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Abstract: Accurate yield prediction is essential for global food security and effective agricultural
management. Traditional empirical statistical models and crop models face significant limitations,
including high computational demands and dependency on high-resolution soil and daily weather
data, that restrict their scalability across different temporal and spatial scales. Moreover, the lack of
sufficient observational data further hinders the broad application of these methods. In this study,
building on the SCYM method, we propose an integrated framework that combines crop models
and machine learning techniques to optimize crop yield modeling methods and the selection of
vegetation indices. We evaluated three commonly used vegetation indices and three widely applied
ML techniques. Additionally, we assessed the impact of combining meteorological and phenological
variables on yield estimation accuracy. The results indicated that the green chlorophyll vegetation
index (GCVI) outperformed the normalized difference vegetation index (NDVI) and enhanced
vegetation index (EVI) in linear models, achieving an R? of 0.31 and an RMSE of 396 kg/ha. Non-
linear ML methods, particularly LightGBM, demonstrated superior performance, with an R? of 0.42
and RMSE of 365 kg/ha for GCVI. The combination of GCVI with meteorological and phenological
data provided the best results, with an R? of 0.60 and an RMSE of 295 kg/ha. Our proposed
framework significantly enhances the accuracy and efficiency of winter wheat yield estimation,
supporting more effective agricultural management and policymaking.

Keywords: winter wheat; yield estimation; machine learning; vegetation indices; phenological
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1. Introduction

As the world’s fifth largest cereal crop [1], the stability and improvement of winter
wheat (Triticum aestivum L.) yields are crucial for ensuring global food security,
particularly in the context of regional instability and climate change. China, as a major
producer and consumer of wheat, relies heavily on winter wheat, which accounts for 85%
of its summer cereal production [2,3]. Therefore, the timely and accurate prediction of
winter wheat yield is critical to both regional and global food security.

Traditional crop yield estimation primarily relies on crop models and statistical
regression [4-8]. Crop models can reproduce the critical processes of plant growth and
development in detail, and can operate at multiple scales [9,10]. However, they are
usually computationally intensive and require high-resolution soil and daily weather data,
which hinders their large-scale application [11,12]. In contrast, statistics-based methods
provide a more straightforward choice for yield prediction, but these empirical models
are typically localized and cannot be extrapolated to other fields [13,14]. Historically, the
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lack of sufficient field-level or pixel-level production measurements for model calibration
and verification has limited the deployment of empirical models for large-scale
operational yield modeling [15-17]. Additionally, empirical models are only applicable to
specific crop varieties and growth periods in geographically calibrated areas, limiting
their generalization under poor data availability [18-20].

To address these challenges, several studies have proposed the training of simpler
empirical models, such as multivariate linear regression, using crop models to link yield
to vegetation indices for rapid application [21-23]. These simplified models, validated
with ground observation data, demonstrate higher precision compared to more
computationally demanding integration schemes. However, they remain specific to the
calibrated location, year, and single image date. Furthermore, the Scalable Satellite-based
Crop Yield Mapper (SCYM) method proposed by Lobell et al. offers advantages in
scalability, roubustness, and ease of expansion [24-26]. Unlike traditional empirical
models, SCYM does not require ground observation for model calibration during the yield
estimation process. Instead, it uses crop model simulations to create training data that
convert vegetation indices to crop yields. This method provides strong flexibility in
selecting vegetation indices and empirical statistical models. Since its introduction, SCYM
has been applied to various crops in multiple countries and regions worldwide [26-31].

Vegetation indices, which are highly correlated with crop biophysical characteristics,
have been widely used in remote sensing yield estimation [32]. Classical indices, such as
the normalized difference vegetation index (NDVI), often saturate and fail to reflect
changes after the leaf area index peaks [33]. Therefore, some researchers opt for other
indices such as the enhanced vegetation index (EVI) and the green chlorophyll vegetation
index (GCVI) [34,35]. Many studies have demonstrated that the introduction of
meteorological variables can significantly improve the accuracy of yield estimation, as the
limited vegetation index information alone cannot fully capture the impact of
environmental factors during different growth stages [36,37]. Including variables that
reflect crop growth conditions, such as phenological information, can theoretically
improve yield estimation accuracy [38,39]. Traditional statistical modeling methods, like
ordinary least squares (OLS) regression, have evolved into non-linear and complex
machine learning (ML) and even deep learning (DL) methods [40,41]. The performance of
traditional and new methods under different input variables needs further study.

Therefore, in this study, we improve the accuracy of winter wheat yield estimation
in the North China Plain (NCP) by integrating meteorological and phenological
information using ML methods. Specifically, this study focuses on the response of
different vegetation indices to winter wheat yield at the field scale. It also explores the
potential of advanced machine learning models in comparison to traditional linear models
for winter wheat yield estimation. Additionally, the study identifies the optimal
combination of input variables and examines the extent to which supplementary
phenological information can improve yield estimation accuracy.

2. Materials and Methods
2.1. Study Area

The NCP is a major grain production region in China, with a winter wheat area of
about 13 million hectares, accounting for 54% of the country’s total sown area, and a total
production of 87 million tons, representing 69% of the national production.
Geographically, the NCP stretches from 32°19' to 40°18'N and from 112°52' to 122°25'E,
covering 445 county-level administrative units across Beijing, Hebei, Henan, Tianjin,
Shandong, and parts of Anhui and Jiangsu provinces (Figure 1). This region is
predominantly agricultural, focusing on crops like wheat and maize, with a cropping
system of one crop per year or three crops every two years. The irrigation assurance rate
is high, with over 80% of the arable land equipped with irrigation facilities by 2015 [42].



Remote Sens. 2024, 16, 3217

3 of 18

z 60°E  80°E 100°E 120°E 140°E N
A L 1 1 1
?n- A
2,
Z
5
S
o
Z
o
w,
* Beijing ]
® Agrometorological stations § ,f-
[ INCP boundary N o~ }
1000 0 1000 2000 Km VG g
[ . -

Figure 1. Location of the study area and distribution of agrometeorological stations.

2.2. Data and Processing

The data utilized in this study include remote sensing imagery, meteorological data,
soil data, crop phenology observation data, statistical data, ground validation data, and
spatial data. Meteorological data, soil data, and crop phenology observation data (mainly
records of crop yield and phenological stages) are primarily used for crop growth model
calibration. Remote sensing imagery is employed for constructing crop yield estimation
models, while statistical data and ground validation data are used for accuracy
assessments at various stages. The processing of remote sensing imagery and the final
regional yield mapping were conducted on the Google Earth Engine (GEE) platform. GEE
provides access to a vast repository of open-source datasets and function libraries,
enabling the efficient and rapid processing and analysis of large-scale geospatial datasets.
[43].

2.2.1. Remote Sensing Data

Vegetation indices, highly correlated with crop biophysical characteristics, have been
widely used in remote sensing yield estimation. In this study, we utilized three vegetation
indices, NDVI, EVI, and GCVI, to mitigate the saturation issue found in NDVI at high
canopy density [44,45]. These indices are derived from Landsat 7 products, with a spatial
resolution of 30 m and a 16-day revisit period.The formulas for calculating these indices
are as follows:

NIR — RED

_ — ey 1
NDVI NIR + RED M)
EVI = 2.5 X NIR — RED )
~ " 7 NIR+ 6 x RED — 7.5 x BLUE + 1
NIR
GCVI = 3)

GREEN
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2.2.2. Meteorological Data

The meteorological driving data for the WOFOST crop model were sourced from the
China Meteorological Forcing Dataset (CMFD, http://poles.tpdc.ac.cn/en/data/8028b944-
daaa-4511-8769-965612652c49/, accessed on 1 October 2022). This dataset integrates
meteorological station observations, remote sensing products, and reanalysis datasets,
providing data at a temporal resolution of 3 h and a spatial resolution of 0.1°. The CMFD
dataset provides daily inputs for the WOFOST model, including 2-m air temperature,
surface pressure, specific humidity, 10-m wind speed, and precipitation.

For the yield estimation model training and regional application, we selected key
climatic factors affecting winter wheat yield based on previous studies. These factors
include cumulative rainfall during the growing season (precip), average temperature
during the growing season (tmean), average solar radiation during the growing season
(sr), and average maximum temperature from heading to maturity (tmax). The climatic
data for these factors were obtained from the TerraClimate dataset, which offers global
terrestrial surface monthly climate and water balance data accessible via the Google Earth
Engine (GEE) platform [46].

2.2.3. Other Data

Crop phenology observation data used in this study were sourced from the National
Meteorological Science Data Center. This dataset includes records of crop names,
phenological stages, dates of phenological stages, growth conditions, dry soil layer
thickness, and soil relative humidity at depths of 10-100 cm, observed at agricultural
meteorological stations (AMS). For the NCP, 41 AMS provided adequate winter wheat
observation records, including data on greening, flowering (heading), maturity stages,
and yield (Figure 1). County-level winter wheat yield data were sourced from statistical
yearbooks of various provinces and rural statistical yearbooks, which include information
on winter wheat planting area and total yield. Soil data were obtained from the
Harmonized World Soil Database (HWSD V2.0), produced by the FAO and IIASA in 2008
(https://gaez.fao.org/pages/hwsd, accessed on 10 October 2022). The spatial distribution
of winter wheat was derived from the 1 km resolution ChinaCropArealkm dataset [47],
which records crop spatial distribution and phenological information from 2000 to 2015
(https://data.mendeley.com/datasets/jbs44b2hrk/2, accessed on 10 February 2023).

2.3. Methodology
2.3.1. Application of the SCYM Method Framework

The SCYM method leverages crop growth models to simulate crop physiological
characteristics and their responses to varying weather conditions and agricultural
management practices. It also takes full advantage of the GEE cloud platform’s capability
to process vast amounts of historical remote sensing data quickly. Compared to other
empirical models, SCYM uses readily accessible data and does not require actual yield
data for model calibration. The workflow of the SCYM method can be summarized as
follows: (1) crop data simulation based on WOFOST; (2) yield estimation model training;
and (3) pixel-scale yield mapping based on the estimation model [24] (Figure 2).

In this study, we applied the SCYM method framework as follows: (1) We used a
fully parameterized crop model WOFOST to generate sample data for training yield
estimation models, producing daily Leaf Area Index (LAI) and yield data for each station
and each year; (2) We converted the LAI data into three simulated vegetation indices using
empirical formulas, and constructed yield estimation models with different ML methods
to compare the contributions of different indices and ML methods; and (3) We applied the
best variable combination across the entire study area to achieve pixel-level yield mapping.
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Figure 2. Flow chart of yield estimation based on SCYM method: (1) crop growth data simulation;
(2) training of the yield estimation model; and (3) generation of pixel-level yield estimation results.

2.3.2. Crop Growth Data Simulation

In this study, the WOFOST model was chosen to simulate crop growth. Developed
by Wageningen University, the WOFOST model is a process-based dynamic mechanistic
model that simulates crop growth dynamics on a daily time step under specific climatic
and environmental conditions [48]. The model has been successfully applied in the NCP,
particularly for winter wheat, with extensive validation. The parameterization and
calibration of the WOFOST model based on AMS in the NCP are described in detail in
previously published works by our research group [9].

The localized WOFOST model was run at 41 AMS sites across the NCP, as shown in
Figure 1. To ensure stable model outputs, simulations started in 1990, and data from 2001
to 2015 were used, generating 615 crop simulation records under diverse growth
conditions, including soil, climate, crop variety, and management practices. Each
simulation outputted daily time series data of crop biophysical characteristics, including
biomass, final yield, and LAI The simulated LAI time series data were converted to
vegetation index time series using empirical formulas [49], as shown in Equations (4)—(6),
as follows:

NDVI = 0.435 + 0.491 x (1 — e~0-801xLAI) @)
EVI = 0.173 + 0.554 x (1 — e~0656xLAl )
GCVI = 0.992 + 9.201 x (1 — e~0189xLAI) ©)

Figure 3 shows the time series of simulated LAI and the corresponding derived
vegetation indices (GCVL NDVI, EVI) for a selected site and year. This figure illustrates
the temporal dynamics of winter wheat growth, with LAI peaking during the key growth
stages, and the vegetation indices responding accordingly. The close relationship between
LAI and the vegetation indices is evident, providing valuable insights into the growth
patterns of winter wheat and the potential for using these indices in yield estimation
models.
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Figure 3. Example of time series of simulated LAI and derived vegetation indices (GCVI, NDVI,
EVI) for a selected site and year.

2.3.3. Model Training and Evaluation

The simulated vegetation indices and corresponding simulated yield data were used
to train the yield estimation models. Additional auxiliary variables (including
meteorological data and key phenological stage data) were incorporated into the models
to evaluate their contributions to yield estimation. The performance of ordinary linear
regression models and machine learning models in constructing yield models was also
compared. The yield estimation model is formulated as follows:

Y = f(VI;, W, Phe) @)

where Y represents yield, W denotes a vector of meteorological variables (e.g.,
temperature, precipitation, solar radiation), Phe indicates phenological information (e.g.,
total days of the growing season, days from greening to heading, days from heading to
maturity, proportion of reproductive growth period), and VI; represents the vector of
vegetation index values (NDVI, EVI, GCVI) observed on a specific combination of dates
d. The data distribution characteristics of meteorological and phenological variables are
presented in Table 1.

Table 1. Descriptive statistical analysis of meteorological and phenological variables applied in
yield estimation model training,.

precip @ srb tmean © tmax 9 t keye t percentf
mm W/m? °C °C days
mean 175.46 231.12 14.89 30.69 4414 0.32
min 66 187.95 9.4 22.8 28 0.16
max 482 251 17.53 35.6 60 0.59
std 69.17 10.84 1.41 2.26 7.67 0.10

a precip means cumulative rainfall during the growing season; b sr means average solar radiation
during the growing season; <tmean means average temperature during the growing season; ¢ tmax
means average maximum temperature from heading to maturity; ¢ t_key means the duration from
heading to maturity; f t_percent means the ratio of t_key to the entire growth period.

The explicit dependence on the date combination d is a crucial aspect of the SCYM
method, as d corresponds to the dates of remote sensing image acquisition. Due to cloud
cover, even nearby pixels may be observed on different dates. Lobell et al. divided the
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crop growing season into two stages, with d corresponding to two observation windows.
Considering the 16-day revisit period of Landsat imagery, this study also selected two
observation windows: day of year (DOY) 101-130 and 131-160, resulting in 900 possible
date combinations.

Three representative regression methods were chosen to train the yield estimation
models: traditional ordinary least squares (OLS) and two powerful machine learning
models, random forest (RF) and Light Gradient Boosting Machine (LightGBM). OLS
minimizes the sum of squared errors to find the best fit, assuming a linear relationship
between dependent and independent variables, normal distribution, and no
multicollinearity. LightGBM, released by Microsoft in 2017, is an implementation of
gradient boosting decision trees (GBDT) with improvements in performance and
computational time [50]. RF is based on the concept of bagging, randomly selecting
features to construct trees, and averaging the predictions of all trees, effectively
addressing bias and variance components [3,51].

In this study, we implemented a robust approach to ensure both the effectiveness
and generalization ability of the models used for yield prediction. Our dataset comprised
615 sample datasets, collected from 41 sites across the study area from 2001 to 2015. These
samples were organized based on a combination of observation dates, specifically
selecting 30-day periods from both the early and late stages of the growing season. This
approach resulted in a total of 900 observation combinations, encompassing a wide range
of environmental and climatic conditions.

The dataset was divided into training and test sets, with 70% of the data used for
training and the remaining 30% reserved for testing. To optimize the model parameters,
we employed 10-fold cross-validation and grid search techniques exclusively on the
training set. The optimized models were then tested on the independent test set, and their
performance was evaluated using the coefficient of determination (R?) and root-mean-
square error (RMSE), as follows:

R*=1- Z?Zl(Yi -9)%/ Z?zl(%' -y)? ®)

RMSE = \/% 27;1(3’1' - 9:)? ©)

where n represents the number of total validation samples (n = 185), y represents the
average value of simulated yield ouput by WOFOST, and J; represents the average value
of estimated yield.

To assess the generalization ability of the models, we conducted a comprehensive
evaluation process. The entire training and testing procedure was repeated 100 times to
mitigate the uncertainty in the predicted R? values. By averaging the R? values across these
iterations, we were able to obtain a reliable measure of each model’s performance.
Furthermore, the model was applied at the grid scale to predict historical winter wheat
yield data, and its accuracy was validated at the county scale. This approach
demonstrated the model’s ability to generalize across different temporal and spatial
conditions.

2.3.4. Experimental Design

To systematically address the three research questions, the following experimental
schemes were designed:

(1) VIOnly: This experiment focuses on modeling yield estimation using only vegetation
indices (GCVI, NDVI, EVI). It is intended to evaluate the effectiveness of different
VIs in predicting winter wheat yield at the field scale;

(2) Weather Only: In this experiment, the model is trained using only meteorological
variables. The goal is to assess how meteorological factors alone contribute to yield
estimation accuracy;
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(3) VI + Weather: This experiment combines vegetation indices with meteorological
variables in the model. It explores the potential improvement in yield estimation
accuracy when both VIs and weather data are used together;

(4) VI + Phe: Here, the model uses both vegetation indices and phenological variables.
The experiment aims to determine the added value of phenological information in
improving yield estimation accuracy;

(5) VI+Weather + Phe: This comprehensive experiment incorporates vegetation indices,
meteorological variables, and phenological variables into the model. It evaluates the
optimal combination of these inputs for enhancing yield prediction accuracy.

Explanation of experimental schemes: Experiment 1 compares the performance of the
three indices. Experiments 1 to 3 assess the contributions of meteorological variables and
vegetation indices to the yield estimation model. Experiments 3 to 5 evaluate the
contribution of phenological information to the yield estimation model. All the above
experimental schemes were implemented using three different machine learning methods.
This approach allows for a comparative evaluation of the performance of each method in
yield estimation under varying input conditions.

3. Results
3.1. Accuracy of the Prediction Models with Only Vegetation Index

To compare the performance of different vegetation indices in winter wheat yield
estimation models, we initially trained the models using only the vegetation index
variables, evaluating their performance using R? and RMSE. As shown in Figure 4,
depending on the choice of vegetation index and model, about 15-43% of the variations
in winter wheat yield could be explained. In the multiple linear regression model, GCVI
performed the best (R?=0.31; RMSE = 396 kg-ha'), followed by EVI (R?=0.18; RMSE =430
kg-ha™), and NDVI performed the worst (R? = 0.15; RMSE = 438 kg-ha™). The R? values
here refer to the average of the 900 observation date combinations, not to the highest
value.

0.6 \ | OoLs
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LightGBM

500

b -
il

L

02
L] L]

RMSE ( kg-ha™?)

350

A oLs
RF [ i

00 LightGBM L ai - |

GCVI NDVI EVI GCVI NDVI EVI

Figure 4. Comparison of different vegetation indices for yield estimation of winter wheat.

3.2. Contribution and Importance of Weather Variables and Phenological Metrics

The linear yield estimation model using only meteorological variables achieved an
R? of 0.23, with an RMSE of 411 kg-ha™!, which is lower than the accuracy achieved using
only GCVI (R?=0.31; RMSE = 396 kg-ha). Similar patterns were observed in the RF and
LightGBM methods, indicating that GCVI explains winter wheat yield variations better
than meteorological variables. Moreover, the improvement in prediction accuracy for
meteorological variables using machine learning methods (RF and LightGBM) over
multiple linear regression (OLS) was only 0.03. In contrast, improvements for the GCVI
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non-linear models over linear models ranged from 0.04 to 0.11, suggesting that the
relationship between meteorological variables and yield is more linear compared to
vegetation indices.

To verify the impact of high-temperature stress from heading to maturity on final
yield, the average maximum temperature variable (tmax) was excluded from the
meteorological variables and the yield estimation was re-modeled. The changes in R2
before and after this exclusion were compared to assess its contribution to yield variations
(Tables 2 and 3). It was found that the average maximum temperature from heading to
maturity, as shown in Tables 2 and 3, contributed significantly to the final yield, especially
for the linear models (R? increased by 0.05-0.23). In the linear model using only
meteorological variables, other meteorological variables contributed negligibly to the final
yield, indicating a weak linear relationship between other meteorological variables and
the final yield (Figure 5). The contribution of the average maximum temperature to yield
variations (R?) decreased with the use of non-linear models and the inclusion of more
variables. Similarly, the inclusion of phenological variables effectively improved model
accuracy (Table 2), with an 8% increase in R? for linear models compared to the models
using only GCVI. Still, the contribution to non-linear models was relatively smaller (5%
and 3% for RF and LightGBM, respectively).

Table 2. Model performance using different vegetation indices, different combinations of variables,
and different methods.

OLS RF LightGBM
R RMSE R RMSE R RMSE
GCVI 031 396 0.35 384 0.42 365

Vis 2 only NDVI 0.15 438 0.35 384 0.42 365
EVI 0.18 430 0.35 384 0.42 365
Climate ® only 0.23 411 0.26 402 0.26 401

GCVI 0.51 326 0.57 307 0.57 307

VIs + Climate NDVI 0.44 349 0.57 307 0.57 307
EVI 0.46 343 0.57 307 0.57 307

GCVI 0.39 362 0.40 359 0.45 345

VIs + Phe ¢ NDVI 0.23 407 0.40 359 0.45 345
EVI 0.26 397 0.40 359 0.45 345

GCVI 0.56 312 0.60 295 0.58 301

VIs + Climate + Phe NDVI 0.46 343 0.60 295 0.58 301
EVI 049 335 0.60 295 0.58 301

2 VIs including NDVI, EVI, GCVI;® Climate including all climate variables; < Phe represents the
combination of phenological variables.

Table 3. Contribution of meteorological variables to yield estimation model.

OLS RF LightGBM

R? RMSE R? RMSE R? RMSE
Climate’ 2 only 0.00 467 0.14 436 0.16 431
GCVI + Climate’ 0.44 351 0.55 315 0.55 317
GCVI + Climate’+Phe 0.51 328 0.60 296 0.58 304

2 Climate” means that the meteorological variable set excludes the mean maximum temperature
(tmax) variable after the heading stage of winter wheat.

To assess the impact of climatic and phenological variables on yield estimation
accuracy, we compared the performance of different model configurations. The inclusion
of climatic variables (e.g., GCVI + climate) provided a notable improvement in accuracy
over using vegetation indices alone. However, when phenological information was added
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to the model that already included climatic variables (GCVI + climate + Phe), the accuracy
increased by only 1% to 5% (Table 2). This small improvement suggests that the
phenological variables’ contribution was reduced by approximately 3% compared to their
impact when climatic variables were not considered. This overlap indicates that some of
the phenological information may be redundant or already captured by the climatic
variables.

7000

240
5 220

200

5000 6000 7000 250 500 200 50 10 15 T 4 60
yield precip sr tmean tmax t_key

Figure 5. The relationship between meteorological variables and yield. yield represents simulated

yield, precip represents cumulative rainfall during the growing season, sr represents average

radiation during the growing season, tmean represents average temperature during the growing

season, and tmax represents the average maximum temperature from heading to maturity, t_key

represents the duration from heading to maturity.

3.3. Impact of Vegetation Index Observation Dates on Yield Estimation Models

Furthermore, this study analyzed the effect of vegetation index observation dates on
winter wheat yield estimation models. The results showed that when only vegetation
indices were used for yield estimation, the model accuracy significantly depended on the
choice of observation dates. As shown in Figure 6, for multiple linear regression, the
accuracy of the model relying solely on GCVI was highly dependent on the observation
dates, with the late growing season observations concentrated between DOY 135 and 145
(approximately 15-25 May) and the early growing season observations also showing
higher accuracy towards the later period (DOY 121-130). By May, most winter wheat
fields in the NCP had reached, or were close to, the peak vegetation index (Figure 2),
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indicating that the peak vegetation index values contributed the most to model accuracy,
which is consistent with the results shown in previous studies [26].

OLS RF LightGBM
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Figure 6. The model performances (R?) for the regression models are based on different variables
and method combinations. Each grid cell shows model results for a specific combination of
observation dates from the two windows. Specifically, horizontally represents different methods
(OLS, RF, and LightGBM). Vertically, the combinations of other variables from (a—d): (a) only GCVI
input; (b) GCVI + climate variables; (c) GCVI + phenological metrics; and (d) GCVI + climate
variables + phenological metrics.

However, with the addition of more variables and the introduction of more complex
machine learning methods, this dependence on observation dates gradually weakened.
Comparing Figure 6a,b, the linear yield estimation model exhibited better prediction
accuracy over a broader range of observation dates with the inclusion of meteorological
variables. For non-linear models (RF and LightGBM), the effect of vegetation index
observation dates on yield estimation models was almost eliminated, achieving high
prediction accuracy with any combination of observation dates.

Compared to yield estimation models relying solely on vegetation indices, the
inclusion of phenological metrics improved the overall performance of the prediction
models. Still, the requirement for observation dates did not change significantly (Figure
6a,c). The combined models of vegetation indices, meteorological variables, and
phenological metrics achieved the highest accuracy, yielding satisfactory results across all
combinations of observation dates (Figure 6d).



Remote Sens. 2024, 16, 3217

12 of 18

3.4. Winter Wheat Yield Spatial Mapping and Accuracy Evaluation

The regression models for different observation date combinations were stored as
regression coefficient lookup tables. Using the GCVI data derived from Landsat 7,
TerraClimate climate variable data, locally uploaded phenological variable datasets, and
winter wheat spatial distribution datasets on the GEE platform, we calculated pixel-level
winter wheat yield estimates for the years 2001-2015. The results are shown in Figure 7.
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Figure 7. Spatial distribution map of winter wheat yield estimation by remote sensing in the North
China Plain from 2001 to 2015 based on SCYM method.

County administrative units averaged the simulated winter wheat yield data
obtained through the SCYM method to estimate county-level winter wheat yields. These
estimates were compared with county-level winter wheat yield data collected from
statistical records (only comparing the results from 2001-2011 due to significant data gaps
in county-level yield statistics after 2012) to evaluate the accuracy of the SCYM-based
winter wheat yield simulation in the NCP. The results showed a significant positive
correlation between simulated yields and statistical yields in all comparison years (R? >
0.67, up to 0.89, RMSE < 733 kg-ha™), as shown in Figure 8. This represents a significant
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improvement in accuracy compared to the SCYM method applied by George et al. (2017)
in the winter wheat-growing regions of India (R2 > 0.45) [26]. Cao et al. (2020) attempted
to predict winter wheat yields in the NCP at the county level by integrating multi-source
data, including monthly climate data, satellite data (i.e., vegetation index datasets), and
socioeconomic factors [51]. Their results showed that three machine learning models
(ridge regression, random forest, and LightGBM) achieved the highest accuracy when all
input data were combined (R 0.68-0.75). Compared to this study, the county-level yield
estimation accuracy is similar but slightly lower. In addition, unlike the county-level
results of Cao et al., our study provides richer spatial information on yields at a similar
accuracy level (Figure 7).
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Figure 8. Verification of simulation accuracy of winter wheat yield in the North China Plain.

4. Discussion

4.1. Comparison of the Performance of Vegetation Indices in Yield Estimation

In this study, we found that in linear models, GCVI performed the best (including
diverse combinations of variables), EVI ranked second place, and NDVI ranked last,
illustrating that GCVI is more suitable for predicting the yield of winter wheat. Despite
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being the most widely used indicator for crop growth monitoring and yield estimation
due to its high correlation with crop vigor and aboveground biomass, NDVI tends to
saturate at moderate-to-high LAI values (LAI > 3) [52,53]. The EVI was developed to
minimize the influence of soil background reflectance and atmospheric conditions, thus
improving sensitivity to high LAI values. However, both NDVI and EVI primarily reflect
leaf structure and greenness rather than environmental stress information. The GCVI
estimates leaf chlorophyll content, which reflects the physiological state of plants. As
chlorophyll content decreases under stress, GCVI serves as a good indicator of plant
health [54].

In non-linear models (RF and LightGBM), the three vegetation indices showed highly
similar performances in explaining yield variations (Figure 4), with the differences in R?
and RMSE being less than 0.001. Previous studies have also found similar results, where
different vegetation indices have comparable explanatory power for yield variations in
machine learning models [3]. This consistency can be attributed to the inherent similarity
in the non-linear relationships between vegetation indices and crop biomass yields.
Additionally, all three vegetation indices were derived from the same LAI data using
empirical relationships (Equations (4)—(6)), which may contribute to the observed
similarity. Further validation through actual observation experiments is needed to
investigate the specific reasons. Overall, GCVI is more suitable for winter wheat yield
estimation compared to NDVI and EVL

4.2. Comparing the Performances of OLS and ML Methods in Predicting Crop Yield

The results indicate that non-linear machine learning methods (RF and LightGBM)
outperform linear methods (OLS) in yield prediction, consistent with previous studies.
For various combinations of variables, machine learning methods performed better than
multiple linear regression methods (Table 2). When considering only meteorological
variables, adding GCVI observation combinations to non-linear models improved R2
more significantly (0.31) than in linear models (0.29), indicating that vegetation indices
contribute more non-linearly to crop yield. Conversely, when only GCVI observation
combinations were used, adding meteorological variables improved the average R? of
non-linear models less than that of the linear models, suggesting a more linear
relationship between meteorological variables and crop yield (Figure 5) [55].

4.3. Effects of Image Observation Date on Yield Estimation

The previous results demonstrated that yield estimation models relying solely on
GCVI observation combinations were highly dependent on observation dates, and that
this dependence gradually decreased with the addition of more input variables. To further
investigate the effect of vegetation index observation dates on final yield estimation, we
repeated the experiments using single-phase GCVI observations. The results showed that
peak vegetation indices had the highest correlation with crop yields, providing more
information related to biotic or abiotic factors [56,57]. As shown in Figure 9a, using single-
phase GCVI to train yield estimation models day by day, all three methods achieved the
highest accuracy of around DOY 140. Since the climate and phenological variables
selected in this study present comprehensive information for the entire growing season,
their inclusion compensated for the limitations of vegetation indices in reflecting the
instantaneous growth status of crops, thereby reducing the dependence on vegetation
index observation dates. Thus, as shown in Figure 9b, with the addition of climate and
phenological variables, the suitable observation dates for single-phase GCVI extended
from around DOY 140 to DOY 120-145 for all methods.

In addition, our model shows promise for real-time yield forecasting. As shown in
Figure 9a, the model achieves the highest accuracy for winter wheat yield estimation, of
around DOY 140, when using vegetation indices alone. From this point onward, it is
feasible to use real-time remote sensing data to predict winter wheat yields. Furthermore,
by integrating agricultural meteorological forecast data, the accuracy of these predictions
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can be enhanced (Figure 9b). This real-time application could prove to be invaluable for
dynamic agricultural decision-making, including irrigation scheduling, pest
management, and harvest planning. The ability to transition from a research tool to a real-
time management tool could significantly improve the efficiency and effectiveness of
agricultural practices, underscoring the practical value of our model.
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Figure 9. Effect of single-phase GCVI observation date on yield estimation model R (a) only GCVI;
and (b) GCVI + climate variable + phenological variable.

4.4. Uncertainties and Outlook

Inevitably, there are uncertainties in the study results. First, the SCYM method
assumes that crop growth models can accurately simulate final yield and LAI Although
the parameter-adjusted WOFOST model can more accurately simulate crop yield and has
been widely validated, there is less research on LAI For example, some studies have
found that the crop model tends to slightly overestimate LAI [58], a phenomenon also
observed in this study. Second, crop models focus on yield under water and nutrient
limitations and are less adaptable to pests, diseases, and extreme weather. Therefore,
empirical models based on these simulations cannot also evaluate crop yields under
extreme conditions (adverse weather or biological stress). In this study, we introduced
average maximum temperature and phenological information from heading to maturity
to improve the model’s adaptability to extreme conditions. Third, the empirical
relationship-based LAI inversion process for vegetation indices is also a major source of
errors. Additionally, obtaining multi-source data, such as climate and phenological
variables, inherently involves errors that may affect the results. Finally, in terms of climate
variables, this study only selected comprehensive information covering the winter wheat
growing season, making it difficult to avoid the possibility of omitting essential variables.
Future studies will screen climate variables monthly. Similarly, the selection of
phenological indicators also requires further exploration [59].

In addition to the uncertainties discussed, there is substantial potential for improving
the presented methodology by incorporating additional remote sensing data sources. For
example, synthetic aperture radar (SAR) data can be utilized to derive LAI with high
accuracy by coupling it with canopy radiative transfer models [60]. This approach could
eliminate the need for empirical conversions between vegetation indices and LAI,
reducing the associated uncertainties. Furthermore, SAR’s resilience to atmospheric
conditions and its ability to operate under all weather conditions make it a highly reliable
data source. Looking ahead, we plan to integrate SAR data, along with other promising
remote sensing technologies such as solar-induced chlorophyll fluorescence (SIF) and
near-infrared reflectance of vegetation (NIRv) [32], into our methodology. These additions
could significantly enhance the accuracy and robustness of crop yield estimation models
by providing more direct and detailed insights into crop health and development.

Although this study has many limitations, it provides an operational, scalable,
flexible, and multiscale adaptive remote sensing yield estimation modeling method based
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on the SCYM method. It offers new ideas for determining input variable combinations
and method selection.

5. Conclusions

This study integrated vegetation indices, meteorological, and phenological
information to improve the accuracy and efficiency of crop yield evaluation using
machine learning methods. We evaluated the performance of three vegetation indices
(NDVI, EVI, and GCVI) and three machine learning methods (OLS, RF, and LightGBM)
in winter wheat yield modeling. The results showed that GCVI performed best in
predicting winter wheat yield with linear models (OLS), followed by EVI, and that NDVI
performed the worst. Non-linear machine learning methods (RF and LightGBM)
significantly outperformed linear models (OLS), with LightGBM performing the best,
followed by RF. The combination of vegetation indices, meteorological, and phenological
information achieved the best performance in winter wheat yield estimation, obtaining
high accuracy across all observation date combinations. Our study found that the average
maximum temperature from heading to maturity (tmax) significantly contributed to
improving yield estimation accuracy. The addition of phenological information also
enhanced yield estimation accuracy.

Due to various factors, most countries or regions lack sufficient long-term continuous
ground crop observation data, which are essential for traditional empirical model-based
remote sensing yield estimation. The SCYM method, based on crop model-calibrated
empirical models, provides a pivotal approach to addressing this issue. Therefore, this
study proposes a framework for regional remote sensing yield estimation based on the
SCYM method, which includes index selection, modeling method comparison, and rapid
screening and optimization of input variable combinations. This framework does not
require actual ground yield data for model training, making it easily applicable to other
regions and other crops.
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