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Multisource Data Integration for Enhanced Wheat Yield Prediction Using Optimized 7 

Ensemble Machine Learning Approaches 8 

Abstract: Accurate wheat yield prediction is vital for food security in the face of increasing 9 

climate variability, yet traditional models often struggle to capture the complex interactions 10 

between crops and their environment. This study evaluates a multisource prediction framework 11 

across China’s major wheat-growing regions, integrating climate and remote sensing data 12 

within stage-specific scenarios using advanced machine learning models. Random forest, 13 

extreme gradient boosting (XGBoost), and light gradient boosting machine models were 14 

optimized with improved grey wolf (IGWO) and whale (IWO) optimization algorithms and 15 

applied to twelve vegetation indices alongside key climatic variables. Results show that 16 

combining climate and remote sensing inputs significantly improves prediction accuracy over 17 

single-source data, with the best performance achieved when full-season remote sensing is 18 

paired with early-stage climate variables. Monte Carlo analysis identified water-related 19 

factors—wind speed, soil moisture, precipitation, and evaporation—as the most influential 20 

drivers of yield, while temperature variables and vegetation indices had weaker effects. 21 

Metaheuristic optimization consistently enhanced model performance, with XGBoost-IGWO 22 

achieving the highest accuracy (R² = 0.755, Willmott index = 0.833, RMSE = 0.495 t/ha). 23 

Model accuracy also varied across regions, performing better in smaller, more homogeneous 24 

areas. Overall, integrating stage-specific multisource data with optimized machine learning 25 

models improves both the reliability and interpretability of large-scale wheat yield predictions. 26 

Keywords: Wheat yield prediction, Climate data, Remote sensing indices, Machine learning, 27 

Metaheuristic optimization  28 
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1. Introduction 29 

Due to the increasing threat of climate variability and extreme weather events to global food 30 

supply stability, governments are placing greater emphasis on forecasting potential declines in 31 

agricultural production and formulating effective policy responses 1. Consequently, accurate 32 

and timely crop yield predictions have become vital for shaping agricultural and food security 33 

strategies at both national and global levels 2. An operational crop forecasting system can 34 

provide decision-makers with timely, reliable, and spatially detailed yield estimates, enabling 35 

them to anticipate critical needs and respond proactively.  36 

Wheat is one of China’s most important staple crops and a major source of dietary energy, 37 

particularly in the northern regions. It contributes approximately 17–20% of the nation’s total 38 

caloric intake, underscoring its central role in ensuring food security 3. Wheat yield formation 39 

in China is governed by a complex interplay of biophysical and management factors, including 40 

temperature, precipitation, solar radiation, soil fertility, irrigation scheduling, and fertilizer 41 

application 4. Given the nonlinear interactions among these variables and the pronounced spatial 42 

heterogeneity across China’s diverse agro-ecological zones, advanced modeling frameworks 43 

capable of integrating multi-source data and capturing dynamic crop–environment feedbacks 44 

are essential for accurately simulating yield responses and enhancing agricultural resilience. 45 

Various modeling paradigms have been proposed to simulate crop growth processes and predict 46 

yields under diverse environmental conditions. Process-based models such as DSSAT 5, 47 

APSIM 6, World Food Study 7, and AquaCrop 8 are widely used to simulate crop growth and 48 

forecast yields by representing plant physiology across the full life cycle 9. While these models 49 

provide valuable insights into crop-environment interactions, they necessitate numerous 50 

detailed input parameters, including soil characteristics, nutrient application, climate data, and 51 

vegetation attributes, making their calibration typically intricate and time-intensive. In contrast, 52 

regression equation-based models integrate satellite data with global contextual datasets to 53 

estimate crop yields 9. Though effective for reconstructing historical trends, these approaches 54 

have limitations in capturing recent developments and fail to account for nonlinear 55 

relationships, thereby motivating the growing adoption of machine learning techniques 10. 56 

Indeed, literature has demonstrated that machine learning consistently outperforms both 57 

regression and process-based models in this field 11. 58 

Machine learning has undergone substantial advancements and has emerged as a prominent 59 

approach in crop yield forecasting, owing to its high precision and capacity to process vast 60 

datasets on powerful computing platforms 12. By integrating diverse data sources and extracting 61 

salient features, machine learning algorithms have proven effective in addressing complex 62 
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nonlinear challenges 13,14. These methods offer new opportunities to improve agricultural 63 

decision-making by providing a flexible and robust framework that incorporates expert 64 

knowledge into data-driven systems 15. Furthermore, machine learning techniques can capture 65 

and model interactions among heterogeneous data sources while explicitly considering their 66 

spatial and temporal dependencies 16. 67 

Various machine learning approaches have been utilized for crop yield forecasting with 68 

promising results. Section II provides an overview of recent research in the field. Despite these 69 

advances, machine learning–based crop yield forecasting faces performance challenges because 70 

it is strongly influenced by crop type 17, growth stage 9, and regional conditions 18. 71 

Consequently, there is increasing research interest in utilizing machine learning to integrate 72 

multisource data for improved crop yield forecasting. However, when integrating multisource 73 

data, high-dimensional training data pose significant limitations, including increased risk of 74 

overfitting 19, potential information loss 20, and substantial computational demands 21. 75 

Hyperparameter tuning addresses these challenges by optimizing model parameters and 76 

selecting the most informative features, leading to improved accuracy and generalizability. 77 

Recent literature in crop yield forecasting has addressed this issue utilizing grid search 2,9,18,22,23 78 

and random search 24 methods. Nevertheless, traditional optimization methods such as 79 

deterministic, stochastic, and gradient-based approaches can be costly in high-dimensional 80 

spaces and prone to local optima, often yielding suboptimal hyperparameter configurations 25,26. 81 

In contrast, metaheuristic approaches effectively steer the search process toward near-optimal 82 

solutions within complex, non-convex hyperparameter spaces, thereby lowering the risk of 83 

becoming trapped in local minima. These methods are intrinsically self-organizing and 84 

distributed, facilitating efficient exploration of high-dimensional search spaces through 85 

collective dynamics and enhancing the model’s overall generalization performance  27,28. 86 

This study introduces a novel framework to address existing limitations in wheat yield 87 

forecasting across China. By integrating stage-specific driver selection with metaheuristic 88 

optimization, this study is guided by two key research questions: how stage-specific driver 89 

selection improves model relevance, and whether metaheuristic optimization yields superior 90 

results over traditional machine learning tuning in this field. Accordingly, two enhanced nature-91 

inspired algorithms—the improved grey wolf optimizer (IGWO) and the improved whale 92 

optimization algorithm (IWO)—are employed to optimize the hyperparameters of random 93 

forest (RF), extreme gradient boosting (XGBoost), and light gradient boosting machine 94 

(LightGBM), thereby capturing temporally varying crop–environment interactions, reducing 95 

overfitting, and improving predictive accuracy. The main contributions of this work are 96 
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threefold: (i) the construction of a stage-specific, multi-source forecasting framework 97 

integrating climate and remote sensing data for improved wheat prediction; (ii) the selection of 98 

key drivers and optimization of model hyperparameters to achieve performance gains over 99 

baseline models; and (iii) a systematic evaluation of model performance to ensure 100 

reproducibility and practical applicability. These contributions are intended to provide a clearer 101 

methodological basis for wheat yield forecasting and to support adaptive agricultural practices 102 

across heterogeneous cultivation regions 103 

Overview of recent research on crop yield forecasting 104 

An overview of recent studies on crop yield forecasting using remote sensing and machine 105 

learning is presented in Table 1. The table summarizes data sources, methodological 106 

approaches, and principal findings across the literature 2,9,17,18,22,24,29-33. Most studies did not 107 

perform explicit hyperparameter tuning, and those that did predominantly employed search-108 

based methods such as grid search or random search. Across the literature, non-linear models 109 

consistently outperformed linear approaches, while multi-source crop yield forecasting 110 

achieved higher accuracy than single-source models. Among the algorithms reviewed, RF, 111 

XGBoost, GBM, support vector machine (SVM), least absolute shrinkage and selection 112 

operator (LASSO), long short-term memory (LSTM), and k-nearest neighbors (KNN) were the 113 

most frequently used, with RF and XGBoost consistently achieving the highest accuracy. 114 

Table 1. Summary of recent research on crop yield forecasting with remote sensing and machine 115 

learning 116 

Paper Objective Data Machine learning Key findings 

9 

Winter wheat yield 

prediction in Pakistan 

under full-seasonal and 

peak seasonal scenarios. 

Landsat 5/7/8 (NDVI, GNDVI, 

EVI, SAVI, ARVI); Climate 

data; Yield data 

RF; SVM; LASSO; 

Ridge regression 

RF outperformed the other models; 

Peak seasonal mean generally yielded 

higher accuracy than full-seasonal 

mean. 

2 

Wheat yield forecasting 

under environmental 

variability in Morocco 

during wet and dry 

seasons. 

Field-level wheat yield data; 

Sentinel-2 (NDVI, MSI, MTCI); 

ERA5-Land temperature data; 

PERSIANN-CCS precipitation 

data 

RF; XGBoost. 

RF generally outperformed XGBoost; 

Weather data provided better early-

season predictions; Spectral indices 

improved predictions closer to harvest; 

Accuracy was higher in wet season 

than in the dry season. 

29 

Early prediction model 

for olive crop and oil 

yields in Jaén, Spain. 

Landsat 7/8 (ARVI, NDMI, GCI, 

NDVI, SAVI, SIPI); MODIS 

(surface temperature); ECMWF 

ERA5 (rainfall); Official 

RF; SVM-linear 

kernel; SVM-

Gaussian kernel; 

Neural Networks 

The SVM–Gaussian model 

outperformed all others; Integrating 

vegetation indices improved accuracy 

compared to using meteorological 
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municipal-level olive yield 

statistics; Land use data 

variables alone and enabled reliable 

early forecasts eight weeks in advance. 

30 
Improving wheat yield 

prediction in arid regions. 

Landsat 8; Sentinel-2; 

TerraClimate dataset; Ground 

truth from field surveys; Wheat 

yield data 

RF; GBM; Decision 

tree; Bagging trees 

RF with ARVI during the heading–

grain filling stage achieved the best 

accuracy. 

24 

Predicting Summer and 

Kharif rice yields at 45, 

60, 90 days post-

transplanting. 

Fresh biomass; Dry biomass; 

Plant moisture content; Leaf area 

index; Plant height: Yield; 

Sentinel-1; Sentinel-2 (NDVI, 

RENDVI, RVI, LSWI) 

Elastic Net; RF; 

Multivariate adaptive 

regression splines; 

SVM: Linear 

Regression; KNN, 

XGBoost; Neural 

Network; Cubist 

Predictions were more accurate closer 

to harvest; XGBoost consistently 

performed best; Accuracy was higher 

when combining SAR, optical, and 

biophysical parameters than using 

single data sources. 

18 

Enhancing rice yield 

prediction accuracy using 

a process-based crop 

model. 

Rice yield data; MODIS (NDVI, 

EVI, LSWI); Shuttle Radar 

Topography Mission; ECMWF 

ERA5 daily;  International rice 

research institute lowland rice 

extent map 

Feed-forward Neural 

Network; LSTM; 

Gated recurrent units; 

Bidirectional LSTM 

LSTM performed best; Performance 

declined when predicting for regions 

excluded from training, highlighting 

the need for diverse datasets. 

31 

Developing an accurate 

wheat yield prediction 

model for Multan 

District, Punjab, Pakistan. 

Landsat 8 (NDVI, EVI, B2–B5, 

B7); Climate data from NASA 

POWER Data Access Viewer & 

Pakistan Meteorological 

Department; Soil data; Yield 

statistics 

RF; SVM; LASSO 

RF achieved the highest accuracy; 

Combining climate, soil, and satellite 

data outperformed using single-source 

inputs. 

32 

In-season estimation of 

winter wheat production 

at the county scale in 

China. 

Sentinel-2 (Bands 7, 8, 8A, 12; 

10–20 m resolution); Historical 

and real-time weather forecast 

data; County-level winter wheat 

yields; Winter wheat harvested 

area dataset 

LSTM–Graph Neural 

Network 

Combining weather forecasts with 

remote sensing improved accuracy 

compared to using remote sensing 

alone. 

22 

Predicting canola and 

soybean yields in Canada 

under climate scenarios 

and honeybee influence. 

Precipitation; Temperature; Soil 

characteristics; Honeybee data; 

MODIS MYD13Q1 Aqua 

satellite product (NDVI and 

EVI); Land cover; Crop yields 

Adaptive Boosting; 

GBM; XGBoost, 

Light GBM; RF 

XGBoost achieved the best 

performance; Yield maps were 

generated at the CCS level for both 

crops. 

33 

High-resolution, long-

term soybean yield 

mapping in Brazil’s 

Landsat 5/7/8; MODIS 

(MOD09GA, MOD09GQ, 

MODTBGA, MOD44C); SRTM 

topographic data;  Climatic 

RF 

The integration of remote sensing, 

topography, climate, and weather data 

yielded the highest performance; Soil 
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CCS (census consolidated subdivision), GCI (green chlorophyll index), GBM (gradient boosting machine), 117 

GNDVI (green NDVI), GNN (graph neural network), KNN (k-nearest neighbors), LASSO (least absolute shrinkage 118 

and selection operator), LSTM (long short-term memory), LSWI (land surface water index), MODIS (moderate 119 

resolution imaging spectroradiometer), MSI (moisture stress index), MTCI (MERIS terrestrial chlorophyll index), 120 

NDMI (normalized difference moisture index), PERSIANN-CCS (precipitation estimation from remotely sensed 121 

information using artificial neural networks–cloud classification system), RENDVI (red edge NDVI), RVI (ratio 122 

vegetation index), SIPI (structure insensitive pigment index), SRTM (shuttle radar topography mission), SST (sea 123 

surface temperature), SVM (support vector machine), TCI (temperature condition index), TerraClimate (high-124 

resolution global climate dataset), VCI (vegetation condition index). 125 

2. Study area 126 

China’s agricultural landscape is characterized by strong climatic gradients and diverse soil–127 

ecological conditions, which shape regional differences in cropping systems and wheat production 128 

(Figure 1). To account for this spatial variability, wheat cultivation across china is organized into 129 

three dominant planting zones based on the climate, soil attributes, and wheat quality: the northern 130 

tropical agricultural 

systems. 

research unit time-series v4.04 

climate and weather data; Soil 

Data; Yield statistics 

variables did not improve 

performance. 

17 

County-level wheat yield 

prediction across China’s 

principal wheat 

cultivation zones. 

Wheat yield statistics; Phenology 

data; Wheat-growing area map; 

ERA5 climate data; MODIS 

(NDVI, EVI); Solar-induced 

chlorophyll fluorescence 

RF; SVM-Gaussian 

kernel; LASSO 

SVM and RF generally outperformed 

LASSO; Combining climate and 

remote sensing data yielded the highest 

accuracy; Water-related variables 

outperformed temperature; Climate 

data dominated early and peak periods 

in winter wheat zones; Accuracy was 

lower in spring wheat zones. 

23 

Early forecasting of 

cereal yields in Morocco 

at the provincial scale. 

Crop yield data; MODIS (NDVI, 

VCI, TCI); ESA CCI SM 

COMBINED soil moisture; 

ERA5 rainfall and air 

temperature; North Atlantic 

Oscillation, Scandinavian 

Pattern; Atlantic Tripole SST; 

Atlantic Niño SST 

Multiple Linear 

Regression; SVM; RF, 

XGBoost 

XGBoost outperformed the other 

models; Combining satellite indices, 

weather, and climate data improved 

accuracy over single-source inputs; 

Satellite indices peaked near harvest; 

Weather data led early forecasts; 

Climate indices dominated earliest lead 

times. 

34 

Predicting wheat yield at 

a large scale in Mexico 

before harvest. 

Wheat yield data; MOD13Q1 v.6 

product (NDVI); ERA5 climate 

data 

Generalized linear 

model; 

Ridge regression; 

LASSO; Partial least 

squares; KNN; SVM-

radial; XGBoost; RF 

Non-linear models outperformed linear 

ones; RF achieved the best 

performance; Combining NDVI and 

climate with yield data improved 

predictions compared to using yield 

data alone. 
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winter wheat region (Zone 1), the southern winter wheat region (Zone 2), and the northern spring 131 

wheat region (Zone 3) 35. Zone 1 is the leading wheat-growing region in China, producing the 132 

highest yields and accounting for about 73% of the nation’s total wheat output (including both 133 

winter and spring wheat). In comparison, Zones 2 and 3 contribute approximately 16% and 11% of 134 

national production, respectively 17. 135 

 136 

Figure 1. Location map of the study area 35 137 

The crop calendar for wheat differs across the three zones (Figure 2). In Zones 1 and 2, winter 138 

wheat cultivation begins in Oct, with the early growth period lasting until the end of the Mar in 139 

Zone 1 and until the end of the Feb in Zone 2. This is followed by a peak period from Apr to 140 

May and a late period extending into Jun for Zone 1, and a peak period from Mar to Apr with 141 

a late period extending into May for Zone 2. In Zone 3, spring wheat planting starts in Apr, 142 

with the early period lasting May, the peak period occurring from May to Jun, and the late 143 

period continuing into Jul 17. 144 

 145 

Figure 2. Crop calendar for wheat differs across the three zones 17 146 

3. Materials And Methods 147 

3.1. Workflow 148 

A six-step workflow was utilized for enhanced crop yield forecasting (Figure 3). Initially, a 149 

binary cultivation mask was generated from the wheat cultivation map (1 = cultivated, 0 = 150 
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uncultivated), ensuring that only wheat-producing regions were retained for subsequent 151 

analyses. Next, wheat yield data, climate variables, and remote sensing indices were obtained 152 

and resampled to a uniform spatial resolution. These datasets were then masked using the 153 

wheat-growing area binary map. Subsequently, to select the optimal integration of remote 154 

sensing and climate information in yield prediction, we designed six scenarios that test different 155 

combinations of seasonal and stage-specific inputs. These scenarios were tested using RF, 156 

XGBoost, and LightGBM models. 157 

Afterward, a Monte Carlo sensitivity analysis was conducted with 1,000 iterations for each 158 

modeling feature independently using RF. The impact of perturbations in each feature on the 159 

model’s performance was quantified to identify and select the most influential driving factors 160 

in modeling. Then, two metaheuristic optimization algorithms of IGWO and IWO were 161 

employed for machine learning optimization. Performance of optimized models was compared 162 

against baseline models to measure the improvements following the optimization process. 163 

Finally, the uncertainty of the predictions was measured using prediction interval coverage 164 

probability (PICP) and prediction interval width (PIW) across several nominal confidence 165 

levels. 166 
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 167 

Figure 3. Research methodology 168 

3.2. Datasets 169 

The datasets applied in the reviewed literature (Table 1) were considered to select the most 170 

relevant variables for wheat yield forecasting. Table 2 presents the features incorporated into 171 

the modeling process. Considered features include agricultural parameters, climate conditions, 172 

and satellite-derived vegetation indices, providing a comprehensive representation of factors 173 

influencing wheat yield. 174 

Table 2. Utilized features in modeling 175 

Category Feature Resolution Time Source 

Wheat data 

Yield (kg/ha) 1000 meters 2002-2010 
Agricultural 

Yearbook 

Phenology (date) Station 
2001-2010 

CMA 

Wheat cultivation area 1000 meters NLCD 

Climate data Air humidity 11132 meters 2001-2010 
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Maximum air 

temperature 

ERA5-Land 

Monthly 

Aggregated - 

ECMWF 

Climate 

Reanalysis 36 

 

Minimum air 

temperature 

Total precipitation 

Actual evaporation 

Potential evaporation 

Surface pressure 

Solar radiation 

Northward wind speed 

Eastward wind speed 

Soil moisture (7 - 28 

cm) 

Soil moisture (28 - 100 

cm) 

Remote sensing 

indices 

NDVI 

500 meters 2001-2010 

MOD09A1.061 

Terra Surface 

Reflectance 8-

Day Global 

500m 37 

EVI 

SAVI 

ARVI 

 176 

3.3. Wheat yield data 177 

County-level wheat production records for the years 2002–2010 were obtained from the 178 

Agricultural Yearbook (https://www.stats.gov.cn). Before analysis, we performed a basic 179 

quality screening to identify anomalous entries, removing values that exceeded plausible 180 

biophysical limits for wheat productivity as well as outliers. Because the dataset spans only a 181 

relatively short time frame, we retained the raw yield values rather than applying any detrending 182 

procedure. 183 

Phenological information on wheat development (sowing, jointing, heading, maturity) was 184 

sourced from the China Central Meteorological Agency (CMA, https://www.cma.gov.cn). 185 

Early-, mid-, and late-growth periods were defined as sowing–jointing, jointing–heading, and 186 

heading–maturity, respectively. The timing of each phenological stage in each zone was 187 

determined by averaging the monthly records from all stations located within that zone. Figure 188 

1 presents the wheat cultivation map, derived from the 1-km National Land Cover Dataset 189 

(NLCD). 190 



 

 

12  

3.4. Climate data 191 

Twelve monthly climatic predictors were included in the modeling (Table 2). These consisted 192 

of air humidity, maximum and minimum air temperature, total precipitation, actual and 193 

potential evaporation, surface pressure, solar radiation, northward and eastward wind speed, 194 

and soil moisture at depths of 7–28 cm and 28–100 cm. All variables were derived from the 195 

ERA5-Land Monthly Aggregated dataset (ECMWF Climate Reanalysis) at a spatial resolution 196 

of 10 km. Figure 4 shows the spatial distribution of monthly climatic predictors across the study 197 

area. 198 

 199 

Figure 4. Spatial distribution of average monthly climatic variables (2001–2010) 200 
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Table 3 summarizes the descriptive statistics of the monthly climatic variables across the three 201 

cultivation zones. The statistics show differences among the zones. Temperature-related 202 

variables exhibit lower standard deviations in Zone 1, higher values in Zone 3, and intermediate 203 

values in Zone 2. Precipitation-related variables present higher values in Zone 1, lower values 204 

in Zone 3, and intermediate values in Zone 2. Overall, measures of dispersion are smallest in 205 

Zone 1 and largest in Zone 3. 206 

Table 3. Summary statistics of monthly climatic variables and vegetation indices across the three 207 

cultivation zones 208 

Input variables Unit 

Zone 1 Zone 2 Zone 3 

Average 
Standard 

deviation 
Average 

Standard 

deviation 
Average 

Standard 

deviation 

Air humidity k 277.154 3.698 284.862 4.045 265.072 4.605 

Maximum air temperature k 297.184 2.872 299.188 4.075 288.254 7.560 

Minimum air temperature k 274.458 3.232 280.770 4.619 262.972 6.858 

Total precipitation m 0.062 0.015 0.130 0.031 0.038 0.028 

Actual evaporation m -0.0551 0.0091 -0.0752 0.0108 -0.0283 0.0148 

Potential evaporation m -0.156 0.041 -0.172 0.098 -0.135 0.087 

Surface pressure Pa 95311 6491 92377 8862 78682 16047 

Solar radiation J/m^2 473060750 41905579 428061418 53782068 545368707 79918654 

Northward wind speed m/s 0.090 0.279 -0.052 0.465 0.012 0.667 

Eastward wind speed m/s 0.016 0.432 -0.318 0.427 0.660 0.897 

Soil moisture (7–28 cm) 
Volume 

fraction 
0.275 0.043 0.389 0.050 0.240 0.125 

Soil moisture (28–100 cm) 
Volume 

fraction 
0.266 0.049 0.391 0.051 0.240 0.125 

EVI - 0.244 0.067 0.325 0.073 0.118 0.096 

NDVI - 0.399 0.107 0.564 0.124 0.197 0.166 

ARVI - 0.252 0.123 0.466 0.143 0.033 0.180 

SAVI - 0.240 0.061 0.313 0.068 0.125 0.089 

 209 

3.5. Satellite remote sensing data 210 

The normalized difference vegetation index (NDVI), enhanced vegetation index (EVI), soil-211 

adjusted vegetation index (SAVI), and atmospherically resistant vegetation index (ARVI) were 212 

derived from the Moderate Resolution Imaging Spectroradiometer (MODIS) surface 213 

reflectance product using the Google Earth Engine platform (Figure 5). Prior to index 214 

calculation, all scenes were pre-processed to exclude pixels contaminated by clouds and 215 
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shadows based on the StateQA quality assurance band, and to mask invalid reflectance values 216 

outside the acceptable range. Following this pre-processing, monthly composite images were 217 

generated for each month from 2001 to 2010, and the corresponding vegetation indices were 218 

subsequently calculated and extracted. 219 

 220 

Figure 5. Spatial distribution of average monthly vegetation indices (2001–2010) 221 

The NDVI defined as ( ) ( )/NIR Red NIR Red− + , depends on spectral absorption properties in the 222 

red and near-infrared (NIR) bands, enhancing its sensitivity to chlorophyll content and 223 

usefulness in monitoring vegetation vigor 38. The EVI formulated as 224 

( ) ( )( )2.5 / 6 7.5 1NIR Red NIR Red Blue − +  −  + , incorporates NIR, red, and blue bands, providing 225 

improved sensitivity in high-biomass regions and enhancing responsiveness to variations in 226 

canopy structure while reducing atmospheric effects and separating vegetation signals from 227 

background influences 17. The SAVI expressed as ( ) ( ) ( )1 /L NIR Red NIR Red L+  − + + , uses the 228 

NIR and red bands with a soil-brightness correction factor (L = 0.5), enabling more accurate 229 

vegetation monitoring in areas where sparse canopy cover causes substantial soil background 230 

interference 39. The ARVI calculated as ( )( ) ( )( )2 / 2NIR Red Blue NIR Red Blue−  − +  − , employs 231 

NIR, red, and a blue-band correction to mitigate atmospheric scattering, ensuring vegetation 232 

signal accuracy under haze, dust, or aerosol-rich conditions 30. 233 

Table 3 presents the summary statistics of these monthly vegetation indices across the three 234 

cultivation zones. The statistics show clear differences in the distribution of NDVI, ARVI, 235 
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SAVI, and EVI among the zones. Mean values of all four indices are highest in Zone 1, 236 

intermediate in Zone 2, and lowest in Zone 3. Additionally, these indices show the least 237 

variation (standard deviation) in Zone 1, more variation in Zone 2, and the most variation in 238 

Zone 3. 239 

3.6. Machine learning methods 240 

The RF, XGBoost, and LightGBM models were implemented in Python, using the scikit-learn 241 

library (version 1.3.2) for RF, the xgboost library (version 3.0.3) for XGBoost, and the lightgbm 242 

(version 4.6.0) library for LightGBM. 243 

RF employs bootstrapped samples to generate multiple decision trees and random feature 244 

selection at each split, aggregating predictions through majority voting for classification tasks 245 

or averaging for regression tasks. This approach reduces variance, mitigates overfitting, and 246 

yields stable, interpretable results, particularly on tabular and structured data. RF is relatively 247 

simple to tune, robust to noisy data, and performs well across diverse feature types, making it 248 

a reliable baseline model in many applications 40,41. 249 

XGBoost is a powerful gradient boosting framework that builds decision trees sequentially, 250 

with each new tree correcting the residual errors of the existing ensemble. It incorporates strong 251 

regularization to improve generalization, handles missing data natively, and leverages 252 

techniques such as shrinkage (learning rate), column subsampling, and tree pruning to enhance 253 

performance and prevent overfitting. XGBoost is widely recognized for its high predictive 254 

accuracy and efficiency, making it a popular choice in competitive machine learning, though it 255 

often requires careful hyperparameter tuning to achieve optimal results 42. 256 

LightGBM is a gradient boosting framework optimized for both computational speed and 257 

memory efficiency. It employs a histogram-based algorithm and a leaf-wise tree growth 258 

strategy with depth constraints, enabling significantly faster training times and reduced memory 259 

usage compared to traditional gradient boosting methods. LightGBM excels at handling large-260 

scale, high-dimensional, or sparse datasets and supports categorical features directly without 261 

one-hot encoding. LightGBM offers excellent scalability and accuracy; however, it can be more 262 

prone to overfitting on small datasets if not properly tuned, and its leaf-wise growth strategy 263 

can produce deeper trees that require careful regularization 42. 264 

3.7. Improved grey wolf optimization (IGWO) 265 

GWO is a nature-inspired technique that simulates the pack hierarchy and predatory strategies 266 

of grey wolves. It assigns leadership ranks (α, β, δ) to steer the search process, while the rest of 267 

the wolves (ω) follow their lead. The algorithm operates through three main stages: surrounding 268 

the prey, pursuing it, and launching the final attack to identify the global best solution 43. 269 
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Taking t as the current iteration, X  as the position vector of a grey wolf, and 
pX  as the prey's 270 

position, the encircling behavior of grey wolves in the GWO algorithm is represented 271 

mathematically as follows 43: 272 

( ) ( ) . pD C X t X t= −                  (1) 273 

( ) ( )1 . pX t X t A D+ = −                   (2) 274 

The coefficient vectors C and A, which are used to model the encircling behavior of grey 275 

wolves, are defined as follows 43: 276 

( )12 . . A a r a t= −                  (3) 277 

22. C r=                     (4) 278 

The random vectors 1r  and 2r  are distributed uniformly within the interval [0,1]. The control 279 

parameter a decreases linearly from 2 to 0 throughout the iterations, aiming to balance the 280 

exploration and exploitation phases. During the first half of the iterations, the algorithm 281 

emphasizes exploration, while the second half gradually shifts towards exploitation 43: 282 

( ) ( )2 2  /a t t MaxIter= −                                        (5) 283 

Taking the positions of the  of α, β, δ wolves as the top three solutions discovered up to that 284 

point, the other wolves adjust their positions by following the direction provided by these 285 

leaders 43: 286 

( ) ( )1
1

3
X t X X X  + = + +                            (6) 287 

where iX  represents the position vector of the best i-th solution. 288 

The attack phase commences when the prey ceases movement, guided by the parameter 𝑎 (Eq. 289 

7). During this phase, wolves adjust their positions randomly between their current location and 290 

that of the prey, facilitating local exploitation 43. 291 

The IGWO introduces an innovative search approach based on iterative step selection and 292 

refinement. It operates through three primary phases: initialization, movement, and selection 293 

and updating, as outlined below 43. 294 

The initialization phase consists of randomly distributing N wolves throughout the search space, 295 

within the defined range of , i jl u   : 296 

( )   ( )    0,1  ,  1,  ,  1, ij j j j jX t l rand u l i N j D= +  − ò ò               (7) 297 

The position of the wolf i at iteration t is represented as ( ) 1 2[ ,  , ,  ]i i i iDX t X X X=  , refers to the 298 

number of dimensions in the problem. The entire population of wolves is stored in a matrix of 299 
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size (N × D) matrix named population. The fitness score for each wolf, ( )iX t , is determined 300 

using the fitness function ( )( )if X t  43. 301 

The IGWO introduces an additional movement strategy called the dimension learning-based 302 

hunting (DLH) approach. In this strategy, each wolf adjusts its behavior by learning from its 303 

neighbors, providing an alternative method for updating its position vector, ( ). iX t  304 

The DLH search strategy addresses several key issues of the standard GWO, such as premature 305 

convergence, early population homogenization, and vulnerability to local optima. It does this 306 

by promoting individualized hunting behaviors shaped by the influence of neighboring wolves. 307 

This process starts with calculating a radius ( )iR t , which represents the Euclidean distance 308 

between the current position ( )iX t  and the alternative candidate position ( )1i GWOX t− +  43: 309 

( ) ( ) ( )1i i i GWOR t X t X t−= − +                                                                     (8) 310 

The set of neighbors corresponding to ( )iX t , denoted as ( )iN t , is defined as follows: 311 

( ) ( ) ( ) ( )( ) ( ) ( )[ | ,  ,  ]i i i i j i jN t X t D X t X t R t X t Pop=  ò         (9) 312 

where iD  represents the Euclidean distance function.  Once the neighbors are defined, a multi-313 

neighbor learning approach is applied as follows 43: 314 

( ) ( ) ( ) ( )( ), , , ,1i DLH d i d n d r dX t X t rand X t X t− + = +  −        (10) 315 

In this equation, the d-th dimension of ,i DLH dX −  is calculated using the d-th dimension of a 316 

randomly chosen neighbor ( ),n dX t  from the set ( )iN t , as well as the d-th dimension of a 317 

randomly selected wolf ( ),r dX t  from population. 318 

In the selection and updating phase, the optimal solution is determined by assessing and 319 

comparing the fitness scores of two candidate solutions 43: 320 

( ) ( ) ( ) ( )
( )

1     
1

1                              

i DLH i GWO i DLH
i

i GWO

X t if f X f X
X t

X t otherwise

− − −

−

 + + =  +
           (11) 321 

Then, ( )iX t  is updated using the chosen solution if the fitness score of the selected candidate is 322 

lower than that of ( )iX t . If the score is not lower, ( )iX t  remains unchanged. This process is 323 

applied to each individual, and the iteration counter is incremented. The search continues until 324 

the maximum number of iterations is reached 43. 325 

Next, to update the new position of ( )1iX t + , if the fitness score of the selected candidate is 326 

lower than that of ( )iX t , ( )iX t .  is replaced by the selected candidate. Otherwise, ( )iX t  remains 327 

unchanged within the population. 328 

3.8. Improved whale optimization algorithm (IWO) 329 
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The WOA is an innovative optimization method introduced by Mirjalili and Lewis in 2016. It 330 

is a population-based algorithm that utilizes a set of random candidate solutions and simulates 331 

the social behavior patterns of humpback whales. The algorithm follows three key principles to 332 

adjust the candidate positions iteratively: encircling prey, spiral updating of positions, and prey 333 

searching 44. 334 

When encircling prey ( 1 1    0.5with A and p−    ), the position of a candidate is updated as follows 335 

45: 336 

( )*.D C X X t= −


                                              (12) 337 

( ) ( )*1 .X t X t A D+ = −


             (13) 338 

where p  is a random value between 0 and 1, and *X


 represents the best solution found in the 339 

current generation. The values of A


 and C


 are calculated as follows: 340 

2 .A a r a= −
 

               (14) 341 

2.C r=
 

                  (15) 342 

where a

 decreases linearly from 2 to 0, and r


 is a random vector within the range [0, 1]. 343 

Prey searching ( 1 1 &  0.5with A p−    ) is employed during the exploration phase to enable the 344 

WOA to perform a global search. This process is similar to encircling prey but uses a random 345 

candidate solution ( randX


) instead of the optimal solution *X


 45. The update is calculated as 346 

follows: 347 

( ). randD C X X t= −


             (16) 348 

( ) ( )1 .randX t X t A D+ = −


            (17) 349 

Spiral position updating (   0.5with p  ) involves both encircling and spiral movement strategies 350 

during the exploitation phase of the WOA. The positions of individuals are modified using the 351 

spiral updating mechanism as follows 45: 352 

( ) ( ) ( )' *1 . .cos 2blX t D e l X t+ = +


           (18) 353 

Here, ( ) ( )*D X t X t= −


 represents the distance between the current candidate solution and the 354 

best solution found so far, b  is a constant parameter, and  1,1 l −ò . 355 

The IWO algorithm is built on the idea of combining the WOA's operators with the mutation 356 

operator from differential evolution (DE) to improve the balance between exploration and 357 

exploitation. It is structured into two primary phases: exploration and exploitation 45. During 358 

the exploration phase, individuals' positions are adjusted when rand  : 359 
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1
max

t

t
 −
= +                            (19) 360 

Here, t  represents the current generation, and maxt  is the maximum number of generations. The 361 

parameter   controls the exploration-exploitation balance and decreases from 1 to 0 as 362 

generation progress. This allows individuals to explore more in the early generations, gradually 363 

shifting toward exploitation as the process continues 45. 364 

The exploration phase of IWO involves using the mutation operation from DE along with the 365 

prey-locating behavior of WOA. The inclusion of DE's mutation operator enhances the ability 366 

to search through the solution space effectively 46. In the exploitation phase, IWO follows a 367 

process similar to WOA but introduces an elitism strategy. This strategy involves selecting the 368 

better solution between the parent ( iX . ) and the offspring ( iU ) to determine the new position 369 

for the i-th solution. Additionally, it is important to ensure that solutions remain within the 370 

defined boundary limits. If the solutions violate these boundaries, a correction rule is applied 371 

as follows 45: 372 

( )
( )( ) ( )
( )( ) ( )

0,1        

0,1        

j j j i j

i

j j j i j

rndreal if X j
X j

rndreal if X j

   

   

 + − = 
+ − 

.         (20) 373 

Here, j  represents the upper bound, and j  denotes the lower bound of the j-th dimension. 374 

( )iX j  refers to the value of the j-th dimension for the i-th candidate. ( )0,1 rndreal  is a random 375 

value selected from the interval [0, 1]. 376 

4. Results 377 

4.1. Evaluation of period-specific modeling performance 378 

To guide the optimal integration of climatic and remote sensing variables in wheat yield 379 

prediction, six scenarios were designed. Table 4 summarizes the input variables within each 380 

period-based scenario. In scenarios 1–3, remote sensing data averaged over the entire growing 381 

season were combined with climate data averaged over early, peak, or late growth periods. In 382 

scenarios 4–6, climate data averaged over the entire growing season were combined with 383 

remote sensing data averaged over early, peak, or late periods. 384 

Wheat yield modeling was evaluated across the six input scenarios using the Willmott index 385 

(WI). For scenarios 1–3 (i), performance was compared against a baseline model constructed 386 

solely from remote sensing inputs. In scenarios 4–6 (ii), performance was compared against a 387 

baseline model constructed solely from climate inputs (Figure 6). 388 

Table 4. Remote sensing and climatic input variables used across data input scenarios for LightGBM, 389 

XGBoost, and RF models 390 
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Scenario Primary focus 
Remote sensing inputs at pixel 

level 

Climatic inputs at pixel 

level 

1 Early climate 

Full growing season (average) 

Early growth (average) 

2 Peak climate Peak growth (average) 

3 Late climate Late growth (average) 

4 
Early remote 

sensing 
Early growth (average) 

Full growing season 

(average) 
5 

Peak remote 

sensing 

Peak growth (average) 

6 
Late remote 

sensing 

Late growth (average) 

 391 

 392 

 393 

Figure 6. Evaluation of wheat yield prediction using the WI across six data input scenarios 394 

On average, the highest WI improvements were observed for remote sensing + early climate 395 

(0.167), remote sensing + late climate (0.157), remote sensing + peak climate (0.152), climate 396 

+ early remote sensing (0.046), climate + peak remote sensing (0.037), and climate + late 397 

remote sensing (0.022), respectively. Overall, the greatest gains were achieved when full-398 

season remote sensing was combined with climate periods, yielding WI improvements ranging 399 

from 0.084 to 0.246 (average: 0.159). In contrast, pairing full-season climate data with remote 400 
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sensing periods produced smaller improvements, ranging from 0.001 to 0.105 (average: 0.035). 401 

WI improvement patterns also varied across zones. 402 

In addition to differed WI gains in data input scenarios, improvement patterns also varied across 403 

geographical zones. On average, Zone 3 exhibited the highest WI gains (0.119), followed by 404 

Zone 2 (0.088) and Zone 1 (0.083). 405 

4.2. Monte Carlo sensitivity analysis 406 

After identifying remote sensing + early climate as the best-performing scenario, a Monte Carlo 407 

sensitivity analysis was conducted in Python (version 3.8.8) to quantify the relative importance 408 

of input variables and to evaluate model robustness under varying input conditions. RF was 409 

selected for the analysis, given its frequent application in crop yield prediction (Table 2). 410 

In each iteration, a single feature was randomly selected and perturbed by shuffling its values 411 

across all records. The dataset was then divided into training (80%) and testing (20%) subsets, 412 

and the model was trained and validated using the perturbed data. This procedure was repeated 413 

1,000 times, and the WI was averaged for each feature. Higher ΔWI (Unperturbed WI – 414 

Perturbed WI) values indicated a greater influence of the corresponding feature on crop yield 415 

prediction. 416 

The sensitivity analysis results are presented in Figure 7. Accordingly, climatic variables 417 

(average ΔWI of 0.235) had the greatest impact on crop yield prediction compared to remote 418 

sensing predictors (average ΔWI of 0.077). Among the climatic variables, northward wind 419 

speed (0.335), soil moisture at 7–28 cm (0.332), total precipitation (0.327), and actual 420 

evaporation (0.319) exhibited the highest influence. Among remote sensing indices, ARVI 421 

(0.092), SAVI (0.076), EVI (0.071), and NDVI (0.067) were the most influential features. 422 

 423 

Figure 7. Monte Carlo sensitivity analysis of modeling features using ΔWI values 424 

4.3. Enhanced crop yield modeling 425 
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The pyMetaheuristic library (version 1.9.4) was used to implement the IGWO and IWO 426 

algorithms for optimizing wheat yield models. The optimization procedure included tuning 427 

hyperparameters trained on the training set and aimed to minimize the WI of predictions 428 

evaluated on the testing set. This process ran for 500 iterations (no other stopping criteria were 429 

applied) with a hunting party/pack size of 25, searching the predefined value range for each 430 

hyperparameter. Table 5 presents the selected hyperparameters and their corresponding value 431 

ranges used in the optimization process. 432 

Table 5. Selected hyperparameters for optimization 47 433 

Model Hyperparameter Value range 

RF 

Number of trees 150 – 800 

Maximum depth of each tree 2 – 30 

Minimum samples to split a node 2 – 10 

Minimum samples required in a leaf node 2 – 10 

XGBoost 

Number of trees 150 – 800 

Step size shrinkage to prevent overfitting 0.01 – 0.2 

Maximum depth of each tree 2 – 30 

Minimum weight of instances in a child node 1 – 5 

LightGBM 

Number of trees 150 – 800 

Step size shrinkage to prevent overfitting 0.01 – 0.2 

Maximum depth of each tree 2 – 30 

Minimum weight of instances in a child node 1 – 5 

 434 

Prior to the optimization, feature selection was conducted within the remote sensing + early-435 

season climate scenario using sensitivity analysis (Figure 7). Accordingly, surface temperature, 436 

maximum and minimum air temperature, and solar radiation were excluded in modeling. 437 

The performance of IGWO and IWO was compared with the baseline (random search-438 

optimized) versions (Figure 8). All three models demonstrated improvements across the 439 

cultivation zones when combined with IGWO and IWO. Specifically, IGWO achieved gains 440 

ranging from 0.021 to 0.038 (average: 0.028), while IWO produced improvements ranging from 441 

0.016 to 0.031 (average: 0.021). 442 
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 443 

Figure 8. Performance comparison between baseline and optimized models across three cultivation 444 

zones 445 

As IGWO achieved greater WI improvements, it was selected for further analysis. The 446 

predictive performance of the wheat yield models optimized with IGWO was then validated 447 

using R2, WI, and RMSE (Figure 9). XGBoost-IGWO demonstrated the highest performance, 448 

with its highest accuracy observed in Zone 1 (R2 = 0.755, WI = 0.833, RMSE = 0.495 t/ha). 449 

LightGBM-IGWO achieved comparable predictive accuracy, with R2 values between 0.611 450 

and 0.717. RF-IGWO maintained the lowest performance among the three optimized models, 451 

with R2 values ranging from 0.584 to 0.698. 452 
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 453 

Figure 9. Validation of crop yield predictions using machine-learning models enhanced through 454 

optimization techniques 455 

Beyond differing model performance, a spatial trend was evident across the study area. On 456 

average, Zone 1 exhibited the highest validation accuracy (R2 = 0.723, WI = 0.799, RMSE = 457 

0.537 t/ha), whereas Zones 2 (R2 = 0.655, WI = 0.740, RMSE = 0.548 t/ha) and Zone 3 (R2 = 458 

0.613, WI = 0.654, RMSE = 0.589 t/ha) showed comparatively lower values. Nevertheless, 459 

RMSE values remained below approximately 0.603 t/ha for all optimized models, indicating 460 

acceptable prediction errors for regional cropping systems. 461 

4.4. Uncertainty analysis 462 

Effective uncertainty analysis aims to balance coverage with precision by seeking high PICP 463 

(reliability against the nominal confidence level) and low PIW (precision of predictions). PICP 464 

measures how often true values fall within predicted intervals and reflects reliability against the 465 

nominal confidence level. PIW quantifies the average interval width and indicates the precision 466 

of predictions. Table 6 summarizes the computed PIW and PICP values for the predictive 467 

models. 468 

Overall, all models achieved PICP values close to their nominal levels, confirming good 469 

calibration of their prediction intervals. XGBoost‑IGWO showed superior performance in 470 

interval width across all confidence levels. In Zone 1, it achieved the smallest PIWs, namely 471 

0.073 (70%), 0.120 (80%), 0.148 (90%), and 0.193 (95%). In contrast, the weakest performance 472 
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was observed for RF‑IGWO in Zone 3, with PIWs of 0.218 (70%), 0.291 (80%), 0.331 (90%), 473 

and 0.395 (95%). 474 

Table 6. Uncertainty analysis of optimized wheat yield models 475 

  
Nominal 

RF-IGWO XGBoost-IGWO LightGBM-IGWO 

  PICP PIW PICP PIW PICP PIW 

Zone 1 

70% 0.668 0.119 0.666 0.042 0.666 0.106 

80% 0.762 0.192 0.76 0.089 0.76 0.179 

90% 0.838 0.232 0.26 0.117 0.27 0.219 

95% 0.864 0.296 0.862 0.162 0.863 0.283 

Zone 2 

70% 0.668 0.156 0.667 0.075 0.668 0.155 

80% 0.762 0.229 0.761 0.122 0.762 0.228 

90% 0.838 0.269 0.27 0.15 0.838 0.268 

95% 0.868 0.333 0.864 0.195 0.865 0.332 

Zone 3 

70% 0.671 0.218 0.669 0.139 0.669 0.2 

80% 0.765 0.291 0.763 0.186 0.763 0.273 

90% 0.844 0.331 0.843 0.214 0.844 0.313 

95% 0.873 0.395 0.869 0.259 0.871 0.377 

 476 

5. Discussion 477 

Consistent with previous studies 2,23,29, the present results confirm that integrating climatic 478 

predictors with satellite-derived vegetation indices substantially enhances wheat yield 479 

prediction compared to reliance on a single data source. Combining full-season remote sensing 480 

data with climate variables aggregated over key phenological periods yielded markedly higher 481 

WI gains, indicating that climatic information provides complementary explanatory power 482 

beyond spectral indicators alone. This outcome reflects that satellite observations primarily 483 

capture the integrated canopy response to environmental forcing, whereas climatic variables 484 

directly represent the biophysical drivers of crop growth and yield formation, particularly 485 

during sensitive developmental stages such as grain filling 48. The results therefore highlight 486 

the synergistic value of fusing Earth observation data with ground-based meteorological 487 

information in regional crop yield modeling frameworks. 488 

The period-specific modeling results further emphasize the temporal sensitivity of satellite 489 

remote-sensing inputs in yield prediction. Stronger performance gains associated with early-490 

season remote-sensing observations suggest that satellite signals acquired during canopy 491 

establishment and early vegetative growth contribute more effectively to yield prediction than 492 

those obtained later in the season. Early-season spectral responses are better suited to capturing 493 
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initial crop vigor, stand establishment, and the early manifestation of climatic or biotic stressors 494 

that ultimately shape yield trajectories 49. In contrast, mid- to late-season satellite signals are 495 

increasingly influenced by canopy closure, senescence processes, chlorophyll degradation, and 496 

post-anthesis physiological dynamics, which can obscure stress signatures and reduce their 497 

incremental predictive value 17. Moreover, early-season vegetation indices more directly 498 

represent critical phenological transitions such as tillering and stem elongation, which are 499 

closely linked to final grain number and yield potential. These findings underscore the 500 

importance of phenology-aware integration strategies that prioritize early-season satellite 501 

indicators when designing yield prediction models.Complementing the period-specific 502 

modeling results, the Monte Carlo sensitivity analysis demonstrates that climatic predictors 503 

exert a stronger overall influence on wheat yield prediction than satellite-derived variables. The 504 

dominance of precipitation-related and moisture-linked climatic variables aligns with extensive 505 

evidence highlighting the central role of water availability in regulating wheat productivity 506 

under both irrigated 50 and rainfed 51 conditions. The relatively limited influence of temperature-507 

based predictors, including maximum and minimum air temperature and solar radiation, is 508 

consistent with earlier findings suggesting that their effects may be indirect or moderated by 509 

water availability and phenological timing 17. The high importance of wind speed can be 510 

attributed to its documented effects on evapotranspiration demand, canopy microclimate, 511 

biomass accumulation, and lodging risk during stem elongation 17,52. Similarly, soil moisture at 512 

7–28 cm depth emerged as a key predictor, reflecting its role in governing root-zone water 513 

availability and sustaining vegetative growth 53. Actual evaporation provided an integrative 514 

measure of crop water status, capturing the combined influence of atmospheric demand and soil 515 

moisture dynamics more effectively than individual climatic variables 54. 516 

Although satellite-derived vegetation indices contributed less overall than climatic predictors, 517 

their relative importance remains notable, particularly for indices designed to mitigate 518 

atmospheric and background effects. The higher contribution of the ARVI relative to NDVI 519 

and EVI is consistent with its documented robustness under variable atmospheric conditions 520 

30,55. The relatively similar influence magnitudes among indices suggest inherent limitations in 521 

their ability to capture fine-scale structural and physiological variability when used 522 

individually, reinforcing the value of combining multiple indices to better represent crop 523 

canopy dynamics across growth stages. 524 

The performance differences among XGBoost, LightGBM, and RF were minimal, with 525 

XGBoost generally exhibiting the highest predictive accuracy and lower PIW values. This 526 

finding is broadly consistent with prior comparative studies reporting the frequent superiority 527 



 

 

27  

of XGBoost over RF 22-24; however, instances of RF outperforming XGBoost have also been 528 

documented 2,34. Such discrepancies may reflect the influence of regional characteristics, 529 

suggesting that the specific attributes of the study area can significantly affect the relative 530 

performance of these machine learning models. 531 

While both metaheuristics enhanced model accuracy, IGWO consistently yielded greater 532 

improvements than IWO. IGWO’s superior performance stems from its advanced optimization 533 

strategy, which balances exploration and exploitation more effectively. By dynamically 534 

adjusting search intensity and employing multiple leader wolves (alpha, beta, and delta) rather 535 

than a single best solution, IGWO maintains diversity in the search space while providing 536 

directional focus. This reduces the likelihood of convergence to local optima and enables more 537 

reliable feature selection and hyperparameter optimization, producing consistently high-538 

accuracy outcomes across datasets 41. 539 

The RMSE values obtained using the XGBoost-IGWO framework (zone 1: 0.495 t/ha; zone 2: 540 

0.535 t/ha; zone 3: 0.571 t/ha) indicate a competitive level of predictive accuracy relative to 541 

recent studies. For instance, Fu, et al. 56 reported an RMSE of 0.593 t/ha when applying an 542 

IGWO-CNN model to MODIS vegetation indices in the Huang–Huai–Hai wheat production 543 

region of China, whereas Huang, et al. 57 achieved an RMSE of 0.595 t/ha through the 544 

assimilation of MODIS and Landsat surface reflectance into the WOFOST-PROSAIL crop 545 

growth model in southern Hebei and northern Shandong. Similarly, Cao, et al. 58 obtained an 546 

RMSE of 0.78 t/ha using machine-learning methods informed by global dynamical atmospheric 547 

predictions in northern China. In contrast, notably lower error values have been documented in 548 

studies employing hyperspectral data. Cheng, et al. 59, for example, achieved an RMSE of 0.201 549 

t/ha using ZY-1 02D satellite hyperspectral imagery combined with an LSTM model in 550 

Beijing’s Changping District. 551 

Model performance differed across the three cultivation zones. Prediction accuracy was highest 552 

in Zone 1 and lowest in Zone 3. These patterns are consistent with the descriptive statistics 553 

presented in Table 4. Zone 1 is characterized by lower dispersion in both climatic variables and 554 

vegetation indices, whereas Zone 3 exhibits higher standard deviations and wider ranges across 555 

these variables, indicating greater environmental heterogeneity. Previous studies have also 556 

shown that increased climatic variability can reduce crop yield prediction accuracy, as 557 

demonstrated for maize yield estimation in Southwest China 60. In addition, the larger spatial 558 

extent and shorter growing season of Zone 3 may further increase within-zone variability, 559 

complicating the characterization of crop conditions using climatic and remote sensing inputs 560 

alone. Consistent with the findings of Jeong, et al. 18, these results highlight the importance of 561 
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diverse and representative datasets for improving wheat yield prediction across heterogeneous 562 

cultivation zones. 563 

Overall, these results collectively demonstrate that the proposed framework enables accurate 564 

and scalable yield prediction for operational decision-making. Notwithstanding these 565 

contributions, the limited temporal coverage and the focus on a single crop within one country 566 

may restrict the broader applicability of the results. Future research should therefore extend this 567 

framework across diverse crops, geographic regions, and longer time series to further evaluate 568 

its robustness and transferability under varying agricultural and environmental conditions. 569 

5. Conclusion 570 

This study evaluated the integration of climatic and remote sensing variables for wheat yield 571 

forecasting across three agro-climatic zones in China using machine learning models optimized 572 

with metaheuristic algorithms. Multi-source data fusion improved prediction accuracy over 573 

single-source approaches, with the highest improvements achieved by combining full-season 574 

vegetation indices and early-season climatic variables. Sensitivity analysis highlighted the 575 

dominant role of water-related predictors, while individual vegetation indices showed lower 576 

influence. 577 

All models benefited from optimization, with XGBoost-IGWO yielding the highest accuracy. 578 

Spatial analysis showed the strongest performance in Zone 1 and the weakest in Zone 3, 579 

reflecting greater variability in climatic and vegetation conditions. These findings emphasize 580 

the importance of representative data and phenology-aware variable selection when forecasting 581 

wheat yield across heterogeneous cultivation zones. 582 

  583 
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