234

FOOD & MACHINERY FA1EE2H BE 280 | 2025F 2 A | ARSHM

DOI:10.13652/j.spjx.1003.5788.2024.8073 1

E T Bt RT-DETR BY 5 T & 5 5 WL iR B3 1R 128 4z i)

HEE R E IR/ EHT

PGB TR TR B, TP 850 3410000
HE.(BEWIASAAR RO LS ENAMNBERARAKETRRXF T L L AL EE LR FRAESF A, E—H
& T 7% 3 RT-DETR # 2 /LA A SGHS-DETR [ 773k 15K A # % 1L W % StarNet 4 A 45 4248 B £ T A R AR BE A Ak,
FINKE THERANX M &R A8 GELAN B TR /Emk & TR BiE U fetm ¥4 12 R AL T ik 4 49 HWD %
BRT RAERE SR Y A AEAE B AR &, SRR B K B2 A ShapeloU 3t — F 32 A AL A oyt ol 45 B [ 45 R ISGHS-DETR 4%
B EMTF QR HYEE Loy T3 m A k5] 92.6% , R EB AR RAK Tt LA L E 2 A EART 65.5% F= 72.1%, B &
ol ik AR I T 74.4% [ Z518 ISGHS-DETR K2 7 4% 4% He o A7 2L ot ) o 4 F &L 5P B 1
KR R h LK B FA 4 ; 22 F 1L ;RT-DETR ; StarNet

Rapid detection method of biscuit packaging appearance
defects based on improved RT-DETR
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Ganzhou, Jiangxi 341000, China)

Abstract: [ Objective] To address the problems of a large number of parameters and complex calculation of the current real-time detection
models for food packaging defects and their difficult deployment on terminal equipment, this study proposes a lightweight model SGHS-
DETR based on improved real-time detection transformer (RT-DETR). [ Methods] To reduce model parameters, the ultra-lightweight
network StarNet is employed as the feature extraction backbone. Additionally, GELAN, an efficient aggregation module based on gradient
path planning, is introduced for feature fusion and preservation of semantic and detail features. Furthermore, the lightweight Haar wavelet
downsampling (HWD) module based on wavelet decomposition is adopted to minimize information loss in features. Moreover, ShapeloU
replaces the loss function to further enhance detection accuracy. [ Results] On the biscuit packaging dataset, the average detection accuracy
of the SGHS-DETR model reaches 92.6%. Compared to the baseline model, this approach reduces the number of parameters and
computational complexity by 65.5% and 72.1%, respectively and also increases detection speed by 74.4%. [ Conclusion] The SGHS-DETR
model can rapidly and effectively detect appearance defects in biscuit packaging.
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Table 4 Comparison of detection results of biscuit

packaging defects among different models
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YOLOV3-tiny 85.7 12.10 18.9 22.4
YOLOVSs 89.2 9.12 23.8 18.5
YOLOVS8s 90.9 11.12 28.5 22.5
RT-DETR 91.1 19.88 57.0 40.5
SGHS-DETR 92.6 6.88 15.9 14.1
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Figure 6 Comparison of mAP between the proposed

model and common models
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Table 5 Comparison of feature extraction among different

lightweight backbones
EFME mAP/% ZHE/M R E/G BEAE/MB
EfficientViT 91.4 10.71 27.3 22.7
FasterNet 91.3 10.82 28.5 22.3
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StarNet 91.6 8.93 24.6 18.5
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