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Abstract: To develop a universal blueberry soluble solids content (SSC) detection model adaptable to randomly arranged
production line scenarios, this study collected the SSC values of 300 blueberry samples and their hyperspectral data on four surfaces.
Partial least-squares regression, support vector regression, and Long Short-Term Memory (LSTM) were applied to construct both
local and universal models based on multi-surface spectral data. The results indicated that the local models constructed using single-
surface spectral data performed poorly in cross-surface prediction. In contrast, the universal models, constructed based on multi-
surface spectral data, significantly improve generalizability. Specifically, prediction correlation coefficients of the universal LSTM
model on the external validation set for the four surfaces were 0.963, 0.954, 0.964, and 0.962, respectively. The root-mean-square
errors of the predictions were 0.513%, 0.521%, 0.472%, and 0.483%, respectively, and the residual prediction biases were 3.32, 3.27,

3.61, and 3.52, respectively. This study validates the feasibility of constructing a universal SSC detection model based on multi-
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surface spectral data and demonstrates the potential application of the LSTM model in blueberry SSC detection. The LSTM universal

detection model constructed in this study provides a novel technical solution for the non-destructive detection of blueberry quality

on the production line. The multi-surface spectral fusion method can provide a theoretical reference for the development of quality

detection models for other small-sized fruits.
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Fig.1 Hyperspectral imaging system
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TP A AT AN RE 1O I TR 25 i H ) TU AR B,
B EVAES P H R PRl B A AR T T IIZR AR
SEMEFSGEE ; £ )2 LSTM i35 $2 B0 i $od i
SORRHE, HE5R TN ARG R AR RE T, MR
EErm 1 TS BE
1.6 FEAREX| 5 K&

AT FEARE AT T EHMRI 77, BERIER
— TG HE B 5 2 T O R A i g id AL X T AT,
FEB T 7R SIS R . A BT A Bl SRR T
300 A 27 1 1S B0 A SSC #idi . MEBUIE A 4 A
IR T ek 5, FER N —A % —1 SSC fEHix
o RIUL, AR AE I BE 65 4 4D6ISEdE A 1A
SSC {HARSE . AR HBENFEARI 73, ¥ A 24
A 2:1 [ EEAF] 53 I 2R P 50 46 11 B R0 A0 8 58 iE

336

5, JEXTRIEY SSC SEit 4 R R 1. WIZRS AR KILE
B 1) R A TR VPG R AR A o P AR R
I ZRIERE, M0 AN A0 6 E 5 U 58 4= Ak ar T4 AR ) 2,
BT IPME B A RE J1, LSS UE FLAE R R dls |-
i I A e
* 1 300MEFHSSCSEE
Table 1 SSC reference values of 300 blueberries

84T HA TEE /% TIME% AREE %

BT A A£A (300) 7.90~17.05 11.68 1.75
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SPEREESE (100)  8.95~17.00  12.00 1.71
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] 2 200 B BIECE 4R I AR AE 935~1 720 nm ¥
KX IR0 0 S . FTUUE . T ERTIEG
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Fig.2 Average spectral curves of the four surfaces of blueberries
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Fig.3 PCA score plot of spectral data from different

surfaces of blueberries
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T TR A7 2 R R . Ik, N T R A T
AT COFERWE. EZm. AFER-1 AR08 R-2)
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H RMSEP E KT 0.65. 5 R #BA R AR EL, i FH 4%
A HOE £ AT 0 A B 7 TU) 9 2 FL AR T SSC I R I
HE RS . FET PLSR. SVR Al LSTM #4) 2 [ 5
RIZESRAN . FE3E, JRiE-1 AZRIE-2 X DY T
RPD 4354 : PLSR #%4 2.79, 3.20. 3.16 1 3.21 ;
SVR #EH hy 2.67. 3.25. 3.04 fI13.22 ; LSTM Ny
3.32. 3.27. 3.61 f13.52, X% B PLSR F1 SVR f# 7
MIRCRARIE, 1 LSTM AR Y SR I B £, 440 A2 119 38 FH AL
RGeS L. FEAMFIRIESE b, LSTM FERL7E PYAN
(¥ 7, 43514 0.963. 0.954. 0.964 F10.962 ; RMSEP 4
58 0.513%- 0.521%-+ 0.472% F11 0.483% ; RPD 43 7]
A 3324 327, 3.61 A13.52, fdi il LSTM A5 %Y ¥ £ /1)
I FH AR LE AN SRR A b ) T 45 SR US4 B
o MEIFATLAE H, o B AE DY/ i 38 R I
T ERE, WA R SES MRS, KRB
B A e (P T v S

%2 FEEMER (PLSR) FESMEPIGIESR ERIEIRER

Table 2 Regression results of the local model (PLSR) on the external validation set

‘ RAad EE® i -1 it -2
Fy A4 (PLSR )

r, RMSEP RPD r, RMSEP RPD r, RMSEP RPD r, RMSEP RPD

RAmEAEA 0.946 0.652 2.61 0.885 0.983 1.73 0.928 0.870 1.95 0.947 0.655 2.59

E@AEA 0.857 0.998 1.70 0.970 0.431 394 0921 1.296 1.31 0.888 1.509 1.12

Frid & -1 A 0.947 0.642 2.65 0.932 0.870 1.95 0.961 0.530 3.21 0.958 0.649 2.62

Frid & -2 AEA 0.941 0.664 2.56 0.925 1.806 094  0.947 0.550 3.09 0.959 0.519 3.28

* 3 FEEE (SVR) 7ESMBIGIES ERIEIAZ R
Table 3 Regression results of the local model (SVR) on the external validation set
) RArd i 2 @ -1 b & -2

Er¥ Al (SVR)

r, RMSEP RPD r, RMSEP RPD 7, RMSEP RPD 7, RMSEP RPD

AR EALA 0.944 0.682 2.49 0.930 0.871 1.95 0.939 1.009 1.68 0.957 0.732 2.32

A% A A 0.879 0.946 1.80 0.975 0.420 4.04 0936 1.117 1.52 0.901 1.345 1.26

Frifdy-1 A2A 0.957 0.569 2.99 0.946 0.872 1.95 0.961 0.533 3.19 0.960 0.603 2.82

Frid & -2 AEA 0.950 0.529 3.21 0.916 0.859 1.98 0.952 0.529 3.22 0.969 0.431 3.94
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& 4 @A (PLSR. SVRHLSTM ) ZESMBIRIES FREIFL R
Table 4 Regression results of the universal model (PLSR, SVR, and LSTM) on the external validation set
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Fig.4 Regression analysis plot of predicted versus measured values of the universal model (LSTM) on the external

validation set for the different surfaces of blueburry
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