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Abstract: Estimating yield potential (Yp) and quantifying the contribution of suboptimum field
managements to the yield gap (Yg) of crops are important for improving crop yield effectively.
However, achieving this goal on a regional scale remains difficult because of challenges in collecting
field management information. In this study, we retrieved crop management information (i.e.,
emerging stage information and a surrogate of sowing date (SDT)) from a remote sensing (RS)
vegetation index time series. Then, we developed a new approach to quantify maize Yp, total Yg,
and the suboptimum SDT-induced Yg (Yg0) using a process-based RS-driven crop yield model for
maize (PRYM–Maize), which was developed in our previous study. PRYM–Maize and the newly
developed method were used over the North China Plain (NCP) to estimate Ya, Yp, Yg, and Yg0 of
summer maize. Results showed that PRYM–Maize outputs reasonable estimates for maize yield over
the NCP, with correlations and root mean standard deviation of 0.49 ± 0.24 and 0.88 ± 0.14 t hm−2,
respectively, for modeled annual maize yields versus the reference value for each year over the
period 2010 to 2015 on a city level. Yp estimated using our new method can reasonably capture the
spatial variations in site-level estimates from crop growth models in previous literature. The mean
annual regional Yp of 2010–2015 was estimated to be 11.99 t hm−2, and a Yg value of 5.4 t hm−2

was found between Yp and Ya on a regional scale. An estimated 29–42% of regional Yg in each year
(2010–2015) was induced by suboptimum SDT. Results also show that not all Yg0 was persistent over
time. Future studies using high spatial-resolution RS images to disaggregate Yg0 into persistent and
non-persistent components on a small scale are required to increase maize yield over the NCP.

Keywords: remote sensing; crop sowing date; development stage; yield gap; yield potential; process-
based model

1. Introduction

Yield potential (Yp) is the upper limit of the yield of a specific crop type within a given
domain and is limited by only the local heat and light resources [1]. Narrowing the gap
(yield gap, Yg) between Yp and on-farm yield (Ya) is critical for increasing food production.
Yg is caused by multiple factors, but not all could be controlled [2,3]. Factors contributing to
Yg were categorized into either persistent (field managements, terrain, and soil quality) or
non-persistent factors (adverse climate, insect attack, and other non-management factors)
by Lobell, et al. [4]. The persistent factor, field management, could be controlled in the field
and has made considerable contributions to Yp, as presented in previous studies [2,5,6].
Therefore, the knowledge of Yp and the contributions of persistent factors to Yg can provide
useful information for improving crop yield.

Sowing date (SDT) is one of the important management factors that affect crop
yield [7–9]. A few economic inputs are required to optimize SDT on a farm. Several
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methods may be available for exploring Yp and quantifying the contribution of this factor
to Yg. These methods could be generally categorized into two types: model simulation
and field experiments. The latter method provides an estimate of Yp and other levels of
yield under controlled experimental conditions, thus it can quantify the effect of SDT on
Yg [10]. However, for analysis over a wide spatial or temporal range, such a method is
time-costing and uneconomical. In this case, the field experiment generally served as a
means of acquiring data for calibrating and validating crop growth models (CGMs) [11–13].
Model simulation is favored for its low cost and high efficiency [1,14]. CGMs such as
the agricultural production system simulator (APSIM) [15], crop environment resource
synthesis (CERES) models [16], and CSM-IXIM [17], after being calibrated, can produce
reliable estimates of crop Yp and Ya and can also simulate crop yield under controlled
conditions [11,18,19]. The knowledge of the contribution of management factors, including
SDT, to Yg could be revealed by comparing simulated values of crop yield under different
management scenarios [6,20]. However, quantifying the contribution of SDT to Yp is not
feasible over a broad region using CGMs owing to the inaccessibility of spatiotemporally
continuous field management information and the sparse spatial distribution of accessible
meteorological sites at present. Simulations and analyses with CGMs in existing literature
were merely performed on meteorological-site levels or within a small region and provided
limited information for understanding Yp and Yg in space [6,20].

The use of remote sensing (RS)-based methods may be an alternative way to address
the above issues, as the use of RS data can make a model less dependent on meteoro-
logical data and management information and show better performances in regional
simulations [21,22]. Unlike CGMs, the key factor, leaf area index (LAI), for simulating
photosynthesis rate RS-based models is remotely sensed rather than simulated by the
model [23], which makes RS-based models more applicable to regional applications. An
RS-based land process model has long been used to simulate ecosystem productivity and
is also useful for simulating crop yield [23,24]. SDT, which is also an essential input of
RS-based models to map crop yield, can be obtained by analyzing the RS vegetation in-
dices (VI) time series [25–27]. Hence, we can use RS data to study the contribution of
suboptimum SDT to Yg over a broad region. Vegetation parameters retrieved from RS data
reflect the actual growing condition of crops and seem to be useful for simulating only Ya.
However, spatiotemporal variations in pixel-level Ya predicted using an RS method are
potentially useful for quantifying Yp [28] and understanding the contribution of different
factors to Yg [2,29]. Assuming that potential yield is realized on a local scale, pixel-level Yp
could be computed as the high percentile (95th or 99th) of yield distribution of surrounding
pixels [28,30]. To avoid this assumption, Lobell [28] suggested using a hybrid method that
estimates the real Yp by fitting the Yp derived from the above RS-based method to the
estimate of a calibrated CGM. However, the hybrid approach may in turn be restricted by
CGMs’ high input data requirement over a broad region. In addition, such a method may
fail when Yg and factors contributing to Yg varied significantly and irregularly in space.
Therefore, an RS-based method to quantify regional-scale Yp, Yg, and the effect of SDT on
crop yield, without the need for CGMs, is needed.

Multiple types of satellite data are available for modeling crop yield and Ygs. High-
spatial-resolution data, such as Landsat and SPOT, that have relatively long revisit times
have been generally used to develop empirical relationships between crop yield and
spectral indices at a specific developmental stage of the crop [29,31–33]. These empirical
methods are limited to quantify Yp and Yg for regions with lower levels of field manage-
ment [28]. Besides, these methods do not explicitly consider the effect of SDT on crop yield,
being not able to quantify the SDT to Yg. The two Sentinel-2 satellites (Sentinel-2A and
B) can provide 10 to 20 m resolution multispectral data with a revisit period of 4–5 days
and are useful for driving a process-based model to estimate crop yield, which requires
time-continuous inputs [34]. However, Sentinel-2B data were only available from 2018
when the satellite was launched; hence, using process-based methods with Sentinel-2
data to reproduce Yg and Yp from earlier years is impossible. Although the widely used
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MODIS data have a coarser spatial resolution than Landsat, SPOT, and Sentinel-2, it can
provide time-continuous images with more available pixels in time and are available from
2000 to present. The data have also been used to estimate crop yield with process-based
models [23,35].

In this study, we aim to develop a new RS approach that uses MODIS data to quantify
Yp and the contribution of suboptimum SDT to Yg of summer maize over the North China
Plain (NCP), with three main objectives: (1) To develop a novel RS-based method driven
by MODIS data to simulate Yp and Yg at a large spatial scale; (2) to assess the reliability of
the developed RS-based method in simulating Ya and Yp over the NCP; and (3) to quantify
Yg and the contribution of suboptimum SDT to the Yg of summer maize over the NCP in
the period 2010 to 2015.

2. Materials and Methods
2.1. Study Region

We quantified the Ya, Yp, Yg, and the contribution of suboptimum SDT to Yg of
summer maize over the NCP. The study region in this study spans five provincial-level
administrative divisions of China (Beijing, Tianjin, Hebei, Shandong, and Henan) and
covers 42 prefecture and two provincial-level cities of China (110.98◦ E–122.71◦ E, 32.27◦ N–
41.06◦ N). In the period 2010 to 2015, the accumulated effective temperature (or growing
degree days, GDD, with a base temperature of 8 ◦C) during the maize growing season
(May to September) and annual precipitation shows a significant spatial gradient with
mean values of 1950 ◦C d year−1 and 720 mm year−1, respectively, for the entire region.
The NCP is one of the major cultivation areas for maize in China, and it is approximated to
produce 30% of the total maize production of the country [36]. We determined the study
region based on administrative boundaries (Figure 1). The region does not correspond to
the exact domain of the plain, but it does cover the major maize cultivation areas.

2.2. Data
2.2.1. Remotely Sensed Crop Information

The remotely sensed crop information we used in this study includes maize distri-
bution maps and vegetation indices (VIs) data. We used annual maize cultivation areas
over the study region in the period 2010 to 2015, which were estimated by Xun, et al. [37]
and have users’ accuracies greater than 80%. The remotely sensed VIs were required in
the RS crop model to simulate the actual yield. We used the Moderate Resolution Imaging
Spectroradiometer (MODIS) normalized difference vegetation index (NDVI), enhanced
vegetation index (EVI), and LAI in this study. NDVI and EVI data with 1 km and 16-
day resolution, retrieved from MOD13A2 and MYD13A2 products (available through
https://earthdata.nasa.gov/, accessed in 3 May 2020), were used. As the study area is
large enough and the typical maize planted region is usually larger than 1 km2, the used
images with 1 km resolution could capture the main spatial characteristics of maize in the
study area. The retrieved data were preprocessed in terms of the following procedures
before use to remove unreliable data and noise:

• Quality control: Pixel values with snow or cloud cover in the retrieved data were
replaced by linearly interpolating the nearest available pixels in time.

• Time-series filter: TIMESAT3.3 was used to filter the retrieved VI data, with the
required parameters were set, as shown in Section 2.3.5.

• Temporal interpolation: Eight-day VI data were linearly interpolated to daily data.

https://earthdata.nasa.gov/
https://earthdata.nasa.gov/
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Dingxing county). The reference region is a county, where most of the croplands were cultivated 
with summer maize, and we obtained a reference LAI time-series curve by averaging the LAI time 
series of all maize pixels retrieved from MODIS products in the reference region (Section 2.3.4). The 
reference LAI time series was an important factor for computing the Yp of maize (Section 2.3.4). 

The LAI of maize was not directly retrieved from the MODIS product as crop LAI 
was reported to be significantly underestimated by the MODIS product. In this study, 
maize LAI was calculated using empirical equations, calibrated by Bai, et al. [38], in terms 
of EVI. This method was calibrated with samples collected from the US, Europe, and 
China. Thus, 

2 before EVI peaking24.805EVI 15.444EVI 2.382 LAI
after EVI peaking9.249EVI 1.236 

 − +
= 

−
 (1)

where LAI was calculated in two ways during one growing season, and we used a quad-
ratic equation before EVI peaking and a linear equation after it. 

All the computations involving gridded MODIS data were carried out using the 
GDAL (the Geospatial Data Abstraction Library) package under the Python2.7 environ-
ment. 

2.2.2. Meteorological Data 
Gridded daily meteorological data retrieved from the ERA-Interim reanalysis (ERA) 

dataset and multi-site data of the China Meteorological Administration (CMA) were re-
quired to drive the RS crop yield model. Surface net radiation (Rn), vapor pressure deficit 
(VPD), and air temperature (T) were directly retrieved from the ERA-Interim dataset 
(https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era-interim, accessed 
in May and June, 2020). Precipitation (Pr) and global solar radiation (Rg) were retrieved 

Figure 1. The study region (North China Plain) and reference region (Rongcheng county and
Dingxing county). The reference region is a county, where most of the croplands were cultivated
with summer maize, and we obtained a reference LAI time-series curve by averaging the LAI time
series of all maize pixels retrieved from MODIS products in the reference region (Section 2.3.4). The
reference LAI time series was an important factor for computing the Yp of maize (Section 2.3.4).

The LAI of maize was not directly retrieved from the MODIS product as crop LAI was
reported to be significantly underestimated by the MODIS product. In this study, maize
LAI was calculated using empirical equations, calibrated by Bai, et al. [38], in terms of EVI.
This method was calibrated with samples collected from the US, Europe, and China. Thus,

LAI =

{
24.805EVI2 − 15.444EVI + 2.382

9.249EVI− 1.236

before EVI peaking

after EVI peaking
(1)

where LAI was calculated in two ways during one growing season, and we used a quadratic
equation before EVI peaking and a linear equation after it.

All the computations involving gridded MODIS data were carried out using the GDAL
(the Geospatial Data Abstraction Library) package under the Python2.7 environment.

2.2.2. Meteorological Data

Gridded daily meteorological data retrieved from the ERA-Interim reanalysis (ERA)
dataset and multi-site data of the China Meteorological Administration (CMA) were
required to drive the RS crop yield model. Surface net radiation (Rn), vapor pressure
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deficit (VPD), and air temperature (T) were directly retrieved from the ERA-Interim dataset
(https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era-interim, access-
ed in May and June, 2020). Precipitation (Pr) and global solar radiation (Rg) were retrieved
from CMA multi-site data (http://data.cma.cn/, accessed in June 2020). Site-scale CMA
data were spatially interpolated to a raster dataset using inverse distance weighted method
provided by ArcGIS software (v10.1), and key parameters required were set as follows:

• Output cell size = 5 km;
• Power = 2;
• Search radius = variable; and
• Search radius settings: Number of points = 12; maximum distances = 100 km.

Rather than directly retrieving from the site-scale observations, daily solar radiation
(Rg) data were calculated in terms of the interpolated site-observed daily air tempera-
ture range (TR) and daily sun hours (HrS) because sites observing Rg is too sparse to be
interpolated. We referred to Chen, et al. [39] to calculate daily Rg, such that

Rg/R0 = a× ln(TR) + b×
(

HrS/Hrday

)c
+ d (2)

where R0 denotes the extra-terrestrial solar radiation; Hrday denotes the number of daytime
hours; and a, b, c, and d are empirical coefficients. The average of values for each coefficient
across multiple sites over China was used, such that a = 0.04, b = 0.48, c = 0.83, and d = 0.11.
ERA-Interim datasets provide gridded global meteorological variables from 1981 to present
in multiple temporal and spatial resolutions. The temporal and spatial resolutions of
gridded data retrieved from ERA-Interim were 12 h and 0.125 arc-degree. The daily value
of each variable is the sum (for Pr) or average (for variables except for Pr) of two 12-h
values in one day.

2.2.3. Reference Maize Yield

Prefecture-level statistics of maize yield in the period 2010 to 2015 reported by the
National Bureau of Statistics of China were used to validate Ya simulated by a process-
based and RS-driven crop yield model for maize (PRYM–Maize). These data were retrieved
from the statistical yearbook of Shandong Province, Hebei Province, Henan Province,
Beijing, and Tianjin for 2010–2015. When validating the simulations against statistical
values, simulated pixel-level yields were averaged by prefecture-level districts (Figure 1).

2.3. Methods
2.3.1. Quantifying Yg and the Contribution of SDT to Yg

An RS process-based crop yield model (Section 2.3.2 driven by MODIS data was
used to simulate Ya, limiting the potential yield by only SDT (Yp0) over the NCP. Yp was
computed on the basis of the modeled Yp0 (see Section 2.3.4. Two Ygs and the contribution
of suboptimum SDT to Yg were calculated as follows:

Yg = Yp− Ya (3)

Yg0 = Yp− Yp0 (4)

CYg0 = Yg0/Yg (5)

where Yg or Yg0 is the gap between Yp and Ya or potential yield limited by suboptimum
SDT, and CYg0 is the contribution of Yg0 to Yg.

When mapping the mean annual Yg and CYg0 based on MODIS 1 km resolution
Ya and Yg0, the two 1 km data were aggregated to 5 km-resolution rasters. Most 1 km
pixels over the NCP were not continuously cropped with maize in time (Supplementary
Figure S2), whereas most 5 km grids have more than one 1 km pixels continuously cropped
with maize in 2010–2015. A 5 km grid represents all maize fields located on the grid. How-

https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era-interim
http://data.cma.cn/
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ever, we noted that the aggregation may reduce the effects of random factors (uncertainties
in RS data or meteorological inputs) on yield, as discussed in Section 4.1.

2.3.2. A Brief Overview of PRYM–Maize

A process-based RS crop yield model, PRYM–Maize, which was developed in our
previous study and running on a daily step, was used to simulate maize yield in conjunc-
tion with MODIS data in this study [35]. PRYM–Maize consists of two basic modules:
water balance and productivity modules. The water balance module (WBM) follows the RS
and water balance-based Penman-Monteith model version 2 (RS-WBPM2) [38], which was
modified from Bai, et al. [40], to simulate water stress based on MODIS VIs and meteoro-
logical data. The productivity module consists of multiple sub-processes, photosynthesis,
grain conversion, and respirations. The ecosystem-level photosynthesis rate was scaled
from the leaf-level value based on a two-leaf canopy model and the MODIS-based LAI
(Equation (1))). A full description of the model can be found in Zhang, Bai, Zhang and
Shahzad [35] or Supplementary Text S1.

2.3.3. Modifications to PRYM–Maize

In PRYM–Maize, we simulated the growth of maize grain on a daily step as a function
of development stage (DVS) and daily net primary productivity (NPPdaily), as presented
in Supplementary Text S1.3. The DVS index is required to compute the proportions of
photosynthesis-produced dry matters that were allocated to different organs, namely, root,
stem, leaf, and grain. In the previous version of PRYM–Maize, the DVS is calculated as a
function of GDDs, as also presented in other CGMs [41–43]. However, GDDs are vulnerable
to uncertainties in input air temperature data. Alternatively, GPP was potentially useful to
indicate the crop DVS because it is more directly related to crop growth than are GDDs [24].
In addition, RS information represented by GPP may partly eliminate the error in input air
temperature data. Huang, Ryu, Jiang, Kimm, Kim, Kang and Shim [24] proposed using
normalized accumulated GPP (GPPnor_acc), estimated using an RS-based model, to indicate
the DVS of crop and found that the two factors were tightly correlated. This method was
successfully used in simulating rice grain-filling across three flux sites over the Korean
Peninsula [24]. In this study, we do not use GDDs but adopt GPPnor_acc to compute the
DVS. GPPnor_acc was designed to vary from 0 to 1 in Huang, Ryu, Jiang, Kimm, Kim, Kang
and Shim [24] as crops grow accompanied by accumulating GPP, and GPPnor = 0 and 1
correspond to emerging and maturing stages of crops. Such that

GPP(t0)
nor_acc =

t0
∑

t=EM
GPP(t)

GPPacc
(6)

GPPacc =
HV

∑
t=EM

GPP(t) (7)

where GPPacc denotes the accumulated GPP along the entire growing season; GPP (t0)
nor_acc

denotes normalized accumulated GPP for day t0 and is equivalent to DVS; and EM and HV
denote the emerging and harvest date, respectively. Pixel-level EM and HV were retrieved
from the RS NDVI time series (Section 2.3.5).

DVS varies from 0 to 2, indicating the development of crops from emerging to matur-
ing stages; therefore, we estimated DVS by scaling GPPnor_acc using 2, as follows:

DVS(t0) = 2×GPP(t0)
nor_acc (8)

2.3.4. Simulating Potential LAI and Yp

Temporal variations in LAI of crops fully depend on simulations in CGMs; thus, it is
feasible to simulate Yp using a calibrated crop model by removing all field management
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limits for crop growth in the model. However, not all management factors in an RS-based
yield model can be adjusted to the optimum because RS-LAI, as a critical input of the
RS-based model, does include environmental stress on crop growth. However, it is still
possible to use an RS-based model to simulate Yp if the stress on crop growth represented by
actual LAI is removed. Here, we define the LAI time series, representing no environmental
stress on crops and leading to potential yielding, as potential LAI (LAIp).

RS-LAI derived from the MODIS VI (Equation (1)) may fail in representing the magni-
tude of LAIp but could capture the variation trend of LAIp in time because the DVS of crops,
including maize, primarily depends on the effective accumulative temperature rather than
field managements, as represented by existing CGMs [41,42,44]. Figure 2 is a scatter plot,
with 45 data pairs, for maize yield vs. peak LAI observed during the growing season
(PLAI). These data were collected from 21 published and 8 unpublished super-high yield
experiments over China. These experiments attempted to optimize all field managements,
and the growth of maize was primarily limited by air temperature and solar radiation.
Under optimum field managements, maize yield positively correlates with PLAI. When
PLAI is greater than 6.6, maize yield tends to saturate at a high level, ~20 t hm−2, and the
correlations between PLAI and maize yield become insignificant (Figure 2). This implies
that a PLAI greater than 6.6 may be adequate for maize yielding.
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Figure 2. Maize yield against growing season maximum leaf area index (LAImax) over China. Red
circles denote data retrieved from 21 published [45–65] and 8 unpublished trials. For one trial
involving multiple treatments or maize spices, the data pair from the highest yield treatment of each
species was picked up. Blue circles denote recent field trails that have not been published yet.

Based on the above analyses, we proposed using the following steps to calculate LAIp
and Yp:

1. Derive a reference curve (CRF =
{

LAI(0)RF , LAI(2)RF , . . . , LAI(JHV)
RF

}
) from the LAI time

series within the reference region (Figure 1), where JHV denotes the number of days
from EM to HV, LAIRF denotes a reference LAI value of a given day. CRF has a PLAI
greater than 6.6, representing the roughly temporal variation in LAIp. We obtain CRF
using two procedures: (i) Average the LAI time series of all maize pixels retrieved
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from MODIS VI-based LAI (Equation (1)) by date in 2010 within the reference region
(Figure 2) to obtain an LAI curve (C0 =

{
LAI(0)0 , LAI(2)0 , . . . , LAI(JHV)

0

}
) for maize;

(ii) calculate CRF from C0 as CRF = PLAIopt× C0 −min(C0)
max(C0)−min(C0)

, where PLAIopt denotes
the optimum PLAI for maize potentially yielding and is expected to be greater than
6.6. In this study, we made a conservative estimate for PLAIopt and set it to 7.5, and
this estimate was supported by Liu, Hou, Xie, Ming, Wang, Xu, Liu, Yang and Li [50],
who reported PLAI = 7.53 of the maize plants, achieving the highest maize yield
(22.5 t hm−2) record in China.

2. Derive LAIp for each pixel by fitting the time series of RS-LAI (CRS =
{

LAI(0)RS , LAI(2)RS ,

. . . , LAI
(J′HV)
RS

}
) of the pixel to CRF using linear regression analysis, as shown in

Figure 3, where J ′HV denotes the number of days from EM to HV for a given pixel.
In other words, we fitted CRF = k × CRS + b for each pixel to obtain k and b and
then calculated LAIp as k× CRS + b. If J ′HV 6= JHV, CRF was linearly stretched in the
timeline to match the time span of CRS.

3. Run the RS process-based crop yield model to simulate Yp0 with input LAI substituted
by LAIp, f N(N) = 1, and gsm,2000 = 0.017 m s−1.

4. We referred to the method of Lobell [28], which assumed optimal field management
(SDT in this study) can be achieved within a given domain with similar climate
conditions, to compute Yp at each pixel as the 95th of Yp0 values of surrounding pixels.
These surrounding pixels were selected using two criteria: (i) Within a 50 km buffer
around the central pixel and (ii) differences in accumulated GDDs and total solar
radiation during the growing season (June–September) between the surroundings and
the center pixel were less than 50 ◦C d and 50 MJ, respectively. The buffer size here
referred to the size of a zone represented by a meteorological site in Wart, et al. [66].
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RS-LAI on the left panel (a) to CREF using the least-square method.

2.3.5. Extracting Crop Phenology Using RS Data

Emerging (EM) and harvest (HV) dates of each pixel in each year were retrieved from
the 8-day and 1 km time-series NDVI data using TIMESAT3.3. The Savitzky–Golay filter
was used to denoise the NDVI time series. The EM and HV dates were estimated on the
basis of the denoised NDVI time series, and they corresponded to the start and end of the
season (SOS and EOS, respectively) defined in TIMESAT. The key parameters required
were set as follows:
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• Window size = 64 days,
• Start of season method = relative amplitude, and
• Season start/end value = 0.1/0.2,

where “window size” means the total nearest days that are used to denoise the current
data; “relative amplitude” indicates that the SOS or EOS was estimated as the time when
NDVI increases or decreases to a given proportion, as specified by the season start or end
value, of the relative amplitude of NDVI time series during a specific growing season.

3. Results
3.1. Modeled Ya

Pixel-level Ya in 2010–2015 over the NCP was simulated using the modified PRYM–
Maize. Results are shown in Figure 4. In each year, modeled prefecture-level yields had
a root mean standard deviation (RMSD) value of 0.88 ± 0.14 t hm−2 and an R value
of 0.49 ± 0.24 with the reference value. A pooled analysis for modeled yield vs. refer-
ence yield in 2010–2015 shows modeled yield by PRYM–Maize has an R (RMSD) of 0.45
(0.87 t hm−2). The performance of PRYM–Maize is improved when modeled and reference
prefecture-level yields are averaged in time (Figure 5b). Uncertainties in modeled yield are
significantly reduced, and the RMSD of mean annual modeled yield vs. the reference value
is 0.66 t hm−2, which is less than that in any one year (Figure 4).

The average of R (RMSD) values for modeled yield vs. reference value in each year
is 0.49 (0.86 t hm−2). The model achieves the best simulations in 2011 with an R value of
0.66. Generally, R values achieved by PRYM–Maize in this study are not high, and one
important reason for this is that the prefecture-level maize yield values in 2010–2015 are in
a narrow range (4–9 t hm−2) and show relatively small dynamics over space, as represented
by both reference (standard deviation (STD) = 0.88 t hm−2 for reference yield) and modeled
yield (Figures 4 and 5a). Therefore, these results demonstrate that PRYM–Maize outputs
reasonable estimates for the Ya of summer maize over the NCP.

3.2. Modeled Yp

The Yp of summer maize over the NCP was estimated using the RS-based method
presented in Section 2.3.4. Yp estimated for each year in the period 2010 to 2015 was
averaged over time (Figure 6a). Results show that Yp estimated in this study has a tight
correlation (R = 0.81, RMSD = 0.87 t hm−2) with that estimated using a calibrated APSIM-
Maize model at 10 agricultural meteorological (AM) sites from existing studies (Figure 6c).
The result demonstrates that the performance of the developed approach in estimating Yp
is comparable to that of a calibrated CGM. However, Yp values from the two methods were
not the same (Figure 6c). Regardless of the differences in formulations between the two
methods, Yp in this study represented the period 2010 to 2015, which is different from the
data we used for comparisons in Figure 6.

Our results show that the mean annual Yp in the period 2010 to 2015 ranged between
9 and 16 t hm−2 over the study region with a regional value of 11.99 t hm−2. Mean annual
Yp over the study region generally increased from southwest to northeast. The northeast of
Shandong Province had the highest Yp, whereas the lowest Yp appeared in the southeast of
Henan province.
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Figure 4. Maps of modeled Ya of summer maize in 2010 (a), 2011 (b), 2012 (c), 2013 (g), 2014 (h), and 2015 (i); and the
pixel-level frequency distribution (FD) of pixel level values in 2010 (d), 2011 (e), 2012 (f), 2013 (j), 2014 (k), and 2015 (l). The
scatter plot represents a comparison between modeled yield and reference yield on a prefecture-level, the modeled yield
on a prefecture-level is the average of yield values of all pixels within a prefecture-level district, and each scatter plot has
44 samples; the solid line in each scatter plot represents the “1:1 line.” The value ranges in the legend are right-closed and
left-open.
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3.3. Yg and the Contribution of Suboptimum SDT to Yg

Modeled regional Ya and potential yield limited by suboptimal SDT (Yp0) and Yp in
the period 2010 to 2015 are presented in Table 1 and Figure 7a. The ratio of Yg to Yp (Yg/Yp),
the ratio of Ya to Yp (Ya/Yp), Yg caused by suboptimal SDT (Yg0), and the contribution of
suboptimal SDT to Yg (CYg0) computed on the basis of Ya, Yp0, and Yp are also presented
in Table 1 and Figure 7b. The spatial variations in annual mean Ya, Yg, Yg/Yp, Yp0, Yg0,
and CYg0 are shown in Figure 8. Results show that large gaps (Ygs) remained between Ya
and Yp on a regional scale or at a specific location over the NCP. Most areas of the study
region had Yg values greater than 3 t hm−2, and high Yp values were mainly distributed in
the north and northeast (Figure 8b). Yg of approximately 99% of the study areas accounted
for more than 30% of local Yp (Figure 8c). Annual regional Yg of summer maize in NCP
ranged in 4.9–6.4 t hm−2 with a mean value of 5.4 t hm−2, accounting for approximately
45% of the mean annual regional Yp (Table 1 and Figure 8). As shown in Table 1 and
Figure 7, considerable proportions of Yg were induced by suboptimum SDT. An estimated
80% of the study areas, Yg0 ranged from 1 to 4 t hm−2 (Figure 8e). Yg0 also contributed to
more than 20% of Yg in ~85% of the study areas. Regional Yg0 in each year ranged from
1.4 to 2.2 t hm−2, accounting for 29–42% of the annual regional Yg. The annual average
of regional Yg0 contributes to 35% of annual averaged regional Yg in 2010–2015 (Table 1).
The analyses above demonstrate that large Yg remained in summer maize croplands over
the NCP, and the values of Yg varied in space and could be considerably reduced by
optimizing the SDT.

Table 1. Ya, potential yield limited by suboptimal SDT (Yp0), Yp, Yg, ratio of Yg to Yp (Yg/Yp), ratio
of Ya to Yp (Ya/Yp), Yg caused by suboptimal SDT (Yg0), and contribution of suboptimal SDT to Yg
(CYg0) in the period 2010 to 2015 for the entire NCP a.

Year Ya Yp Yg Yg/Yp Ya/Yp Yp0 Yg0 CYg0

2010 5.8 10.8 4.9 45% 55% 9.4 1.4 29%
2011 6.1 11.4 5.3 46% 54% 9.2 2.2 42%
2012 7.0 12.7 5.7 45% 55% 10.7 2.0 35%
2013 6.4 11.3 4.9 43% 57% 9.6 1.7 35%
2014 6.3 11.2 4.8 43% 57% 9.4 1.8 38%
2015 7.1 13.4 6.4 48% 52% 11.3 2.1 33%

Average 6.5 11.8 5.4 45% 55% 9.9 1.9 35%
a Values of Ya, Yp, and Yp0 were computed on the basis of the actual distribution of maize cultivation areas in
each year, and Yg/Yp, Ya/Yp, and CYg0 were computed using the regional statistics.
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suboptimum SDT (Yp0) (g), Yg induced by suboptimum SDT(Yg0) (h), and the contribution of suboptimum SDT to Yg
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4. Discussion
4.1. Yg0 Is Partly Persistent

It is infeasible to perfectly optimize the summer maize SDT across the entire study
region to fully eliminate Yg0 because the optimum SDT depends on weather conditions
during the growing season and the growing season of summer maize generally lasts
~100 days, but predicting weather conditions over such a long term (~100 days) precisely is
not feasible at present. During the growing season, some unfavorable weather conditions
(e.g., shifting of heat, radiation, and precipitation among different development stages)
may cause SDT optimization to fail. Therefore, the contribution of suboptimum SDT, as a
result of unfavored weather conditions, to Yg is non-persistent. To separate the persistent
factors (primarily the knowledge and management skills of farmers) affecting SDT from
the non-persistent will help understand the likelihood of reducing Yg by optimizing SDT.

Here, we adopted the method (Supplementary Text S2) of Farmaha, Lobell, Boone,
Cassman, Yang and Grassini [2] to assess persistent Yg0 based on both 1 km Yg0 and
5 km Yg0 time series (Supplementary Figure S3). The 1 km result was derived on the
basis of the Yg0 time series in croplands continuously cropped with maize (Supplementary
Figure S2). We showed only the results of persistent factor percentage (PFP) in Yg based
on “small Yg group (SYg),” PFPSYg. Figure S3a,b show the percentage of persistent values
in Yg0 based on 1 km Yg0 and 5 km Yg0, respectively. The 1 km result covers a smaller
spatial extent, and a pixel-by-pixel comparison between the two results was performed
over the overlapped region (Figure S3c). The spatial variations in the PFP of the two
results were moderately correlated with each other with a correlation coefficient (R) of
0.59. However, the 5 km result shows an overall overestimation of PFP. Regional values of
PFP of the 1 and 5 km results over the overlapped regions are 59% and 69%, respectively.
The reason for the higher PFP estimated by 5 km Yg0 may be that some spatial dynamics
in Yg0 were eliminated in 5 km Yg0. Nevertheless, both panels (Figure S3a,b) indicate
non-negligible non-persistent components in Yg0 and significant variations in persistent
Yg0 over space. Smaller percentages of persistent Yg0 are found in the south of the NCP.
Figure S3 presents two examples of assessing persistent Yg0, implying that further studies
are required to reveal the impact of climates on SDT and that assessing persistent Yg0 within
smaller regions using high-resolution RS data is necessary to understand the likelihood of
narrowing Yg0 on a local scale.

4.2. Yp Derived from Ya and Yp0

Ya derived from remotely sensed data is also useful for quantifying Yp and Yg [1,28].
Pixel-level Yp could be estimated as a high percentile (95th or 99th) of pixel-level Ya
values within a small region around the pixel under investigation. However, as previously
mentioned, this method assumes optimum field managements are achieved in some
croplands (or pixels) within the domain under investigation. A novel approach avoiding
the assumption in estimating Yp based on satellite data was proposed in this study, and
the new method only assumes optimum SDT is achieved in on-farm managements. The
“Potential yield” derived from Ya is equivalent to “potential farmers’ yield (Ypf),” as defined
in Liu, Yang, Lin, Hubbard, Lv and Wang [6]. In the maize belt of the US, where farmers’
management skills were maintained at a high level, Ypf was close to Yp; however, in other
regions, where crop growth was strongly stressed, Yp was poorly represented by Ypf [1]. We
investigated the differences between Ypf and Yp derived using the new method proposed
in this study (Supplementary Figure S4). Modeled Ypf values were significantly smaller
than modeled Yp. The regional-scale mean annual Ypf is 8.7 t hm−2, which is significantly
less than the Yp estimated in this study as well as previous studies [11,67,68], whereas our
method produced a result closer to previous estimates. This implies that large gaps exist
between farmers’ potential yield and the Yp of summer maize over the NCP. The newly
developed method in this study provides a more reliable approach to estimating Yp and
can improve the understanding of the Yg of summer maize in the study region.
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4.3. Limits of the Method in This Study

PRYM–Maize is proved to perform reasonably well in reproducing regional crop yield,
having comparable or even better performances than models in recent studies in terms
of RMSD [2,69]. PRYM–Maize was then used to develop a new method in this study to
quantify Yp, Yp0, Yg, and Yg0. This new method produced a Yp magnitude similar to
that produced by the calibrated CGM (Section 3.2), and the spatial pattern in Yp over the
NCP simulated using our model was also closed to the results of Li [68], who reproduced
regional Yp across the NCP using CGM simulations at multiple meteorological sites. This
new method can also be used in other regions, where farmers’ potential yields are far below
the potential levels. However, one should be careful with the value of PLAIopt. We used
PLAIopt = 7.5 in this study, and this value was a conservative estimate for PLAIopt and was
obtained by analyzing historical field trials over China. However, the value of PLAIopt
may be reduced in higher latitude or altitude regions, where low temperatures and heat
dominate the growth of maize.

The accuracy of an RS-based approach to estimate crop yield highly depends on the
input RS data. The accuracy of Ya estimates over the NCP in this study was degraded by
mixed pixels. There was an overall underestimation of the Ya over Shandong Province,
where many pixels were mixed with plastic greenhouses. The plastic greenhouse is widely
used across Shandong, and it weakens the vegetation information [70], reducing the yield
estimated from mixed pixels. Future studies are required to resolve such issues. Using
higher-resolution images may be feasible, but the temporal resolution of such data such
as Landsat, Sentinel-2, and SPOT may become a new limitation. Alternative approaches,
such as pixel downscaling, can also be useful for addressing the above issue. For example,
we can merge RS data with coarse spatial resolution and high temporal resolution (e.g.,
MODIS), high-spatial-resolution panchromatic product [71], or other bands [72] to obtain
high-spatial- and high-temporal-resolution data to drive the RS-based crop yield model,
thereby reducing the effect of non-vegetation information. In addition, the pixel change
detection method [73] is available for further removing the bad pixels or outliers in yield or
Ygs produced by the RS-based model. We should consider these approaches in our future
work to improve the quantification of regional crop yield and Ygs.

The WBM is a critical part of PRYM–Maize for crop photosynthesis modeling in the
context of climate change in the future. Extreme climate events (e.g., drought and heatwave)
have great impacts on crop water status and thus crop yield [74,75]. Thus, with the elevating
intensification of these extreme climate events [76,77], water availability estimated using
the WBM of PRYM–Maize will play a more important role in quantifying crop yield. The
WBM consists of evapotranspiration (loss of water of croplands) and soil water balance
processes; hence, water availability can, in turn, affect the water balance process through its
impact on evapotranspiration [38,40]. Evapotranspiration modeling in the current PRYM–
Maize does not explicitly include the effect of extreme climate events. Therefore, in future
work, the improvement of PRYM–Maize with regard to better characterizing the water
status of crops during extreme climate events will be required.

5. Conclusions

The knowledge of how field managements contribute to Yg can help improve crop
yield. In this study, we modified a process-based RS crop yield model for simulating Ya
and proposed a new approach based on the modified model to quantifying Yp and the
contribution of suboptimum SDT to Yg over a broad region. The above methods were used
to estimate Ya, Yp, Yg, Yp0, Yg0, and CYg0 of summer maize over the NCP in the period
2010 to 2015. We have the following conclusions:

1. The modified RS crop yield model reasonably estimated the Ya of summer maize over
the NCP, but the model’s accuracy was limited by input RS data.

2. Modeled Yp showed close relationships with site-level results given by CGMs in pre-
vious studies, which demonstrated that the proposed RS-based approach to estimate
Yp was effective in modeling Yp over the NCP.
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3. Large gaps, Ygs, remained between Ya and Yp of summer maize over the NCP and
suboptimum SDT, which considerably contributed to Yg; regional Yg over the NCP in
the period 2010 to 2015 was 5.0 t hm−2, and the Yg, which accounted for suboptimum
SDT (Yg0), was approximately 41% of Yg. However, not all Yg0 could be filled
by optimizing SDT because Yg0 was also affected by non-persistent factors. Thus,
studies on small regions with higher-resolution RS data are required to decompose
the persistent portion from Yg0.

PRYM–Maize’s robust performance under extreme weather conditions, such as drought
and heatwaves, will need to be improved in the future. In addition, it is necessary to im-
prove the performance of the RS-based method in estimating Yp within a specific region in
conjunction with finer-resolution data or a pixel downscaling method.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/rs13183582/s1, Figure S1: The diagram for calculating Small yield gap (SYg) and Large yield
gap (LYg) in ranking and non-ranking rasters, Figure S2: 1-km pixels that were continuously cropped
with summer maize in 2010–2015 over the NCP, Figure S3: Persistent factor percentage (PFP) based
on 1-km Yg0 (a) and 5-km Yg0 (b), and a comparison between 1-km PFP and 5-km PFP over space
(c). The value intervals in the legends of panel (a) and (b) are right-closed and left-open. PFPSYg
denotes the PFP value calculated in terms of Yg of croplands grouped in small Yg as defined in
Farmaha, Lobell, Boone [25] (Reference [25] is cited in the supplementary materials) or illustrated in
Supplementary Text S2. In this study, PFP was calculated for each pixel using surrounding pixels
within a buffer of 50 km. But not all pixels within the buffer were used, only pixels meet the criteria
(see Section 2.3.4—Step 4) for computing Yp from Yp0 were kept. Figure S4: Modeled yield potential
(Yp) vs. modeled farmers’ yield penitential (Ypf), Table S1: Values of coefficients for calculating maize
respiration and dry matter allocation.
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