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CELCICILEREN G o) JITHEEY With the growing global population, increasing pressure on natural

resources, climate change, and the rising importance of food security, accurate crop yield prediction—
particularly for wheat—has become a crucial research topic. In recent years, the integration of remote
sensing data, climatic information, and soil properties with machine-learning algorithms has created new
opportunities for estimating crop yields. However, many previous studies have either focused on a single
data source or have been conducted at limited spatial and temporal scales. Consequently, a gap still exists
in conducting comprehensive and comparative evaluations of models using multi-source datasets. The
aim of this study was to evaluate the capability of different machine-learning algorithms to predict wheat
yield using climatic variables and the remotely sensed Normalized Difference Vegetation Index (NDVI),
and to assess the generalizability of these models across different spatial and climatic conditions.

This study was conducted using multi-source data comprising climatic variables and the
remotely sensed Normalized Difference Vegetation Index (NDVI). The study covered nine regions in
Germany over a 22-year period, thereby enabling the assessment of spatial and temporal variations in
wheat yield. The XGBoost, Random Forest, and Ridge Regression algorithms were employed to predict
wheat yield. Among the investigated variables, NDVI and vapor pressure deficit (VPD), as an indicator of
atmospheric evaporative stress, were identified as important predictors in the model analyses. Model
performance was evaluated in terms of predictive accuracy and error using the coefficient of
determination (R?), root mean square error (RMSE), and mean absolute error (MAE). The study was
designed not only to analyze the data but also to enable a regional comparison between conventional
and advanced predictive models.

The results showed that the XGBoost algorithm outperformed both Random Forest and Ridge
Regression in predicting wheat yield. XGBoost was able to reconstruct spatial and temporal yield patterns
with lower error and higher explanatory power. The findings also indicated that NDVI and vapor pressure
deficit (VPD), as an indicator of atmospheric evaporative stress, were important predictors of wheat yield
patterns. Higher model accuracy was observed in more homogeneous and high-yielding regions, whereas
prediction errors increased in areas with greater environmental heterogeneity. Nevertheless, the overall
trend demonstrated that machine-learning techniques—especially gradient-boosting models—have
strong capabilities in capturing the complex relationships between environmental factors and crop yield.
Overall, the findings of this study demonstrate that integrating remote-sensing and climatic
data with advanced machine-learning algorithms can provide an effective tool for predicting wheat yield
and supporting decision-making in smart agriculture. The superior performance of XGBoost compared
with the other models indicates its strong capability to capture the nonlinear and multidimensional
relationships inherent in agricultural data. Nevertheless, this study had several limitations, including the
lack of farm-management data, such as sowing dates, cultivar types, irrigation levels, and fertilizer
application rates, as well as the absence of soil data with sufficient spatial and temporal resolution for
inclusion in the final models. Moreover, the use of more complex models may increase the risk of
overfitting when data are limited. Therefore, future studies are recommended to employ more
comprehensive datasets, hybrid spatiotemporal models, and advanced approaches such as recurrent
neural networks and convolutional neural networks. Such approaches could improve predictive accuracy
and model generalizability while enhancing the practical application of yield-prediction models in
sustainable agricultural management and food-security planning.
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Table 1: Evaluation of the performance of machine learning models in crop yield
prediction based on R?, RMSE, and MAE indices.

s Sle Uas
Model R? e
RMSE MAE
XGBoost 0.94 393.64 287.18
Random 0.92 468.44 392.42
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Ridge 0.88 559.07 453.87
Regression

S sl adgisl jo b Jaw obles =

o5 XGBoost a5 s oo Las (o-V- b Ve sl JS5) o Jow
Lsas Ve JSUo 50 XGBoost auds .S adgish Jed LB 7asg
o, las b gblic g do oo (el Swyody 5 |y ladlate o950
Random . Jilie ;o 080 oo oylis oz 5l Giow (g5lecdlo aau |, YL
Ll was o QU3L 1, U5 jbsle ax )51 2V S o Forest
oSl ol g9 b iblio jo Jaw 5 Canl yiaS o] Sl sl s
J55 0 Ridge Regression oS oo oledjlh S Oldim> b g Séla
o Sldi> 9 00,5 Jlael ) GG (g5lwools lie oy yiiin o=V ¢
ol sl ool S 1) e g Jlads e M) Bl dlos )
Joe 50 4y Cnd XGBOOSt a5 w2 oo )L g9 SlSe anslie
Lo |y ol elad lsle asl o, Slee jlade lasas ool 0B Koo

WS il (25 s 80

[Q y < .." / ”! f .

XGBoost Jaw ;o b sie Cowdl il 0
Oipmde VPD oS aas oo liad XGBoost Jaw VY S bl
b Sy plo & Cons 5 el pasS o Sles guiim ;o Jle
o ks aidly cpl oyl gleals Ojge 0 1) R? GualS oy iy
S8bes Sl 5 3,8 g S Cundg g Shsky 5 Spn sl
5 2LS Libg Condg il sali Glgiedy NDVELAG S 13 Coosnl
QT Pl ouds bl wed so Cowme oS Jolge 5l liren liwgid
(Tmax, Tmin,prcp,SR) b pxio plo .ol S VPD L auglio o
&k, 85T ;0 XGBoost (YU oblgs Sl 651 cpl i jls o )8 i

Predicted vs Observed (RandomForest)
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Fig. 8: Comparison of observed and predicted wheat yield values using the
Random Forest model.
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Regression model.
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Table 2: Relative importance of input variables in the XGBoost model based on
the Permutation Importance method.
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VPD 0.65 0.049
WS 0.19 0.016
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SR 0.10 0.012
prcp 0.04 0.006
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Table 3: Mean absolute SHAP values for NDVI and VPD by region in the XGBoost
model.
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Location NDVI (gl ,; SHAP VPD (sl,; SHAP

SHAP_mean_abs_NDVI SHAP_mean_abs_VPD
Augsburg 266.59 964.88
Erfurt Weimar 506.46 482.91
Freudenstadt 303.90 651.83
Hamburg 870.62 422.49
Kassel 401.64 494.07
Meiningen 494.34 517.55
Rostock 651.17 1000.80
Schleswig 491.82 1174.93
Weiden 538.99 462.13
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