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Construction of blueberry hardness prediction soluble solid content and
vitamin C model based on Stacking framework
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ABSTRACT: Objective To explore a fast and nondestructive method to predict the soluble solid content (SSC)
and vitamin C (VC) content of blueberry based on its mass and hardness, and provide a new idea for the prediction of
chemical composition of blueberry. Methods Through the correlation analysis of blueberry mass, hardness with the
SSC and VC, a prediction model of the SSC and VC based on one-dimensional features of mass and hardness was
established. Secondly, polynomial features were added to the hardness to do the dimensional lift and the same study

was carried out in the same dimension. Finally, the prediction effects of Stacking framework with a single model and
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the addition of polynomial features were compared. Results

Under one-dimensional feature condition,

coefficient of determination (R?) of the hardness prediction of SSC and VC based on Stacking framework was

0.873 and 0.875, respectively, which was better than the prediction of mass and single model; under the condition of

multi-dimensional features, when hardness was added to the 3rd power, it was the best to predict the SSC, R? was

0.889; when hardness was added to the 12th power, it was the best to predict the content of VC, R? was 0.890, which

was better than one-dimensional features. Conclusion The Stacking framework combined with the addition of

polynomial features has good potential for rapid and nondestructive prediction SSC and VC based on blueberry

hardness, which provides a new way for blueberry quality detection.

KEY WORDS: Stacking framework; adding polynomial features; blueberry; physical and chemical indicators
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Table 1 Physical and chemical indicator results of standard
score calculations

B A T A SSC vC
3.2923 (70) 2.7107 4.0132 (281)  4.5866 (10)
2.1905 27107 3.8516 (270)  3.0540 (26)
2.1497 2.2051 3.1336 (238) 2.9633
1.9457 2.1964 2.8464 2.7521
1.7824 2.0063 2.7746 2.3906
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Table 2 Parameters of each learner based on mass (hardness)
prediction model

B FESHUE
ADA learning_rate=0.3, n_estimators=25(30)
learning_rate=0.5, num_iterations=300
LGBM max_depth=3(5), min_child samples=10
learning_rate=0.5, n_estimators=50,
XGB max_depth=10
GBRT learning_rate=0.3, n_estimators=200
max_depth=5
SVR ¢=100, epsilon=0.1, gamma=30
MLP hidden_layer sizes=13(3), activation="‘relu’
learning_rate init=0.001, solver="adam’
RF n_estimators=150, max_depth=15
KNN n_neighbors=4(5)
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Table 3 Hardness prediction VC model euclidean distance analysis

fEL 1) 1 2 A A AR S
MLP RF GBRT LGBM XGB ADA KNN LR SVR

MLP 0.000

RF 2.236 0.000

GBRT 2.214 2.599 0.000
LGBM 2.351 2.508 2.689 0.000

XGB 2.560 2.556 2.350 2.382 0.000

ADA 2.053 2.364 2.220 2.262 2.355 0.000

KNN 2.262 2.587 2.638 2.591 2.800 2.491 0.000

LR 2.169 2.605 2.652 2.793 2.686 2.414 2.798 0.000

SVR 2.344 2.520 2.512 2.576 2.385 2.260 2.632 2.622 0.000
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Table 4 Results of learner selection under different conditions
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Table 5 Correlation change between hardness and SSC, VC content after polynomial feature processing
Y X! X2 X3 x4 X X¢ X’ X3 X’ X1 X! X2 X! x4 X
teb SSC  —0.639 —0.640 —0.641 —0.640 —0.639 —0.637 —0.632 —0.631 —0.621 —0.608 —0.581 —0.570 —0.353 —0.075 0.000
VC  0.704 0.703 0.702 0.699 0.696 0.691 0.686 0.683 0.672 0.661 0.609 0.624 0.344 0.093 0.000
F 6 ARMBIRAHER UM LR
Table 6 Prediction results when adding polynomial features
) T SSC 455 i Ve g5 R
Yepx

R RMSE MAE R RMSE MAE
X 0.875 0.244 0.191 0.881 0.261 0.204
X3 0.889 0.232 0.181 0.878 0.267 0.206
x4 0.872 0.249 0.194 0.879 0.264 0.200
X 0.883 0.241 0.192 0.872 0272 0.209
X° 0.871 0.245 0.194 0.871 0.262 0.210
X 0.877 0.244 0.187 0.876 0.266 0.209
X3 0.874 0.248 0.196 0.880 0.261 0.193
x° 0.871 0.243 0.189 0.881 0.262 0.201
X! 0.883 0.258 0.198 0.877 0.265 0.202
X! 0.866 0.255 0.197 0.885 0.262 0.203
X' 0.877 0.249 0.197 0.890 0.250 0.191
X' 0.878 0.245 0.196 0.881 0.260 0.201
X' 0.860 0.254 0.198 0.881 0.257 0.201
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Table 7 Comparison results of single model and Stacking framework

I EE T SSC 2551

A B T VC 457

LAY R? RMSE MAE LAY R? RMSE MAE
ADA 0.871 0.253 0.193 LR 0.856 0.286 0.228
SVR 0.816 0.290 0.228 KNN 0.850 0.283 0.221
GBRT 0.851 0.268 0.207 RF 0.865 0.278 0.202
MLP 0.795 0.319 0.254 GBRT 0.864 0.276 0.201
XGB 0.849 0.266 0.208 XGB 0.861 0.273 0.200
Stacking HE42 0.873 0.250 0.194 Stacking HEZE 0.875 0.263 0.199
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