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Crop growth monitoring and yield estimate information can be obtained via appropriate metrics

such as the leaf area index (LAI) and biomass. Such information is crucial for guiding agricultural
production, ensuring food security, and maintaining sustainable agricultural development. Traditional
methods of field measurement and monitoring typically have low efficiency and can only give limited
untimely information. Alternatively, methods based on remote sensing technologies are fast,
objective, and nondestructive. Indeed, remote sensing data assimilation and crop growth modeling
represent an important trend in crop growth monitoring and yield estimation. In this study, we
assimilate the leaf area index retrieved from Sentinel-2 remote sensing data for crop growth model
of the simple algorithm for yield estimation (SAFY) in wheat. The SP-UCI optimization algorithm is
used for fine-tuning for several SAFY parameters, namely the emergence date (D), the effective light
energy utilization rate (ELUE), and the senescence temperature threshold (STT) which is indicative

of biological aging. These three sensitive parameters are set in order to attain the global minimum

of an error function between the SAFY model predicted values and the LAl inversion values. This
assimilation of remote sensing data into the crop growth model facilitates the LAI, biomass, and yield
estimation. The estimation results were validated using data collected from 48 experimental plots
during 2014 and 2015. For the 2014 data, the results showed coefficients of determination (R?) of the
LAI, biomass and yield of 0.73, 0.83 and 0.49, respectively, with corresponding root-mean-squared
error (RMSE) values of 0.72, 1.13 t/ha and 1.14 t/ha, respectively. For the 2015 data, the estimated R?
values of the LAI, biomass, and yield were 0.700, 0.85, and 0.61, respectively, with respective RMSE
values of 0.83, 1.22 t/ha, and 1.39 t/ha, respectively. The estimated values were found to be in good
agreement with the measured ones. This shows high applicability of the proposed data assimilation
scheme in crop monitoring and yield estimation. As well, this scheme provides a reference for the
assimilation of remote sensing data into crop growth models for regional crop monitoring and yield
estimation.

As one of the essential food crops, wheat is widely planted worldwide, with a total planting area exceeding 200
million hectares, and more than one third of the world population using wheat as the main food ingredient’2.
Wheat is also one of the main food crops in China, where the wheat total planting area and yield come just next
to those of rice and corn. Several biophysical variables can be used to assess the growth of wheat and other crops
including mainly the leaf area index (LAI) and the biomass. Indeed, these two variables represent the material
basis for crop yield formation. As well, the dynamic changes in those two parameters during different growth
periods are closely related to the full crop yield formation. Therefore, LAI and biomass monitoring can provide
essential information for analyzing energy balance and flow in terrestrial ecosystems. In particular, wheat yield
estimation enables timely understanding of the changing trends of wheat harvesting and production, provides a
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reference for macro-level control and formulation of trade policies, and helps ensure food security through the
formulation and implementation of policies for food pricing, circulation, and storage.

The wheat LAI, biomass, and yield metrics have been traditionally obtained through field measurement
methods. Although these methods generally have a high accuracy, they may not be appropriate for monitoring
wheat growth in widely distributed countries with complex topography like China. Meanwhile, wheat growth is
not only related to intrinsic physiological and structural characteristics, but is also influenced by environmental
factors (such as climate, hydrology, and soil patterns) as well as social, economic, and technological factors.
Therefore, wheat growth patterns exhibit wide temporal and spatial variations, and thus manual monitoring
methods for such patterns are labor-intensive and generally inefficient. In addition, human observers of crop
growth should have high expertise and crop knowledge. Hence, outcomes of manual monitoring methods are
highly subjective and not suitable for large-scale monitoring. Alternatively, methods based on remote sensing
are fast, objective, and non-destructive, and hence offer unique advantages in monitoring physiological and
biochemical crop parameters and estimating crop yield. In recent years, remote sensing technology was widely
used in estimating the crop LAI, biomass, and yield.

For LAI and biomass estimation, Huang et al., Su et al., and Fieuzal et al.>-> used the canopy red light band
(680-760 nm), LiDAR, SAR C HH and L HH band data. Then, they calculated the red edge position, amplitude,
and area as well as other parameters. In addition, they extracted vertical structure parameters, analyzed their
correlation with LAIL and finally constructed LAI estimation models for rice, corn, wheat and other crops.
Furthermore, Liu et al,, Li et al., and Wang et al.®® exploited remote sensing data collected from environmental
satellites (such as MODIS, ASTER, SPOTS5). Then, vegetation index maps were combined with LAI measurements
to create PROSAIL statistical models for dynamic LAI estimation in maize and wheat crops. Thenkabail et al.’
showed that crop biomass is negatively correlated with spectral reflectance in the red-light band (620-700 nm),
and positively correlated with spectral reflectance in the near-infrared band (740-1100 nm). So, a biomass
inversion model was established based on these observations. Takahashi et al.’° investigated the relationship
between canopy spectral reflectance and rice biomass in the spectral range of 400-1100 nm, and hence estab-
lished a biomass inversion model based on partial least squares regression. Blackard et al.'' used MODIS and
Landsat TM image data with regression methods to devise biomass inversion algorithms and draw a national
biomass distribution map in the United States. Gao et al.'? used environmental satellite image data and ground
measurements to construct biomass inversion models based on multiple linear regression, and employed the
high-precision models for biomass estimation. Li et al., Zheng et al., Zhang et al.’*-1° fused spectral reflectance
and image data of wheat canopy for wheat biomass estimation. In addition, raw spectral data was employed in
several methods to filter sensitive bands, build spectral or vegetation index maps, analyze index correlation with
crop biomass, and finally build biomass inversion models. For example, Casanova et al.!® analyzed rice spectral
reflectance data and calculated several relevant vegetation indices, namely the ratio vegetation index (RVI), the
normalized difference vegetation index (NDVI), the vertical vegetation index (VVI), and the weight difference
vegetation index (WDVI). An analysis of the correlation between these vegetation indexes and rice biomass
showed that the VVI and WDVT are relatively strong predictors for rice biomass estimation. Moreover, Chen
et al., Barati et al.,, Irykna et al., and Newnham et al.'”~?° used remote sensing data to build regression models for
estimating crop biomass from vegetation indices, evaluated the estimation results, and generated maps of the
spatial biomass distribution in the studied areas. Bao et al.?! explored the feasibility of multiple-scale estimation
of the biomass of winter wheat using the normalized difference vegetation index (NDVI), the enhanced vegeta-
tion index (EVI), and the normalized vegetation index (NVI). As well, Tan et al., Gao et al., and Lu et al.?2-%*
utilized UAV digital images, RADARSAT-2 data, HJ-1 A/B data, and Landsat TM data to construct spectral and
vegetation index maps for estimating and mapping the biomass of soybean, wheat, and other crops. Liu et al.”
combined spectral parameters, texture factors, and terrain factors with ground measurements in order to con-
struct an inversion model for wheat biomass estimation.

For crop yield estimation, numerous remote sensing approaches have been reported as well. For instance,
Wu et al.?® collected spectral data of soybean canopy and associated yield measurements during multiple growth
periods. This data was used to construct a comprehensive soybean yield estimation model across multiple growth
periods (R?=0.68). Gao et al., Ren et al., and Akhand et al.”’~* used MODIS data, AVHRR images, HJ satellite
images, SPOT4 and TM5 images to construct maps of the normalized difference vegetation index (NDVI) and
the vegetation health index (VHI). These vegetation indices were used as predictors within regression models
for corn and potato yield estimation. Li et al. and Sun et al.***! used MODIS data and Landsat image data to
calculate the NDVI and LAI of wheat and grapes, and estimate the yield of these crops using multiple linear
regression models. Chen et al. and Ou et al.*>** analyzed HJ satellite time-series data and extracted characteristic
parameters of the NDVI change rates across different growth periods for winter wheat, rice, corn, and soybean.
These parameters were used to create yield estimation models and find periods with the best estimated yield for
the four crop types. Song et al. and Zhao et al.**** used hyperspectral data measured by a GER1500 spectrometer
and an unmanned aerial vehicle (UAV) to construct maps of the ratio vegetation index (RVI) and the green nor-
malized vegetation index (GNDVI). Then, an analysis was performed for the correlation of these indices with
rice and soybean yields, and yield estimation models were constructed using partial least squares regression.

Remote-sensing-based crop growth monitoring and yield estimation are mainly achieved by identifying
characteristic parameters, analyzing the statistical relationships between crop growth and relevant metrics (e.g.
LAI and biomass), and hence constructing estimation models. This crop growth assessment approach is simple,
easy to use, and widely used. However, remote sensing information only reflects superficial physical conditions,
and cannot truly reveal the internal processes and mechanisms of collective and individual crop growth, yield
formation, and environmental interactions. Therefore, remote sensing methods lack explanatory mechanisms,
and typically exhibit poor temporal and spatial expansion. In addition, because the acquisition of remote sens-
ing data is often restricted by satellite revisit cycles and adverse weather conditions (clouds, rain and snow),
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continuous crop growth monitoring cannot be performed during the growing season, and hence the monitoring
accuracy is limited to a certain extent. On the other hand, crop growth models are based on biophysical growth
laws, meteorological conditions, and soil conditions. Also, these models use light, temperature, moisture and fer-
tilization as driving factors, and take into account material balance and energy conservation matters. In fact, such
models can be created based on computational and mathematical techniques to systematically and quantitatively
express key processes in crop physiology including crop photosynthesis, respiration and transpiration. Indeed,
dynamical mathematical models can be established to simulate the dynamic crop growth processes during the
whole growth period with a fixed step. Therefore, computerized mathematical models with strong explanatory
power have been widely used in crop growth simulation, physiological and biochemical index parameter inver-
sion, yield estimation, etc**-* used hyperspectral data within an analytical two-layer canopy reflectance model
(ACRM) for LAI inversion in winter wheat. The results showed high LAI inversion accuracy with small model
parameter uncertainty and appropriate band selection. Pan et al.*? exploited the PROSAIL model for LAI inver-
sion in winter wheat, and showed high accuracy in the red-edge band using the cropping index. Also, Baret et al.*’
combined artificial neural networks with the PROSAIL model for effective inversion of crop LAIL

Crop growth models are typically built on a regional scale for growth monitoring and yield estimation. How-
ever, such models overlook the large spatial and temporal variations in soil characteristics (such as soil moisture),
crop parameters (such as LAL biomass, and nitrogen content) and meteorological data*'. Actually, uncertainties
in these factors affect the physiological growth process and hence can lead to degradation in the accuracy of
crop growth models. Those uncertainties can be reduced through the assimilation of remote sensing data which
provides a great potential for accurate quantitative estimation of regional soil properties and canopy state vari-
ables. Also, the real-time acquisition and spatial continuity of remote sensing data can effectively enhance the
applicability of crop growth models at regional scales. However, obtaining the input parameters of a crop growth
model continuously quite is challenging. These challenges can be handled based on the respective advantages of
remote sensing and crop growth models. Specifically, based on the data assimilation methodology, the remote
sensing data is embedded into the relevant input parameters of the crop growth model or the correction model
for local parameter adaptation, and thereby improving the accuracy of crop monitoring and yield estimation®”*.
Yao et al.** assimilated the MODIS LAI data into the BEPS crop growth model, and hence significantly improved
the accuracy of corn yield estimation. Tripathy et al.* assimilated LAI data retrieved by the SPOT satellite into
the WOrld FOod STudies (WOFOST) crop growth model, and thus effectively improved the yield estimation
accuracy for wheat and corn. Curnel et al.*® assimilated the LAI of winter wheat in the WOFOST model, opti-
mized the model parameters using an ensemble Kalman filter, and realized regional-scale growth monitoring and
yield estimation for winter wheat. Ma et al.*é assimilated MODIS-based LAI data into the WOFOST model, and
improved the yield estimation accuracy by optimizing three model parameters, namely the date of emergence,
initial biomass, and soil moisture content. Dente et al. and Silvestro et al.*”*® used remote sensing data obtained
from ENVISAT, ASAR and MERIS for wheat LAI inversion, assimilated the data into the CERES-Wheat and
AquaCrop models, and improved the model performance by adjusting model parameters such as the sowing
time, wilting point, field water holding capacity, harvest index, temperature, and moisture.

The simple algorithm for yield estimation (SAFY) model is a crop growth model based on light-energy utiliza-
tion theory. This model describes the biophysical crop processes (e.g. biomass accumulation, leaf distribution,
leaf senescence, etc.) with empirical parameters, and hence simplifies the process of crop growth modeling. This
model avoids the limitations of earlier models and is more applicable under universal conditions*->!.

This paper uses Sentinel-2 remote sensing data to retrieve the leaf area index (LAI) of winter wheat, assimilates
the data into the SAFY crop growth model, and optimizes three sensitive model parameters using the SP-UCI
optimization algorithm. Those parameters are the emergence date (D,), the effective light energy utilization
rate (ELUE), and the senescence temperature threshold (STT). The paper basically seeks to create a dynamic
model of winter wheat growth, estimate wheat LAI, biomass, dry aerial mass (DAM) and yield, and also use
actual measurements to verify the estimation results. In essence, the paper provides new solutions for wheat crop
growth monitoring and yield estimation using remote sensing, data assimilation, and crop growth modeling.

Materials and methods

Data acquisition and processing. Study area. 'The study was conducted at the National Precision Ag-
riculture Research Demonstration Base in Xiaotangshan Town, Changping District, Beijing. This area is located
in the northeast of Xiaotangshan Town (116° 27’ 51"-116° 27’ 53" E, 40° 10" 48"-40° 10’ 54" N) (Fig. 1), with an
average elevation of 36 m above sea level. The area has a semi-humid continental climate in the northern temper-
ate Monsoon Zone, and is characterized by high temperatures, rainy summers, cold and dry winters, and short
springs and autumns, with an average frost-free period of 180 days throughout the year.

The study area has a total of 48 plots. The each plot size was 6 m* with length 3 m and width 2 m. The sowing
two wheat cultivars in 48 plots was done on November and harvesting was completed on June. The wheat plant-
ing density of each plot is 4.89 million plants/ha, and there are two wheat varieties, namely Jing 9843 (Variety 1,
denoted by PI) and Zhongmai 175 (Variety 2, denoted by P2). The data was collected at turning green, jointing,
flag picking, flowering, grain filling and harvest growth stages. As for the nitrogen fertilizer (urea) treatment,
there are four possible settings: 0 kg/ha (N1), 195 kg/ha (N2), 390 kg/ha (N3), and 585 kg/ha (N4). Three levels
of water treatment are possible: rain-fed (W1, No irrigation), normal water volume (W2, irrigation water volume
of 146 mm), and doubled water volume (W3, irrigation water volume of 292 mm). Apart from the nitrogen
fertilizer treatment, the base fertilizer is composed of 375 kg/ha of superphosphate and 150 kg/ha of potassium
sulfate. The field management conditions of each community are the same.
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Figure 1. Study area and experimental design.

Data acquisition and processing. The types of the collected data include satellite remote sensing data, the leaf
area index, biomass, wheat yield, and meteorological data.

(1) Remote sensing data acquisition

The remote sensing data was acquired by Sentinel-2 satellites, which is a high-resolution imaging satellite that
carries a multispectral imager (MultiSpectral Instrument, MSI) with 13 bands, a width of 290 km, and a revisit
period of 10 days. In this work, the remote sensing data was downloaded from the official website of the European
Space Agency (ESA) (https://scihub.copernicus.eu/dhus/#/home). All image data are L1C products that have been
ortho-rectified and geometrically corrected. We applied atmospheric data correction with the Sen2Cor software
provided by ESA. A total of 4 data bands (B2, B3, B4, and B8) were obtained in the ENVI software (version 5.3).

In this paper, remote sensing images were obtained from the Sentinel-2 satellite through 7 phases with a
relatively uniform time distribution. The acquisition times were: April 10, 2014, April 15, 2014, April 25, 2014,
May 13, 2014, May 23, 2014, June 2, 2014, June 9, 2014, May 2, 2015, and May 9, 2015.

(2) LAI data acquisition

The LAI-2200C Plant Canopy Analyzer was used to collect LAI data according to user manual provide by
CIMMYT* For LAI measurement, we selected the plant side facing away from the sun, made one sky light
measurement, and then placed the analyzer close to the plant root to measure 4 target values for each plot. The
analyzer lens was kept upright, and finally the average value of the cell LAI was obtained. The upper side of fully
sunlit leaves was chosen to perform three repeated measurements at each sample site. At each sampling site,
the radiation value was first measured at the top of canopy, and then at four marking points under the canopy.

(3) Biomass data acquisition

For collecting biomass data in each plot we have followed CIMMYT user manual for field based traits
measurement®?. We selected three representative wheat plants, cut the above-ground plant parts, put the parts
in a paper bag, and then put the bag in an oven. The temperature was set to 105 °C to kill bacteria. After 30 min,
the temperature was set to 75 °C and the plant parts were dried to a constant weight for approximately 24-28 h.
Then, the plant weight was measured with a balance. Finally, the biomass per unit area was calculated according
to the plant density in the plot and the dry sample weight.
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Vegetation indices | Equation References
EVI EVI =25 grrenaeer |©

EVI2 EVI2 =255k |

v SR = ST

NDVI NDVI = NR=R %

OSAVI OSAVI = bR 7

RVI RVI = NR *

Table 1. Mathematical expressions of various vegetation indexes. R, G, B and NIR represent the reflectance of
red, green, blue and near-infrared bands respectively.

(4) Production data acquisition

When wheat became ripe, a certain area of wheat samples was harvested and recorded in each plot. The
harvested wheat grains were then air-dried under natural conditions, and weighed with a balance. The yield per
unit area was calculated according to the harvested area and the sample weight.

(5) Meteorological data acquisition

The meteorological data used in this work is the ERA-Interim data provided by the European Centre for
Medium-Term Weather Forecast (www.ecmwf.int). The data includes the daily maximum temperature, the
minimum temperature, and the daily radiation. The average of the daily maximum and minimum temperatures
is the daily average temperature.

Methods.

(1) Performance evaluation metrics
The coefficient of determination (R?), the root-mean-square error (RMSE) and the normalized RMSE
(nRMSE) were selected as performance evaluation metrics. These metrics are mathematically defined as:

_ (2?21)’1' _7)2
Cim xi =9

RMSE = || 2i=1 01 = 00* (’: W )

n )2
nRMSE = | | 2= %5 = 3)° / 7, (3)

n

R (1)

where x; is the ith measurement, y; is the corresponding model estimate, ¥ is the mean value of the
model estimates, and 7 is the number of samples. Generally, the larger R? is, the smaller the RMSE is,
and the better the model fit is. The range of the nRMSE metric generally defines the model accuracy. A
value of nRMSE < 10% indicates that the estimated and measured values are highly consistent, the range
10% < nRMSE < 20% indicates good consistency, while the range 20% < nRMSE < 30% indicates medium
consistency, and finally the range nRMSE > 30% indicates poor consistency.
(2) Construction of the vegetation index maps
Based on relevant research studies, six commonly used vegetation indices are selected, namely the enhanced
vegetation index (EVI), the enhanced vegetation index 2 (EVI2), the modified simple ratio (MSR), the normal-
ized vegetation index (NDVI), the optimized soil-adjusted vegetation index (OSAVI), and the ratio vegetation
index (RVI). The mathematical definition of each of these indices is listed in Table 1.

(3) The SAFY crop growth model

The SAFY model is a crop growth model based on the theory of light energy utilization. This model simulates
the daily dynamic changes of the crop LAI, DAM, and yield from the growth emergence to end. The daily radia-
tion and daily mean temperature are necessary driving inputs for the SAFY model. In this model, crop growth
is divided into two continuous stages, namely the growth stage and the senescence (or biological aging) stage.
These stages are identified based on the accumulated summary temperature (SMT) after emergence.

From emergence to senescence, the crop biomass increases with photosynthesis. During this process, the
aboveground biomass is calculated based on three factors, namely the temperature stress function, the absorbed
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photosynthetically active radiation (APAR), and the effective light use efficiency (ELUE). The product of these
three factors gives the dry aerial mass (DAM) which is calculated as:

DAM = ELUE x Fr(Ta) x APAR, (4)
and the APAR factor is given by:
APAR = (1 — e KAy 5 ¢ x Ry, (5)

where R, is the daily radiation, . is the climate efficiency factor, K is the light interception coefficient, and Fr(Ta)
is the temperature stress function. This function is mathematically defined as

Topt — T,
11— <u) 2 Tmin < Ta < Topt

Topt — Tin
Fr(Ta) = Ta— T
T(Ta) 1— (“7W)2 Topt < Ta < Tmax ©
Tinax — Topt
0 Ta < Tmin or Ta > Tma}o

where T, is the daily average temperature, T,,;,, T,,» and T,,, represent respectively the minimum, the most
suitable, and the maximum temperatures for crop growth. If the ambient temperature is too high or too low, the
growth rate of the crop biomass will decrease. When the daily average temperature is lower than T,,,;, or higher
than T,,,,,, the crop growth will stop.

In the growth stage, the crop leaves grow, and the biomass growth can be divided into two parts: leaf bio-
mass growth and non-leaf biomass growth. The leaf biomass growth follows a distribution function (Eq. 8),
and promotes a LAI increase (Eq. 9). When the accumulated temperature reaches the senescence temperature
threshold (STT), the leaves enter the senescence stage at a specified rate (Eq. 10). When the LAT is less than 0.1,
the senescence ends. The aforementioned quantities are defined as follows:

t
SMT = ZDO (Ta — Tmin)dt, ?)

Pl =1— Pl x P*SMT (8)

where SMT is the accumulated temperature, D, is the crop emergence period, P! is the proportion of biomass
allocated to leaf tissues, while P, and PI, are the distribution coefficients.

If PI>0, then
ALAIT = ADAM x Pl x SLA, 9)
where ALAIT is the daily LAT increment, and SLA is the specific area, i.e., the ratio of the leaf unit area to its
dry weight.
If SMT > STT, then

ALAI™ = LAI x (SMT — STT)/R, (10)

where ALAI™ is the daily LAI decrease, STT is the senescence temperature threshold, and R; is the coefficient
of leaf senescence.
The crop yield is expressed as

GY = DAMmax X HI, (11)

where DA My is the maximum aboveground biomass, and HI is the harvest index.
(4) SP-UCI parameter optimization algorithm adopted with SAFY

We used a modified version of the SAFY. This is a simple crop growth simulation model that has been suc-
cessfully applied to evaluate crop growth and yield. This model can well summarize the biomass accumulation
and allocation. Compared to popular crop growth models such as SAFY, DSSAT and WOFOST has few free
parameters to specify, which makes it attractive for large-area practical applications. In SAFY, the aboveground
dry biomass production is driven by incoming photosynthetically active radiation and constrained by air tem-
perature. The environmental stress of crops was compensated for by the field-specific effective light use efficiency
(ELUE) parameter. Water stress is an important factor limiting crop yield. Therefore, in this study, we used LAI
and biomass to simulate the crop water stress dynamics. In this study, the data assimilation method adopted is
the shuffled complex evolution with principal component analysis—University of California, Irvine (SP-UCI) is
a global optimization algorithm for high-dimensional and complex problems®. Based on the SCE-UA algorithm,
the SP-UCI algorithm combines a complex evolutionary algorithm, the simplex algorithm, and polynomial
resampling to deal with particle-swarm search degradation in high-dimensional spaces®. Indeed, the SP-UCI
algorithm enables efficient particle-swarm search in whole parameter spaces with high dimensionality.

Although many hyperparameters should be set in the SP-UCI algorithm, most of these hyperparameters are
typically set following values recommended in earlier methods. The settings of the maximum number of runs
(maxn) and the number of complexes () are problem-dependent. The SP-UCI optimization steps are as follows:
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Model accuracy
Vegetation index | Model R? RMSE | nRMSE (%)
EVI y=848x— 1.64 |0.63** |0.84 |25.80
EVI2 y = 8.51x16! 0.63* |0.83 [25.50
MSR y = 1.26e%36% 0.68** | 0.78 24.00
NDVI y=972x—4.68 |0.62** 084 |25.80
OSAVI y = 0.21e*68% 0.69** | 0.76 23.30
RVI y=0.18x+0.89 | 069 |0.76 |23.30

Table 2. LAI inversion model and accuracy using Sentinel-2 remote sensing data. **Indicates the significance
level of 0.01.

1. Initialization Under uncertain prior information, assume that the data samples follow a uniform distribution
and that the optimization target is #n-dimensional. Denote the number of evolved complexes by m (m=1) and
the number of vertices selected within each complex by p (p=m +1). A total of m x p points are randomly
sampled in the parameter range, and the function is evaluated at each point.

2. Complex division The sample points are randomly divided into m complexes, and each complex is sorted
according to the value of the fitness function.

3. Dimension monitoring and recovery Principal component analysis is used to determine the particle swarm
degradation level, and search for and recover the missing dimension.

4. Complex evolution Based on the modified competitive complex evolutionary (MCCE) algorithm, each com-
plex is evolved by reflection, contraction, and mutation.

5. Polynomial resampling After the above steps, if a better evolution point is still not found, a point is randomly
drawn following the multivariable normal distribution defined by the simplex.

6. Convergence judgment If the convergence criterion is met, the cycle is terminated. Otherwise, return to step
2).

(5) Partial least squares regression

Partial least squares regression (PLSR) is a regression method that combines features of set regression analy-
sis, canonical correlation analysis, and principal component analysis. The PLSR method seeks to infer a linear
relationship between the independent and dependent variables, solve the problem of multicollinearity, and also
ensure model stability. The PLSR method can be described as follows. Suppose there are p independent variables
{x1,%2,...,%, }, Q dependent variables { y }, and n samples altogether. Each sample has p independent variables
and one dependent variable, with corresponding matrices X and Y. Firstly, the component ¢, is extracted from
X, which is a linear combination of x1, x, . . . s Xp. If a total of m components t1, 2, . . ., t,(m < n) are extracted
from X, and y is expressed through regression over the original independent variables, the regression of y to the
components 1, {2, . . ., by IS realized.

Ethical approval. Permission was obtained for the collection of Wheat samples and the study complies with
relevant national, international and institutional guidelines.

Experimental results and analysis

LAl inversion using Sentinel-2 remote sensing data. In the process of assimilating LAI remote sens-
ing data into crop growth models, LAI inversion should be realized on the regional scale. At present, models for
crop LATI inversion from remote sensing data are mainly divided into three categories: statistical models, mecha-
nism models, and mixed models. Verrelst et al. and Cheng and Meng®"®? investigated the LAI inversion perfor-
mance for statistical and mechanism models. The results showed that the statistical models can achieve higher
LAI inversion accuracy than the mechanism ones. For statistical models, vegetation index methods are the most
traditionally employed methods. Although such methods involve fewer crop-growth mechanisms, these meth-
ods are simple, easy to use, and can retrieve crop LAI in a timely and effective manner. Numerous studies
have shown that optical remote sensing is effective for large-scale inversion of crop LAI, especially because the
visible-light and near-infrared bands are highly correlated with crop LAI®*-®°. Therefore, we employed optical
remote sensing data obtained from Sentinel-2 to retrieve wheat LAI using vegetation index methods. Based on
the vegetation indices listed in Table 1, we randomly selected two thirds of the data samples (n=256), used the
PLSR method to construct the LAI inversion model, and finally calculated three performance metrics for each
model (R?, RMSE, and nRMSE). The results are shown in Table 2.

In order to evaluate the stability and reliability of the LAI inversion model constructed by each vegetation
index, the remaining one third of data samples (n=128) (which were not used in the modeling process) were
selected for checking the model accuracy. Pairs of LAI predicted and measured valued were used to create scatter
plots for models with different vegetation indices, as shown in Fig. 2.
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Figure 2. Scatter plots of predicted and measured LAI values for models with different vegetation indices.

Parameter Value References
Climate efficiency factor . 0.48 E
Initial biomass DAM, 4.2 g/m? &
Optical interception coefficient K 0.5 o8

Parameter I
Three base point temperature (Ty,» Tops Tiax) | 0 °C/18°C/26°C |
Specific leaf area SLA 0.022 m%/g o8
Recession coefficient Rg 6875 °C/day o8
Partition function coefficient Pla 0.01-0.3 70

Parameter II -
Partition function coefficient PIb 10°-1072 !
Day after sowing D,

Parameter Il | Effective light energy utilization ELUE 1.3-2.5g/Mj 7
Senescence temperature threshold STT 600-1500 °C

Table 3. Main parameter settings for the SAFY model.

The results showed that the relationship between each vegetation index and the LAI was extremely significant
(P<0.01). According to the LAI estimation accuracy, the vegetation indices are ranked in a descending order as
follows: OSAVI, RVI, MSR, EV12, EVI and NDVI. Indeed, the OSAVI-based model had the highest accuracy, and
the R* values for the modeling and validation sets were 0.69 and 0.71, respectively. All other vegetation indices
resulted as well in high modeling and validation accuracies, but the OSAVI model had the best performance and
was hence chosen to retrieve LAI from Sentinel-2 remote sensing data.

Estimation of wheat LAI, biomass, and yield with the SAFY model.
SAFY model.

ble 3.

Parameter settings for the

Based on earlier studies®®"!, the main parameters of the SAFY model were set as shown in Ta-
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The agricultural system complexity leads to uncertainties in crop growth parameters. When the parameters
of a crop growth model are suitable for the area of interest, the model shows relatively high estimation accuracy.
Otherwise, the model estimates will greatly deviate from the actual crop growth outcomes. Therefore, model
parameter estimation and adjustment are crucial for ensuring the applicability of crop growth models in a certain
area. In this paper, according to earlier methods®®®7”!, the adjustable parameters of the SAFY model are divided
into two categories: non-sensitive parameters (Pla, PIb) and sensitive parameters (D, STT, ELUE). Based on
the measured wheat LAI, DAM, and biomass data, a trial-and-error approach was followed to adjust the non-
sensitive model parameters.

The wheat emergence date is generally about 10 days after sowing. During the flag picking period, the flag
leaves grow. At that time, the wheat LAI reaches its maximum value, and the accumulated temperature is deter-
mined. The non-sensitive model parameters are adjusted as follows:

(1) Use a trial-and-error method to determine the non-sensitive parameters (Pla, PIb). Firstly, the parameter
Pla is set. According to Eq. (8), when the LAI reaches its peak value, the blade distribution function Pl is
0, and thus PIb is determined.

(2) Initialize the parameters and simulate the SAFY model.

(3) Construct the cost function based on the sum of squared errors between the measured and estimated LAI
values:

where M; and S; respectively represent the measured and model estimated LAI values for the ith sample,
and n represents the number of samples.

(4) Terminate the iterations when either the objective function cannot be improved by 0.01% for 20 consecutive
cycles, or the cost function is evaluated more than 10,000 times.

(5) Estimate the error between the DAM and measured values.

The steps (1)-(5) are repeated until the DAM model estimate is close to the measured value. Finally, the
non-sensitive parameters (Pla, Plb) are obtained as 0.16 and 0.0025, respectively. These parameters are fixed
throughout the process of assimilating the remote sensing data into the SAFY model.

Wheat LAIL, DAM and yield estimation.
(1) LAI estimation

Using the Sentinel-2 remote sensing data, an OSAVI-based LAI inversion model was constructed. Then,
optimization is carried out to get the best values of the three SAFY sensitive parameters, namely D,, ELUE, and
STT for different test plots. The wheat LAT was thus estimated for different wheat varieties, and different irriga-
tion and fertilizer settings. The relationships between the estimated and measured LAI values in 2014 and 2015
are inferred and shown in Fig. 3.

In Fig. 3, the error bars represent the actual LAI measurements in each growth period under different irriga-
tion and fertilizer settings, while the curves represent the LAI estimated values. The results show that with the
transition to later wheat growth periods, the SAFY model shows an increasing LAI trend. After the greening
period (about 160 days after sowing), the LAI increases significantly, and at the end of wheat growth (about
200 days after sowing) the LAI reaches the maximum value and begins to decay approaching zero at the end
of grouting (about 250 days after sowing). The estimated LAI values are in good agreement with the measured
ones, indicating that the SAFY model can generally simulate the dynamic wheat growth and LAI progression
during the entire growth period.

We created scatter plots of the estimated and measured LAI values in 2014 and 2015 respectively, as shown in
Fig. 4. In Fig. 4, the R? values of the LAI estimation results for 2014 and 2015 are 0.73 and 0.70, respectively. These
results show that the LAI estimated values are in good agreement with the measured ones. This indicates that the
assimilation of remote sensing data into the SAFY model facilitates the effective estimation of the wheat LAI.

(2) DAM estimation

As mentioned above, using Sentinel-2 remote sensing data, the OSAVI-based LAI inversion model was con-
structed to optimize three sensitive parameters for different test plots: Dy, ELUE, and STT. For each test plot,
wheat DAM values were estimated for different wheat varieties and different irrigation and fertilizer settings. The
relationships between the estimated and measured DAM values in 2014 and 2015 are shown in Fig. 5.

The results show that the SAFY-based wheat DAM estimate exhibits an overall increasing trend with time pro-
gression. After the greening period (about 160 days after sowing), the DAM growth rate increased significantly,
and at the end of the growth period (about 200 days after sowing), the DAM growth rate reached its maximum,
and then the growth gradually tended to be flat. At the end of the filling stage (about 250 days after sowing),
the biomass growth ended. This shows that under different experimental conditions, the estimated DAM value
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Figure 3. Relationships between estimated and measured values of wheat LAI for different wheat varieties and
different irrigation and fertilizer settings in 2014 (a) and 2015 (b).

is basically consistent with the measured one, and that the SAFY model can better model wheat DAM growth
during the whole growth period.

Figure 6 shows scatter plots of the estimated and measured DAM values in 2014 and 2015 respectively. The
estimated and measured DAM values in 2014 and 2015 resulted in R* metrics of 0.83 and 0.85, respectively.
Indeed, the estimated values are in good agreement with the measured ones, indicating that the assimilation of
remote sensing data into the SAFY model helps with effective wheat DAM estimation.

Production estimation

3)

The harvest index (HI) is the ratio of the above-ground biomass (or DAM) to the yield when the crops are
harvested. This index is an important parameter for crop yield estimation. Related studies show that the wheat
HI is between 0.45 and 0.55 under non-stress conditions. Each of the irrigation, nitrogen fertilizers, and disease
conditions can increase or decrease the HI value according to the condition timing and severity. Under adverse

conditions, the HI can be reduced to 0.2-0.3 used the optimal HI for yield estimation®. The impact of water
stress on biomass was directly considered and evaluated by simulating soil moisture’?7*. The SAFY model can
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Figure 4. Scatter plots of the LAI estimated and measured values in 2014 (a) and 2015 (b).

adequately take into consideration the effects of water stress in the LAI and ELUE simulations. Therefore, the
HI value in this paper was set to 0.5.

Scatter plots of the estimated and measured wheat yields for 2014 and 2015 are shown in Fig. 7.The estimated
R%, RMSE, and nRMSE metrics of wheat production in 2014 were 0.49, 1.13 t/ha, and 21.9%, respectively. For
2015, the corresponding metrics were 0.61, 1.38 t/ha, and 23.3%, respectively. However, the wheat production
in 2014 was slightly overestimated, while that in 2015 was underestimated. In general, the estimated yield is in
good agreement with the measured one, and this indicates that the SAFY model can reliably estimate wheat yield.

Discussion

The remote sensing technologies have desirables with characteristics of being objective, rapid, non-destructive,
and of wide coverage area®. Numerous in-depth studies have been conducted on the use of remote sensing
data for crop growth monitoring, parameter retrieval, and yield estimation. However, remote sensing data only
obtains instantaneous and superficial physical crop conditions, while this type of data cannot effectively reveal
the mechanisms of environmental, soil, and farmland processes (including irrigation, and fertilization) and their
effects on crop growth and yield formation®-%. So, models based only on remote sensing data suffer from poor
universality. In addition, existing studies have shown that as crops grow, the remote sensing coverage gradually
increases, spectral saturation effects become more visible, and parameter inversion becomes far from ideal”.

Alternatively, crop growth models have the advantages of possessing strong mechanisms and anti-interference
capabilities. Therefore, many methods have been proposed to use crop growth models for parameter inver-
sion and yield estimation. However, if such models were developed for limited areas, then the models may not
scale well as the spatial scale increases®. Consequently, model parameters would be difficult to estimate with
spatial variations, the model accuracy would deteriorate, and the models wouldn't show good generalization
performance. Therefore, we assimilated remote sensing data into crop growth models i.e. SAFY to achieve com-
plementary advantages of both approaches, and hence improve the model universality. On the one hand, such
assimilation can provide crop information with ‘ground-truth values’ to assist in correcting model deviations. The
assimilation also effectively reduces the difficulty of regional model construction in terms of the initial conditions
and model parameters. On the other hand, the resulting enhanced models allow comprehensive investigation of
the inherent mechanisms of crop growth and development®.

Compared with DASST and WOFOST, SAFY is relatively simple. Therefore, SAFY has a poor capability of
correcting LAI The accuracy of yield estimation by SAFY and LAI through data assimilation depends on the
inversion accuracy of LAIL. Moreover, in the late growth stage of crops, there will be a phenomenon of vegeta-
tion supersaturation®>*7!. This will lead to a decrease in the accuracy of LAl inversion for crops. Especially in
the linear model, the actual LAI of crops would be higher than the inversion LAI This can affect the accuracy
of production estimation. Moreover, In comparison with other crop growth models’*"%, the SAFY crop growth
model exploits the theory of light energy efficiency, and overcomes limitations arising from the numerous and
complicated parameters of other models. Defects that are difficult to determine simplify the process of crop
growth modeling, maintain the advantages of crop growth models, and are more applicable under universal
conditions. In this paper, remote sensing data and the SP-UCI optimization method are used to optimize the key
parameters in the SAFY model. The average coeflicients of determination R? of the LAI, biomass and yield esti-
mates are 0.72, 0.84 and 0.55, respectively. The corresponding average RMSE values are 0.77, 1.17 g, and 1.26 kg,
respectively. Also, the average nRMSE values are 24.4%, 22.7% and 22.6%, respectively. The model estimates
are in good agreement with the measurements and are in line with the actual wheat growth. This indicates that
the proposed crop growth model with assimilated remote sensing data can be used for estimating the LAI and

Scientific Reports |

(2022) 12:5473 | https://doi.org/10.1038/s41598-022-09535-9 nature portfolio



www.nature.com/scientificreports/

Above-ground biomass(tha')

Above-ground biomass(tha)

Above-ground biomass(tha)

Above-ground biomass(tha)

5]

_
wv

-
o
T

V]
T

| X ¥
— PIW2N2  —— PIW2N4
k3 [}
150 20 250

5]

—— PIWNN1T —— PIW2N3 — P2W2N1T —— P2W2N3

v
H

Above-ground biomass(tha')
w3

— PM2N2 — P2W2N4
[} 3

00 50 ‘I&) 00 50 100 150 200 250
Days after sowing Days after sowing
20 =2
— PIWINI — PIWIN3 £ | — PMW3N1T —— P2W3N3
5r ¥ % 15F [
— PWIN2 —— P2WIN4 g °[— PwaN — PIWaW
S ¥ 3
- Qo -
10 x = 10
c
3
5t 5 5F
¢
- o
0 1 1 Q2 0 . o 1 1
0 50 100 150 200 250 < 70 50 100 150 200 250
Days after sowing Days after sowing
(a)
20 W 20
— PIW2N1  —— PIW2N\3 = —— P2W2NT —— P2W2N3
15 F 15F $ ¢
— PIW2N2 —— PIW2M4 E — P2W2N2 —— P2W2N4
2 L3 ¥
10 S 10f
c
3
5 g 5
L 5 5t
g X
3 +
0 A L 2 L .
0 50 100 150 200 250 0 50 100 150 200 250
Days after sowing Days after sowing
20 =2
— P2WINT — P2WIN3 = —— PIW3N1T —— PIW3N3
b ¥ E Gl & 3
— PIWIN2 — PIWIN4 s — P2W3N2 — P2W3M4
R ¥ &
10 B 10+
=]
c
3
| f = 5r
@
>
o
0 1 1 a 0 —— 1 1
0 50 100 150 200 250 < 0 50 100 150 200 250

Days after sowing Days after sowing

(b)

Figure 5. The relationships between the estimated and measured wheat DAM values for different wheat
varieties and different irrigation and fertilizer settings in 2014 (a) and 2015 (b).

biomass of winter wheat. The model estimates are feasible, and consistent with those of earlier studies”. The low
R? for yield estimation was due to high error probability in harvest index (HI) parameter, that might be because
of small sample size for the estimation HI.

In comparison to actual measurements in 2014 and 2015, our model seems to overestimate the LAI and
biomass values, especially for 2014. This tendency may be due to the lack of remote sensing wheat data for the
pre-winter period, and also the previous assimilation windows that are relatively stable and directly caused by
assimilation modeling.

The performance of the SP-UCI optimization method with the SAFY model, was comparable with the results
of others upgrading assimilation method encountered in literature’?, which is especially encouraging when
considering that, despite the limited number of plots and sampling size error of LAI estimation of 22 to 26%,
the error on the yield estimation was around 21 to 23%. This allows the application of this upgraded assimilation
method in future wheat breeding programs. The encouraging results of the present work obtained from SP-UCI
optimization method with SAFY should be confirmed with further studies with other validations, possibly with
experiments that provide more frequent field measurements, a larger variety of climatic and environmental
datasets and a higher quality of remote sensing data collection.
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Figure 7. Scatter plots of the estimated and measured production values for 2014 (a) and 2015 (b).

Conclusions
In this paper, the SP-UCI optimization algorithm is used to assimilate remote sensing spectral data into the
SAFY crop growth model, build an assimilation system, and estimate three key wheat growth parameters (the
leaf area index, biomass, and yield). The reliability, accuracy, and robustness of the assimilation system were
evaluated and verified based on the winter wheat growth data under different irrigation and fertilizer settings for
two consecutive years. The estimated LAI, biomass and yield were consistent with the actual measurements. This
indicates the feasibility of the proposed assimilation scheme in crop growth monitoring and yield estimation.
There is an immediate need to continue this research in several directions. First, we note that this study is
based on known field data in the study area. For model simulation, the starting point of the simulation, i.e., the
day of emergence, is a known quantity. However, when the assimilation model is applied on the regional scale,
the emergence date of each crop is generally unknown. To achieve truthful and complete crop growth monitor-
ing, the date of emergence must be first determined. Wheat growth is highly sensitive to the sowing date. A date
that is too early or too late will seriously affect the late crop growth and the early emergence rate. Therefore,
specifying the emergence date on the regional scale is crucial for accurate growth modeling. At the same time,
the proposed model didn’t account for the effect of the irrigation conditions on the harvest index when estimat-
ing the final yield. Indeed, the model parameters need further optimization to ensure model robustness under
variations in field conditions.
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Another area that warrants future work pertains to the process of the assimilation of remote sensing data
into crop growth models for yield estimation. The remote sensing data is mainly used to optimize the sensitive
model parameters, which have a great influence on crop growth. That is, remote sensing data reflects the influ-
ence of several factors that affect crop yield. These factors include weather conditions, wheat variants, and soil
characteristics. Crop yield is also affected by field management practices which are essentially based on the joint
effects of the aforementioned factors. In addition to the sensitive model parameters, the fixed values of other
insensitive model parameters will also affect the crop yield estimates. However, some parameters may not have
good regional representation due to limited data availability. In the future, data types could be further increased
to improve the representativeness of model parameters.

Received: 8 October 2021; Accepted: 22 March 2022
Published online: 31 March 2022

References

1. Ortiz, R., Sayre, K. D., Govaerts, B., Gupta, R. & Reynolds, M. Climate change: Can wheat beat the heat. Agric. Ecosyst. Environ.
126, 46-58 (2008).

2. Yu, Z. W. Introduction to Crop Cultivation. (China Agriculture Press, 2013).

3. Huang, J. F, Wang, Y., Wang, E M. & Liu, Z. Red edge characteristics and leaf area index estimation model using hyperspectral
data for rape. Trans. Chin. Soc. Agric. Eng. 22, 22-26 (2006).

4. Su, W,, Zhan, J. G., Zhang, M. Z., Wu, D. & Zhang, R. Estimation method of crop leaf area index based on airborne LiDAR data.
Trans. Chin. Soc. Agric. Mach. 47, 272-277 (2016).

5. Fieuzal, R. & Baup, F. Estimation of leaf area index and crop height of sunflowers using multi-temporal optical and SAR satellite
data. Int. ]. Remote Sens. 37, 1-30 (2016).

6. Liu, ], Pang, X. & Li, Y. R. Inversion study on leaf area index of summer maize using remote sensing. Trans. Chin. Soc. Agric. Mach.
47,309-317 (2016).

7. Li, S. M., Li, H,, Sun, D. E. & Zhou, L. D. Estimation of regional leaf area index by remote sensing inversion of PROSAIL canopy
spectral model. Spectrosc. Spectr. Anal. 29, 2725-2729 (2009).

8. Wang, L. G, Tian, Y. C,, Zhu, Y., Yao, X. & Cao, Y. Estimation of winter wheat leaf area index by fusing different spatial and temporal
resolution remote sensing data. Trans. Chin. Soc. Agric. Eng. 28, 118-124 (2012).

9. Thenkabail, P. S., Smith, R. B. & Pauw, E. D. Hyperspectral vegetation indices and their relationships with agricultural crop char-
acteristics. Remote Sens. Environ. 71, 158-182 (2000).

10. Takahashi, W., Cong, V. N., Kawaguchi, S., Minamiyama, M. & Ninomiya, S. Statistical models for prediction of dry weight and
nitrogen accumulation based on visible and near-infrared hyperspectral reflectance of rice canopies. Plant Prod. Sci. 3, 377-386
(2000).

11. Blackard, J. A., Finco, M. V. & Helmer, E. H. Mapping US forest biomass using nationwide forest inventory data and moderate
resolution information. Remote Sens. Environ. 112, 1658-1677 (2008).

12. Gao, M. L., Zhao, W. J. & Gong, Z. N. The study of vegetation biomass inversion based on the HJ satellite data in Yellow River
wetland. Actaecol. Sin. 33, 542-553 (2013).

13. Li, W. et al. Remote estimation of canopy height and aboveground biomass of maize using high-resolution stereo images from a
low-cost unmanned aerial vehicle system. Ecol. Indic. 67, 637-648 (2016).

14. Zheng, L., Zhu, D., Dong, D., Zhang, B. & Zhao, C. Monitoring of winter wheat aboveground fresh biomass based on multi-
information fusion technology. Spectrosc. Spectr. Anal. 36, 1818-1825 (2016).

15. Zhang, L. X,, Chen, Y. Q. & Li, Y. X. Estimateing above ground biomass of winter wheat at early growth stages based on visual
spectral. Spectrosc. Spectr. Anal. 39, 2501-2506 (2019).

16. Casanova, D., Epema, G. F. & Goudriaan, ]. Monitoring rice reflectance at field level for estimating biomass and LAI Field Crop
Res. 55, 83-92 (1998).

17. Chen, L. E, Gao, Y. H., Cheng, Y., Wei, Z. & Tian, G. Biomass estimation and uncertainty analysis based on CBERS-02 CCD camera
data and field measurement Science in China. Eng. Mater. Sci. 48, 116-128 (2005).

18. Barati, S., Rayegani, B., Saati, M., Sharifi, A. & Nasri, M. Comparison the accuracies of different spectral indices for estimation of
vegetation cover fraction in sparse vegetated areas. Egypt. J. Remote Sens. Space Sci. 14, 49-56 (2011).

19. Iryna, D., Peng, G. & Lin, W. Object-based analysis and change detection of major wetland cover types and their classification
uncertainty during the low water period at Poyang Lake, China. Remote Sens. Environ. 115, 3220-3236 (2011).

20. Newnham, G. J., Verbesselt, J., Grant, I. . & Anderson, S. A. Relative greenness index for assessing curing of grassland fuel. Remote
Sens. Environ. 115, 1456-1463 (2011).

21. Bao, Y. S., Gao, W. & Gao, Z. Q. Estimation of winter wheat biomass based on remote sensing data at various spatial and spectral
resolutions. Front. Earth Sci. China 3, 118-128 (2009).

22. Tan, C. W,, Wang, J. H., Zhao, C. J., Wang, Y. & Guo, W. Monitoring wheat main growth parameters at anthesis stage by Landsat
TM. Trans. CSAE. 27, 224-230 (2011).

23. Gao, S., Niu, Z. & Huang, N. Estimating the Leaf Area Index, height and biomass of maize using HJ-1 and RADARSAT-2. Int. J.
Appl. Earth Observ. Geoinf. 24, 1-8 (2013).

24. Lu, G. Z. et al. Inversion of soybean fresh biomass based on multi-payload unmanned aerial vehicles (UAVs). Soybean Sci. 36,
41-50 (2017).

25. Liu, E, Feng, Z. K., Zhao, E. & Song, Y. Biomass inversion study of ZY-3 remote sensing satellite imagery. J. Northwest For. Univ.
30, 175-181 (2015).

26. Wu, Q. et al. A tentative study on utilization of canopy hyperspectral reflectance to estimate canopy growth and seed yield in
soybean. Acta Agron. Sin. 39, 309-318 (2013).

27. Gao, Z. L., Xu, X. G., Wang, J. H,, Jin, H. & Yang, H. Cotton yield estimation based on similarity analysis of time-series NDVI.
Trans. CSAE. 28, 148-153 (2012).

28. Ren, J. Q., Chen, Z. X., Zhou, Q. B,, Liu, J. & Tang, H. MODIS vegetation index data used for estimating corn yield in USA. J.
Remote Sens. 19, 568-577 (2015).

29. Akhand, K., Nizamuddin, M., Roytman, L., & Kogan, E. Using remote sensing satellite data and artificial neural network for predic-
tion of potato yield in Bangladesh. SPIE Opt. Eng. Appl. 9975, 997508-997508-15 (2016).

30. Li, J. L., Guo, Q. L. & Peng, J. Y. Remote sensing estimation model of Henan province winter wheat yield based on MODIS data.
Ecol. Environ. Sci. 21, 1665-1669 (2012).

31. Sun, L. et al. Daily mapping of 30 m LAI and NDVI for grape yield prediction in California vineyards. Remote Sens. 9, 317 (2017).

32. Chen, P. F, Yang, F. & Du, J. Yield forecasting for winter wheat using time series NDVI from HJ satellite. Trans. Chin. Soc. Agric.
Eng. 29, 124-131 (2013).

Scientific Reports |

(2022) 12:5473 | https://doi.org/10.1038/s41598-022-09535-9 nature portfolio



www.nature.com/scientificreports/

33

34.

35.

36.

37.

38.

39.

40.

41.
42.

43.

44.

45.

46.

47.

48.

49.

50.

. Ou, W. H,, Shu, W,, Xue, W. Z. & Xia, X. Selection of optimum phase for yield estimation of three major crops based on HJ-1
satellite images. Trans. Chin. Soc. Agric. Eng. 26, 176-182 (2010).

Song, H. Y., Hu, X. K. & Peng, X. Crop nitrogen content deagnosis and yield estimation in ground cover rice production system
based on hyperspectral data. J. China Agric. Univ. 21, 27-34 (2016).

Zhao, X. Q. et al. Estimation of soybean breeding yield based on optimization of spatial scale of UAV hyperspectral image. Trans.
Chin. Soc. Agric. Eng. 33, 110-116 (2017).

Huang, J. X., Huang, H., Ma, H. Y., Zhou, W. & Zhu, D. Review on data assimilation of remote sensing and crop growth models.
Trans. Chin. Soc. Agric. Eng. 34, 144-156 (2018).

Wu, L., Bai, J. H,, Xiao, Q., Du, Y. & Xu, L. Research progress and prospect on combining crop growth models with parameters
derived from quantitative remote sensing. Trans. Chin. Soc. Agric. Eng. 33, 155-166 (2017).

Liu, K., Zhou, Q. B., Wu, W. B, Chen, Z. & Tang, X. Comparison between multispectral and hyperspectral remote sensing for LAI
estimation. Trans. Chin. Soc. Agric. Eng. 32, 155-162 (2016).

Pan, H. Z. & Chen, Z. X. Application of UAV hypersectral remote sensing in winter wheat leaf area index inversion. Chin. J. Agric.
Resour. Reg. Plan. 39, 32-37 (2018).

Baret, F.,, Hagolle, O. & Geiger, B. LAL fAPAR and fCover CYCLOPES global products derived from VEGETATION. Remote Sens.
Environ. 110, 275-286 (2007).

Hansen, J. W. & Jones, J. W. Scaling-up crop models for climate variability applications. Agric. Syst. 65, 43-72 (2000).

Li, C.J., Wang, J. H,, Wang, X,, Liu, E. & Li, R. Methods for integration of remote sensing data and crop model and their prospects
in agricultural application. Chin. J. Agric. Resour. Reg. Plan. 8,295-301 (2008).

Yao, F, Tang, Y. & Wang, P. Estimation of maize yield by using a process-based model and remote sensing data in the Northeast
China Plain. Phys. Chem. Earth Parts A B C. 87, 142-152 (2015).

Tripathy, R. et al. Forecasting wheat yield in Punjab state of India bycombining crop simulation model WOFOST and remotely
sensed inputs. Remote Sens. Lett. 4, 19-28 (2013).

Curnel, Y., de Wit, A. J., Duveiller, G. & Defourny, P. Potential performances of remotely sensed LAI assimilation in WOFOST
model based on an OSS Experiment. Agric. For. Meteorol. 151, 1843-1855 (2011).

Ma, G. et al. Assimilation of MODIS-LAI into the WOFOST model for forecasting regional winter wheat yield. Math. Comput.
Model. 58, 634-643 (2013).

Dente, L., Satalino, G., Mattia, F. & Rinaldi, M. Assimilation of leaf area index derived from ASAR and MERIS data into CERES-
Wheat model to map wheat yield. Remote Sens. Environ. 112, 1395-1407 (2008).

Silvestro, P. C., Pignatti, S. & Pascucci, S. Estimating wheat yield in China at the field and district scale from the assimilation of
satellite data into the Aquacrop and simple algorithm for yield (SAFY) models. Remote Sens. 9, 509 (2017).

Duchemin, B., Maisongrande, P,, Boulet, G. & Benhadj, I. A simple algorithm for yield estimates: Evaluation for semi-arid irrigated
winter wheat monitored with green leaf area index. Environ. Model. Softw. 23, 876-892 (2008).

Song, Y., Wang, J., Shang, J. & Liao, C. Using UAV-based SOPC derived LAI and SAFY model for biomass and yield estimation of
winter wheat. Remote Sens. 12, 2378 (2020).

51. Peng, X., Han, W,, Ao, J. & Wang, Y. Assimilation of LAI derived from UAV multispectral data into the SAFY model to estimate
maize yield. Remote Sens. 13, 1094 (2021).

52. Pask, A.]. D,, Pietragalla, J., Mullan, D. M. & Reynolds, M. P. Physiological breeding II: A field guide to wheat phenotyping. CIM-
MYT Mexico DF (Mexico). 4, 132 (2012).

53. Huete, A. et al. Overview of the radiometric and biophysical performance of the MODIS vegetation indices. Remote Sens. Environ.
83,195-213 (2002).

54. Jiang, Z. et al. Development of a two-band enhanced vegetation index without a blue band. Remote Sens. Environ. 112, 3833-3845
(2008).

55. Chen, J. M. Evaluation of vegetation indices and a modified simple ratio for boreal applications. Can. J. Remote Sens. 22, 229-242
(1996).

56. Rouse, J. W. et al. Monitoring vegetation systems in the Great Plains with ERTS. NASA Spec. Publ. 351, 309 (1974).

57. Rondeaux, G., Steven, M. & Baret, F. Optimization of soil-adjusted vegetation indices. Remote Sens. Environ. 55, 95-107 (1996).

58. Jordan, C. E Derivation of leaf-area index from quality of light on the forest floor. Ecology 50, 663-666 (1969).

59. Chu, W, Gao, X. & Sorooshian, S. A solution to the crucial problem of population degeneration in high-dimensional evolutionary
optimization. IEEE Syst. J. 5, 362-373 (2011).

60. Duan, Q. Y., Gupta, V. K. & Sorooshian, S. Shuftled complex evolution approach for effective and efficient global minimization. J.
Optim. Theory Appl. 76, 501-521 (1993).

61. Verrelst, J. et al. Experimental Sentinel-2 LAI estimation using parametric, non-parametric and physical retrieval methods—A
comparison. ISPRS J. Photogramm. Remote Sens. 108, 260-272 (2015).

62. Cheng, Z. Q. & Meng, J. H. Research advances and perspectives on crop yield estimation models. Chin. J. Eco-Agric. 23, 402-415
(2015).

63. Atzberger, C. & Richter, K. Spatially constrained inversion of radiative transfer models for improved LAI mapping from future
Sentinel-2 imagery. Remote Sens. Environ. 120, 208-218 (2012).

64. Darvishzadeh, R. et al. Analysis of Sentinel-2 and RapidEye for retrieval of leaf area index in a saltmarsh using a radiative transfer
model. Remote Sens. 11, 671 (2019).

65. Verrelst, J. et al. Optical remote sensing and the retrieval of terrestrial vegetation bio-geophysical properties—A review. ISPRS J.
Photogramm. Remote Sens. 108, 273-290 (2015).

66. Chahbi, A. et al. Estimation of the dynamics and yields of cereals in a semi-arid area using remote sensing and the SAFY growth
model. Int. J. Remote Sens. 35, 1004-1028 (2014).

67. Hadria, R. et al. Potentiality of optical and radar satellite data at high spatio-temporal resolutions for the monitoring of irrigated
wheat crops in Morocco. Int. J. Appl. Earth Observ. Geoinf. 12, $32-S37 (2010).

68. Claverie, M., Demarez, V., Duchemin, B., Hagolle, O. & Ducrot, D. Maize and sunflower biomass estimation in southwest France
using high spatial and temporal resolution remote sensing data. Remote Sens. Environ. 124, 844-857 (2012).

69. Raes, D., Steduto, P,, Hsiao, T. C. & Fereres, E. AquaCrop—The FAO crop model to simulate yield response to water: II Main
algorithms and software description. Agron. J. 101, 438-447 (2009).

70. Dong, T., Liu, J., Qian, B., Zhao, T. & Shang, J. Estimating winter wheat biomass by assimilating leaf area index derived from fusion
of Landsat-8 and MODIS data. Int. J. Appl. Earth Observ. Geoinf. 49, 63-74 (2016).

71. Duchemin, B. et al. A simple algorithm for yield estimates: Evaluation for semi-arid irrigated winter wheat monitored with green
leaf area index. Environ. Model. Softw. 23, 876-892 (2008).

72. Steduto, P, Hsiao, T. C. & Raes, D. AquaCrop-the FAO crop model to simulate yield response to water: I. Concepts and underlying
principles. Agron. J. 101, 426-437 (2009).

73. Supit, I. & Hooijer, A. A. System description of the WOFOST 6.0 crop simulation model implemented in CGMS.: Theory and
algorithms. Eur. Comm. Jt. Res. Cent. 5,195-200 (1994).

74. Jones, C. A. CERES-Maize; a simulation model of maize growth and development. Agron. J. 8,201-205 (1986).

75. Kross, A., McNairn, H., Lapen, D., Sunohara, M. & Champagne, C. Assessment of RapidEye vegetation indices for estimation of
leaf area index and biomass in corn and soybean crops. Int. J. Appl. Earth Observ. Geoinf. 34, 235-248 (2015).

Scientific Reports | (2022) 12:5473 | https://doi.org/10.1038/s41598-022-09535-9 nature portfolio



www.nature.com/scientificreports/

Acknowledgements

This study was supported by the Natural Science Foundation of China (41871333), the Important Project of
Science and Technology of the Henan Province (212102110238) and Scientific and Technological Innovation
Team of Universities in Henan Province (22IRTSTHNO008). We thank Haikuan Feng for the image data and
field sampling collection. We are grateful to the anonymous reviewers for their valuable comments and recom-
mendations. Our manuscript has also been edited by a native English-speaking expert to ensure its English is
good enough for publication.

Author contributions

C.M. was involved in conceptualization, methodology, validation, project administration, investigation, super-
vision and writing—original draft preparation; C.M. and C.L. was involved in resources, funding acquisition,
writing—review and editing; M.L., ED. and Y.C. were involved visualization and supervision; W.C. and Y.W.
were involved in resources, writing—review and editing, and visualization. All authors have read and agreed to
the published version of the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to C.M. or M.L.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports |

(2022) 12:5473 | https://doi.org/10.1038/s41598-022-09535-9 nature portfolio


www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Wheat growth monitoring and yield estimation based on remote sensing data assimilation into the SAFY crop growth model
	Materials and methods
	Data acquisition and processing. 
	Study area. 
	Data acquisition and processing. 

	Methods. 
	Ethical approval. 

	Experimental results and analysis
	LAI inversion using Sentinel-2 remote sensing data. 
	Estimation of wheat LAI, biomass, and yield with the SAFY model. 
	Parameter settings for the SAFY model. 
	Wheat LAI, DAM and yield estimation. 


	Discussion
	Conclusions
	References
	Acknowledgements


