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Highlights

What are the main findings?

e A downscaling method using the standardized deviation of the CCCI was proposed to
effectively transform crop yield statistics from administrative units to the pixel level.
e  The spatial heterogeneity of crop growth was expressed through the spatiotemporal dy-
namic weights of CCCI, and the spatial variation in crop yield was effectively reflected.

What is the implication of the main finding?

e  This method provides reliable spatialized yield data to support crop yield predic-
tions, climate change impact assessments, and precision agriculture applications at
large scales.

e  Spatialized crop yield results could expand training samples for pixel-level yield
predictions, overcoming the challenge of limited ground-truth data in agricultural
remote sensing research.

Abstract

Spatializing crop yield statistical data with administrative divisions as the basic unit helps
reveal the spatial distribution characteristics of crop yield and provides necessary spatial
information to support field management and government decision-making. However,
owing to an insufficient understanding of the factors affecting yield, accurately depicting
its spatial differences remains challenging. Taking Hailun city, Heilongjiang Province, as
an example, this study proposes a yield downscaling method based on the standardized
deviation from the mean of the comprehensive crop condition index (CCCI) during key
phenological periods of the growing season. First, Sentinel-2 remote sensing data were used
to retrieve crop condition parameters during key phenological periods, and the CCCI was
constructed using the correlation between crop condition parameters in key phenological
periods and statistical yield as the weight. Subsequently, regression analysis and the
entropy weight method were applied to determine the spatiotemporal dynamic weights
of the CCCI during key phenological stages and to calculate the standardized deviation
from the mean. By combining these two components, the comprehensive spatial difference
index of the crop growth condition (CSDICGC) was derived, which offered a new way to
characterize the discrepancies between the pixel-level yield and statistical yield, thereby
downscaling the yield statistical data from the administrative unit to the pixel scale. The
results indicated that this method achieved a regional accuracy close to 100%, with a strong
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fit at the pixel scale. Pixel-level accuracy validation against ground-truth maize yield data
resulted in an R? of 0.82 and a mean relative error (MRE) of 4.75%. The novelty of this
study was characterized by the integration of multistage crop condition parameters with
dynamic spatiotemporal weighting to overcome the limitations of single-index methods.
The crop yield statistical data downscaling spatialization method proposed in this paper is
simple and efficient and has the potential to be popularized and applied over relatively
large regions.

Keywords: maize; crop statistical yield downscaling spatialization; crop condition parame-
ters; comprehensive crop condition index; comprehensive spatial difference index of the
crop growth condition; remote sensing

1. Introduction

Crop statistical data (such as crop planting area and crop yield) are core indicators
for assessing a country’s grain production capacity. With the increasing contribution rate
of crop yield to grain production, crop yield improvements have become a key driving
force for enhancing national food production capacity [1,2]. However, statistical yield
data in most countries are still limited to county-level tabular records, which fail to reveal
the true spatial distribution and variability of crop yields within administrative regions.
This limitation greatly restricts the application of crop yield statistics in geographic re-
search and decision-making [3,4]. Pixel-scale yield information not only resolves the
contradiction between the spatial heterogeneity of agricultural production factors and the
intraregional homogeneity of statistical data [5,6] but also serves as reliable sample data to
meet the increasing data demands for field management, yield forecasting, and government
decision-making.

Spatialization methods can supplement or refine spatial information by establish-
ing spatial relationships among factors, thereby transforming statistical data from the
administrative-unit scale to the grid scale. Compared with spatialization studies of socioe-
conomic data (e.g., population [7] and GDP [8]), agricultural statistical data spatialization
has focused primarily on crop planting areas [9,10] and agricultural inputs [11,12], while
research on crop production—particularly crop yield per unit area—remains limited. This
scarcity is largely due to the sensitivity of crop yields to multiple factors, such as topog-
raphy [13], climate [14], soil [15], and hydrology [16], which complicates spatialization.
Early studies often adopted direct assignment methods, in which statistical yield data were
simply converted into raster datasets. However, such approaches fail to address the issue
of internal homogeneity of yield statistics within administrative units [17].

With the development of computer, information, and geospatial technologies, research
on crop yield spatialization has advanced in recent years, and the main methods can
generally be divided into direct and indirect approaches. Direct methods use spatially
heterogeneous ancillary data as allocation weights to distribute regional yield statistics to
grids. For instance, You et al. [18,19] coupled biophysical and anthropogenic factors and
applied the ratio of potential yield within a grid to the regional average potential yield
as a weighting coefficient, thereby producing global grid-scale yield distribution data for
major crops. Zhu et al. [20] allocated county-level statistical yields to the pixel scale using
normalized difference vegetation index (NDVI) time series data. However, the accuracy
of direct approaches remains constrained by the spatial resolution of the input data. In
contrast, indirect methods use certain methods or parameters to construct yield estimation
models at the regional scale and apply them at the grid scale; then, regional statistical
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yields are used as a constraint to correct the spatialized results. For example, Liu et al. [5]
developed a regression model between land use data and population density to produce a
1 km x 1 km distribution map of China’s grain yield. Li et al. [21] developed the GCYS
model to quantify and spatialize integrated agricultural systems, converting grain crop
yields from the county scale to the grid scale. Zhao et al. [22] used multiple linear regression
between environmental factors (terrain, climate, soil, etc.) and statistical yield to estimate
the yield distribution at the grid level. Pei et al. [23] employed integrated machine learning
methods (RF, XGBoost, and Cubist) to downscale the county-level statistical yield of maize
and soybean to 1 km x 1 km grids. Although indirect scaling methods can achieve crop
yield spatialization, they inevitably lose spatial information during scale conversion, which
not only reduces the accuracy of grid-scale yield simulations but also limits effective control
over regional-scale spatialization accuracy [24]. Moreover, many models assume a stable
relationship between vegetation indices and yield [25] by relying on a single physiological
process; however, this assumption requires further validation [26].

Overall, previous downscaling approaches for yield statistics have considered mainly
natural environmental conditions and management factors (e.g., land use, topography,
climate, soil, and population density). However, insufficient attention has been given to
crop condition parameters that directly reflect crop growth and development. Many studies
rely on a single parameter, such as a vegetation index, to correlate with the statistical
yield [27,28]. Nevertheless, a single parameter cannot comprehensively represent the
complex processes of crop growth and yield formation, and the performance of parameters
such as vegetation indices is often limited by saturation effects during the late growth
stages, which further restricts the accuracy of yield downscaling methods [29,30]. To
overcome these limitations, it is necessary to integrate multiple crop condition parameters
across phenological stages into a comprehensive crop condition index (CCCI), thereby
improving the accuracy and reliability of downscaling the spatial expression of yield
statistical data. Furthermore, most previous yield spatialization studies neglected the
effects of spatial heterogeneity on crop growth conditions within administrative units,
which to some extent hindered further improvements to the accuracy of the spatialization
of crop yields. Therefore, in this study, a downscaling method for yield statistics that
incorporates temporal variations and spatial heterogeneity in crop growth is developed,
and a comprehensive spatial difference index of crop growth conditions (CSDICGC) is used
to derive standardized yield deviations. The objective is to increase both the accuracy and
the reliability of the spatialization of crop yield statistical data.

2. Data Preparation and Processing
2.1. Study Area

Hailun city (46°58'-47°52'N, 126°14'-127°45'E) is located in central Heilongjiang
Province, within the transition zone between the Songnen Plain and the Lesser Khingan
Mountains (Figure 1), with a total area of approximately 4667 km?. The terrain is relatively
high in the northeast and low in the southwest, consisting mainly of hills and plains.
The cultivated land covers approximately 2940 km?, which accounts for 63% of the total
area. The soil is predominantly black soil, characterized by high fertility. The region has a
temperate continental monsoon climate, with hot, rainy summers and cold, dry winters.
The average annual temperature is approximately 2.4 °C, the accumulated temperature
above 10 °C is 22002700 °C, and the annual precipitation is 500-600 mm, indicating a
distinct synchronization of rainfall and heat. Hailun city is among the major corn-producing
regions in China, with maize cultivation accounting for more than 40% of the total crop
area. The maize growing season lasts approximately 150 days, from sowing in mid-May
to harvesting in early October, and can be divided into five stages: emergence, jointing,
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tasseling, milk maturity, and maturity (Table 1). This study focuses on maize and integrates
multisource remote sensing and ground-based observations to monitor key crop condition
parameters during the main growing season (July—October) of 2023, providing essential
data for developing a downscaled spatial distribution model of maize yield per unit area.
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Figure 1. Location of the study area and distribution of ground-truth samples.
Table 1. Main phenological stages of maize in Hailun city.
Number Stage Phenological Stage Description
1 20 May-8 June Sowing stage-Emergence stage
2 9 June-29 June Emergence stage-Three-leaf stage
3 30 June-19 July Three-leaf stage-Seven-leaf stage (Jointing stage)
4 20 July-1 August Seven-leaf stage (Jointing stage)-Tasseling stage
5 1 August-5 September Tasseling stage—Grain filling (Milk stage)
6 5 September-30 September Grain filling (Milk stage)-Physiological maturity stage

2.2. Remote Sensing Data Acquisition and Preprocessing

In this study, Sentinel-2 multispectral data provided by the European Copernicus
Data Center (https://dataspace.copernicus.eu/ (accessed on 30 September 2023)), which
includes 13 spectral bands ranging from visible to shortwave infrared with a maximum
spatial resolution of 10 m, were used. The Sentinel-2 constellation consists of two satellites
equipped with multispectral imagers (MSIs), providing a global revisit period of five days.
The high spatiotemporal resolution and dedicated red-edge bands make Sentinel-2 an ideal
data source for monitoring and simulating crop growth during key phenological stages [31].
The Sentinel-2 time series data for 2023 were processed on the Google Earth Engine (GEE)
platform. Images with less than 30% cloud cover were selected, and one optimal image
was retained for each key phenological stage. Cloud masking was conducted using the QA
band [32], and the masked pixels were filled by linear interpolation [33].

2.3. Remote Sensing Inversion of Crop Condition Parameters
2.3.1. Inversion of Crop Condition Parameters Based on the SNAP Model

In this study, the biophysical module of the Sentinel Application Platform (SNAP) was
employed to retrieve crop condition parameters during key phenological stages. The model
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effectively integrates the advantages of the PROSAIL radiative transfer model and neural
network algorithms, enabling high-precision inversion of key parameters, such as the leaf
area index (LAI) [34,35], canopy chlorophyll content (CCC) [36], canopy water content
(CWC) [37], and fractional vegetation coverage (FVC) [38], across multiple phenological
stages. The ground-truth data were used for accuracy validation, providing fundamental
data for constructing the CCCI and developing the downscaling method for yield statistics.
The main crop condition parameters retrieved and the corresponding image dates are
shown in Table 2.

Table 2. Remote sensing acquisition of crop condition parameters based on Sentinel-2 data.

Number Image Date Crop Condition Parameter Names
1 20230702 LAI, CCC, CWC, FVC
2 20230806 LAI, CCC, CWC, FVC
3 20230828 LAI, CCC,CWC, FVC
4 20230912 LAI, CCC, CWC, FVC

2.3.2. Acquisition of Net Primary Production (NPP) Based on MODIS and Sentinel-2
Remote Sensing Data

In this study, on the basis of existing crop condition parameter calculation methods,
MODIS and Sentinel-2 remote sensing data were combined to obtain NPP at a spatial
resolution of 10 m. Specifically, the 8-day PSNnet data were fused with the 8-day maximum
composite LAl derived from Sentinel-2 to achieve refined estimation of the 8-day composite
NPP at a 10 m resolution during the crop growing season. To facilitate subsequent calcula-
tions and ensure spatiotemporal consistency, the acquisition dates of NPP were consistent
with those of the MODIS 8-day PSNnet data. Ground-truth aboveground biomass (AGB)
data were used for accuracy validation [39]. The main calculation formulas are as follows:

NPP = PSNnet — Leaf GR — Froot_GR (1)

PSNnet = GPP — Leaf GR — Froot_GR (2)
Leaf_GR = 8day_leaf_mass_max x 8day_turnover_proportion x Leaf_gr_base (3)
Froot_GR = Leaf GR x Leaf_gr_ratio 4)

The MOD17A2 product provides data used in the above formulas at 8-day intervals.
In this study, Leaf_GR and Froot_GR represent the leaf growth respiration and root growth
respiration, respectively (kg C/8 day~!); 8day_leaf_mass_max is the maximum leaf area
index within an 8-day period; 8day_turnover_proportion is the conversion coefficient,
which, according to the MOD17 product user guide (https://lpdaac.usgs.gov/products/
mod17a2hv006/ (accessed on 30 May 2023)), is assigned a value of 1; Leaf_gr_base denotes
the basal value of leaf growth respiration, which is set to 0.30; and the Leaf gr_ratio
represents the ratio of root to leaf growth respiration, which is set to 2.0 [40].

2.4. Crop Growth Parameters and Ground-Truth Crop Yield Data

To validate the accuracy of the crop condition parameters and the spatialization
results of the statistical yield data, five systematic ground surveys were conducted. The
observations included key crop condition parameters, such as the LAI [41], CCC, CWC,
FVC, aboveground biomass (AGB), phenological stage, and ground-truth maize yield
(Table 3). To ensure the quality of the samples, 75 sampling sites were randomly and evenly
selected across Hailun city, 70% of which were used for training and 30% for validation.
At maize maturity on 2 October 2023, a comprehensive yield survey was conducted. Of
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the 75 ground-truth maize yield samples collected, 53 sites were used to evaluate the
accuracy of the CCCI, while 22 sites were employed to assess the pixel-scale accuracy of the
downscaled yield estimates. The distribution of training samples and validation samples
were shown in Figure 1.

Table 3. Ground survey data and main observation parameters.

Number Date of Ground Survey Main Ground Observation Parameters Phenological Period Description
1 20230702 LAI, CCC, CWC, FVC, AGB Jointing stage
2 20230806 LAI, CCC, CWC, FVC, AGB Tasseling stage
3 20230828 LAI CCC, CWC, FVC, AGB Milk stage
4 20230912 LAI, CCC, CWC, FVC, AGB Dough stage
5 20231002 ground-truth maize yield Physiological maturity

2.5. Other Data

In this study, auxiliary data for the spatial downscaling of crop yield statistics in-
cluded crop distribution data and vector data for the study area. Specifically, the 30 m
maize distribution data were obtained from the National Ecosystem Science Data Center
(https:/ /doi.org/10.57760/sciencedb.08490). This dataset was generated using a fusion
of Landsat/Sentinel-2 normalized difference vegetation index (NDVI) data and the time-
weighted dynamic time warping (TWDTW) algorithm, with a total of 54,281 samples. The
validation results indicated an overall accuracy of 80.06% across 22 provincial-level admin-
istrative regions. At the county level, the correlation coefficient (R) between the identified
maize area and the statistical area ranged from 0.657 to 0.903, demonstrating that the dataset
met the accuracy requirements for crop mask data in terms of yield spatialization.

3. Research Methods
3.1. Technical Route

Supported by integrated observations from satellite—ground systems, this study uti-
lized multisource remote sensing data during key phenological stages, ground-truth crop
condition parameters, ground-truth maize yield, and regional statistical yield data. The
CCCI was constructed using a normalized regression coefficient weighting method to
characterize the crop growth status. Furthermore, the spatiotemporal dynamic weights of
the index at each key phenological stage were determined by considering the temporal and
spatial variations in crop growth. On this basis, a standardized deviation of pixels from the
regional mean was introduced to develop the comprehensive spatial difference index of
crop growth conditions (CSDICGC), providing a more accurate representation of pixel-level
yield variation relative to the regional average. Finally, by combining the regional mean
yield with the CSDICGC, the crop yield at the pixel scale within each administrative unit
was estimated, thereby downscaling and spatializing the regional yield statistics. The
overall technical framework of the study is illustrated in Figure 2.

3.2. Main Research Process
3.2.1. Comprehensive Crop Condition Index for Key Phenological Stages

In this study, four key phenological stages of maize growth—jointing, tasseling [42],
milk maturity [43], and full maturity [44]—were selected because of their crucial influence
on yield formation. Moreover, five major crop condition parameters—LAI, CWC, FVC,
CCC, and NPP—were used. These parameters served as the main indicators reflecting crop
growth status. The correlations between the crop condition parameters and yield during
different phenological stages were taken as the basis for determining their weights, which
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were subsequently used to construct the CCCI for key phenological stages. The specific
process is as follows:

(1) Correlation Analysis between Crop Condition Parameters During Key Phenological
Stages and Statistical Yield

A simple linear regression was established between each crop condition parameter
and maize unit yield during the key phenological stages, with the regression coefficient
used as the weighting reference. In this study, 53 ground-truth samples were collected to
analyze the correlations between the crop condition parameters and unit yield for each key
phenological stage.

Y' =P +b (5)

In the formula, Y’ denotes the ground-truth unit yield (kg/ha), «; is the regression
coefficient of the i-th crop condition parameter with the ground-truth yield, P, is the value
of the i-th crop condition parameter in the key phenological stage, b is a constant, and a
large oy indicates a strong effect of the crop condition parameter on the unit yield and thus
a high assigned weight.

(2) Construction of the CCCI for Key Phenological Stages Based on the Determination
Method of Normalized Regression Coefficient Weights

In this study, the normalized regression coefficient weight determination method
(NRCWDM) was employed to construct the CCCI for key phenological stages. Specifically,
the regression coefficients obtained from the correlation analysis of each parameter with
unit yield were first normalized. The normalized coefficients were then used as the weights
of each parameter in the comprehensive index. Finally, the CCCI was computed for each
key phenological stage using the weighted summation method:

P/ — Py — min(Py) ©)
1 - .
max(Py) — min(Py)
m m /
F=) . & E .04 )P 7
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Figure 2. Main technical framework employed in this study.
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In the formula, Py’ represents the normalized pixel value of the i-th crop condition param-
eter for the k-th pixel; min(P;) and max(Py) are the minimum and maximum values of the i-th
parameter across all pixels, respectively; P/ denotes the normalized value of the i-th parameter;
F is the CCCI of the key phenological stage; and m is the total number of crop condition
parameters, which in this study equals 5.

3.2.2. Calculation of the Comprehensive Spatial Difference Index of Crop Growth

Conditions (CSDICGC)

(1) Determination of the Temporal Weight Coefficient of the CCCI During Key Phenologi-
cal Stages

A simple linear regression was established between the CCCI of each key phenological
stage and the maize unit yield to determine the regression coefficient, which was used as
the temporal weight reference of the index. In this study, 53 ground survey points were
selected for the regression analysis of the crop condition indices and unit yield.

Y = BiF +c 8)

In the formula, Y’ represents the ground-truth maize yield (kg/ha); [5]» is the regression
coefficient of the CCCI at the j-th phenological stage with the ground-truth yield, where a
large B; indicates a great influence of the index on yield and therefore a high corresponding
temporal weight; and c is a constant.

(2) Calculation of the Difference Coefficient of the CCCI

To characterize the spatial heterogeneity of crop growth within the study area, the
entropy weight method (EWM) was applied to calculate the difference coefficient of the
CCCI, which reflects the degree of spatial variation in crop growth conditions. A large
difference coefficient indicates high heterogeneity and a strong spatial differentiation ability
of the index; conversely, a small coefficient indicates weak spatial representation. The
difference coefficient was calculated as follows:

Fy
F,=_] 9
]k ZE:1 ij ( )
1 n / /

In the formulas, F ].’k is the proportion of the k-th pixel of the CCCI at the j-th phenolog-
ical stage within the study area, n is the total number of crop pixels in the study area, 0;
is the entropy of the j-th index, and d; is the difference coefficient of the index at the j-th
phenological stage.

(3) Calculation of the Spatiotemporal Weights of the CCCI
(a)  Temporal Weight Calculation

Cj =B/ Y1 B (12)

In the formula, C; is the temporal weight of the index at the j-th phenological stage,
and t is the total number of key phenological stages, where t = 4 in this study.

(b)  Calculation of the Spatial Weights of the CCCI
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Spatial weights were calculated on the basis of the difference coefficient of the CCCIL.
A large difference coefficient indicates high heterogeneity, strong spatial differentiation
ability, and thus a large weight. The equation is as follows:

Dj=d;/Y d; (13)

In the formula, D; is the spatial weight of the index at the j-th phenological stage.

(c)  Comprehensive Spatiotemporal Weight Calculation

Ej = \/C;-D; (14)

In the formula, E; is the normalized spatiotemporal weight of the index at the j-th
phenological stage.

The concise algorithmic flow for calculating the difference coefficient of the CCCI
(Equations (9)—(14)) is shown in Figure 3.

Inputs
® (CCcCl (ij) per pixel k and phenological stage j with Valid-pixel mask

®  Regression coefficient B; at each stage j vs. yield

O
Normalization of the k-th pixel of the CCCl at the j-th phenological stage [Eq. (9)]
. F ix
Fp ==
T S Fik
A

Entropy of CCCI Per-phenological stage [Eq. (10)]

1 <« . .
g :—m];ijlnij

Difference coefficient of CCCI at the j-th phenological stage [Eq. (11)]

di=1-o0;
O
Spatial weight of CCCI [Eq. (13)] Temporal weight [Eq. (12)]
t <] t
Dj=dj/2dj cj=Bj/ZBJ
j=1 j=1
U
Spatiotemporal weight [Eq. (14)]
B =G,
a4

Outputs Ej(Spatiotemporal weightof CCCl)

Figure 3. Concise algorithmic flow of the comprehensive spatiotemporal weight calculation of
the CCCL

(4) Calculation of the Comprehensive Spatial Difference Index of Crop Growth Conditions
(CSDICGC)

Owing to the influence of environmental conditions, spatial heterogeneity exists in
terms of crop growth within a region. To quantify this heterogeneity, the CSDICGC was
proposed. At the pixel level, the regional mean of the comprehensive crop condition index
was first calculated. Afterward, the standardized deviation of each pixel from the mean
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was combined with the normalized spatiotemporal weight to compute the comprehensive
spatial difference index of the crop conditions.

(a) Calculation of the Regional Average CCCI for Key Phenological Stages

— 1 n
F=-Y0 B (15)

In the formula, F; is the regional mean of the CCCI at the j-th phenological stage (j € 1,
2,...,4), Fi is the value of the index at the k-th pixel, and n is the total number of pixels.

(b) Standardized Deviation of the CCCI

Fy—F
Gj = % (16)
j

where Fj; is the value of the index at the k-th pixel and Gj is the standardized deviation of
the index at the j-th phenological stage for pixel k.

(c) Calculation of the CSDICGC

t
Ho= Y, (G E) (17)
In the formula, Hy is the comprehensive spatial difference index of the crop growth
condition for pixel k.

3.2.3. Downscaling of Maize Yield Statistics

The regional mean yield was multiplied by the CSDICGC to obtain the corresponding
yield variation. Adding this variation to the regional mean yield enabled the transformation
of maize yield statistics from the administrative unit scale to the pixel scale. Finally, ground
survey yield data were used to validate the accuracy of the downscaled results.

In this formula, Y denotes the statistical mean yield of the administrative unit in the
study area (kg/ha), and Y} represents the yield of the k-th pixel (kg/ha).

3.2.4. Accuracy Verification

(1) Accuracy Validation Based on Ground-Truth Data

In this study, ground survey sample points were used to validate the accuracy of the
downscaled remote sensing inversion results for the crop condition parameters, CCCI, and
crop yield. The CCCI was constructed from multiple crop condition parameters and lacks
direct ground truth values. Therefore, its correlation with the measured yield was used
as an indirect validation method [45]. A high correlation indicates a strong ability of the
index to represent yield variations. The accuracy was evaluated using the coefficient of
determination (R?), root mean square error (RMSE), normalized root mean square error
(NRMSE), and mean relative error (MRE). For these metrics, R? values close to 1 indicate
high consistency, and small RMSE values indicate high accuracy. It is generally believed
that simulation accuracy is considered excellent when the NRMSE and MRE are <10%,
good when they are 10-20%, moderate when they are 20-30%, and poor when they are
greater than 30% [46]. The validation samples in this study included 53 crop condition
parameters, 53 CCCI values, and 22 yield per unit area results.
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(2) Regional Validation Crop Yield Statistics

In addition to pixel-scale validation, this study employed administrative unit yield
statistics for regional-scale validation of the downscaled results. The regional mean yield (R)
derived from the downscaled results was compared with the administrative unit statistical
yield (Y) to determine the regional accuracy (w) within the study area.

1
R= ;2&1 Y (19)

[R—Y]|
w=1-"_"1.100% (20)

where R represents the regional mean yield of the spatialized crop yield within the admin-
istrative unit of the study area; Y} is the yield of the k-th pixel (kg/ha) derived from the
downscaled spatialization results; n denotes the total number of crop pixels within the
study area; w refers to the regional accuracy of the spatialized crop yield results; and Y is
the statistical crop yield of the administrative unit in the study area (kg/ha).

4. Results and Analysis

On the basis of integrated sky—ground observation technologies, we applied a down-
scaling approach for crop yield statistics using multisource remote sensing data, ground-
truth crop condition parameters, and regional statistical yield data. CCCI values were
first constructed for key phenological stages, and their spatiotemporal weights were de-
rived using a dynamic weighting method. Standardized deviations of the CCCI were
then calculated at the pixel scale to obtain a growing-season spatial difference indica-
tor through weighted summation. Finally, regional statistical yield data were integrated
with this indicator to estimate pixel-scale maize yields, resulting in downscaled regional
yield distributions.

4.1. Verification of the Inversion Results and Precision of the Main Growth Period Parameters

In maize yield predictions, crop condition parameters such as the LAI, CWC, FVC,
CCC, and NPP are critical indicators of crop growth. These variables characterize physio-
logical status and biomass accumulation from different perspectives and play an essential
role in the spatialization of yield statistics. The accuracy of their remote sensing retrieval
directly determines the reliability of the downscaling results. In this study, crop condition
parameters at key phenological stages were retrieved using the BiophysicalO module in
the SNAP model for Sentinel-2 imagery. The retrieved results included the LAI, CWC,
FVC and CCC. In addition, NPP was calculated in combination with the 8-day composite
MODIS data (Figure 4). These datasets provide a robust empirical basis for constructing
CCCI and offer essential methodological support for the proposed downscaling framework
for yield statistics.

As illustrated in Figure 4, the crop condition parameters clearly exhibited temporal
dynamics across the main phenological stages. During the jointing stage, all the parameters
remained relatively low, with an average LAI of 2.09 m?/m? and an average CCC of
120.44 pug/cm?. The FVC was generally low (mean 0.60), except for a few high-value
patches in the southern region, while more than 90% of the area recorded a CWC below
0.1 g/cm?. Low temperatures in June further suppressed NPP accumulation, with nearly
60% of the area showing 8-day totals below 237.31 g C/m?.
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At the tasseling stage, crop growth peaks. The LAI, CCC, and FVC increased markedly,
with most of the regions exceeding 6.5 m?/m?, 500 pg/cm?, and 0.9, respectively. Although
CWC was slightly constrained by high temperatures in August, NPP accumulation was
generally high, with a regional mean of 272.52 ¢ C/m?.
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Figure 4. Remote sensing inversion results of key crop condition parameters in the study area (2023).

During the milk stage, the LAI, CCC, and FVC decreased moderately compared with
those during tasseling, but the CWC increased because of earlier rainfall, maintaining
a relatively high mean value of 0.14 g/cm?. Moreover, sustained high temperatures in
early to mid-August drove the NPP to its seasonal maximum, with nearly 90% of the area
exceeding 228 g C/m?.
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By the dough stage, senescence became evident. The LAl and CCC decreased sharply
to 1.74 m?/m? and 107.54 pg/cm?, respectively, while the FVC decreased to 0.44 and
the CWC decreased substantially because of leaf dehydration. Similarly, as tempera-
tures decreased in September, regional NPP accumulation decreased, with values below
239.8 g C/m? across much of the central plain.

Overall, the remote sensing-derived crop condition parameters effectively captured
both the temporal evolution and spatial heterogeneity of maize growth, providing a robust
basis for yield spatialization at the pixel scale.

The results of the validation of the remote sensing retrievals against the in situ mea-
surements of key crop condition parameters are shown in Figure 5. The inversion accuracy
for the LAI yielded R? values of 0.66-0.80, with RMSEs ranging from 0.30 to 0.69. For the
CWC, the accuracy was slightly lower but still robust, with R? values of 0.66-0.78 and
RMSEs between 0.01 and 0.02 g/cm?. The retrieval of the maize CCC yielded R? values
of 0.68-0.79, with RMSEs ranging from 23.46 to 78.62 ug/cm?. For the FVC, the R? values
varied between 0.62 and 0.79, with RMSEs of 0.03—-0.12, whereas for NPP, the R? values
ranged from 0.66-0.78, with RMSEs ranging from 14.87 to 41.24 ¢ C/m?. In terms of the
NRMSE, the five parameters ranged from 3.81-26.60%, with an average of 15.48%. These
findings indicate that the retrievals of crop condition parameters demonstrated strong
consistency with field observations and achieved sufficiently high accuracy to support
subsequent yield downscaling applications.
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Figure 5. Verification results of the remote sensing inversion accuracy of key crop condition parame-
ters in the study area (2023). Note: The units for the LAI are m?2/m?, the units for CWC are g/ cm?,
FVC is dimensionless, the units for CCC are ug/ cm?, and the units for NPP are gC/ m2. In addition,
** indicates that the difference is extremely significant at the p < 0.01 level.

4.2. Construction of the CCCI for Key Phenological Stages

Crop growth and yield formation are complex physiological and ecological processes
influenced by multiple factors with pronounced temporal dynamics. Although remotely
sensed crop condition parameters are correlated with yield, their relationships vary across
growth stages. Reliance on a single parameter cannot fully characterize the spatial distribu-
tion of yield. In contrast, integrating multiple parameters from key phenological stages into
a comprehensive index provides a more accurate representation of yield spatial patterns,
thereby improving the downscaling accuracy of crop yield statistics.

4.2.1. Correlation Analysis Between Crop Condition Parameters in Key Phenological
Periods and Crop Yield

To quantify the correlations between crop condition parameters and maize yield
at different growth stages, four key stages—jointing, tasseling, milk, and dough—were
selected, and linear regression models were established between the measured yield and
major parameters, including the LAI, CWC, FVC, CCC, and NPP. The regression equations
and accuracies are presented in Figure 6, and the corresponding correlation results are
summarized in Figure 6.

The strength of the correlations varied across stages: during the jointing stage, the
order was NPP > LAI > FVC > CCC > CWC; during tasseling, the order was LAI > NPP >
CCC > FVC > CWC; during the milk stage, the order remained LAI > NPP > CCC > FVC >
CWC; and during the dough stage, the order shifted to NPP > LAI > FVC > CCC > CWC.
Overall, the LAI and NPP consistently exhibited the strongest correlations with maize yield,
whereas the CWC showed the weakest correlations. When the different growth stages were
compared, the overall correlation strength followed the order of tasseling > milk > dough >
jointing, indicating that the crop condition parameters derived from the tasseling and milk
stages were most strongly associated with yield.
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Figure 6. Correlation between main crop condition parameters during key phenological periods and
crop yield. Note: The units for LAI are m?/m?, the units for CWC are g/ cm?, FVC is dimensionless,
the units for CCC are pg/ cm?, and the units for NPP are gC/ m?2. In addition, ** indicates that it
reaches an extremely significant level at the p < 0.01 level.

4.2.2. Determination of Weights for Crop Condition Parameters in Key
Phenological Periods

To construct a comprehensive index, the crop condition parameters at each stage were
normalized and assigned weights on the basis of their regression coefficients with the
observed yields; the detailed weight coefficients are presented in Table 4. Specifically, the
weight of the LAI was lowest at the jointing stage (0.1976) and reached its highest value at
the tasseling and dough stages (0.2183). The CWC exhibited its peak contribution during
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the milk stage (0.1894) before declining at the dough stage. The weight of the FVC was
greatest at the jointing stage (0.2317) and gradually decreased to 0.1741 by the dough stage,
reflecting its importance during early crop growth. The CCC reached its maximum at
the tasseling stage (0.2110) and decreased to its lowest level at the dough stage (0.1479).
In contrast, the NPP was highest during the dough stage (0.2882) and lowest during the
tasseling stage (0.2108) and milk stage (0.2126), indicating that it progressively increased in
contribution to yield formation during later growth stages.

Table 4. Weights of the main crop condition parameters in key phenological stages of maize.

Phenological Period Description LAI CWC FvC CCC NPP
Jointing stage 0.1976 0.1412 0.2317 0.1681 0.2614
Tasseling stage 0.2183 0.1757 0.1842 0.2110 0.2108

Milk stage 0.2045 0.1894 0.2079 0.1856 0.2126

Dough stage 0.2175 0.1723 0.1741 0.1479 0.2882

4.2.3. Construction of the CCCI for Key Phenological Periods

The weighted summation of the parameters yielded the CCCI (Figure 7). At the
jointing stage, the overall values were relatively low, with a mean of 0.39, particularly in
the northern regions, because of low temperatures in June, while the southern regions
maintained relatively high temperatures. During the tasseling stage, more than 90% of
the area reached peak values, benefitting from favorable temperature and precipitation
conditions from July to early August. At the milk stage, the indices began to decline in
some areas as a result of high temperatures and rainfall in late August. By the dough
stage, the indices decreased rapidly in the central-western regions as leaf senescence and
dehydration progressed, with certain areas remaining at relatively low levels.
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Figure 7. CCCI results for key phenological stages of maize (2023).
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4.2.4. Accuracy Verification of the CCCI for Key Phenological Stages

In this study, a simple linear regression model was developed to quantify the corre-
lation between the CCCI at key phenological stages and ground-truth maize yield data.
To evaluate the accuracy of the regression results and thereby characterize the reliability
of the constructed indices, four statistical indicators were employed—the coefficient of
determination (R?), root mean square error (RMSE), normalized root mean square error
(NRMSE), and mean relative error (MRE). The correlation analysis results are summarized
in Figure 8.
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Figure 8. Verification of the accuracy of the CCCI for key phenological stages of maize. Note:
** indicates that it reaches an extremely significant level at the p < 0.01 level.

As shown in Figure 8, across the entire maize growing season, the CCCI of the
key phenological stages exhibited highly significant correlations with yield, with the
strength of the correlation following the order of tasseling stage > milk stage > dough
stage > jointing stage. Specifically, the tasseling and milk stages showed the strongest
correlations with ground-truth yield, with R? values of 0.68 and 0.63, respectively; RMSE
values of 587.39 kg/ha and 626.38 kg/ha, respectively; NRMSE values of 7.29% and 7.77%,
respectively; and MRE values of 6.33% and 6.48%, respectively, whereas the jointing stage
exhibited the weakest correlation. Compared with the correlations derived from single-crop
condition parameters (e.g., the LAI, CWC, FVC, CCC, and NPP) at key stages (Figure 6),
the advantages of the CCCI became evident. At the jointing stage, the single-parameter R?
values ranged from 0.13 to 0.33, whereas the CCCI was 0.37. During the tasseling stage, the
single-parameter R? values ranged from 0.41 to 0.66, whereas the CCCI reached 0.68. At the
milk stage, the single-parameter R? values ranged from 0.40 to 0.59, whereas the CCCI was
0.63. At the dough stage, the single-parameter R? values ranged from 0.16 to 0.44, while
the CCCI reached 0.55. As the CCCl integrates five crop condition parameters across four
key phenological stages, it effectively mitigated the saturation effects observed for single
parameters, while the inclusion of richer information further strengthened its correlation
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with yield. These findings demonstrate that, compared with the use of single-crop condition
parameters, the use of the CCCI markedly enhances the explanatory power for spatial
yield variation and provides a more robust representation of the dynamic yield patterns at
key phenological stages, thereby offering a more reasonable and reliable framework for
representing yield variation.

4.3. Calculations Based on the CSDICGC

The distribution of maize yield is strongly spatially heterogeneous because of environ-
mental variability. To account for both temporal dynamics and spatial heterogeneity, this
study employed temporal weights based on correlations with yield, spatial weights derived
from the coefficient of variation, and standardized deviations to construct a comprehensive
spatial difference index of the crop growth condition.

4.3.1. Calculation of the Time Weight for the CCCI During Key Phenological Periods

The CCCls and yields were normalized, and the regression coefficients (Figure 8) were
normalized to derive temporal weights (Table 5). The milk stage had the greatest temporal
weight (0.34), highlighting its critical role in yield formation.

Table 5. Temporal weights of the CCCI for key maize phenological stages.

Weighting Index

Jointing Stage Tasseling Stage Milk Stage Dough Stage

Regression coefficient between

CCCI and yield
Temporal weight

3339.212 4088.546 5210.225 2994.101
0.21 0.26 0.34 0.19

4.3.2. Calculation of Spatial Weights for the CCCI During Key Phenological Periods

Spatial heterogeneity was quantified by the coefficient of variation, with large values
indicating strong heterogeneity and high spatial weight. The results (Table 6) revealed the
highest spatial weight at tasseling (0.42) and the lowest at jointing (0.14), suggesting more
uniform conditions during tasseling and greater variability at jointing.

Table 6. Spatial weights of the CCCI during key maize phenological stages.

Weighting Index

Jointing Stage Tasseling Stage Milk Stage Dough Stage

Coefficient of variation 0.0257 0.0770 0.0440 0.0367

Spatial weight

0.14 0.42 0.24 0.20

4.3.3. Calculation of Spatiotemporal Dynamic Weight Coefficients for the CCCI During Key
Phenological Periods

By integrating temporal and spatial weights (Tables 5 and 6), the spatiotemporal
dynamic weights were obtained (Table 7). The results revealed that the tasseling stage
contributed the most to the yield distribution (0.34), followed by the milk (0.30) and dough
(0.19) stages, whereas the jointing stage contributed the least (0.17), indicating that tasseling
is the most influential stage in terms of driving spatial variability in maize yield.

Table 7. Spatiotemporal dynamic weight coefficients of the CCCI for key phenological stages of maize.

Weighting Index

Jointing Stage Tasseling Stage Milk Stage Dough Stage

Spatiotemporal dynamic weight 0.17 0.34 0.30 0.19
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4.3.4. Calculation of the CSDICGC

Using the spatiotemporal weights, standardized deviations were calculated to estimate
the pixel-level deviations from the mean yield, resulting in the CSDICGC (Figure 9). The
results revealed relatively small overall differences in 2023. This method further strength-
ened the correlation between the CSDICGC and the statistical yield. By comparing the
number of pixels above and below the regional mean CSDICGC with the total maize pixels,
we found that approximately 63% of the cropland area had CSDICGC values above the
mean, indicating favorable crop growth conditions and a potential yield increase, whereas
37% of the area had values below the mean, suggesting a possible yield reduction.
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Figure 9. Spatial distribution of the CSDICGC (2023).

4.4. Downscaling and Accuracy Analysis of Regional Maize Yield Statistical Data

To achieve pixel-scale yield mapping, the regional mean yield was combined with the
CSDICGC to estimate yield deviations, which were then added back to the mean (Figure 10).
The results indicated that the maize yield distribution in Hailun city in 2023 was relatively
uniform, with high yields observed in the southern region and slightly lower yields in the
western region. Overall, 63% of the area exceeded the regional average yield, while 37% fell
below. An accuracy assessment (Figure 11) further revealed that the regional average yield
derived from downscaling was 7791 kg/ha, which was very close to the statistical yield of
7761 kg/ha, corresponding to a regional accuracy of 99.6%. Pixel-level validation with field
data yielded an R? of 0.82, an RMSE of 516.08 kg/ha, an NRMSE of 13.15%, and an MRE
of 4.75%. A Moran’s I test was conducted using the 22 ground-truth points. The results
showed that the Moran’s I value of the model residuals was -0.0385 (Z = 0.0930, p = 0.9238),
indicating a random spatial distribution without significant spatial autocorrelation. These
results confirm the effectiveness and feasibility of the proposed spatiotemporal weighting
approach for downscaling maize yield statistics, enabling high-precision, large-scale yield
mapping and providing a reliable data basis for yield estimation, forecasting, and precision
agriculture applications, as well as for research on climate, resources, and disaster impacts.
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Figure 10. Downscaling results of maize yield statistics in Hailun city (2023).
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Figure 11. Verification of the accuracy of maize yield statistics based on ground-truth yield data.
Note: ** indicates that it reaches an extremely significant level at the p < 0.01 level.

5. Discussion
5.1. Limitations and Improvements of This Study

Because the study area in this research is relatively small and has fairly consistent
hydrothermal conditions and agricultural management practices, the spatial distribution
of maize phenological information within the region is relatively uniform. Therefore,
the potential influence of phenological inconsistencies on the accuracy of the proposed
spatiotemporal dynamic weighting—based method for downscaling maize yield statistics
has not yet been considered. In future applications of this method at larger scales, it will be
necessary to further account for spatial differences in crop phenology across broad regions.
Zone partitioning based on phenological differences and research on the homogenization
of phenological information will provide the basis for applying this method to large areas,
which represents one of the key issues that needs to be addressed [47]. Building on this
foundation, the expansion of the study area will require the incorporation of environmental,
soil, and topographic factors to enable more refined regional partitioning. In future studies,
the study area could thus be divided into relatively homogeneous subregions according to
appropriate patterns, with representative ground-truth points selected for each subregion
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and weights adjusted accordingly, thereby enabling the model to better capture regional
heterogeneity and improve its applicability across diverse areas [48].

In addition, when the integrated crop condition parameters were being constructed,
this study employed the SNAP model of Sentinel data to quantitatively retrieve the major
crop condition parameters. Although the accuracy of the parameters obtained through
this method currently meets the requirements for yield downscaling in this study, the
SNAP model was not specifically calibrated for the target crop. Therefore, in future large-
scale applications, it will be necessary to retrieve crop-specific parameters, particularly
through precise adjustment of the PROSAIL model parameters for different crop types, to
account for crop-specific characteristics and further improve the accuracy of crop condition
parameter estimations [49]. In addition, when using MODIS and Sentinel data to calculate
other parameters (such as NPP), the default parameters provided in the MOD17 guide
were used in this study. Although the calculation results met the accuracy requirements of
this study, the uncertainty of the inversion results caused by the default parameters still
needs to be further explored.

Moreover, in constructing the CCCI, this study considered only crop condition param-
eters and did not incorporate other relevant indicators, such as crop growth environment
parameters or pest and disease information. Future research should aim to construct diver-
sified composite indices that integrate multiple dimensions of indicators, thereby further
enhancing the accuracy of the downscaling of crop yield statistics.

5.2. Innovations of This Study

(1) A method for constructing the CCCI for key phenological periods based on the
normalized regression coefficient weight determination method was outlined.

In existing research, when comprehensive crop growth indices are constructed using
multiple crop condition parameters, weights among parameters are typically determined
using methods such as the coefficient of variation, principal component analysis, the
entropy weight method, gray relational analysis, as well as equal weighting or direct assign-
ment. This study introduces a normalized regression coefficient weighting determination
method to construct comprehensive agricultural condition indices specifically for key phe-
nological periods. Unlike conventional studies that utilize single or multiple independent
crop condition parameters for the downscaling of crop yield statistics, this research inte-
grates multiple parameters to develop the CCCI, encompassing both crop growth structure
and functional metrics. On the basis of the correlation analysis between the comprehensive
index constructed in this study and the crop yield per unit area, this index can be used to
characterize the spatial distribution of differences in crop yield effectively. Therefore, the
proposed method for constructing the CCCI based on normalized regression coefficient
weights provides reliable foundational data for the subsequent spatialization of crop yield
statistical data in this research.

(2) A method for expressing the spatial heterogeneity of crop growth status using tempo-
rally and spatially dynamic weights of the CCCI was proposed.

A review of the literature reveals that current research on crop yield spatialization
has not utilized the CCCI to develop downscaling models for crop yield statistical data.
In contrast, this study is the first to employ the CCCI based on key phenological periods
for the spatialization of crop yield statistical data. In addition, in existing studies on the
downscaling of crop statistical data, while some have considered the temporal characteris-
tics of crops, the spatial heterogeneity of crop growth status within regions has not been
addressed in the downscaling of crop yield statistics. This has hindered further improve-
ments in the spatial accuracy of crop yield downscaling to some extent. In contrast, this
study not only examined the correlations between crop condition parameters during key
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phenological periods and yield variations but also incorporated pixel-level heterogeneity in
comprehensive crop condition parameters to explain regional yield differences. Therefore,
the proposed method for expressing the spatial heterogeneity of crop growth status using
temporally and spatially dynamic weights of the CCCI is important for enhancing the
ability to simulate spatialized changes in crop yield at the pixel scale.

(3) A downscaling method for crop yield statistical data based on the CSDICGC
was proposed.

Existing studies have shown that conventional downscaling methods for crop yield
statistics focus only on the linear relationship between crop vegetation indices and crop
yield and directly apply this relationship at the pixel level without considering how each
pixel deviates from the regional average. This approach somewhat compromises the
downscaling accuracy of crop yield statistics at the pixel scale. Li et al. [21] developed
the GCYS model, which achieved coefficients of determination (RZ) of 0.72 and 0.76 at the
regional scale. In contrast, the method proposed in this study was used the standardized
deviation from the mean of the CCCI to characterize how pixel-scale yields deviate from
the regional average yield level. This approach showed a high correlation with field-
measured yield data at the pixel scale and achieved nearly 100% accuracy at the regional
level. Moreover, it effectively avoided the saturation problem of single indices in direct
methods and enabled the direct and reliable application of regional statistical yields at the
pixel scale.

Additionally, machine learning methods could more flexibly simulate the distribution
characteristics of crop yield. However, owing to sample size limitations, yield estimation
models were usually first established at the regional scale and then applied them at the
pixel scale. This process, however, often suffers from accuracy loss caused by scale trans-
formation, making it necessary to use regional statistical yields as constraints to further
optimize the spatialized results. In the research of Pei et al. [23], both XGBoost and RF
achieved an average R? of approximately 0.75, with RMSE values exceeding 1100 kg/ha.
The county-level average NRMSE was 17.74%, all of which were lower than the accuracy
obtained in this study (R? = 0.82; RMSE = 516.08 kg/ha; NRMSE = 13.15%). The above
results indicated that the accuracy of the proposed method in this study was superior to
that of machine learning methods. At the same time, this research method to some extent
avoided the shortcomings of machine learning methods that required further correction of
the results.

Overall, this study pioneered a downscaling method for crop yield statistical data
based on the CSDICGC. The proposed method was simple and efficient, held potential for
large-scale applications, and effectively improved the pixel-level accuracy of downscaled
crop yield statistics.

5.3. Application Prospects of This Study

The downscaling method for crop yield statistical data based on the standardized
deviation from the mean of the CCCI in this study can generate large-scale, high-precision
spatial distribution results of regional crop yield statistics. These results not only meet the
urgent need for spatialized yield information in studies assessing the impacts of climate
change, resource and environmental conditions, and natural disasters on food production
systems but also facilitate the integration and comprehensive spatial analysis of yield
statistics with other spatial datasets related to natural, geographic, and ecological factors.
Furthermore, the spatialized yield results obtained through this method can support the
expansion of training samples in pixel-scale crop yield prediction and estimation using
machine learning or deep learning approaches, thereby providing an effective basis for
large-scale crop yield estimation and prediction models as well as for accuracy verifica-
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tion. This addresses the common technical bottleneck in crop yield prediction research,
where insufficient sample sizes hinder large-scale regional applications [50]. In addition,
the application of this method to generate downscaled yield statistics is highly valuable
for large-scale yield estimation and prediction in cases where no ground-based data are
available. Moreover, the method ensures both regional- and pixel-scale accuracy in the
downscaling results, which is of significant practical importance for meeting the demand
for high-precision crop yield spatial distribution information in precision agriculture.

6. Conclusions

In this study, a downscaling method for maize yield statistical data based on the stan-
dardized deviation from the mean of the CCCI was proposed. By integrating multisource
remote sensing data, ground-truth crop condition parameters, and regional statistical yields,
the CCCI for key phenological stages was constructed. Combined with spatiotemporal
dynamic weights to characterize the spatiotemporal heterogeneity of crop growth status, a
comprehensive spatial difference index of crop growth conditions was obtained, which is
highly important for the study of yield statistical data downscaling and spatial expression.
Furthermore, this approach enabled the transformation of regional yield statistical data
from the administrative unit scale to the pixel scale. The application of the method in Hailun
city, Heilongjiang Province, demonstrated that the accuracy at the regional scale was close
to 100%, whereas validation at the pixel scale revealed a strong correlation between the
measured yields and spatialized yields (R? = 0.82; RMSE = 516.08 kg/ha; NRMSE = 13.15%;
MRE = 4.75%), confirming the rationality and feasibility of the method. The results not only
provide a new approach for spatializing large-scale crop yield statistical data but also offer
reliable data support for yield prediction, climate change impact assessment, and precision
agriculture applications, highlighting the potential for broad regional application.
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