2 RIBEL R EE
CA TERE AL T
2.1 BEAIREX
M6 DGCA R SRR I 2 GTAW Bk b i, 47k

Fig. 6 DGCA Module

|

VKT | |

Jexmxi loxixw

] R \
Lexixar+m

y ¥ BB B4R O |
1 Clrx U< (W + H)

| Ak BN+ELPERIS hswish |

[
Clr<Hx1 ¢ I3 fift lC/rX 1x W
PR, T c\ 1R, FH4E % C
CxHx1] JCxixw

’ Sigmoid ‘ ’ Sigmoid

.
T
® & ——>H
IKVAPRERTT AR

w

E 7 CAEENEREME
Fig. 7 CA attention module structure diagram

1
Z'w) == > x(iw) (3)

0<j<H
. Zh R E BE R h BSR4
s 20w FRBERE R w A ¢ ASEIE kR 45
N 3 57 1) FR K F- 7 ] SRR AREAE [T 7 25 ] 4
BE AT PR, M9 2R EE Cx Ix(W+H). R 1 x
1 5 FRAS 3 of H e AT M 4 22 )/, o FH T 45 5000 45 30
A FEEAT I — LR AR Lt A S A SR IS U 25
6] 4 $ORF H A i S WA B 9 3K C/rx H x LRI
Clrx IxW, FEFIH 1 x 1 AR 43 0 HA-4E 2
C, I 283k sigmoid $4IE bR BCR HAE R RRE &
b, By, )
Yeli ) = xei. ) X gL X g¥ () )
X gh), g (YT BB 28 18] 05 [0 B AL S5 it
[, % R B AN L S R S B, A T
243 T J2 AT PR B 726 43 R LB 88 R A 1) 3 L
PEREPL A, H LeFF AL 23 (0] &2 i 5 2 5 (1)
FEAF A TR, ISR 55 2 2 ] I 2.

SRR, SRR RS 3,175 mm (1) 304 R,
A% S SR AR A Hy 1 000 Hz, BEGIFE] K 20 ps, A
AN 8 FTs . FF Tl MRAILRTEE R 4 1 R 4
) P A b 1 T PR R R R B LA L LR A A )
AL, THE MRS A B A B2 ) ] 38 i 4
7 FL A L R o R ) R R LA o s o
T E IR R DA R KRR, AT B R TR S
T .
[TRTRARAT | l

Fbgs 'Mﬁ;@
AL g
PC Eﬁiﬂﬁﬁ —

WA
I

R | [
o Rl

B8 EERELAR

Image acquisition platform

Fig. 8

L F O A I AE 140 ~ 200 A, ALK N
20 A B4 B I 7E 20 ~ 40 cm/min, AR fE A K
K10 em/min; 38 P8 1SR R U S AR R R, AR
KIEE (K 9(a)). K515 (B 9(b)). besE (B 9(c)) —Fb
R T W Fr, R e AR e R
ToRENEMER, mZRERD 1475 KRGS R
.7 567 SR IEH #55 fE F 725 SRR EE R, Horh
KIGBHEATRICH 0, IEFW I BEHEAIRICH 1, bagF
FEABRIC A 2.

.

(a) KI5

(b) K% (OFs

B9 =Rzt
Fig. 9 Three types of welding pools. (a) not melted
through; (b) melt through; (c) burn through
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Table 2 Number of each data set after expansion

Hmde KIGiEE Wi Vo sl
IR 5899 6053 5263 17215
IHIESE 738 757 658 2153
WMHAE 738 757 658 2153

RN 7375 7567 6579 21521

24 HERE
CPU #1574 Intel Core i9 13900K, GPU iy 16G

ARG SRR

Sample data enhancement effect. (a) fusion state; (b) burn-through condition
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Table 3 No data enhancement test results

el Kz TEH s 7% PRtE
RI 2 82.5 12.5 5.0
EHIEIE 3.0 96.0 1.0
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Table 4 Data enhancement test results

bl EN 5 IEHRGE PeoF
RI&E 96.5 2.0 1.5
TEH % 2.5 96.5 1.0
P 1.0 2.0 97

T IR A5 R AT LA A A 1 o — ks
SRR 445 B T B, 0 R AR i e
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Fig. 12 Learning rate comparison results. (a) validation
set loss value curve; (b) validation set accuracy
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TR 2t R E 420G “BNSA” %78 MobileNetV3
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Table 5 Ablation test results

DRTHEIREGE  LeFFHit kS FEITES F15% ATES YLt
i M3 BNSA DG FI cO CI € C €I C € Cl € ¢ Cc1 2 t/h
1 — — — — 851 86.9 85.3 80.6 81.3 80.0 84.6 87.3 84.5 87.5 87.9 86.8  4.07
2 1 — — —  81.2 83.7 81.9 74.7 80.7 79.2 8l.1 83.8 80.9 82.1 84.3 83.5  3.23
3 1 n — —  91.2 92.3 92.0 87.8 88.8 88.6 92.5 93.3 92.9 90.3 93.8 91.4  3.58
4 — — n —  90.6 91.6 91.4 87.4 89.0 86.7 90.6 92.4 91.0 90.8 92.4 91.3  4.94
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Table 6 Test results of different models

sl g HEER FLo%e fERRR UIZkRvh BORIAAE LT OMB BURILERMREACSE B[R] /s
MobileNetV3 82.2 80. 1 81.3 85.1 3.24 17.6 0.16
ResNet50 90.4 89.3 90.0 94.3 6.18 179 0.78
ShuffleNetV2 85.1 83.5 84.8 90.2 3.04 9.85 0.11
DeiT 75.5 73.3 74.2 80.3 3.27 35.8 0.35
tttCeiT 82.9 80.7 81.0 87.8 4.07 44.8 0.47
Improved-CeiT 92.7 90.2 91.6 95.4 3.76 27.7 0.24
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Qinz(l. School of Mechanical and Automotive Engineering,
South China University of Technology, Guangzhou, 510641,
China; 2. School of Computer Science & Engineering, South
China University of Technology, Guangzhou, 510006, China).

pp 13-19

Abstract:  Aiming at the ultra-high dynamic characteristics
and precise control requirements of welding power supply in
the extremely complex underwater environment, the main cir-
cuit of fast-frequency pulsed welding power supply based on
SiC module is designed, an all-digital control system is de-
veloped, and the local dry underwater fast-frequency pulsed
MIG (LDU-FFPMIG) welding power supply is exploited. The
welding power supply has a rated output current of 400 A,
which can accurately output fast-frequency pulsed current
waveforms with the fast-frequency frequency of 0~30 kHz and
the fast-frequency current amplitude of 200 A. A new LDU-
FFPMIG process is proposed, and the fast-frequency pulsed is
applied to perform 304 stainless steel local dry underwater
MIG welding, the influence of fast-frequency pulsed on local
dry underwater pulsed MIG welding is revealed. The results
show that the self-developed LDU-FFPMIG welding power
supply achieves stable local dry underwater MIG welding and
good weld formation. The introduction of fast-frequency

pulsed current significantly improves arc energy density and
arc stability, reduces the melting width (B), increases the penet-
ration depth (H), reduces the weld forming coefficient (B/H) by

about 30%, and refines the grain.

Highlights: (1) An innovative LDU-FFPMIG welding power

supply based on SiC module is developed.
(2) The LDU-FFPMIG welding process that improves under-

water weld formation and refines the weld grains is proposed.

Key words:  welding power supply; SiC module; all-digital

control fast-frequency pulsed waveform; local dry underwater

MIG welding

Multi-objective optimization of resistance spot welding pro-
cess parameters of ultra-high strength steel based on agent
model and NSGA-TI  ZHUO Wenbo'”, TAN Guobi’,
CHEN Qiuren™, HOU Zehong’, WANG Xianhui', HAN
Weijian“, HUANG Li2’3(1. School of Mechanical Engineer-
ing, Nanjing University of Science and Technology, Nanjing,

210009, China; 2. Materials Academy lJitri, Suzhou, 215000,

China; 3. Key Laboratory for Light-Weight Materials, Nanjing

Tech University, Nanjing, 210009, China). pp 20-25
Abstract: In order to find the best welding process paramet-
ers for resistance spot welding of ultra-high strength steel, a
three-factor and five-level flat plate lap spot welding experi-
ment designed by orthogonal test method was carried out.
With welding time, welding current and electrode pressure as
adjustable process parameters, the nugget diameter, indenta-
tion depth, the tension-shear strength and spatter were used as
the quality evaluation indicators of welded joints. Based on
Gaussian process regression and BP neural network, a proxy
model of the relationship between the process parameters and
the quality evaluation indicators of welded joints was estab-
lished. The training results showed that the accuracy of the
model was very high. Finally, the multi-objective optimization
was realized by using the genetic algorithm NSGA- I with
elite strategy and non-dominated sequencing, and the optimal
pareto solution set between the evaluation indicators was ob-
tained. The relative error value of each evaluation model was
very small, which indicated that the optimization method had
good prediction effect and stability. By using less experiment-
al data, the method of establishing the optimization model had
important guiding value for the selection of the best welding
process parameters in resistance spot welding and other weld-

ing fields.

Highlights: (1) The best process parameters of spot welding
can be obtained with less test data.
(2) Two different types of surrogate models, regression and

classification, were used as fitness functions.

Key words:  multi-objective optimization; resistance spot
welding process parameters; agent model; non-dominated

sorting genetic algorithm- Il

Identification method of GTAW welding penetration state

based on improved CeiT WANG Ying, GAO Sheng

(Northeast Petroleum University, Daqing, 163318, China). pp

26-35,42

Abstract: Aiming at the problems of high similarity between
melt pool information and background, much noise, poor real-
time prediction and low recognition accuracy, a GTAW weld-
ing fusion state recognition method based on improved CeiT
network model is proposed. First, the Image-to-Tokens mod-
ule is lightened and improved by MobileNetV3 to enhance the
real-time performance of prediction; second, the DGCA mod-

ule is designed to improve the LeFF module to enhance the re-

mote dependencies among features and enrich the categorical
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information contained in the class labels; and lastly, the fusion
of the underlying features and the high-level semantic features
in the LeFF module improves the model's ability to represent
the features of the melt pool. Simulation experiments show
that the proposed model obtains higher accuracy and faster de-
tection speed compared with MobileNetV3, ResNet50, Shuffle-
NetV2, DeiT, and CeiT models.

Highlights: A GTAW weld fusion state identification model
based on improved CeiT is developed, which obtains higher ac-

curacy and faster detection speed compared with other models.

Key words:  image processing; melt pool; penetration

state; CeiT network; gas tungsten arc welding

Microstructure and impact properties for friction stir welds

of 9Cr-1.5W-0.15Ta heat resistant steel ZHANG Chaol,

ZHOU Mengbing', CUI Lei’, TAO Xin', WANG Jun', WANG
Wei', LIU Yongchang3(1. Fourth Institute of Nuclear Power
Institute of China, Chengdu, 610213, China; 2. Tianjin Key
Laboratory of Advanced Joining Technology, Tianjin Uni-
versity, Tianjin, 300354, China; 3. State Key Lab of Hydraulic
Engineering Simulation and Safety, Tianjin University, Tianjin,
300354, China). pp 36-42

Abstract: In this paper, the microstructure evolution and im-
pact properties of friction stir welds of 9Cr-1. 5W-0. 15Ta heat
resistant steel were studied. The results showed that due to the
double effects of the mechanical stirring of the stir tool and the
welding thermal cycle, grain breaking, fully austenitized dy-
namic recrystallization, dissolution of M,;C¢ phase at the grain
boundaries and formation of M;C are materialized in the
welds. Higher cooling rate after welding restrains the growth
of grains, and promotes martensite transformation. The impact
test was conducted in the temperature range of —100 ~ 20 °C.
With the increase of impact test temperature, the impact ab-
sorbing energy of base metal and FSW weld metal is monoton-
ously increased, and the impact fracture mode changes from
brittle fracture to ductile fracture. Due to the formation of lath
martensite and the precipitation of "acicular" M;C carbide in
FSW weld, the hardness of FSW weld increases significantly.
At the same temperature, the impact toughness of FSW weld
decreases. And, the ductile-brittle transition temperature of
FSW weld increases from —50 °C of the base metal to

—40.2 C.

Highlights: (1) The friction stir welding on 9Cr-1.5W-

0. 15Ta heat resistant steel with a thickness of 5 mm is per-

formed, and the microstructure evolution characteristics of the
weld is analyzed.

(2) The ductile-brittle transition temperature for FSW weld of
9Cr-1. 5W-0. 15Ta heat resistant steel is obtained.

Key words:  9Cr-1. 5W-0. 15Ta heat resistant steel; friction
stir welding; microstructure; impact toughness; ductile-brittle

transition temperature

Effect of wire feeding angle and wire feeding mode on the
formation of single-track laser wire deposition layer

YANG Xin', HAN Hongbiao"™’, YAN Chenxiao', WANG
Ruil(l. Henan University of Science and Technology, Luoy-
ang, 471003, China; 2. Henan Key Laboratory for Machinery
Design and Transmission System, Luoyang, 471003, China; 3.

Longmen Laboratory, Luoyang, 471003, China). pp 43-48,56
Abstract: In order to study the influence of the direction of
the welding wire into the molten pool on the formation of the
deposited layer during the laser additive manufacturing by
paraxial wire feeding, single-track laser wire deposition tests
were carried out under different wire feeding angles and wire
feeding modes. The variation of layer width, layer height, sur-
face roughness, cross-sectional morphology and substrate fu-
sion depth of deposited layer with wire feeding angle and wire
feeding mode was analyzed. The results show that the wire
feeding angle and wire feeding mode of paraxial wire feeding
influence the formation of single-track laser deposited layer,
and the effect of wire feeding mode on the size and shape of
deposited layer is greater than that of wire feeding angle. With
the increase of wire feeding angle, all the substrate fusion depth
decreases gradually, the layer width of front feeding and back
feeding decreases gradually, the layer height of deposited layer
increases gradually, however, the layer width, layer height and
surface roughness of side feeding change little. The cross-sec-
tion shape of front feeding and back feeding deposited layer is
symmetrical and circular, while the cross-section shape of side
feeding deposited layer is asymmetrical and the highest point is
biased towards the wire side. The layer width and substrate fu-
sion depth of front feeding are larger and the layer height is
smaller, while the layer width and substrate fusion depth of the

back feeding are smaller and the layer height is larger.

Highlights: (1) For single-track deposited layer, the effect of
wire feeding mode on the size and shape of deposited layer is
greater than that of wire feeding angle.

(2) The variation of wire feeding mode changes the position of

wire feeding into molten pool, affects the flow of wire molten
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