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Estimation of Wheat Yield in Wheat — Maize Rotation Based on
Multi-temporal and Multi-parameter Fusion
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Abstract: Yield prediction models can be improved by better integration of data and algorithms, and the
accuracy of yield prediction can be further improved by incorporating other factors such as those affecting
yield into the model. The research situation was addressed that the wheat — maize rotation system lacked
the direct incorporation of the previous crop information into the yield prediction and management of the
seasonal crop, a multi-temporal and multimodal crop yield prediction model based on GPR was
established by using remote sensing information of the growing season and yield information of the
previous maize crop, fusing multi-temporal and multimodal data such as remote sensing information of
wheat growing season at the jointing stage, filling stage and maturity stage, fertilization information before
sowing and soil properties. The results showed that the performance of the yield prediction model based
on the multiple growth periods was improved compared with that based on the single growth period, in
which the decision coefficient R® of the yield prediction model was improved by 0.01 ~ 0.03. The
accuracy of the yield prediction model based on the spectral indexes of wheat growing season at the
jointing stage was higher than the accuracy of the yield prediction model based on the spectral indexes of
wheat growing season at the filling stage, and the accuracy of the yield prediction model based on the

spectral indexes of wheat growing season at the maturity stage was the lowest, and the accuracy of the
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yield prediction model based on the jointing stage was slightly lower than that of the yield prediction
model based on the multiple growth periods, but the accuracy was similar. In the yield prediction models
based on the multimodal parameters fusion, the yield prediction models based on two-modal parameters
fusion had higher accuracy than the unimodal yield prediction models, except for the yield prediction
model constructed by fusing maize information with soil properties. The accuracy of the yield prediction
models with four-modal parameters fusion and three-modal parameters fusion was higher than that of the
corresponding yield prediction models with low-modal parameters fusion. The GPR model with four-modal
parameters fusion had a decision coefficient R* of 0. 92 and RMSE of 213. 75 kg/hm*, which improved R’
by 0. 02 to 0. 41 compared with the wheat yield prediction models based on other modalities. For wheat
yield prediction models based on multimodal parameters fusion, from large to small, the influence of each
modal parameters was as follows: fertilization information, wheat remote sensing information, soil
properties information, maize crop information. Maize crop information had the least improvement in the
accuracy of the yield prediction models based on the multimodal parameters fusion, which improved R* by
0.02 ~0.07. Maize crop information characterized the soil fertility condition of post-harvest to a certain
extent, and it was a high spatial resolution supplement to soil properties information, which could further
improve the ability to quantify soil fertility, then combined with other parameters, they can improve the
accuracy of wheat yield prediction. In conclusion, the research result provided a scientific basis and
method for the comprehensive utilization of soil-crop data and the comprehensive management of wheat-
maize rotation system.

Key words: wheat; maize; yield prediction model; crop information; multimodal parameters fusion;
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Fig. 1  Location of experimental area
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Fig.5 Determination of soil characteristic information
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Tab.2 Decision coefficient of yield estimation model

based on spectral indexes

i br % 3] THE e 3] J A
NDVI 0.75 0. 61 0.51
NDRE 0.70 0.59 0.56
GNDVI 0.76 0. 62 0.59
OSAVI 0. 60 0.57 0.54
LCI 0.71 0.59 0.55
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Tab.3 Performance of yield estimation model

based on spectral indexes

Eisgan R’ RMSE/ (kg-hm %)
NDVI 0.67 515.47
NDRE 0.62 556. 96
GNDVI 0.71 482. 58
0SAVI 0.58 589. 35
LCI 0. 64 541.76
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Tab.4 Regression model of wheat yield based on

single-modal information

[E-E30 [ U A5 78 R RMSE/ (kg-hm %)
+HEREEfF R GPR 0. 61 461. 47
EXRIEYFE  GPR 0.51 518. 30
Jiti AR A S8, e/ €2 EY 0.79 339. 31
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Tab.5 Evaluation of yield estimation model based on

two-modal parameters fusion

% RMSE/
(kg-hm %)

HHREEE R + EE R 0. 86 276. 28
N TEAE B + RS S 0. 86 275.30
INEEETEAE B (IR + MRS B 0.85 285.91
AN GGG B CHESRN) + LS B 0.84  286.88
INZE AT B OB + B B 0. 83 296. 14
INEEEE B + R R 0.84 301. 83
ANZECIEAE B (R + R R 0.81 321.12
ANFE AR B SR + LR R 0.74  373.38
AN B OB + RHERREEGE B 0.71 389. 66
M EAE B+ EREYER 0. 86 280. 96
NG B+ EREYE R 0. 83 310.75
INESETEAR B (R W) + EAREDE R 0.82 313.29
NSRRGSR + ERMEME A 0.69  406.05
INEE AR B OB + ERIEDE A 0.68  407.85
T HAEEE R + ERIEMER 0. 67 427.68
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Fig.7 Comparison of estimation and measured yields based on two-modal parameters fusion
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Tab.6 Evaluation of yield estimation model accuracy based on three-modal parameters fusion

2 R? RMSE/ (kg-hm %)

ANEOSETEE B+ RS B+ HEIE A B 0.90 240. 80
N i%v‘ﬁfé{n BRI + R R + B B 0.89 246. 93
INAE SR B (ER ) + RHER MR B + B ME B 0. 86 270.79
/N ﬁj‘twﬁfn BOORZI) + HHR S B + RIS B 0. 86 275.96
T HUF G R +EIEE R + ERESE A 0.90 233.30

FOGHHE R+ MIEE R + EARED(E R 0. 90 238.35
NGB B () + HUEE R + ERIEYER 0.89 239. 54
AN SIS B (HEHN) + IS B + EAREWE S 0.89 246. 89
INEEEIEAE B OB + HEE (S B+ TOREME A 0.88 252. 84
VEIEE R+ R R R + EREME A 0. 86 273.54
NIRRT + RHERE MR + EARMEYE R 0.83 302.38
AN SETHE B (HEHIN) + LR B + EAREWE L 0.75 361. 85
INFEEIEAE B OB + HHERRMEE A + EREVER 0.73 378.36
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Tab.7 Evaluation of yield estimation model accuracy based on four-modal parameters fusion

28 R? RMSE/ (kg-hm ~2)
/ini‘tiﬂﬁ{aﬁ(ﬁi?ﬂﬂﬂ) + B R ISR+ BRI A 0.91 229.34
AR R (ERE) + LR R +EEEE + EREMREE 0.91 226. 43
ANZECIEE B (BRI + BRI B + AR B +i7|<1/#%fam 0.91 222.08
INESETEAR B + RS B + IR A + EREYE R 0.92 213.75
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