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Table 1 Factors influencing maize yield
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Table 2 Vegetation index and their calculation formulas

LEREE AR 71 ISk
EVI EVI =25 X (Ryg — Rp)/ (Ryp + 6 X Ry = 7.5 X Ry + 1) (1) [14]
GNDVI GNDVI = (R; = Rg)/ (R + Ry) (2) [15]
NDVI NDVI = (R, = Rg)/ (Rym + Ry) (3) [16]
SAVI SAVI=(1 + L) X (Ryp = Rp)/ (Ryp + Ry + L) (4) [17]
TCARI TCARI =3 X [(Rpy = Rp) = 0.2 X (Rpp — Rg) X (Rpp/Ry)] (5) [18]
VARI VARI = (R; - Ry)/ (R + Ry = Ry) (6) [19]
SR SR = Ryz/Ry (7) [20]
NDRE NDRE = (R,z = Rup)/ (Rye + Rpse) (8) [21]
MCARI MCARI = [(Rp; = Rp) = 0.2 X (Rp = Rg) | X (Reg/Ry) (9) [22]

TE: Ry WIELLANIEBE, R OMEZDEHEE, Ry WD CUEBE, R NSOGB, Ry WELNWEE, 2800 0y L3R 24 GEHFI0.5).

1.2.3 KEHIE
SEZHEREZMEDERETHZOEEZ
—, Kar. JEIR S HRE A K A SR %0
FREYIA O, Hoh, R R o PR G AV S R
YEFRAVED Y R BRCR,, JEEARF A& BB
P AR IR S P R R ) . IR A EH

AREEACR, Ll R e A 2R S R 45k
L BEAE TR R S0 BEAKREEY
HE MK AR, BERSHERF IR RS I e 57
WS astE, SRR AR S R R IR R
Pk, REE . SIS EEK S ZER R T A
R fS =P, = RO A il sl i 2L il



178 BEAN (FPIESL) Smart Agriculture

Vol. 8, No. 2

2N

fFE.

EN IR &R S NG I ER i I N W A AR
(European Centre for Medium-Range Weather Fore-
casts, ECMWF) (% ERA5-Land H [ i % 4 4 =,
£135 2018—2021 4F 6—9 H A[al A B W A4 b 1l <1
SERRR . BEKED . BEAUREE L AEXHREE . Zem X
B g KU R BH R S K PSR S AR R A
(231 HEK 0.1°X0.1°)

1.2.4 HIEWALRE

U T2 e R s A e K HL o3 B A
TAFE R &, A R b B 7 2T i ok
HEMHELNBAIE T, ik, RIS ZHE
BARIAT RGALEA AN BT . e, X EORAE K
W (6 HwIz29 AJK), #EHL2018—2021 4F 6—9 H
M H RBERR R, IR Ert . $50 1 . ki
KFLA (BARR TR IR 3 frR), HEEOT
7 IS B SRS | AR R s M R s R,
XoF S0 B B T AF AR D B RAE SR RS
(BLVE IR AR R () P 90 i 2 s fefm, it AUk
PSR TR 5 R 2B G— 2 1 km BAE R
JE, HfaS RICECIR 2£<5%, @it FiRabEe, &5
Je B AR R WA T 12 D S T (4 PCMCLA.
B ), AR SRR AL T AR MEAL . B AT AR
g AFER

3 FARAMARKIFERNXBETH

Table 3 Key growth stages of maize in different research regions
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Fig. 3 Flowchart of the MA-CNN-LSTM model

prediction process
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Fig. 4 Technical roadmap for research on farmland maize yield

prediction model based on causal inference and machine learning
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Fig. 5 P-value between different meteorological, crop, soil, remote sensing factors and yield
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Table 6 Evaluation results of different maize yield

prediction models

Model MAE/(kg/fii)  RMSE/(kg/Hi) R’
SVR 2.363 2.943 0.821
CNN 2.007 2.564 0.864
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Table 7 Ablation experiment evaluation results of maize yield

prediction models

Model Factor MAE/  RMSE/ .
PCMCI MA  (kg/mr)  (kg/mi)
x x 1,798  2.105  0.908
x 1.359 1.691 0.941
CNN-LSTM
x N 1.564 1.924 0.923
N N 1.201 1.474 0.955
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Abstract: [Objective] Maize is one of the most important staple crops in the world and serves as a cornerstone of food security and agri-
cultural sustainability. Accurate and timely prediction of maize yield is essential for optimizing agricultural management practices,
supporting market regulation, and guiding policy decisions related to food supply and climate adaptation. In recent years, data-driven
yield prediction methods based on machine learning and deep learning have achieved notable improvements in predictive accuracy.
However, most existing approaches primarily rely on statistical correlations among variables and often treat influencing factors as in-
dependent predictors, without explicitly addressing the complex causal mechanisms and time-lagged interactions that govern crop
growth processes. This limitation may lead to reduced model interpretability and compromised robustness under changing environ-
mental conditions. To address these challenges, a novel maize yield prediction framework that integrates causal inference with a hy-
brid deep learning model was proposed, aiming to improve both predictive performance and mechanistic understanding. [Methods]
Multi-source heterogeneous datasets collected across the maize growing season were utilized, including remote sensing-derived vege-
tation indices, meteorological variables (such as temperature and precipitation), soil profile moisture measurements at multiple depths,
and crop observation data corresponding to key phenological stages. First, the Peter-Clark and momentary conditional independence
(PCMCI) causal discovery algorithm was applied to systematically identify causal relationships between maize yield and its potential
driving factors. The PCMCI method enables the detection of both contemporaneous and time-lagged causal links while effectively
controlling for confounding effects in high-dimensional time series data. Through this process, the causal structure of yield formation
was explicitly characterized, and key variables with statistically significant causal impacts were selected as inputs for the prediction
model. Subsequently, a hybrid moving average, convolutional neural network-long short-term memory (MA-CNN-LSTM) model was
constructed to capture the complex spatiotemporal patterns in the causally screened input variables. Specifically, a moving average
module was employed as a preprocessing step to suppress high-frequency noise and enhance signal stability. A CNN was then used to
extract latent correlation features among multiple variables, reflecting their joint influence on yield formation. Finally, an LSTM net-
work was adopted to model temporal dependencies and cumulative effects across the growing season, enabling effective representa-
tion of dynamic yield responses. [Results and Discussions] The causal analysis revealed that soil moisture at depths of 10 cm and 50 cm
exerted a significant positive influence on maize yield (P < 0.01), with deeper soil moisture showing a stronger and more persistent
time-lagged effect. This finding highlighted the critical role of subsurface water availability in sustaining crop growth during later de-
velopmental stages. In addition, vegetation indiced such as the modified chlorophyll absorption ratio index and the normalized differ-
ence vegetation index exhibited significant short-term causal relationships with yield during the mid-growth stage of maize, indicating
their sensitivity to canopy structure and photosynthetic activity during this period. Comparative experiments conducted against tradi-
tional statistical models and conventional machine learning approaches demonstrated that the proposed PCMCI-MA-CNN-LSTM
framework consistently achieved superior predictive performance. On the test dataset, the coefficient of determination (R*) reached
0.955, while the mean absolute error (MAE) and root mean square error (RMSE) were reduced to 1.201 kg/mu and 1.474 kg/mu
(1 hm*=15 mu). These results indicated that incorporating causal variable selection effectively enhances model accuracy and stability
by reducing redundant and spurious correlations. [Conclusions] The results confirm that incorporating causal analysis into yield model-
ing provides a robust basis for identifying key driving variables and effectively enhances the accuracy and interpretability of maize
yield prediction. The proposed framework offers a promising approach for precision agriculture and decision support in crop yield
forecasting, particularly under complex and dynamic agro-environmental conditions.
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