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Nondestructive Detection of Citrus Infested by Bactrocera dorsalis
Based on X-ray and RGB Image Data Fusion

LI Shanjun'®  SONG Zhuping'® LIANG Qianyue'® MENG Liang'? YU Yonghua'? CHEN Yaohui'’
(1. College of Engineering, Huazhong Agricultural University, Wuhan 430070, China
2. Key Laboratory of Agricultural Equipment in Mid-lower Yangize River,
Ministry of Agriculture and Rural Affairs, Wuhan 430070, China)

Abstract; Citrus fruit infested by Bactrocera dorsalis can cause consumer panic and huge economic
losses, which makes it important to sort it out during processing. Since there are no obvious
characteristics on the fruit surface and manual sorting usually features low efficiency, new techniques for
automated sorting are needed. The feasibility of combining an agricultural X-ray machine and an RGB
camera on the processing line was explored for non-destructive detection. A multi-modal data fusion
method using X-ray and RGB images was firstly proposed, and a CNN — LSTM detection model was then
developed which can detect the fruit infested by Bactrocera dorsalis with high precision. The process of
the fruit rolling on the processing line was simulated and six X-ray and RGB sequential images were
captured respectively, which formed the dataset. The effectiveness of multi-modal data fusion was verified
by integrating it into four lightweight detection models, including ResNetl8 — LSTM, GoogleNet — LSTM
SqueezeNet — LSTM and MobileNetV2 — LSTM. Results showed that for each network, the performance
using multi-modal data fusion outperformed that using unimodal data. ResNetl8 — LSTM obtained the
highest detection accuracy, reaching 97.3% by using multi-modal image fusion and 95.7% by using

feature fusion, respectively, and the accuracy based on single-modal X-ray and RGB data was 93.2%

e ha H . 2022 -09 —26 & H Y. 2022 —11 -21

E£WB: ERELVAIT R I H (2020YFD1000101 ,2021 YFD1400802 — 4 ) | IV BB A1 4% b 4% #3558 « 16 58 BEAR Al 7= ol 5 AR &k & 3550 |
(CARS —26) M4 4> BEHLAE AL BHIF B3 gt i 000 H (R 3% [2017 119 5) Al b 4 4 BHL 6847 8h i 5

EEB N 2HE1977—) 5, 800% 18+, FZN KR A =PI AL £ AR 5 % BB #0158, E-mail: shanjunlee@ mail. hzau. edu. cn

BASEE: FRREE(1993—) , B I #Z , 14, EEAFHLHE AR M EEZ A 52405, E-mail: yaohui. chen@ mail. hzau. edu. cn



386 £~k

IR

2023 4

and 89.3% , respectively. These results demonstrated the potential to develop an online non-destructive

detection system for citrus fruit infested by Bactrocera dorsalis.

Key words: citrus; Bactrocera dorsalis; X-ray; RGB image; multimodal data fusion; nondestructive

detection
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Fig. 8 Detection model of citrus infested by Bactrocera dorsalis
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Tab.1 Performance comparison of different convolutional neural network models
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Fig. 9 Class activation heatmaps of citrus infestation by Bactrocera dorsalis
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