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Fig. 3 Defect identification flowchart
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Fig. 4 Improved convolutional neural network model
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Fig. 5 Partial experimental image data
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Table 3 Weld flaw detection image recognition result table

MRRAEA CNN-1432 K U2 CNN-2532 K145 CNN-3432 K24
15 T (0.997, 0.002, 0. 000, 0. 000) (0.991, 0.000, 0.001, 0.008) (0.999, 0.000, 0. 000, 0. 000)
25 Tl (0.999, 0. 000, 0. 000, 0. 000) (0.998, 0.001, 0. 000, 0.001) (0.999, 0.000, 0. 000, 0. 000)
1554l (0.000, 0. 000, 0. 000, 0.999) (0.000, 0.000, 0. 000, 0.999) (0.000, 0.000, 0. 000, 1.000)
25541 (0.000, 0. 000, 0. 000, 0.999) (0.000, 0.000, 0. 000, 0.999) (0.000, 0.000, 0. 000, 0. 999)
1S5RS (0.000, 0. 500, 0.499, 0. 000) (0.000, 0.043, 0.956, 0.001) (0.000, 0.005, 0.902, 0.091)
25RIEE (0.000, 0. 138, 0.797, 0. 064) (0.000, 0.007, 0.981,0.011) (0.000, 0.001, 0. 549, 0. 448)
15 RIS (0.000, 0. 859, 0. 140, 0. 000) (0.000, 0.936, 0. 063, 0.000) (0.000, 0.968, 0. 031, 0.000)
25 RIS (0.000, 0.957, 0. 042, 0. 000) (0.000, 0.907, 0.092, 0. 000) (0.400, 0.598, 0. 001, 0.000)
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Study on phase and texture of TC17(a + B)/TC17(p) linear
friction welding joint LI Xiaohong]'z, ZHANG Yanhua],
LI Zan’, ZHANG Tiancang2 (1. Beihang University, Beijing,
100191, China; 2. Aeronautical Key Laboratory for Welding
and Joining Technologies, AVIC Manufacturing Technology
Institute, Beijing, 100024, China). pp 1-6

Abstract: The linear friction welded joints of TC17(a +
B)/TC17(P) titanium alloy were tested and analyzed by electron
backscatter diffraction technique. Phase identification and
texture analysis were carried out on each part of the joint. The
results show that compared with the parent metal, the o phase
of thermo-mechanically affected zone decreases, and the B
phase of the joint increases as weld. Due to the rapid cooling
of the weld zone, dynamic recrystallization occurs at the weld
joint, and a large number of metastable B phase grains are
formed. The texture distribution density of TC17(p) side base
metal and thermo-mechanically affected zone is stronger than
TC17(a + B) side. The joint displayed texture (5 4 6)[1 3 3] in
the as-welded weld zone. The rolling plane is approximately
parallel to (1 1 1). After heat treatment at 610 °C, the meta-
stable B phase of the weld zone decomposes to form a fine
secondary a phase and § phase. Compared with the as-welded
weld, the crystal of the weld zone is slightly rotated after
postweld heat treatment, and the texture strength development,
exhibited (5 5 7)[Hﬁ 20] texture. The crystal orientation of
the weld zone has a preferred orientation in which the normal
direction is close to [1 1 1] and the rolling plane is close to (1 1 1).

Key words: linear friction welding; titanium alloy;

electron backscatter diffraction; texture

X-ray image defect recognition method for pipe weld based
on improved convolutional neural network FAN Ding],
HU Ande', HUANG Jiankang', XU Zhenya’, XU Xu’ (1.
State Key Laboratory of Advanced Processing and Recycling
of Nonferrous Metals, Lanzhou University of Technology,
Lanzhou, 730050, China; 2. Baoshan Iron and Steel Co., Ltd.,
Shanghai, 201900, China; 3. Lanzhou Lan Shi Testing
Technology Co., Ltd., Lanzhou, 730314, China). pp 7-11
Abstract: When convolution neural network (CNN) is
applied to weld flaw detection image recognition, the target
area is small, the local information is redundant, and the hard
saturation region of activation function is less than zero, which

makes the model sensitive to input change and difficult to train

the network parameters. The super pixel segmentation algorithm

(SLIC) and the improved ELU activation function are used to
construct CNN model for weld flaw detection image defect
recognition. First, the ELU activation function is used in the
CNN model to generate better robustness to the input noise
when the response gradient disappears, At the same time, the
SLIC algorithm is used to deal with the pixels of the image,
which increases the proportion of the region of interest in the
weld flaw detection image, reduces the local redundant
information, and improves the feature extraction ability of the
model in the training process. Through the extraction of the
region of interest of weld flaw detection image and the
establishment of the CNN model described in this paper, the
results show that the proposed method has better performance
than the traditional convolution neural network in feature
extraction, training time and recognition accuracy of weld flaw
detection image.
Key words:
al network; SLIC algorithm; ELU function

weld defect recognition; convolution neur-

Failure mode analysis and prediction of resistance spot
welding joints of advanced high strength steel KONG
Liangl’z, LIU Siyuanl’z, WANG Min"’ (1. Shanghai Key Lab
of Materials Laser Processing and Modification, Shanghai Jiao
Tong University, Shanghai, 200240, China; 2. Collaborative
Innovation Center for Advanced Ship
Exploration, Shanghai, 200240, China). pp 12-17

Abstract:
spot welded joints of advanced high strength steel (AHSS)

and Deep-Sea

The failure modes of two-sheet resistance

have been studied. Different failure modes of welded joints
will affect the failure mechanism, mechanical properties and
fracture location. Based on the experiments results of critical
nugget size, peak load, macroscopic fracture morphology,
failure initiation location, microstructure and micro-hardness
curve in different groups, the influences of sheet strength factor
and sheet thickness factor on the failure mode are illustrated.
The results show that the sheet strength directly affects the
failure mode, the failure initiation location and the peak load.
Also the sheet thickness affects the failure mode but does not
change the initial fracture location and the peak load. The
factors influencing the critical nugget size (Dcg) include the
sheet thickness, the sheet strength, the defects in the nugget and
the distance from the fusion line at the position where the
failure is pulled out. On the basis, a prediction model and
method of the critical nugget size is proposed, which is in good

agreement with the experimental results. And it provides a



