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Highlights

What are the main findings?

• Proposed a zoning strategy based on the KNN-Ward method, enabling fine-scale
delineation of the phenology spatial pattern of winter wheat.

• Developed yield estimation models based on phenological zoning, which achieved
higher accuracy and lower error variability within each zone.

What are the implications of the main findings?

• The phenology-zoning-based winter wheat yield estimation modeling strategy demon-
strates superior performance compared to models based on non-zoning, traditional
agricultural zoning, and provincial administrative zoning, exhibiting enhanced robust-
ness and broader applicability.

• This study provided a new methodology and reference for high-precision monitoring
of winter wheat yield the regional scale.

Abstract

Phenology is a key factor influencing the accuracy of regional-scale winter wheat-yield
estimation. This study proposes a yield-estimation modeling framework centered on phe-
nological zoning. Based on the remote sensing monitoring results of the heading stage
of winter wheat in the Huang-Huai-Hai region from 2016 to 2021, the KNN-Ward spatial
constraint clustering method was adopted to divide the Huang-Huai-Hai region into four
consecutive wheat phenological zones. The results indicate a consistent spatio-temporal
gradient in the phenology of winter wheat across the Huang-Huai-Hai region, characterized
by later development in the northern areas and earlier development in the southern areas.
The median day of year (DOY) for the heading stage in each zone varies by approximately
4 to 5 days, demonstrating a high degree of interannual stability. Building upon the pheno-
logical zoning outcomes, a multi-source data-driven random forest model was developed
for wheat-yield estimation by integrating remote sensing data and meteorological variables
during the wheat grain filling stage. This model incorporates remote sensing vegetation
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indices, crop growth parameters, and climatic factors as key input variables. Results show
that the phenological zoning strategy significantly improves model prediction performance.
Compared with the non-zoning model (R2 = 0.46, RRMSE = 13.02%), the phenological
zone model shows strong performance under leave-one-year-out cross-validation, with
R2 ranging from 0.54 to 0.68 and RRMSE below 12.50%. The phenological zoning model
also exhibits more uniform residuals and higher prediction stability than models based on
non-zoning, traditional agricultural zoning, and provincial administrative zoning. These re-
sults confirm the effectiveness of phenology-based zoning for regional yield estimation and
provide a reliable framework for fine-scale crop yield monitoring. The phenological zoning
model also demonstrates superior residual uniformity and prediction stability compared
with models based on non-zoning, traditional agricultural zoning, and provincial adminis-
trative zoning. These results confirm the effectiveness of the multi-factor-driven modeling
framework based on crop phenological zoning for regional yield estimation, providing a
robust methodological foundation for fine-scale yield monitoring at the regional level.

Keywords: winter wheat; phenological zoning; yield estimation; spatially constrained clustering

1. Introduction
According to the FAO (2024), winter wheat, a crucial food crop globally, is grown

on around 224 million hectares, accounting for 29% of worldwide grain production [1].
It commands about 50% of the international cereal trade, underscoring its pivotal role
in the global food economy [2,3]. Wheat is essential for national food security, fostering
sustainable agricultural development, and preserving social stability [4–6]. As a principal
region for winter wheat cultivation, the Huang-Huai-Hai area of China is characterized
by extensive and diverse wheat-growing systems and contributes over 70% of the nation’s
total winter wheat production each year, playing a vital role in ensuring food security [7,8].
It has been demonstrated that crop growth processes are influenced by the interaction
of environmental factors such as climate, soil, and phenological processes, and that crop
responses to environmental factors vary not only regionally but also with phenological
periods. So it is difficult to accurately estimate large-scale yields due to the region’s
significant spatial and temporal heterogeneity of crop growth, the frequency of extreme
weather events, and the significant climatic variations [9,10]. The growth process of winter
wheat from heading to maturity in different geographical units shows a gradient difference
of 5 to 15 days at different growth stages [11]. Meanwhile, the contribution of environmental
factors was spatially dependent, e.g., winter wheat yield in Denmark was highly sensitive
to high summer temperatures (p < 0.01) [12]. In contrast, the main production areas in China
were subjected to water stress at the winter wheat heading stage [13]. This relationship
showed significant spatial heterogeneity and nonlinearity at the regional scale. Therefore,
examining the regional heterogeneity of crop growth and its influencing factors is of critical
importance for accurate crop-yield estimation and effective growth management.

Developing high-accuracy and generalizable regional-scale crop-yield prediction mod-
els is of great significance for optimizing agricultural resource allocation, ensuring national
food security, and facilitating strategic grain planning [14]. Remote sensing technology,
characterized by its rapid, large-scale, dynamic, and non-invasive capabilities in acquiring
surface information, has emerged as an important tool for monitoring crop growth and
estimating yield [15]. Vegetation indices derived from remote sensing imagery provide a
direct assessment of crop growth conditions and serve as a reliable data source for crop-
yield estimation on a large scale. Typical remote sensing-based approaches for crop-yield
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estimation can be broadly classified into several categories, including statistical correlation
models linking yield with spectral indices, yield potential–stress factor models, yield three-
component models, and crop biomass–yield models, as summarized by Xu et al. [16]. These
variables are often combined with ancillary non-remote sensing data through statistical
or process-driven techniques to generate yield estimates. In recent years, the fusion of
multi-source remote sensing and meteorological data, along with advancements in ma-
chine learning algorithms, has significantly enhanced the accuracy of crop-yield estimation
at regional scales [17,18]. Machine learning models, including Random Forest (RF) and
Support Vector Machine (SVM), have been extensively utilized for yield estimation across
various regions and crops. This widespread adoption is attributed to their capacity to
process high-dimensional nonlinear data, their independence from assumptions regarding
the distribution of input variables, and their robustness against overfitting [19–21]. Satel-
lite remote sensing time-series imagery offers comprehensive insights into crop growth
patterns, capturing systematic variations caused by phenological differences as well as
random variations resulting from agricultural management practices, such as fertilization
and irrigation. Conventional crop-yield estimation models frequently neglect phenologi-
cal heterogeneity, potentially compromising model accuracy and robustness [22–24]. For
instance, studies on crop-yield estimation in the Yellow River Delta region of China have
demonstrated that overlooking phenological variations can elevate the root mean square
error (RMSE) of yield predictions to 1.02 t/ha [25].

In recent years, increasing attention has been devoted to explicitly integrating crop
phenology into yield-estimation frameworks. Various approaches have been developed,
ranging from the assimilation of remotely sensed phenological stages into process-based
models to the use of stage-specific vegetation indices and the alignment of time-series
data based on key phenological markers. For example, Tang et al. incorporated satellite-
derived sowing, heading, and maturity stages into the Wheat Grow model to improve
dynamic yield simulations [26]; Shrestha et al. identified the tasseling stage as a criti-
cal period for maize-yield prediction, revealing that chlorophyll-sensitive indices exhibit
the strongest correlations with yield during this phase [27]; and Zhang et al. proposed
a phenology-alignment strategy by synchronizing multi-source time-series data using
field-level phenological peaks, which significantly enhanced the performance of deep
learning yield models under extreme drought conditions [28]. Collectively, these studies
demonstrate that accurate phenological characterization is fundamental for improving
the temporal realism and predictive reliability of yield models. However, most existing
studies treat phenology as an auxiliary temporal predictor rather than as a spatially explicit
modeling basis. This study extends the use of phenological information by constructing
phenology-based zoning units that capture both spatial and temporal variations in crop
development, thereby providing a new framework for improving model generalization
across heterogeneous agro-ecological regions. Zone-based modeling approaches have
increasingly become a prominent strategy for regional crop-yield estimation. Traditional
agricultural zoning methods were largely based on expert knowledge and climatic param-
eters such as isohyets. For example, agricultural zones were often defined using visual
differences in Landsat imagery or through temperature and precipitation indicators, upon
which empirical yield models were subsequently developed [29,30]. However, traditional
zoning approaches often rely heavily on subjective expert experience, have limited spatial
resolution, and rarely incorporate crop phenological dynamics. As a result, they may
produce zones that do not fully reflect the temporal variability of crop growth, leading to
estimation uncertainties. To overcome these limitations, several studies have introduced re-
mote sensing time-series data (e.g., NDVI, EVI) into clustering analyses. By using methods
such as spectral angle clustering (SAC), these studies dynamically delineated zones based
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on phenological trajectories, thereby improving both the accuracy and the interpretability
of the zoning process [31].

To address the issue of insufficient consideration of phenological heterogeneity in
current winter wheat-yield estimation, this study proposes a framework for constructing a
remote sensing and climate multi-factor driven model for winter wheat-yield estimation
based on phenological zoning. The study first employs time-series remote sensing data to
extract the winter wheat heading stages in the Huang-Huai-Hai region. Subsequently, the
Dynamic K-Nearest Neighbors-Ward (KNN-Ward) spatial clustering algorithm is applied
to derive phenological zones with high internal consistency within the study area. Based
on this foundation, a Bayesian-optimized random forest model was constructed to estimate
regional winter wheat-yields, incorporating crop vegetation indices, growth parameters,
and meteorological data relevant to yield formation during the winter wheat growth
period. The study conducted comparative analyses of the accuracy and robustness of
yield-estimation models using traditional administrative and agricultural zoning systems,
aiming to evaluate the role of phenological zoning in enhancing the adaptability of regional
yield-estimation models.

2. Materials and Methods
2.1. Overview of Research Area

This study focuses on the Huang-Huai-Hai region of China (Figure 1), which is located
in a warm-temperate, semi-humid to semi-arid continental monsoon climate zone and
covers approximately 590,200 km2, encompassing Beijing, Tianjin, Hebei, Henan, Shandong,
Jiangsu, and Anhui provinces. The region is characterized by cold, dry winters and hot,
rainy summers, with a mean annual temperature of about 15 ◦C and annual precipitation
ranging from 600 mm to 900 mm. January, the coldest month, averages between −5 ◦C
and −1 ◦C, while July and August typically range from 26 ◦C to 32 ◦C. Winter wheat is
generally sown in October of the previous year and harvested around June of the following
year. During winter, low temperatures promote vernalization and tillering, while warm
and humid spring conditions support vigorous jointing and heading growth. Moderately
elevated summer temperatures facilitate grain maturation, although excessive heat may
reduce grain filling and quality. Across the Huang-Huai-Hai Plain, the heading (or anthesis)
period varies by about 20 days from south to north, reflecting the spatial heterogeneity
of climatic conditions and management practices. The region’s stable climate, extensive
cropland, and high productivity make it one of China’s most important winter wheat-
producing areas, playing a vital role in ensuring national food security.

2.2. Data Acquisition
2.2.1. Remote Sensing Data

In this study, the MODIS (Moderate Resolution Imaging Spectroradiometer) imagery
acquired at 8-day intervals during the winter wheat growth period in the Huang-Huai-Hai
region between 2016 and 2021 was utilized. The satellite data were accessed via the Google
Earth Engine (GEE) platform, which serves as a cloud-based platform providing access to
and processing of multi-source remote sensing datasets. The MODIS products offer high
temporal resolution (8-day composites) and moderate spatial resolution (500 m), which
makes them well-suited for large-scale crop growth monitoring and the analysis of dynamic
changes over time. Based on the MOD09A1 product, five vegetation indices were calculated
and used for subsequent data analysis (Table 1).
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Figure 1. Location of the experimental area in this study.

Table 1. Vegetation index table.

ID Vegetation Index Equation Reference

1 GNDVI (Green normalized difference vegetation index) GNDVI = (NIR − G)/(NIR + G) [32]

2 EVI (Enhanced vegetation index) EVI = (2.5(NIR − R))/(NIR + 6R − 7.5B + 1) [33]

3 GOSAVI (Green Optimal Soil-Adjusted Vegetation Index) GOSAVI =1.16(NIR − G)/(NIR + G + 0.16) [34]

4 ARVI (Atmospherically Resistant Vegetation Index) ARVI = ((NIR − (R − 2 × (B − R)))/(NIR + (R − 2× (B − R)))) [35]

5 NDVI (Normalized difference vegetation Index) NDVI = (NIR − R)/(NIR + R) [36]

Note: NIR, R, G, and B bands represent near-infrared, red, green, and blue bands, respectively.

The Leaf Area Index (LAI) and the Fraction of Absorbed Photosynthetically Ac-
tive Radiation (FPAR) are two essential plant biophysical parameters that describe
canopy structure and the rates of associated energy exchange processes. In this study,
MODIS MOD15A2 data covering the winter wheat growth period in the Huang-Huai-
Hai region from 2016 to 2021 were acquired from the NASA Earth data website (https:
//ladsweb.modaps.eosdis.nasa.gov/, accessed on 4 January 2025). This dataset provides
8-day composite Level-4 products of LAI and FPAR at a spatial resolution of 500 m [37].

Solar-induced chlorophyll fluorescence (SIF) is a rapidly developing vegetation re-
mote sensing technology that has emerged over the past decade. It addresses the limita-
tions of traditional optical remote sensing methods that rely on vegetation indices such
as “greenness”, thereby offering essential technical support for studies focused on the
retrieval of physiological and biochemical parameters and productivity of terrestrial ecosys-
tems, the early detection of abiotic stress, the extraction of photosynthetic phenology, and
the monitoring of vegetation transpiration [38]. In this study, the Global OCO-2 Solar-
Induced Chlorophyll Fluorescence (GOSIF) dataset, which also includes gross primary
productivity (GPP) data, was utilized in winter wheat-yield estimation modeling. The
dataset provides global, continuous 8-day temporal resolution SIF and GPP data at a
spatial resolution of 0.05◦ over the period 2000–2024, derived using the algorithm pro-
posed by Li and Xiao (2019) [39,40]. All data are publicly accessible on the website at
http://globalecology.unh.edu/data/GOSIF.html (accessed on 4 January 2025).

https://ladsweb.modaps.eosdis.nasa.gov/
https://ladsweb.modaps.eosdis.nasa.gov/
http://globalecology.unh.edu/data/GOSIF.html
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To ensure spatial and temporal consistency among multi-source datasets, all data
(including MODIS, LAI/FPAR, GOSIF/GPP) were harmonized to an 8-day temporal
resolution and a 500 m spatial grid in this study.

2.2.2. ERA5-Land Data

The ECMWF Reanalysis v5 (ERA5) is the fifth-generation global climate and weather
reanalysis product developed by the European Centre for Medium-Range Weather Fore-
casts (ECMWF). The ERA5-Land dataset has a spatial resolution of 11.1 km (0.1◦) and can
be accessed by registering and downloading directly from the Climate Data Store (CDS) of
the Copernicus Climate Change Service (C3S) or via the CDS API. In this study, the meteo-
rological variables considered included daily maximum temperature (tmmx), minimum
temperature (tmmn), precipitation (pr), 10 m wind speed (vs), and soil moisture (soil), all
derived from the ERA5 climate data [41]. The ERA5-Land meteorological variables were
resampled to 500 m spatial resolution using the bilinear interpolation method.

2.2.3. Winter Wheat Distribution Maps

In this study, winter wheat planting area data from 2016 to 2021 were obtained from
the winter wheat identification dataset provided by the National Ecological Science Data
Center (https://www.nesdc.org.cn/, accessed on 4 January 2025).

The wheat distribution map was first binarized at a 30 m resolution, where pixel values
of 1 and 0 represent wheat-growing and non-wheat-growing areas, respectively. To match
the spatial resolution of other datasets, the binary map was resampled from 30 m to 500 m
using the minimum pooling method [42,43]. A 500 m pixel containing any non-wheat (0)
value was identified as a mixed pixel. To ensure reliable yield estimation, pixels with a
fractional wheat coverage above 0.6 were classified as wheat-dominant pixels. We further
analyzed the residual differences in yield estimation between pixels with coverage fractions
above and below this 0.6 threshold (Appendix A.1).

2.2.4. Ground Observation Data

The wheat yield data in this study were collected manually during the winter wheat
maturity periods from 2016 to 2021. Yield surveys were conducted across multiple winter
wheat fields in six provincial-level administrative regions, including Beijing Municipality
and the provinces of Shandong, Henan, Hebei, Anhui, and Jiangsu (Figure 1). For each field,
the five-point sampling method was employed, with five representative wheat sample plots
(1 m2 each) selected for harvest and yield measurement. The harvested wheat spikes were
threshed, dehulled, air-dried, and subsequently measured for grain weight and moisture
content. Final yields were standardized to a moisture content of 14% and expressed in
units of kg/hm2. A total of 1814 yield observations were collected over the six-year
period. These measured wheat-yield data served as the foundation for developing and
validating the wheat-yield estimation model, thereby ensuring the accuracy and regional
representativeness of the study.

The phenological data used in this study were collected from field surveys carried out
at phenology observation stations under the administration of the China Meteorological
Administration, spanning the period from 2016 to 2021. For each observation station, the
dataset contains geographic coordinates (latitude and longitude) along with key pheno-
logical information of the crops. The variable DOY represents the Day of Year, which is
calculated using the following equation:

DOY = D+
M − 1

∑
i=1

Ti (1)

https://www.nesdc.org.cn/


Remote Sens. 2025, 17, 3686 7 of 26

D: the day of the current month (1–31), M: the current month (1–12),Ti: the total
number of days in the i-th month.

For a common year: T = {31,28,31,30,31,30,31,31,30,31,30,31};
For a leap year: T = {31,29,31,30,31,30,31,31,30,31,30,31}.

2.2.5. Agricultural Resource and Environment Zoning Data

This study evaluated and compared the accuracy of winter wheat-yield estimation
models based on three different zoning approaches: the phenological zoning proposed
in this research, the traditional Chinese agricultural resource and environmental zoning,
and the provincial administrative zoning. The wheat planting regionalization data is from
the Dataset of Agricultural Resource and Environment Zoning of China [44]. This dataset
classifies specific geographical units of China’s land into distinct agricultural resource
and environmental zones, based on regional characteristics of agricultural production,
resource suitability, and environmental challenges. This study primarily focuses on the
winter wheat-producing regions of the Huang-Huai-Hai region, selecting the following
zones for comparative experiments: NY1: North China Plain Zone; NY2: Shandong
Hilly Zone; NY3: Huang-Huai-Hai Plain Zone; and NY4: Jianghuai Region (Figure 2a).
Provincial administrative zoning is based on the current administrative boundaries of the
provinces in the Huang-Huai-Hai region (Figure 2b), including JJJ: Beijing, Tianjin, and
Hebei Province; SD: Shandong Province; HN: Henan Province; AH: Anhui Province; and
JS: Jiangsu Province.

Figure 2. Agricultural resource and environmental zoning (a) and provincial administrative divisions (b).

2.3. Data Analysis Methods
2.3.1. Winter Wheat Heading Stage Identification

The heading stage is a crucial phase in which wheat transitions from vegetative to
reproductive growth. This stage directly influences subsequent processes such as flow-
ering, grain filling, and maturation, and plays a key role in predicting the timing of crop
maturity [45]. During this stage, notable changes occur in the structure of wheat leaves
and spikes, leading to increased chlorophyll absorption and light scattering, particularly
manifesting as a significant rise in near-infrared reflectance. Field vegetation coverage
reaches its maximum during the heading stage, and vegetation indices such as NDVI and
EVI2 typically attain their peak values at this time. Consequently, the maximum vegetation
index method is widely employed for monitoring the wheat heading stage [46].
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In this study, MOD09A1 imagery from the GEE platform was used for phenology
extraction. The time range was restricted to October 1 of the previous year to June 30 of the
current year. Cloud and shadow masking were conducted using the StateQA band from
MOD09A1 via bit extraction, and atmospheric correction was applied. Missing or cloud-
contaminated pixels were filled using temporal interpolation. The EVI2 index was then
calculated, missing values were interpolated, and the resulting time series were smoothed
using the Savitzky–Golay (SG) filter to reduce atmospheric noise and residual cloud effects.
Based on previous studies on winter wheat phenology extraction [47,48], the SG filter was
implemented with a three-observation window (approximately 24 days) and a third-order
polynomial. To account for regional variations in phenological responses, a curve-stretching
method was applied to align local EVI2 maxima and minima with the regional mean curve.
This normalization adjusted amplitude and temporal scale without altering the relative
peak position of local curves, thereby improving the robustness and spatial consistency of
heading-stage detection [49].

EVI2 = 2.5 × NIR − R
NIR + 2.4 × R + 1

(2)

Note: NIR and R bands represent near-infrared and red bands, respectively.

2.3.2. Phenological Zoning Method

(1) Dynamic K-Nearest Neighbors

To appropriately characterize the spatial autocorrelation of the DOY values at the
heading stage, this study employed the Dynamic K-Nearest Neighbors (KNN) algorithm
to construct a spatial weight matrix [50]. Through an adaptive neighborhood selection
mechanism, the KNN algorithm effectively achieves a balance between capturing local
details in small-sample scenarios and suppressing noise in large-scale contexts, thereby
ensuring a robust and computationally efficient representation of the spatial dependency
of heading stage DOY values [51].Specifically, the Euclidean distance between units was
first calculated based on the heading stage DOY values xi and spatial coordinates within
the study area’s geographic units (Equation (3)). Subsequently, the number of neighbors
K was determined using the dynamic KNN algorithm (Equation (4)), where the constant
6 represents an empirical value commonly used in spatial statistics and KNN classification
to balance capturing local spatial dependencies with maintaining statistical stability [52].
This process constructed a binary adjacency matrix (Equation (5)). Finally, the adjacency ma-
trix is normalized to eliminate density biases across units, yielding the standardized weight
matrix w̃ij (Equation (6)). The resulting weight matrix quantifies the spatial co-variation
of DOY values among adjacent units, providing geographic constraints for subsequent
clustering. The relevant equations are shown as follows.

dij =
√(

si1 − sj1
)2

+
(
si2 − sj2

)2 (3)

dij is the Euclidean distance between units i and j used to measure geographical
proximity si1 and si2 are the latitude and longitude coordinates of unit i;

k = min(6, N − 1) (4)

k is the dynamic domain size, adaptively adjusted to accommodate data of different
scales; N is the number of valid observation points remaining after dynamic grid sampling;
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wij =

1 j ∈ Ni(k)

0 other
(5)

w̃ij =
wij

∑N
j=1 wij

(6)

where wij is the binary adjacency relationship, indicating whether unit j is one of the k
nearest neighbors of unit i; w̃ij is the standardized spatial weight.

(2) Improving the Ward hierarchical clustering algorithm

Based on the spatial weight matrix Wij, this study proposes an improved Ward hierar-
chical clustering algorithm that simultaneously minimizes within-cluster DOY heterogene-
ity while enforcing spatial contiguity, thereby preventing the formation of “disconnected”
clusters and ensuring that the resulting regions are both feature-homogeneous and geo-
graphically continuous. The algorithm employs a bottom-up agglomerative strategy, in
which, at each iteration, only geographically adjacent units or clusters with the smallest
DOY differences are merged. This approach minimizes within-cluster variance while
maintaining the natural continuity of cluster boundaries [53]. The algorithm was defined
as follows.

∆(Ca, Cb) =
|Ca||Cb|

|Ca|+ |Cb|
(xa − xb)

2 (7)

xc =
|Ca|xa + |Cb|xb

|Ca|+ |Cb|
(8)

where ∆(Ca, Cb) is the variance increment of the two clusters DOY; |Ca| and |Cb| represent
the sample sizes of clusters a and b, respectively; xa and xb represent the average DOY
values of clusters a and b, respectively; xc is the average DOY value after the two clusters
are merged.

By incorporating the aforementioned spatial constraints and optimization criteria into
the clustering process, this method ensures that the resulting clusters of heading stage DOY
values are both temporally coherent and geographically contiguous, thereby delineating
phenological distinct regions. This approach establishes a robust foundation for further
analyses of regional variability and for optimizing model zoning configurations.

2.3.3. Yield-Estimation Model Construction Method

This study utilizes data from the wheat grain-filling stage to construct and validate
the yield-estimation model based on phenological zoning. Figure 3 illustrates the overall
technical route research in this study. The yield model is developed through the integration
of RF and Bayesian Optimization (BO) algorithms. RF is an ensemble learning method
that generates multiple decision trees applied to training samples. Among existing algo-
rithms, RF is recognized for its high accuracy and stability, and it can effectively handle
large datasets with high-dimensional features [54]. It also exhibits strong robustness to
noise, rendering it particularly suitable for crop-yield modeling scenarios characterized
by nonlinear relationships among variables [55]. However, the performance of RF models
is highly dependent on the proper tuning of key hyperparameters, including the number
of trees, maximum depth, and minimum sample split. To address the limitations of tra-
ditional parameter tuning methods, such as grid search and random search, this study
employs Bayesian Optimization to automate the hyperparameter tuning of the RF model.
Bayesian Optimization constructs a surrogate model of the parameter space—here using
the Tree-structured Parzen Estimator (TPE) sampler—and iteratively selects promising
parameter combinations based on the current posterior distribution, with the objective of
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minimizing validation RMSE and applying over- and under-fitting penalties [56]. Various
RF hyperparameters (e.g., number of trees, maximum depth) were explored during the
search, and the complete search space, iteration budget, and implementation details are
provided in the Table A1. Hyperparameter optimization and model evaluation were con-
ducted using a temporal cross-validation scheme, in which each year from 2016 to 2021
was used once as the validation fold while the remaining years served as the training set
(leave-one-year-out), ensuring temporal independence during tuning.

 
Figure 3. Technical flowchart.

2.4. Accuracy Evaluation Methods
2.4.1. Determining the Number of Clusters

To determine the optimal number of clusters, the range of cluster numbers (M) was set
from 2 to 7. The Silhouette Coefficient, Calinski–Harabasz Index, and the corresponding
sum of squared errors (SSEs) based on the elbow method were calculated to comprehen-
sively evaluate the compactness and separability of the clustering results, thereby enabling
the selection of the optimal cluster count. The silhouette coefficient is a metric that assesses
the consistency of similarity among samples within clusters (Equation (9)). It is commonly
employed to evaluate both the compactness of individual samples within their respec-
tive cluster and their degree of separation from the nearest neighboring cluster [57]. The
coefficient is formally defined as [58]:

s(i) =
b(i) − a(i)

max{a(i), b(i)} (9)

S =
1
n

n

∑
i=1

s(i) (10)

s(i) denotes the silhouette coefficient of sample i; a(i) is the average distance from
sample i to all other samples within its own cluster; b(i) is the average distance from sample
i to all samples in the nearest neighboring cluster; S represents the average silhouette value
across all samples.

Calinski–Harabasz (CH) Index (Equation (11)), also referred to as the variance ratio
criterion, evaluates the ratio of between-cluster dispersion to within-cluster dispersion. A
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higher CH value indicates superior clusters and increased compactness within clusters [59].
It is formally defined as [60].

CH(k) =
Tr(Bk)

Tr(Wk)
· n − m

m − 1
(11)

Tr(Bk) denotes the trace of the between-cluster covariance matrix; Tr(Wk) denotes the
trace of the within-cluster covariance matrix; n is the total number of samples; m is the
number of clusters.

The elbow method assesses clustering performance by computing the total within-
cluster SSE across varying numbers of clusters. While the SSE decreases progressively as the
number of clusters (M) increases, the rate of reduction eventually diminishes significantly,
resulting in an “elbow” shape in the plotted curve. The value of M at this inflection point is
commonly selected as the optimal number of clusters [61]. This method is mathematically
defined as Equation (12).

SSE =
k

∑
i=1

∑
x∈Ci

∥x − µi∥2 (12)

where Ci is the set of all data points in the i-th cluster; µi is the centroid of the i-th
cluster;∥x − µi∥ is the Euclidean distance from data point x to the centroid.

2.4.2. Accuracy Assessment of Yield-Estimation Model

This study employed a leave-one-year-out (LOYO) cross-validation approach, in which
the models were trained on data from all years except one and subsequently validated on
the excluded year in an iterative manner. Model performance, with respect to generalization
ability and predictive accuracy, was evaluated using three statistical metrics: the coefficient
of determination (R2), root mean square error (RMSE), and relative root mean square error
(RRMSE) [62,63].

R2= 1−∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 (13)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (14)

RRMSE =

√√√√∑n
i=1(yi − ŷi)

2

∑n
i=1 ŷ2

i
(15)

yi is the i-th predicted value; ŷi is the i-th predicted value; y is the average of the
observed values; n is the number of training samples.

3. Results
3.1. Wheat Heading Stage Monitoring Results

The maximum value method was used to monitor the heading stage of winter wheat
in the Huang-Huai-Hai region from 2016 to 2021. Figure 4 presents the monitoring results.

The monitoring accuracy of the winter wheat heading stage was evaluated by the
ground measurement data from the phenology observation stations in the Huang-Huai-Hai
region, with R2 = 0.48 and RMSE = 6.7 days. According to the frequency distribution
histogram, the average DOY value for the heading stage of winter wheat in the Huang-
Huai-Hai region from 2016 to 2021 ranged between 106.0 and 115.0, with the median
ranging from 106.0 to 116.0 and a standard deviation varying between 10.8 and 13.6 days.
There were certain differences in the central tendency and dispersion of the heading stage
between different years. From the spatial distribution characteristics, it is evident that the
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DOY values exhibit a ‘north-high, south-low’ gradient pattern, gradually decreasing from
north to south. Since higher DOY values correspond to later heading dates, this pattern
indicates that the heading stage of winter wheat occurs earlier in the southern regions and
later in the northern regions. This spatial gradient in heading timing provides the basis for
subsequent phenology-based zoning and yield estimation.

 

Figure 4. Winter wheat heading stage results from 2016 to 2021 and the DOY frequency distribution
histogram: (a–f) represent the monitoring results from 2016 to 2021, respectively.

3.2. Phenological Zoning of Winter Wheat Based on the Multi-Year Heading Stage Maps
3.2.1. Zoning Parameters and Cluster Evaluation

Based on the monitoring results of the heading stage of winter wheat from 2016 to
2021, the KNN-Ward spatial constraint clustering method was used to perform phenolog-
ical zoning. Cluster numbers ranging from two to seven were tested, and the resulting
cluster configurations were comprehensively evaluated to determine the optimal number
of clusters. The clustering outcomes for groupings of two to seven clusters are presented in
Figure 5.

As illustrated in Figure 5, when the number of clusters is set to 4, all clustering
evaluation metrics demonstrate optimal clustering performance. Specifically, the Silhouette
coefficient reaches its maximum value of 0.58; the Calinski–Harabasz index peaks at
1,016,910.85 under the same clustering configuration; and the inflection point identified
by the elbow method also occurs at four clusters. Taken together, these three indicators
suggest that the clustering results are most effective when the number of clusters equals 4,
reflecting the best balance between cluster cohesion and in-cluster separation. Based on this
comprehensive evaluation, this study concludes that the study area should be partitioned
into four spatially continuous phenological zones (Figure 6a).
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Figure 5. Clustering zoning results.

Figure 6. Phenological zoning results (a) heading stage statistics (b) and yield statistics (c): zoning
(Q1–Q4); entire region (QA).

3.2.2. Phenological Zoning Characteristics Analysis

According to the zoning results, the DOY values for the heading period exhibit a
significant spatial gradient across different regions. The Q1 region (northern Hebei, Beijing,
Tianjin, and northern Shandong) experiences the latest heading period, with a median
DOY of approximately 117; the DOY across the entire Q1 region ranges from approxi-
mately 114 to 120. The median DOY for the Q2 region (northwestern Shandong, southern
Hebei) is approximately 112, while that for the Q3 region (Jiangsu, southwestern Anhui,
northwestern Henan, southwestern Shandong) is 108. The Q4 region (central and southern
Henan, northern and western Anhui) has the earliest heading period, with a median DOY
of approximately 103. The overall median DOY across all regions is 108, with a maximum
variation span of nearly 20 days. These differences indicate significant inter-regional varia-
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tion in the heading period and highlight the evident spatial heterogeneity in phenological
processes. Regarding yield, the median across the four regions is approximately 7500 kg/ha,
with the Q2 region achieving a maximum of 8000 kg/ha. The primary yield distribution
ranges between 4500 and 8500 kg/ha, showing relatively minor inter-regional differences
in yield.

In the phenology-based zones, the median green-up dates ranged from 49 to 62 DOY
across zones Q4 to Q1, with an overall median of 55 DOY for the entire study area and a
95% confidence interval (CI) of 36–75 DOY. The median milking stage dates across zones
Q4 to Q1 ranged from 137 to 148 DOY, with an overall median of 140 DOY for the entire
QA area and a 95% CI of 129–155 DOY. The median maturity dates for the same zones
ranged from 148 to 161 DOY, with an overall median of 155 DOY for the QA area and a
95% CI of 140–166 DOY. From Zone Q1 to Zone Q4, the green-up stage, milking stage, and
maturity stage all showed progressively earlier occurrence, with median values between
adjacent zones differing by approximately 4 to 5 days. This observation further supports
the applicability of phenological zoning based on the heading stage of winter wheat in the
Huang-Huai-Hai region to other developmental stages as well (Table 2).

Table 2. Statistical results of winter wheat phenological data in different phenology zones.

Region
Green-Up Stage(DOY) Milking Stage(DOY) Maturity Stage(DOY)

Median 95% CI Median 95% CI Median 95% CI

QA 55 (36, 75) 140 (129, 155) 155 (140, 166)
Q1 62 (42, 76) 148 (138, 157) 161 (153, 170)
Q2 57 (38, 65) 141 (130, 148) 157 (149, 164)
Q3 53 (41, 64) 139 (125, 147) 152 (139, 163)
Q4 49 (35, 62) 137 (122, 145) 148 (139, 157)

Note: 95% CI represent 95% confidence interval.

3.3. Wheat-Yield Estimation Results and Accuracy Verification

This study used wheat-yield data from the Huang-Huai-Hai region spanning the years
2016 to 2020 as the training dataset for the wheat-yield estimation model and employed
actual yield data from 2021 for model validation. The five spectral indices—GNDVI, EVI,
GOSAVI, ARVI, and NDVI—along with four winter wheat growth parameters—GOSIF,
GPP, LAI, and FPAR—and four ERA5 meteorological variables—temperature, precipitation,
wind speed, and soil moisture—were used as input variables for winter wheat-yield
estimation. All variables were temporally aggregated to an 8-day time scale and spatially
resampled to a 500 M resolution to ensure both temporal and spatial consistency, thereby
creating a coherent time series dataset. The yield model was estimated based on data
focusing on the grain-filling stage of winter wheat. In the Huang-Huai-Hai region, this
stage primarily takes place from early May to early June. To investigate the impact of crop
phenological differences on yield estimation, we modeled and estimated wheat yields based
on phenological zoning and compared the results with those derived from agricultural
zoning and administrative zoning.

3.3.1. Wheat-Yield Estimation Based on Phenological Zoning

In this study, data collected from the entire Huang-Huai-Hai region during 2016–2021
were used to develop and evaluate the winter wheat-yield estimation model using a LOYO
strategy. In this approach, each year from 2016 to 2021 was sequentially used as the
validation set, while the remaining five years were used for model training. Figure 7a
presents the spatial distribution of estimated yields for 2021 as an example, and Figure 7b
shows the overall scatter plot combining cross-validation results from all six years. The
model achieved an R2 of 0.46, an RMSE of 943.02 kg/ha, and an RRMSE of 13.02% across
the entire region.
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Figure 7. Yield-estimation result based on data from overall region. (a) Spatial yield distribution map;
(b) Scatter plot of estimated vs. observed yield.

Figure 8 presents the winter wheat-yield estimation results based on four phenology-
based zoning models (Q1–Q4). Figure 8a shows the spatial distribution of estimated
yields for 2021 as an example, while Figure 8b displays the overall scatter plots combining
the cross-validation results from all six years (2016–2021). As illustrated in Figure 8, the
modeling accuracy (R2) of the four zonal models exceeded 0.54. Among them, Zone Q3
exhibited the highest accuracy, with an R2 of 0.68 and an RMSE of 783.97 kg/ha. Based on
the cross-validation results, the R2 values across the four zones ranged from 0.54 to 0.68.
Compared with the non-zonal model for the entire Huang-Huai-Hai region (Figure 7), the
phenology-based zoning approach substantially reduced the RRMSE, with all zonal values
below 12.50%. These results indicate that the application of phenological zoning effectively
improved both the modeling and validation accuracy of winter wheat-yield estimation.

Figure 8. Yield-estimation result based on data from phenological zoning. (a) Spatial yield distribution
map; (b) Scatter plot of estimated vs. observed yield.
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Compared with the non-zonal yield-estimation approach, the phenology-based zonal
modeling strategy achieved notable improvements, with even the weakest zonal model
(Q2) showing a 17.39% increase in cross-validated R2 relative to the non-zonal baseline.
Statistical analysis (p < 0.001) further confirmed that phenological zoning significantly
improves the model’s stability and generalization capability, demonstrating the feasibility
and effectiveness of adopting a phenology-driven zoning approach.

3.3.2. Yield-Estimation Results Based on Other Multi-Zone Schemes

This study also conducted wheat-yield estimation modeling based on the traditional
Chinese agricultural resource and environmental zoning, as well as the provincial adminis-
trative divisions within the Huang-Huai-Hai region. The results are presented in Figure 9.
Specifically, Figure 9a displays the spatial distribution of estimated yields for 2021 based
on traditional resource and environmental zoning, while Figure 9b illustrates the 2021
estimation results according to provincial administrative boundaries.

Figure 9. Yield-estimation results based on agricultural resource and environmental zoning (a) and
provincial administrative divisions (b).

Table 3 summarizes the construction and validation accuracy of yield models based
on various zonal schemes.

Table 3. Estimated yield accuracy by agricultural zone and provincial administrative division.

Accuracy

Agricultural Zoning Provincial Administrative Zoning

NY1 NY2 NY3 NY4 JJJ HN JS SD AH

(n = 476) (n = 812) (n = 255) (n = 149) (n = 233) (n = 619) (n = 238) (n = 321) (n = 403)

R2 0.48 0.42 0.52 0.50 0.45 0.51 0.40 0.53 0.49

RMSE
(kg/ha) 949.10 960.73 816.78 1227.41 892.33 934.22 962.91 1099.55 962.66

RRMSE 12.54% 12.99% 13.79% 16.68% 12.47% 12.38% 14.44% 14.39% 14.61%

The yield-estimation model based on agricultural resource and environmental zoning
exhibited moderate predictive performance, with R2 values ranging from 0.42 to 0.52,
RMSE values between 816.78 and 1227.41 kg/ha, and RRMSE values from 12.54% to



Remote Sens. 2025, 17, 3686 17 of 26

16.68%. When the data were aggregated by provincial administrative divisions, the model
achieved R2 values of 0.40–0.53, RMSE values of 892.33–1099.55 kg/ha, and RRMSE values
of 12.47–14.61%, indicating slightly higher variability in model accuracy across provinces.

4. Discussion
The heading stage of winter wheat is a critical transition point between vegetative

growth and reproductive growth, directly influencing the subsequent grain formation and
grain filling accumulation rate, thereby significantly impacting the wheat final yield [44].
The grain filling stage involves a gradual accumulation of grain biomass, during which
remote sensing signals change relatively smoothly, and the maturity stage signifies the
conclusion of the crop’s life cycle, marked by a significant decline in remote sensing signals.
This stage reflects more the final-yield outcomes than the dynamic growth process, and
thus is less effective in capturing variations in crop development patterns or management
practices [64,65]. This study utilizes the heading stage as the basis for phenological zoning
and establishes yield-estimation models for each zone. The developed models effectively
capture the spatial characteristics of yield-influencing factors during critical physiological
stages of wheat within each zone, thereby significantly enhancing estimation accuracy and
model generalization capability [66].

4.1. Wheat Heading Stage Monitoring

The heading stage is primarily regulated by external environmental factors such as
temperature, light, and moisture, exhibiting strong regional specificity and ecological
response sensitivity [67]. Several years of EVI2 time-series data were examined and found
that double-peak patterns occasionally occurred under extreme weather or stress conditions
(Figure 10).

 

Figure 10. EVI2 time-series data.

In this study, a first-order differential method was applied to identify and exclude ab-
normal peaks, retaining only those with values greater than 0.45 and within the DOY range
of 70–170 [68]. In this study, the regional curve-stretching procedure was applied solely for
amplitude and temporal normalization, without altering the relative peak positions of the
local EVI2 curves [49]. The station-by-station residual map and representative site stability
tests further confirm the reasonableness of the results (Figure 11).
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Figure 11. Accuracy of heading stage monitoring.

4.2. Phenological Zoning Based on KNN-Ward Spatial Constraint Clustering

With the rapid advancement of clustering algorithm-based zoning methods, algo-
rithms such as K-means and CAST have exhibited notable performance improvements in
terms of zoning significance, spatial consistency, and model prediction accuracy [69]. Re-
search has indicated that intelligent zoning not only facilitates more accurate delineation of
fertility variation zones but also enhances the stability and generalization ability of regional
models, thereby emerging as a key developmental direction in current yield-estimation
modeling [70].

To characterize the interannual variability and temporal trends of the winter wheat
heading stage from 2016 to 2021, we employed the coefficient of variation (CV), standard
deviation (SD), and Sen’s slope for analysis. The results (Figure 12) indicated that the mean
CV across the Huang-Huai-Hai region was 5.98%, with an average SD of 6.39 days. Both
the mean and median Sen’s slope values were −0.5, suggesting a slight advancing trend
of approximately 0.5 days per year. Overall, the spatial distribution of the heading stage
remained stable across the study period, with only minor interannual fluctuations observed
in localized areas and a high degree of temporal consistency.

Figure 12. Fluctuation and trend analysis of heading stage results: CV (a); SD (b); Sen’s slope (c).

This study applied the KNN-Ward spatially constrained clustering method, which
effectively combines phenological similarity with spatial adjacency, thereby enhancing the
coherence and consistency of regional delineations compared to conventional attribute-
based clustering techniques such as K-means and DBSCAN [71]. According to the findings,
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the spatial autocorrelation (Moran’s I) within each region ranged from 0.58 to 0.67, which
is notably higher than that achieved through traditional K-means clustering (0.35–0.52).
This indicates that the proposed method better preserves spatial compactness and ecolog-
ical homogeneity within regions, thus enhancing the spatial robustness of the regional
model [72].

4.3. Comparison of Yield Estimates for Multi-Zone Schemes

Table 4 presents the accuracy of crop-yield estimation models and model validation
results under three different zoning schemes. As shown in the table, the R2 value of the
overall regional yield-estimation model without zoning is only 0.46. For the provincial
zoning approach, R2 values range from 0.40 to 0.53, while for agricultural zoning, they
vary between 0.42 and 0.52. These results demonstrate inconsistent predictive performance
and considerable fluctuations in estimation errors. In contrast, the phenological zoning
model achieves R2 values ranging from 0.54 to 0.68, with RRMSE maintained below 12.50%,
indicating a significantly superior performance compared to the other two zoning schemes.

Table 4. Comparison of different partition accuracy.

Zone Type
Phenological Zoning Agricultural Zoning Provincial Administrative Zoning

Region R2 RMSE
(kg/ha) RRMSE Region R2 RMSE

(kg/ha) RRMSE Region R2 RMSE
(kg/ha) RRMSE

Zonal

Q1 0.58 876.53 12.20% NY1 0.48 949.10 12.54% JJJ 0.45 892.33 12.47%

Q2 0.54 646.65 8.19% NY2 0.42 960.73 12.99% HN 0.51 934.22 12.38%

Q3 0.68 783.97 11.41% NY3 0.52 816.78 13.79% JS 0.40 962.91 14.44%

Q4 0.64 674.69 9.12% NY4 0.50 1227.41 16.68% SD 0.53 1099.55 14.39%

AH 0.49 962.66 14.61%

Non-zonal QA 0.46 943.02 13.02% QA 0.46 943.02 13.02% QA 0.46 943.02 13.02%

A residual analysis was performed by comparing the yield-estimation results for
different zoning schemes (Figures 8 and 9a,b) with the overall regional yield-estimation
results (Figure 13). Models based on traditional agricultural or administrative zoning
exhibited noticeable error clustering in southern Henan and northern Anhui, whereas the
phenological zoning model produced a more uniform residual distribution and greater
within-zone consistency. Quantitatively, Moran’s I for the phenological zoning model
(0.2595, p < 0.001) was lower than that of the non-zonal model (0.3038, p < 0.001), confirming
reduced spatial autocorrelation of residuals. Paired-sample tests also indicated significantly
smaller absolute errors for the zonal model (p < 0.001), and bootstrap resampling (n = 1000)
showed a higher R2 (0.6628 vs. 0.4600) with a robust improvement of 0.2028 (95% CI:
0.1821–0.2269). These findings demonstrate that phenological zoning improves not only
model accuracy and stability but also spatial consistency and robustness in yield estimation.

Figure 13. Residual distribution maps of the three zoning yield estimates: agricultural zoning results
(a) administrative zoning results (b) phenological zoning results (c).
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4.4. Analysis of the Relative Contribution of Multi-Source Feature Factors to Wheat-Yield Estimation

This study incorporated vegetation indices (VI:GNDVI, EVI, GOSAVI, ARVI, NDVI)
and growth parameters (FL:GOSIF, GPP, LAI, FPAR) of winter wheat during the grain filling
period—from early May to early June—in the Huang-Huai-Hai region. These variables
were combined with concurrent ERA5 meteorological data (MET), including temperature,
precipitation, wind speed, and soil moisture, to serve as input features. A wheat yield-
estimation model was developed using a hybrid approach integrating the RF algorithm
with BO. The results demonstrated that the yield-estimation model based on phenological
zoning exhibited significantly higher accuracy and generalizability compared to the non-
zoning model. Furthermore, the SHAP (Shapley Additive explanations) method was
applied to systematically evaluate the feature importance of the zoned model, as illustrated
in Figure 14. SHAP analyses were performed separately for each phenological zone, with
all variables standardized within zones prior to model training to ensure comparability of
SHAP magnitudes.

Figure 14. Multi-source feature factors’ contribution to wheat-yield estimation. (a) VI, FL, and MET
contribution proportions and (b) Meteorological factor contribution proportions; VI, MET, and FL
represent vegetation indices, meteorological variables, and growth parameters, respectively. pr, vs,
soil, tmmn, and tmmx denote precipitation.

Whole regional yield modeling averages meteorological factors spatially and tempo-
rally across the entire Huang-Huai-Hai region throughout the crop growth period, which
may reduce the impact of climatic stress during critical growth stages and lead to an
imbalanced distribution of feature weights [18]. In this study, the non-zoning model re-
vealed that meteorological factors accounted for 25.08% of the variance in yield estimation,
whereas vegetation indices (38.80%) and growth parameters (36.12%) demonstrated rel-
atively greater explanatory power. In contrast, a phenological zoning strategy based on
the heading stage can enhance the integration of variables within each subregion, thereby
more effectively capturing the dominant factors specific to each area. For example, meteo-
rological factors contributed 47.78% in Q3, whereas vegetation indices contributed 41.67%,
44.03%, and 44.53% in Q1, Q3, and Q4, respectively, indicating notable variations in the dis-
tribution of feature contributions across different regions. Additionally, the contributions of
different meteorological factors to wheat-yield estimation vary across regions (Figure 14b).
Therefore, the phenological zoning model not only outperforms overall regional modeling
in terms of yield-estimation accuracy and spatial adaptability but also demonstrates greater
effectiveness in depicting the spatial heterogeneity of winter wheat growth processes. By
avoiding the dilution of local characteristics that can occur due to varying ecological con-
ditions in overall regional modeling [73], the model enables a more nuanced exploration
of the potential effects of multiple factors within each sub-region, thereby enhancing the
precision of yield estimation.
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4.5. Analysis of the Application Limitations and Development Directions of Phenological Zoning Models

Although the phenological zoning model developed in this study demonstrated strong
performance in estimating winter wheat yield across the Huang-Huai-Hai region, several
limitations should be acknowledged. First, the current zoning framework primarily relies
on a single phenological stage (heading stage) and does not fully integrate dynamic infor-
mation from multiple critical growth stages—such as green-up, jointing, grain-filling, and
maturity—potentially overlooking the influence of other stages on spatial yield variability.
Moreover, cultivar and management practices (e.g., sowing date, irrigation regime) may
co-vary with phenological development and yield formation, suggesting that the derived
zones may partly reflect combined effects of both climatic and management gradients.
Future research should incorporate multi-stage phenological indicators and management-
related proxies to develop a multi-source, data-driven zoning framework with enhanced
explanatory power [74,75]. Second, model uncertainty remains insufficiently characterized,
partly due to the limited and uneven validation data, which may constrain model robust-
ness under different cropping systems. Conventional metrics such as RRMSE cannot fully
capture zone-specific or stress-dependent uncertainties. Future studies should integrate
ensemble or probabilistic approaches with broader field observations to better quantify
uncertainty and improve model generalizability. Finally, although this study primarily
employs traditional machine learning algorithms, in future work, we plan to explore deep
learning architectures—such as convolutional neural networks (CNNs) and graph neural
networks (GNNs)—to more effectively capture complex spatial structures and nonlinear
relationships, thereby enabling automated and more generalizable regional yield estimation
under diverse climatic and management conditions [76–79]. Future studies should integrate
high-resolution remote sensing, extensive field observations, and regional surveys, and es-
tablish cross-regional, multi-year phenological zoning frameworks to enhance the model’s
robustness and transferability under varying environmental and management contexts.

5. Conclusions
This study focuses on the spatial heterogeneity in winter wheat-yield estimation in the

Huang-Huai-Hai region. Based on remote sensing monitoring of heading stage information,
a spatially continuous phenological zoning was constructed. On this basis, remote sensing
and meteorological variables were integrated to construct a zoning-driven yield-estimation
model. The conclusions of this study are as follows:

1. The phenological zones of winter wheat in the Huang-Huai-Hai region, constructed
using KNN-Ward spatial clustering, exhibit distinct boundaries and high internal
phenological consistency. The notable differences in phenological stages across these
zones demonstrate that the method effectively captures the spatiotemporal hetero-
geneity inherent in crop growth processes.

2. This study uses the heading stage as the basis for phenological zoning and constructs
yield-estimation models for different phenological zones. This helps eliminate dif-
ferences in crop growth systems caused by phenology when modeling large areas,
as these differences often do not directly indicate abnormalities in crop yields. The
model focuses on the spatial heterogeneity of key physiological stages caused by
other factors within the zone, significantly improving estimation accuracy and model
generalization capabilities.

3. Compared to the non-zoning yield-estimation model, the random forest yield-
estimation model based on phenological zones demonstrates improved accuracy
and reduced error variability across individual zones. Furthermore, in comparison to
wheat yield models developed using agricultural zoning and administrative divisions,
the phenological zoning-based model exhibits a more balanced residual distribu-
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tion and enhanced model robustness, thereby confirming the scientific validity and
practical applicability of the phenology-driven modeling approach.
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Appendix A
Appendix A.1

Figure A1. Comparison of Accuracy between Wheat Proportion Less than 0.6 (a) and Greater than 0.6 (b).

Appendix A.2

Table A1. Hyperparameter search space and optimization settings for the Bayesian-Optimized
Random Forest (BO-RF) model.

Parameter Search Space/Values Type

Number of decision trees [50, 100, 200, 300, 400, 500, 600, 700, 800,
900, 1000] Discrete

Maximum depth of each tree 3–30 Integer

Minimum number of samples required to
split an internal node 2–50 Integer

Minimum number of samples required to
be at a leaf node 1–20 Integer

Number of features to consider when
looking for the best split {‘sqrt’, ‘log2’, None} Categorical

Whether bootstrap samples are used when
building trees {True, False} Binary

Total number of optimization iterations 50

Number of parallel processes 16

Reproducibility control 42
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