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Abstract
A multi-model fusion strategy was proposed on the basis of Stacking ensemble learning. A base learner pool was constructed, containing Partial Least Squares
(PLS), Support Vector Machine (SVM), Deep Exireme Learning Machine (DELM), Random Forest (RF), Gradient Boosting Decision Tree (GBDT) , and
Multilayer Perceptron (MLP). PLS, DELM, and Linear Regression (LR) were used as meta-learner candidates. Employing integer coding technology, systematic

[ Objectives ] This study was conducted to achieve rapid and accurate detection of protein content in rice with a particle size of 1.0 mm. [ Methods ]

dynamic combinations of base learners and meta-learners were generated, resulting in a total of 40 non-repetitive fusion models. The optimal combination was select-
ed through a comprehensive evaluation based on multiple assessment indicators. [ Results | The combination " PLS-DELM-MLP-LR" (code 1367) achieved coeffi-
cients of determination of 0.973 2 and 0.978 0 on the validation set and independent test set, respectively, with relative root mean square errors of 2.35% and
2.36% , and residual predictive deviations of 6.107 5 and 6.747 9, respectively. [ Conclusions] The Stacking fusion model significantly enhances the predictive

accuracy and robustness of spectral quantitative analysis, providing an efficient and feasible solution for modeling complex agricultural product spectral data.
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Rice is a staple food for over half of the world’s population.
Its nutritional quality, particularly protein content, is one of the
key indicators for assessing its edible and market value''’. Al-
though traditional chemical detection methods yield accurate re-
sults, they involve complex procedures, are time- and labor-inten-
sive, destroy samples, and pose risks of chemical reagent pollu-
tion, making it difficult to meet the demands of modern agricultur-
al products for rapid, non-destructive, and online quality detec-
tion"”'. Near-infrared spectroscopy ( NIRS) analysis technology
has been widely applied in the field of agricultural product quality
detection due to its advantages of high speed, non-destructive-
ness, and environmental friendliness™*’.

However, spectral data typically exhibit characteristics such
as high dimensionality, nonlinearity, and multicollinearity, while
single models often have limitations and struggle to balance accu-
racy with generalization capability. Currently, modeling approa-
ches for spectral data are primarily divided into linear and nonlin-
ear categories. Linear models such as PLS can handle multicol-
linearity, but are inadequate for capturing complex relation-
shipsw. Nonlinear models such as SVM, RF, GBDT, and neural
networks can characterize nonlinear features, but are prone to

®!. To overcome the limitations of single models, en-

overfitting
semble learning enhances overall performance by integrating pre-
dictions from multiple models, aiming to achieve superior generali-

zation capability compared with single-component learners. Among

Received: September 3, 2025 Accepted: November 6, 2025

Shengye WANG (2001 - ), male, P. R. China, devoted to research about in-
telligent analysis and processing of multi-source data.

# Corresponding author.

Rice protein; Near-infrared spectroscopy; Stacking ensemble learning; Multi-model fusion; Integer encoding

these methods, Stacking is an advanced ensemble strategy that
employs a meta-learner to learn and combine the primary predic-
tions of multiple base learners, thereby forming a hierarchical
model fusion framework'®’.

Based on rice samples with a 1.0 mm grinding particle size,
this study was condcuted to transcend traditional single-model ap-
proaches by innovatively integrating multiple representative linear
and nonlinear algorithms into a unified Stacking framework. To
systematically explore the optimal model structure, integer enco-
ding technology was introduced for standardized identification and
dynamic combination screening of the learner pool. Through com-
prehensive evaluation, a Stacking fusion model that combines high
predictive accuracy, strong generalization capabilit and practical
efficiency was constructed. This study provides reliable technical
support for the rapid and precise detection of rice protein content,
while offering a novel solution for multi-model fusion modeling in

handling complex spectral data.

Materials and Methods
Samples and spectral collection

In This study, 150 representative rice varieties were selected
from high-quality rice cultivation areas in Northeast China. Sam-
ple pretreatment involved using a THU35C hulling device for three
rounds of dehulling, followed by two rounds of polishing with a
TMO5C rice polishing machine. The resulting milled rice samples
were packaged in No. 8 ziplock bags. They were pulverized using
an FZ-102 miniature plant sample grinder and sieved through a
standard sieve to accurately obtain samples with a particle size of
1.0 mm. The crushed samples were packaged in No. 3 ziplock

bags and stored in a dry and ventilated environment. Spectral data
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collection was performed using a TANGO Fourier transform near-
infrared spectrometer equipped with an integrating sphere diffuse
reflection detection module. The wavenumber range covered
3946 -11 542 ecm™', and the spectral resolution was set at
8.0 cm™'. The data recording mode was selected was absorbance.
To minimize the impact of random noise, each sample was scanned
three times, and arithmetic means were calculated to generate a
standard spectral dataset. Simultaneously, the Kjeldahl method
was applied to accurately determine the protein content of each
sample , serving as the reference value for model establishment and
validation.
Spectral preprocessing and dataset division

To eliminate interference from baseline drift, light scattering,
and noise, necessary preprocessing was applied to the raw spectral
data. In this study, we compared the effects of multiple prepro-
cessing methods and selected the optimal combination: Savitzky-
Golay filters (SG) and baseline correction (BC)""'. Under the
Monte Carlo Cross-Validation (MCCV) framework, an analysis of
residual statistical distribution characteristics was employed for
outlier detection. Samples with significantly high residuals devia-
ting from the main data cluster were identified as outliers and re-
moved. Subsequently, the random selection method was used to
extract samples from the original dataset to form an initial model-
ing subset, while a small number of unselected samples served as
an external test set to evaluate the generalization capability of the
model. Following this, based on the spatial distance maximization
principle of the Kennard — Stone method, highly representative
samples from the initial modeling subset were sequentially selected
into the calibration set, while a validation subset was simultane-
ously constructed for model performance assessment™ .
Optimal wavelength selection

The raw near-infrared spectral data of rice samples often
contain environmental noise and non-target signals. The Uninform-
ative Variable Elimination (UVE) method, based on the princi-
ples of Partial Least Squares (PLS) Regression, introduces virtual
noise channels to establish variable stability criteria, enabling di-
mensionality reduction and feature selection for high-dimensional
spectral data’ . First, PLS regression is performed on the original
spectral matrix X, ,,, and the target parameter matrix Y, to

(mxn nxl1

determine the optimal number of latent variables. Subsequently, a

random noise matrix N equivalent to the instrument error

mxn)
level is generated and horizontally concatenated with the original
spectral matrix to form an extended matrix X, ,,,,. The first m
columns represent the real spectral variables, while the latter m
columns serve as virtual noise channels. Full-spectrum regression
modeling is performed on Xy and Y, and the regression coefficient
matrix B, ,,, is obtained using leave-one-out cross-validation.
The mean and standard deviation of the regression coefficients
for each column are calculated, and a stability indicator is

constructed.

| i -
MEAN, == %b,, S, _Jﬁj;(by — MEAN,) (1)

|MEAN, |
e )

The maximum value of H, from the virtual noise channels
(columns m +1 to 2m) is taken as the screening threshold H .

When H, <H,

ted, retaining effective characteristic wavelengths to construct the

na » the corresponding spectral variables are elimina-
optimized spectral matrix X, .
Encoding strategy and stacking framework

This study selected six algorithms with excellent performance
in spectral modeling to construct a base learner pool, each as-
signed an integer code: PLS(1), SVM(2), DELM(3), RF(4),
GBDT(5), MLP(6). The meta-learner is responsible for the final
integration of the outputs from the base learners; PLS(1), DELM
(3), LR(7). To systematically explore the performance of differ-
ent combinations, integer encoding technology was employed to
uniquely identify each model combination. Three out of the six
base learners are selected for combination, and one out of the
three meta-learners is chosen. The base learner codes are arranged
in the order of the selected model numbers, while the meta-learner
code is listed separately. For example, "1237" indicates that the
base learners are PLS(1), SVM(2), and DELM(3), and the
meta-learner is LR(7). According to the principle of combinatori-
al mathematics, selecting 3 out of 6 base learners [ C(6,3) =20
combinations | and pairing them with one of the 3 meta-learners
generates 60 potential combinations. However, under the con-
straint that " base and meta-learners cannot be duplicated" , 40
valid combinations are retained after eliminating redundancies.

This study employs a two-layer Stacking framework. First
layer (base learner layer) ; Multiple base learners are trained on
the calibration set using 5-fold cross-validation, generating their
predictions (i. e. , meta-features) for the calibration set, valida-
tion set, and independent test set. Second layer ( meta-learner
layer) : The meta-features of the calibration set generated in the
first layer are used as new input features, with the corresponding
reference protein content as the output, to train the meta-learner.
Finally, the trained meta-learner is applied to predict the meta-
features of the validation set, yielding the final results of the Stac-
king model’.
Model evaluation and optimal combination selection

To comprehensively and fairly evaluate the performance of
each combination, multiple statistical indicators were used for as-
sessment ; the coefficient of determination (R*) , root mean square
error (RMSE) , relative root mean square error (rRMSE), and
residual predictive deviation (RPD). R’ is used to measure the
model’s explanatory power for the calibration set, validation set,
and independent test set data. RMSE is used to measure the devi-
ation between predicted and actual values, reflecting the predic-
tive accuracy of the model. rRMSE is the ratio of RMSE to the

mean, effectively eliminating the influence of mean or dimensional
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differences on RMSE. Combinations with high R*, comparable
RMSE, rRMSE below 5% , RPD greater than 3, and acceptable
operational efficiency are prioritized as the optimal Stacking fusion

model "

Results and Analysis
Performance comparison of single models
First, the performance of the six base learners as single mod-

els under UVE-optimized wavelengths was evaluated, as shown in

Table 1.

The results indicated significant differences in the predic-
tive capabilities of various algorithms for rice protein content.
Nonlinear models demonstrated excellent fitting performance on
the calibration set, but their R* values showed considerable fluc-
The linear model PLS exhibited

stable performance, though its predictive accuracy ceiling may

tuation on the validation set.

be lower than some high-performing nonlinear models. These
findings confirm the limitations of single models and underscore
the necessity of leveraging ensemble methods to combine their

strengths.

Table 1 Performance comparison of linear and nonlinear single models under UVE optimal wavelength

1.0 mm UVE

) R? R? R? RMSEC RMSEV RMSET rRMSEC rRMSEV rRMSET RPDV RPDT
Single model
RF 0.908 6 0.698 2 0.751 1 0.269 9 0.536 8 0.5525 0.040 0 0.078 9 0.079 3 1.8514 2.065 6
PLS 0.966 2 0.965 9 0.963 4 0.164 1 0.180 4 0.2117 0.024 3 0.026 5 0.030 4 5.416 4 5.229 1
SVM 0.972 7 0.967 5 0.970 9 0.147 4 0.176 3 0.188 9 0.021 8 0.0259 0.027 1 5.543 4 5.8622
DELM 0.966 4 0.969 7 0.964 1 0.163 5 0.170 2 0.209 9 0.024 2 0.0250 0.030 1 5.8383 5.4370
GBDT 0.993 2 0.8295 0.8375 0.073 4 0.403 5 0.446 5 0.0109 0.059 3 0.064 1 2.462 9 2.5557
MLP 0.956 5 0.917 8 0.931 1 0.186 0 0.280 1 0.290 6 0.027 6 0.041 2 0.0417 3.548 0 3.9270

Performance screening of multi-model stacking fusion combi-
nations

A systematic evaluation was conducted on 40 valid Stacking
combinations. Most Stacking fusion models outperformed the best
single model, demonstrating the effectiveness of the ensemble

strategy. A gradient distribution in performance was observed a-
mong different combinations, indicating that the selection of base
learners and their compatibility with the meta-learner are critical to

the final performance.

Table 2 Comparison of Stacking model performance when choosing PLS as a meta learner

1.0 mm UVE  Length

K Rf Rf th RMSEC RMSEV RMSET rRMSEC ~ rRMSEV rRMSET RPDV RPDT
Stacking model (best)
2341 699 0.962 6 0.968 5 0.979 0 0.172 5 0.173 5 0.160 6 0.025 6 0.0255 0.0230 5.6307 6.895 4
2351 699 0.9626  0.969 3 0.9782  0.1727 0.171 1 0.1634  0.0256 0.0252 0.0235 5.711 0 6.774 4
2361 699 0.962 5 0.969 3 0.9786 0.1728 0.171 1 0.1619 0.025 6 0.0252 0.023 2 5.710 7 6.839 3
2451 699 0.930 3 0.947 6 0.943 2 0.2357 0.2237 0.263 9 0.0349 0.0329 0.0379 4.367 1 4.195 6
2461 699 0.937 4 0.946 6 0.963 4 0.2233 0.2258 0.2119 0.033 1 0.0332 0.030 4 4.3267 5.2258
2561 699 0.9352  0.9522 0.9526 0.2273 0.2135 0.2409 0.033 7 0.031 4 0.034 6 4.576 1 4.595 1
3451 699 0.962 2 0.970 7 0.964 3 0.173 6 0.167 3 0.209 3 0.0257 0.024 6 0.0300 5.8415 5.290 1
3461 699 0.962 0 0.970 8 0.963 0 0.174 1 0.166 9 0.2129 0.025 8 0.024 5 0.030 6 5.854 1 5.201 1
3561 699 0.961 9 0.970 5 0.964 5 0.174 2 0.167 8 0.208 6 0.025 8 0.024 7 0.029 9 5.822 6 5.307 0
4561 699 0.900 8 0.9434 0.8700 0.2811 0.2325 0.399 2 0.041 6 0.034 2 0.057 3 4.203 0 2.773 6
Table 3 Comparison of Stacking model performance when choosing DELM as a meta learner
;tilz':; Ii.\o[fel (LEZ‘:":})‘ R R R RMSEC RMSEV ~ RMSET rRMSEC (RMSEV RMSET  RPDV  RPDT
1243 699  0.8618 0.8224 0.8621 0.3318 0.4118 0.4111 0.0492 0.0605 0.0590 2.3728 2.6928
1253 699 0.893 0 0.863 1 0.901 8 0.292 0 0.3615 0.347 0 0.0433 0.0532 0.049 8 2.702 7 3.190 4
1263 699 0.939 3 0.957 1 0.946 5 0.219 9 0.202 5 0.256 1 0.032 6 0.029 8 0.036 8 4.8258 4.323 6
1453 699 0.9550 0.9670  0.967 1 0.189 3 0.177 6 0.2009 0.028 0 0.026 1 0.028 8 5.5009 5.509 3
1463 699 0.854 9 0.865 7 0.847 3 0.3399 0.358 0 0.432 6 0.050 4 0.052 6 0.062 1 2.729 1 2.559 4
1563 699 0.9551 0.968 1 0.967 2 0.189 1 0.174 5 0.200 6 0.028 0 0.0257 0.028 8 5.600 4 5.520 2
2453 699 0.924 0 0.939 5 0.9389 0.246 0 0.240 4 0.273 7 0.036 5 0.0353 0.0393 4.065 3 4.0453
2463 699 0.938 1 0.9470 0.958 3 0.222' 1 0.2250 0.2261 0.0329 0.033 1 0.0325 4.3419 4.896 6
2563 699 0.926 6 0.939 4 0.9457 0.241 8 0.240 5 0.2579 0.0358 0.035 4 0.0370 4.062 8 4.292°5
4563 699 0.848 7 0.8326 0.8329 0.347 2 0.399 7 0.452 6 0.051 4 0.058 8 0.065 0 2.444 4 2.446 3
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Table 4 Comparison of Stacking model performance when choosing LR as a meta learner

1.0 mmUVE Length

. Rz Rf th RMSEC RMSEV RMSET rRMSEC  rRMSEV ~ tRMSET RPDV RPDT
Stacking model  (best)
1237 699 0.9603 0.9709 0.9703 0.1778 0.1668 0.1908 0.0263 0.0245 0.0274 5.8585 5.8035
1247 699 0.958 1 0.9682 0.9648 0.1827 0.1743 0.2076  0.027 1 0.0256 0.0298 5.6044  5.3331
1257 699 0.9598 0.9663 0.9629 0.1790 0.1795 0.2132 0.0265 0.0264 0.0306 5.4447 5.1917
1267 699 0.9594 0.9673 0.9639 0.1798 0.176 7 0.2104 0.0266 0.0260 0.0302 5.5300 5.2613
1347 699 0.9577 0.9700 0.9680 0.1836 0.1693 0.1979 0.0272 0.0249 0.0284 5.7699  5.5929
1357 699 0.9584 0.9669 0.9685 0.1821 0.1779 0.1966  0.0270 0.0262 0.0282 5.4927 5.6312
1367 699 0.9590 0.9732 0.9780 0.1808 0.1600 0.1641 0.0268 0.0235 0.0236 6.1075 6.7479
1457 699 0.9558 0.9693 0.9676 0.1877 0.1712 0.1991 0.0278 0.0252 0.0286 5.706 8 5.5592
1467 699 0.9558 0.9695 0.9674 0.1877 0.1705 0.1998 0.0278 0.0251 0.0287 5.7295 5.5400
1567 699 0.9573  0.9690 0.9666 0.1845 0.1721 0.2024 0.0273 0.0253  0.029 1 5.6770  5.469 3
2347 699 0.9628 0.9683 0.9794 0.1722 0.1740 0.1589 0.0255 0.0256 0.0228 5.6139  6.966 2
2357 699 0.9637 0.9707 0.9763 0.1699 0.1673 0.1705 0.0252 0.0246 0.0245 5.8397 6.4946
2367 699 0.9636 0.9665 0.9789 0.1702 0.1790 0.1608 0.0252 0.0263  0.023 1 5.460 1 6.8855
2457 699 0.9313  0.9459 0.9437 0.2340 0.2272 0.2627 0.0347 0.0334 0.0377 4.300 1 4.213 8
2467 699 0.9397 0.9501 0.9577 0.2191 0.2183 0.2276 0.0325 0.0321 0.0327 4.4756 4.8637
2567 699 0.9357 0.9518 0.94999 0.2262 0.2146 0.2479 0.0335 0.0315 0.0356 4.5533  4.4665
3457 699 0.9624 0.9688 0.9636 0.1730 0.1725 0.2111 0.0256 0.0254 0.0303 5.6654 5.2444
3467 699 0.9636 0.9707 0.9560 0.1704 0.1672 0.2323 0.0252 0.0246 0.0333 5.8444 4.7662
3567 699 0.9628 0.9713 0.9581 0.1721 0.1656 0.2266 0.0255 0.0243 0.0325 5.9019 4.8366
4567 699 0.9035 0.9376 0.8546 0.2772 0.2440 0.4222 0.0411 0.0359 0.0606 4.0037 2.6222

Through performance ranking, the combination coded
"1367" was found to exhibit the best overall performance in multi-
ple indicators. This combination achieved the highest R* and the
lowest RMSE on both the validation set and the independent test
set, and its RPD value was significantly greater than 3, indicating
exceptionally strong model generalization without overfitting.

These results further confirm the model’s outstanding predictive

capability.
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Fig. 1 Scatter plot of measured and predicted values in the optimal
stacking combination

Analysis of the optimal Stacking model

The optimal combination " PLS — DELM - MLP - LR" skill-
fully integrates the linear stability and feature extraction capability
of PLS, the deep nonlinear feature learning ability of DELM, and
the powerful function approximation capacity of MLP. The meta-
learner employs a simple LR, which, though not introducing addi-

tional complex nonlinearity, effectively performs optimal linear

weighting on the outputs of the three highly diverse base learners.
Compared with single models, this Stacking model significantly re-
duces RMSE, with predictions closer to the measured values. Its
structure is concise and allows for parallel training, making it suit-
able for rapid detection systems. Fig. 1 shows that both the vali-
dation set and independent test set data points are distributed
along the 1 : 1 line, with R* exceeding 0.97, RMSE around
0.16, and significantly smaller prediction errors, and the number
of outliers is reduced, demonstrating excellent prediction consis-
tency, which meets practical detection requirements’ .

Conclusions and Discussion

The multi-model fusion method based on Stacking proposed
in this study successfully achieved near-infrared spectral detection
of rice protein content with a 1.0 mm grinding particle size. By
constructing a diverse learner pool comprising both linear and non-
linear algorithms and innovatively adopting integer encoding tech-
nology to systematically guide model combination and screening,
the optimal Stacking fusion model ( coded 1367 ) was ultimately
established, with PLS, DELM, and MLP as base learners and LR
as the meta-learner.

The model fully integrates the advantages of different algo-
rithms, demonstrating high accuracy and stability on both the vali-
dation set and the independent test set. It significantly enhances
the predictive accuracy, robustness, and generalization capability
for rice protein content, overcoming the potential limitations of
single models. This study not only provides a practical and effec-
tive solution for the rapid, non-destructive, and high-precision de-
tection of rice protein content, but also offers an innovative
" multi-model fusion modeling" approach and reference for rapid

quality detection of agricultural products and complex spectral
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modeling. Future work will focus on extending this framework to [6]
more quality indicators and crop varieties, while further optimizing
model efficiency to meet the real-time requirements of online

(7]

detection.
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