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Hyperspectral monitoring of SPAD values in fresh tea leaves
based on spectral preprocessing and feature selection
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Abstract Rapid and non-destructive monitoring of SPAD values in fresh tea leaves is a key technical approach
for achieving precision nitrogen management in tea plantations. Given that the high moisture content and
substantial inter-varietal heterogeneity of fresh tea leaves lead to insufficient generalization capacity of existing

spectral monitoring models, this study aimed to identify an optimal technical pipeline of “spectral preprocessing-
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feature selection-modeling” tailored to the characteristics of fresh tea leaves. A total of 2 844 fresh tea leaf
samples were collected during the spring tea harvest seasons of 2025 and 2026. After excluding two samples
whose SPAD readings exceeded the coefficient of variation threshold, 2 842 pairs of valid data were retained.
Spectral data were acquired using an ASD FieldSpec 4 spectroradiometer, and SPAD values were simultaneously
measured with a SPAD-502 Plus chlorophyll meter. The effects of the combinations of five spectral preprocessing
methods with three feature selection strategies [ competitive adaptive reweighted sampling (CARS), successive
projections algorithm (SPA), and uninformative variable elimination C(UVE) ] on the predictive performance of
four modeling algorithms-partial least squares regression (PLSR), random forest (RF), support vector regression
(SVR), and back propagation neural network (BPNN)-were systematically compared. Model hyperparameters
were optimized via grid search combined with cross-validation. The results showed that the combination of first-
derivative preprocessing and the UVE algorithm yielded superior performance, selecting 225 key spectral bands
from the full spectrum. The RF model built on this feature subset achieved high accuracy on the training set
(R?=0.955 0, RMSE=2. 366 5) but exhibited a marked decline in performance on the test set (R°=0. 655 4,
RMSE=6.414 7), indicating limited generalization capacity under cross-variety and cross-harvest-period
conditions. After hyperparameter optimization, the independent validation performance of the RF model was
improved (R*=0.703 2, RMSE=6. 022 4), effectively alleviating the overfitting problem. Cross-year validation
further indicated that the inter-annual generalization capacity of the model still has room for improvement. In
conclusion, the optimized RF model established using the 225 feature bands selected by first-derivative preprocessing
combined with UVE effectively reduces data dimensionality while preserving chlorophyll-sensitive information, providing
methodological support for the rapid and non-destructive prediction of SPAD values in fresh tea leaves across different

varieties and harvest periods, as well as for precision nitrogen management in tea plantations.
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Fig. 2 Chlorophyll variation in fresh tea leaves of different varieties and periods
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Table 1 Selected feature wavelengths for fresh tea SPAD value

T 4k 3 5 vk g ; i AiE % B R /A LIPS 4 A S5 Uk ¥y AR 4 2%
. A 32 U7 2% . . . o
Preprocessing . Number of Correlation Cross-validation root mean
Feature extraction method o . ) s
methods characteristic bands coefficient R square error RMSECV
CARS 720 0.583 4 8.078 2
SPA 30 0.574 6 8.148 0
UVE 753 0.581 0 8.096 8
2y 3. 3t
IR 0 CARS+SPA 30 0.5839 8.074 2
Raw spectrum
CARS+UVE 429 0.5887 8.1155
UVE+SPA 30 0.574 6 8.148 1
UVE+CARS+SPA 23 0.5809 8.098 4
CARS 548 0.326 3 10.332 4
SPA 30 0.446 4 9.0810
ESn /& s UVE 455 0.406 5 9.389 8
Multiplicative CARS-+SPA 30 0.369 1 10. 203 2
scatter correction CARS+UVE 228 0.342 2 10.091 3
UVE+SPA 30 0.3856 9.701 4
UVE+CARS-+SPA 17 0.2887 11.050 1
CARS 663 0.549 8 8.2407
SPA 30 0.493 3 8.708 9
s A TF 245 4% 5 AR UVE 231 0.538 4 8.328 3
Standard normal CARS+SPA 30 0.492 1 8.712 4
variate CARS+UVE 430 0.537 8 8.3329
UVE+SPA 30 0.508 5 8.5718
UVE+CARS+SPA 15 0.384 7 9.570 5
CARS 720 0.6215 7.708 8
SPA 30 0.3535 9.586 1
UVE 225 0.702 6 7.673 3
N =
. P E‘Fﬁl.ﬁ CARS+SPA 30 0.494 5 8.601 6
First derivative
CARS+UVE 320 0.6127 7.699 0
UVE+SPA 30 0.426 9 9.079 5
UVE+CARS+SPA 19 0.3935 9.302 6
CARS 663 0.586 6 8.057 4
SPA 30 0.5899 8.030 8
I UVE 705 0.597 6 8.049 3
. CARS+SPA 30 0.584 5 8.074 5
Detrending
CARS+UVE 400 0.580 3 8.107 5
UVE+SPA 30 0.592 9 8.007 5
UVE+CARS+SPA 23 0.590 9 8.022 3
CARS 720 0.592 3 8.004 0
SPA 30 0.5959 7.9755
UVE 784 0.586 3 8.052 2
B . -
. CARS+SPA 30 0.579 3 8.187 1
Savitzky-golay
CARS+UVE 418 0.588 2 8.037 0
UVE+SPA 30 0.591 9 8.007 9
UVE+CARS+SPA 20 0.577 6 8.1212

1 CARS, 36 4P A 3 I 5 AR £ (Competitive adaptive reweighted sampling) s SPA , #% 22 # 5 5 7% (Successive projections algorithm) ;
UVE, {5 B2 # {4 Bk (Uninformative variable elimination) . -+ "3R8 Jr i M AL G o JRLAA G 1% 48 oK 28 T Acb 240 174 4 e B 0T o
Note: CARS, competitive adaptive reweighted sampling; SPA, successive projections algorithm; UVE, uninformative variable elimination.

“~+" indicates the combined use of methods. Raw spectrum refers to the full-band data that has not been preprocessed.
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Fig. 4 Visualization of feature wavelength selection
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(SVR .BPNN Fl RF)7E I Z5 B B 347 68 55 - 47l 12 A
ARHE L SVR B LT S5 s U591 . 2zl

SR AR RN AR A A 1) SIS 70 D0 A 18 1, T [T 5
JiR , SVREERIZE YN SR AE TG R BEAR &, Bl s B %
AT 11 S B L MR, eE RE(RDIA0.999 9,3
D7 AR 2 (RMSEXX 4 0. 099 6, BPNN ALK 2,
R*/0.9925,RMSE 4 0. 965 0, RF # gk 2 3 1 45
(R*=0.955 0,RMSE=2. 366 5), = ## 1 T
2k Pk PLSR # A (R?=0. 587 1, RMSE=7.169 5) .
FE 4 b A SR B B Ak (TR 6D, AR
SVR B RIE YN LR A 1 ROR M AT A AR KR i
T G IS B e 1 1 T
it K& T [ (R?=0.127 7,RMSE=10.205 6) . #

F2 ARMEEFEBLERTLL

Table 2 Comparison of results from different regression models

g5 4 R*

R? of training set

W] A Al
Regression model

W 4% RMSE
RMSE of training set

3K 48 RMSE
RMSE of test set

LA R

R? of test set

i i /s — 3 A1 4

. . 0.587 1
Partial least squares regression
B BIL 2% AR 0. 955 0
Random forest

S = A
BESATE ENE| - 0.999 9
Support vector regression
BP # £ W 4

S 0,992 5

Back propagation neural network

7.169 5 0.498 3 7.739 4
2.366 5 0.655 4 6.414 7
0.099 6 0.127 7 10.205 6
0.965 0 0.510 4 7.646 0
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Fig. 5 Comparison of scatter plots showing four models predicting chlorophyll content (SPAD value) in tea leaves

on the training set

HZ & RE AR 30 841 1 2 Ak Rk o, L 4
R*5 %] 0. 655 4, RMSE J7 6. 414 7, & %tk T BPNN
(R*=0.510 4, RMSE=7.646 0) fil PLSR (R* =
0.498 3, RMSE=7.739 4), RF 1 %I ¢ 4b B & %1 %¢
Fi Bk 2 R A G B R P R T B )
2.5 EEMRHK

Sy it — 25 B ALY A TROINORS BE L R AR 4 R

38 XA (Grid Search CV) X B AL Ak (RF )4 A (1
KESBIAT T ER MR IR . BENSH
45 U K W B & (n_estimators) | fx K BE JE
(max_depth) | fiz /] 73 2 FE A Z (min_samples_split)
Ko fe KAFAE L (max _features) . #8 2 5048 &K 25 ] %
® A :n_estimators€ [ 200, 500] , max_depthe [ 10,

50] , min_samples_split€ [3, 5] , max_features€

*3 HBEMRUER
Table 3 Model Optimization Results

LUEIIE S LIS ¥y 5 i 22
Dataset Correlation coefficient (R*) Root mean square error (RMSE)
Il &
o ﬁ:ﬁ 0.953 0 2.400 4
Training set
] 3t
Mg 0.703 2 6.022 4

Test set
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Fig. 6 Comparison of scatter plots showing the predicted chlorophyll content SPAD value in tea leaves by four models
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