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Early Detection of Orange Decay Based on Hyperspectral Imaging and
Multiple Optimization Strategies
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2. Intelligent Equipment Research Center, Beijing Academy of Agricultural and Forestry Sciences, Betjing 100097 , China
3. College of Electrical and Automation Engineering, East China Jiaotong University, Nanchang 330013, China)

Abstract: A detection method that combined hyperspectral imaging and multiple optimization strategies
was proposed to effectively detect early decay of oranges, addressing the issue of low detection accuracy
in traditional methods. Traditional detection approaches, such as visual inspection and manual sorting,
were highly subjective and fail to identify subtle changes in early decayed oranges, leading to substantial
post-harvest losses in the citrus industry. To solve this problem, the hyperspectral data in the 450 ~
1 050 nm wavelength range were collected by using a professional hyperspectral imaging system, covering
the visible and near-infrared regions closely related to fruit internal quality. Then, enhanced data were
synthesized by the Borderline — SMOTE algorithm with Kullback — Leibler ( KL) divergence of 0. 02 and
Wasserstein distance of 3.4, which effectively alleviated the sample imbalance problem between healthy
and early decayed oranges. Subsequently, totally 24 key characteristic wavelengths were screened out by
the ReliefF algorithm to eliminate redundant information and reduce computational complexity. Machine
learning based classification models and CNN model were constructed in combination with Bayesian
optimization, which optimized key hyper parameters to improve model performance. A systematic
evaluation was carried out on their classification performance and computational efficiency. After Bayesian
optimization and feature selection, the classification error of the CNN model was reduced to 0. 008. The
running time was significantly decreased from 910.4 s to 177.9 s, representing a reduction of 80. 5% .
The accuracy rate on the test set reached 99.0% . The research result can not only provide a reliable
technical solution for early decay detection of oranges, but also lay a theoretical foundation for the
development of rapid and intelligent detection equipment, which was of great significance for promoting
the high-quality development of the citrus industry.
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Ji s 112 2 98.2 48 0 100. 0

771 fit B 112 5 95.5 48 2 93.4 910. 4
Jo¥ 4 224 7 96. 8 96 2 96.9
J R 112 1 99. 1 48 0 100. 0

24 fidt g 112 3 97.3 48 1 98.0 177.9
Js¥ e 224 4 98.2 96 1 99.0
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R (BLICZ P71 75 35 910. 4 371 24 MRHAE I
UL IR 95 BRI M % T 99, 0% B 7
WL 177.9 5 408 T 80.5% . 3 — 45 A0,
A 5 2 T B 50 21 00 T 9
TSR,

3 it

(1) FEC T8 HOHE & W2 1 X8 L 20 A oy, AR A
F ADASYN #l SMOTE %53 , Borderline — SMOTE %
BRI R, i KL #E 5 Wasserstein
5 10 BEAC VA Borderline — SMOTE 4 1L S8R 5 58
WA BCE oy A B 453 (KL B 8 0. 02, Wasserstein
FRBN 3.4) o 3% FEIH T H 1 AR AR AR iR
TR AT A YR AR AN (] 2 1) i S DXl 3
AE ), T T 1 A B 7 5 e B A o A 5 5 iz
TETERE

(2) 15 By ReliefF 553 N 771 AR AE 3 1 A i 32

B9 24 DMFAE P, SR P REAL AL U B . —
D7, SRR TR R S IR R T AR RS 2
RO I S AR, 5 53— T7 T, A8 PR 22 IS L 1Y
B $E T, R4 J 1 R B G8 47 I W) o A5 R A 0 28 iy
() CNN BERIAR LE , iz 47 I (8] 9k > 1 80. 5% , 3873 UE
BRI T 9 7 4 TR A A% 5 T T A DG BEAE o

(3) 1 HL A% =% ~) o3 B B P BE 3F Al b, v
SVM 283k DLt e A A i, Jie 3 il ) 23 S E
A o DL ik S0 R A ot A o KOS B AT RS AR A, A
ROF-7 TR Jm AR R S A R iz A, AR A T
/N WL % 22 (0,017 ), 45 4. 73 2 o 1 R ik %]
93.8%

(4) 5& T D1 38 fIe A 45 A0 i K B 28 ) CNIN
RS LT 4 5 A I AT 55 b RS T R WP R
BTN S BT A JE (ACC 2 99.0% ) 51534
FROBITIEIA 177.9 s) B BAF-P-47 , O 1 5 506
S JC ARSI S It T — b n] B A A DT 56
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