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Abstract: The low-temperature deposition (LDM) food 3D printing process is easily affected by a combination of multiple
factors, such as extrusion temperature, speed, and material rheological properties, leading to various issues such as

blockage, excessive extrusion, and interference, affecting the printing quality. To achieve efficient identification of defects,
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this study developed a visual monitoring platform based on industrial cameras by constructing a multi-category nozzle

extrusion defect image dataset, addressing the problems of small defect sizes and insignificant inter-class differences. A

dual-channel multi-scale feature extraction network that integrated ResNet and Swin Transformer was proposed, and a

multi-scale attention fusion module was introduced to improve recognition accuracy. Experimental results showed that the

proposed model could effectively identify various types of extrusion defects, with prediction accuracies of 98.20%, 97.89%,

94.90%, and 97.86% for blockage, excess, granularity, and interference, respectively, and 97.63% for standard extrusion.

The average detection time for a single image was 0.2 s. The overall accuracy was 97.53%, and the recall rate was 97.62%,

which were 4.11 and 4.00 percentage points higher than those of ResNet34, respectively. This demonstrates excellent

recognition performance and real-time capabilities, providing reliable data support for food 3D printing quality control.

Key words: food 3D printing; deep learning; process detection; low-temperature deposition; defect identification
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Table 1 Core parameters of camera
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Fig.4 Extrusion state diagram
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Table 2 Dual-channel feature extraction network ablation
experiments on Swin Transformer module

Fis HERIER (%) FAEIFR(%)
ResNet18 87.23 88.10
SWT-ResNet18 92.39 93.20
ResNet34 88.27 90.85
SWT-ResNet34 93.42 93.62
VGGl16 83.21 84.36
SWT-VGG16 86.22 87.12
VGGI19 85.62 85.41
SWT-VGG19 89.27 88.44
AlexNet 80.30 82.16
MobileNet 82.41 83.22

TEXT I ResNet18, ResNet34, VGG16, VGG19,
MobileNet Fl1 AlexNet % 22 A4~ [ 4% 485 7 J & B,
ResNet34 FEMHEET H B EIANTS5 o i3 AR R B i
G, MEWG RN 88.27%, 7% H %A 90.85%. i
B AH Lk oAl CNN 4 25, ResNet34 7EAF 550 BA
TR (AR E S ORI BE J7 o[RBT, ORF R 4R CNN
X 285 55 HLGF A A Swin Transformer A5 B A4 X
I8 25 M HEAT Eb %58, U0 ResNetl18 5 SWT-ResNetl8.,
ResNet34 5 SWT-ResNet34, VGG16 5 SWT-VGG
16. VGG19 5 SWT-VGG19, M SZE 45 45 1 in A
Swin Transformer #5314 XGE T ) 25451 75U 78 155 5 5%



547 % % 5 B O, AF T WREYTRIRETIBE A 3D FTENBIIE IR - 345 -

H B A P AR A R B R AL T AN Swin
Transformer FJMIZEARRY T HAL T4 FH Y MobileNet
5 AlexNet, LA J142 7 Swin Transformer £k
PR OGIE T R P 26 25 A £ 1 PR 1) CNINs 1%
%, kAL, SWT FR AL AL AR B AAR R B _1- W B B AL
T MobileNet Ffll AlexNet, #F—2E5E T 5] A Swin
Transformer 14 X0 8 FRAE 52 B S5 74 18£8 - s 10 (ke
BT B T A3
2.3 DCMSFF $FER & RIRHRILER

TE 2.2 BYXTELSLEE T, SWT-ResNet34 fEMTHEST
Bk AR R R A, Rk, LA SWT-ResNet34
VERFERBFE RN 25, S —HAmad fr A Bl
# il DCMSFF FEgl- G 772X, 3k DCMSFF
AEEHRAE SR AT U P B T8 A Rk

HH 22 3 TJ 40, Sl A DCMSFF 4+1F Fift & A% e J5
Y] SWT-ResNet34-DCMSFF #5515 75 7E i 38 F1 25 75

[ 2 |- 4351 bk SWT-ResNet34 32T T 4.11% F1 4%,

B UE T DCMSFF A5 8 % # FH 485 50 E 58 19 i 35 1F
FH. RiE—21E DCMSFF Fib sl o, A< SR
HERRRN 2 [BIRPIITFE AR, XS EAS [R5
B BAZE SN L PR SCIR I T4 AT (ULER 4 Rk 5)
eI R R PORCIR L TR DU S BE T, SWT-
ResNet34-DCMSFF TEAERA R 22 4 013 00T
K5I A DCMSFF fy£AY, i8] DCMSFF e
R TRASIRD R A U BE o JUHXE R 25 g

3 DCMSFF FHIEREA RS I e g5
Table 3  Ablation experiments with DCMSFF feature
fusion module

et HERIR (%) FAEFR(%)
SWT-ResNet34-DCMSFF 97.53 97.62
SWT-ResNet34 93.42 93.62

# 4 SWT-ResNet34 8% HAARBIIE I A () 732 Mg
Table 4 Classification performance of SWT-ResNet34 model
for specific defect types

ZeH) HER (%) FAT (%)
Rkt 93.75 95.12
Uiy 91.89 92.34
TURLAR 89.10 91.40
T 96.10 94.00
EH 94.04 9323

%5 SWT-ResNet34-DCMSFF R0 xH HAA B 2L 1Y
IrJerERE
Table 5 Classification performance of SWT-ResNet34-
DCMSEFF model for specific defect types
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Fig.12 SWT-ResNet34-DCMSFF model accuracy
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