52

FOOD & MACHINERY FEA1HE 108 BE 2888 | 20255F 10 A | ARGRSNM

DOI:10.13652/j.spjx.1003.5788.2024.81203

EF/MEARZES EHERENEHRE KN
LYk BT

CEBPE TR 280 Em 232001)

WE(BMAEAFR @@ T @ FheFHaobn, e - ARSI SHEmE@FFFEEMNT . [H
R R A IR G0 3R £ P AR A B AR IR & R T & 28R B B AR 09 AL 5 a8 T 5] N R R B M 4 x| AR i AT L
AT % He | VAR BT Mo 3 45 A 8 47 2 - An R Bl 3 5] N AR AR Be o ) T ab 5 AR b e K B4R AR, A AR BE A R A ) At Ot
FE AR Sz A [ ERIE 8 6 AR m @B IE SR L3R AT X IR, PP AR 7 & S-shot BAL A AR F R G W £
T @A A ik 3] 86.2% A 93.3%, 4 T H AL 7 sk E @B SR B R [ BRI R R A | AR A S b T A
A

KEW @y DAERFIT  FEARK; FRAMN;REML

Instant noodle anomaly detection based on few-shot learning

and feature alignment

MA Kailong YANG Chaoyu
(Anhui University of Science & Technology, Huainan, Anhui 232001, China)

Abstract: [Objective] To achieve efficient detection of fine foreign objects in instant noodle, this paper proposes an instant noodle anomaly
detection method based on few-shot learning and feature alignment. [ Methods] The method uses a pre-trained residual network as a feature
extraction network for efficiently extracting the features of the instant noodle image. The image is geometrically transformed by introducing
a spatial transformation network for better alignment and extraction of features. Feature alignment is used to align the key features in the
image so that the accuracy and generalization ability of the model can be ensured in detecting instant noodle anomalies. [ Results]
Experiments are conducted on a self-made instant noodle dataset, and the proposed method achieves areas under the curve (AUCs) of 86.2%
and 93.3% at the 5-shot image level and pixel level, respectively, which outperforms other methods on the instant noodle dataset.
[Conclusion] The proposed method can effectively detect fine foreign objects in the instant noodle anomaly detection task.
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Figure 3 Ring conveyor inspection device
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Figure 7 Heat map of model detection
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