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Abstract:In order to obtain the input parameters for feedback control of additive manufacturing using molten pool feature
parameters ,we propose a laser additive manufacturing molten pool semantic segmentation algorithm based on channel-
weighted FPN,and a molten pool orientation,area and width feature parameter extraction algorithm based on image pixel
threshold. The semantic segmentation algorithm mainly consists of a lightweight backbone neural network and a channel-
weighted feature FPN network. The experimental results show that the segmentation speed of the molten pool image can
reach 79.76 frames/s,and the mloU and mAP can reach 90.53% and 95.79% , respectively, and the model size is only
90MB. Compared with other similar types of deep learning models, this algorithm improves the detection speed and
reduces the model parameter size and size while ensuring accuracy. The molten pool image feature parameter extraction
algorithm combines the pixel threshold distribution of the original image captured by the camera and the segmented
image,and can accurately analyze and calculate the orientation,width and area feature parameters of the molten pool.
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Fig.1 Laser additive manufacturing molten pool image detection framework based on channel weighted FPN
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Table 2 Performance comparison of different backbone networks

FEF ML BN LRI ] /min DU/ (5K /) S mloU/% mAP/ %
ResNet101 8.17 70.72 116 243 522 90.32 95.02
MobileNet_v3 4.18 105.32 3 405 426 81.64 91.94
VGG16 10.67 73.81 26 466 114 89.21 93.22
CSPDarkNet53 8.51 72.56 64 040 001 89.71 94.98
Our backbone 7.15 79.76 16 084 746 90.53 95.79

2.3 BEMNI FPN W45 phsoig
R T S UE AR il B X ARSI AR S M, R AT AR R LS
SEBS 1 AN FHARAE GG B I 0 28 24 rp R IR R P B A B RN 4
SEYG 2 RS EORAE TR )Z R AR B LR AR S 5IR)Z R IE BT RERL G, R R IE R 2 5 — Ik

A

S 3 A A TR FORAE SRR R R FRAE A R3 TEIRHER S M4 AT L
gﬁ}ﬂ}‘F %ﬁ@ E 5{%%4‘%?E @Eﬁ % ﬁ’lg‘ gjﬁﬂaﬁ E/‘J CI%?E Table 3 Performance comparison of different

e ’ feature fusion networks

IR R BT FRAERLS

S 2 AN FE 3 B, A LLE R, S2H 2 mloU SR mloU/ % mAP/%
I mAP {FIA%; 5650 3 M6 T35 1, mAP 427} o V20 28
I 8 mloU #T4 T 3.33%, JEH T3 /AL FPN 2 8677 o143
20 (AT M S 3 90.53 95.79

2.4 B3t xIE
AT T S G A — S i 28 X 5 A R I AR S BN 4, T VD40 AS [ B 3 1 I 4 5 A S 3 1
KIEATXT L, SR A TR RE LA ZE AN 3k 4 R,
F4 ERLMBEMLE RN

Table 4 Performance comparison of mainstream convolutional neural networks

M2 R ERL Fi ET % KR/ (3K/s) mloU/ % mAP/%
ResNet101 51.96 90.25 94.62
VGGI16 63.91 88.33 92.75
DeeplabV3+ CSPDarkNet53 61.05 90.35 94.25
Xception 40.32 89.22 94.45
Our backbone 47.04 90.30 95.04
ResNet50 51.41 89.39 93.74
ResNet101 73.08 90.47 94.94
MobileNet_V2 166.67 87.54 93.50
PSPNet
VGG16 87.01 90.05 94.07
CSPDarkNet53 80.34 89.69 93.99
Our backbone 80.35 90.38 94.88
ResNet50 53.35 89.90 94.70
ResNet101 42.44 90.05 95.07
MobileNet_V3 35.72 89.34 94.42
Unet VGG16 34.12 89.81 95.11
CSPDarkNet53 29.94 89.49 94.18
Our backbone 37.28 90.29 95.15
ResNet101 70.72 90.32 95.02
MobileNet_V3 105.32 81.64 91.94
Ours VGGI16 73.81 89.21 93.22
CSPDarkNet53 72.56 89.71 94.98
Our backbone 79.76 90.53 95.79
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Fig. 6 Molten pool images and segmentation result images
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