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Abstract: Vegetation temperature condition index ( VICI) combines the main parameters of normalized difference
vegetation index (NDVI) and land surface temperature ( LST) , and is applicable to a more accurate monitoring of droughts
in the Guanzhong Plain, Shaanxi, China. VTCI also provides a scientific basis for drought relief and crop yield estimation
by using remotely sensed data. This study chose Guanzhong Plain as the study area, and was to combine the remote sensed
VTCI and simulated soil surface moisture by the CERES — Wheat ( Crop environment resource synthesis for wheat) model to
get a high regional yield estimation accuracy by using the four-dimensional variational (4D — VAR) data assimilation
approach. The improved analytic hierarchy process, the entropy method and the joint the two weighting methods were used
to establish winter wheat yield estimation models by using the monitored VTCI and the assimilated ones respectively. The
optimal model for estimating winter wheat yields in the study area from 2008 to 2014 was selected, and the measured wheat
yield of the year 2011 was used to validate the accuracies of the optimal model. The results showed that no matter at the
sampling sites or at the regional scale, the assimilated VTCIs were all better able to respond the monitored VTCls and the
surface moisture data, and the texture of assimilated VTCI images was better and more consistent with the regional drought
distribution. Compared the yield estimation models with the monitored VI'Cls, the accuracies of the yield estimation models
with the assimilated VTCIs were improved, and the correlation coefficients of the optimal yield estimation model with the
weighted VTCIs of 0.784 (P <0.001). The optimal yield estimation model was applied to estimate wheat yields in 29
counties of the Guanzhong Plain, and the results showed that except for the Pucheng County, the estimated yields’ relative
errors of other 28 counties in Guanzhong Plain were less than 15% , and the errors were less than 10% in 16 counties of
Guanzhong Plain. In general, the average relative error of the estimated yields was 8. 68% , and the root mean square error
was 421. 9 kg/hm’ | indicating the optimal yield estimation model had a better performance. The yearly estimated yields
from 2008 to 2014 were in an increasing trend with fluctuation in Guanzhong Plain. For the spatial distribution of the
yields, the yields were the highest in the central of Guanzhong Plain, and the yields in the west were higher than those in
the east.
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0 Introduction

Winter wheat is one of the most important food crops
in China. It is a great significance to the effective
control of food production and agricultural production
and to guide government departments to develop a
scientific and rational food policy for crop yield
estimation and forecasting timely and accurately'' ~*'.

Recently, the combination of remotely sensed data and

crop growth model becomes one of the current crop
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yield estimation research topics and an important part
of the research trends. On the one hand, remotely
sensed data can monitor crop growth status over a large
area, on the other hand, crop growth models can
reflect the dynamic crop growth and development by
computer simulation, and data assimilation methods are
capable of combining remotely sensed information and
crop growth models, which can solve the problem
encountered in the application of crop growth models

[3-7]

from a single point to a large area Variational
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data assimilation algorithms and sequential assimilation
algorithms are the commonly used data assimilation
methods™’.  Compared with the three-dimensional
variational ( 3D - VAR)
(4D - VAR)

considers the background field of information changes

algorithm, the four-
dimensinal variational algorithm
over time, therefore, the 4D — VAR algorithm is better
reflect the complex non-linear constraints'® "', XIE et
al. ") applied the 4D — VAR and the ensemble
Kalman filter ( EnKF) algorithm to assimilate leaf area
index ( LAI') using both the simulated LAI by the
CERES — Wheat ( Crop environment resource synthesis
for wheat) model and the retrieved LAI by remotely
sensed data, and extended the scale from a single point
to a regional level. Their results showed that the
assimilated LAl values were more accurate and closer
to the real ones after combining the advantages of both
the remotely sensed LAl and simulated LAI. A 4D -
VAR data assimilation system was developed for
assimilating ocean observations with the navy coastal
ocean model by NGODOCK'"' | and the assimilation
system was tested in a series of twin data experiments
to assess its ability to fit assimilated and independent
observations by controlling the initial conditions and the
external surface  and

forcing while assimilating

subsurface observations. It was shown that the
assimilation system generally fitted the assimilated and
non-assimilated observations well in all experiments,
and improved the observation accuracy and reduced the
prediction errors.

WANG et
temperature condition index ( VICI) for drought

al. "™ developed the vegetation
monitoring based on the assumption that the scatter plot
of the land surface temperature ( LST) versus the
normalized difference vegetation index ( NDVI) falls
into a triangular shape over a large area. It was
testified that the VTCI can be used to effectively
monitor the droughts of an area in the real time, and
successfully applied to the drought forecasting and
impact assessment and crop yield estimation and

H2-100 - Most previous studies of crop yield

prediction
estimates using the data assimilation approaches often
only used a given year remotely sensed data for crop
yield estimates, which was lack of analysis with
remotely sensed data and assimilation algorithms

between crop yields in years and annual yield

171 Combination

differences in the role of estimates
forecast is based on information contribution of each
model, giving different weights, and then a
combination of a single prediction was applied, thereby
the prediction errors were reduced and the prediction
accuracy was improved ™. The weights were often
determined by using objective or subjective weighting
methods'"’ | and cannot reflect the subjective wish and
objective regulation at the same time. This study took
the Guanzhong plain as the study area and the years
from 2008 to 2014 as the study period. The retrieved
VTCIs were selected as the assimilation system state
variable. The 4D — VAR data assimilation approach
was applied for assimilating the retrieved VI'CI and the
simulated soil surface moisture by the CERES — Wheat
model. The improved analytic hierarchy process, the
entropy method and joint the two weighting methods
were used to establish winter wheat yield estimation
models by using the monitored VTCIs and the
assimilated ones respectively, and the measured wheat
yields of the year 2011 was used to validate the

accuracy of the developed models.
1 Materials and methods

1.1 Study area

The Guanzhong Plain is located in the central
Shaanxi Province, China (106°22'E to 110°24'E and
33°57'N to 35°39'N). With Baoji City in the west,
Tongguan City in the east, Qinling Mountains in the
south, and the northern Shaanxi Plateau in the north,
the plain includes Xi’an, Baoji, Xianyang, Weinan
and Tongchuan Cities and Yangling Demonstration
Zone (Fig. 1). This region has flat terrain, fertile
soil, high wheat production and it is a key grain
production area in Shaanxi Province. The prevailing
cropping pattern is winter wheat in rotation with
summer maize. The plain has a continental monsoon
climate, and is located in the transition zone between
the semi-humid climate and semi-arid climate in warm
temperate. The average annual rainfall ranges from
500 mm to 700 mm. Since the 1990s, the climate
becomes warming and drying significantly in overall,
and warm spring, warm winter, spring drought and

' and

summer drought become even more significant
it has significantly performance in agricultural drought

disaster in terms of food production.
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Xianyang City *
Shiniu
.

Fig. 1 Map of study area

1.2 Data

Vegetation temperature condition index ( VICI) was
proposed for monitoring drought based on the remotely
sensed NDVI and LST, with the assumption that the
scatter plot of NDVI versus LST falls into a triangular
shape over a large area. The Aqua-MODIS surface
reflectance products ( MYDO9GA ) and land surface
temperature products ( MYDI1Al ) were used to
calculated daily NDVI and LST in the Guanzhong
Plain, the daily NDVI and LST were used to compose
the maximum NDVI and LST at the ten-day intervals by
using the maximum value composite technique, and the
composited NDVI and LST were used to calculate
VTCIH*2,

wheat-growing were selected in the plain from 2008 to

About 12 typical sampling sites with

2014, namely, north of Chencang District, north of
Fufeng County, west of Fengxiang County, Wangcun of
Heyang County, Shijia of Lantian County, Lindian of
Linwei District, Changxing of Meixian County,
Yaoshan of Pucheng County, Sunzhen of Pucheng
County, Pucun of Qishan County, Shiniu of Qian
County and Luqiao of Sanyuan County. The north of
Fufeng County, Lindian of Linwei District, Changxing
of Meixian County and Lugiao of Sanyuan County were
irrigated sampling sites, and the others were rain-fed
sampling sites. The pixel coordinates of the sampling
sites on the remotely sensed VTCI images were
calculated based on latitude and longitude of the sites,
and the average VTCI values at the sampling sites were
obtained from VTCIs of the central pixels with
3 pixels x 3 pixels around from major winter wheat
growth period ( March—May) in each year, and used
as observation data at the regional scale. The data
assimilation process used the CERES-Wheat model as
the dynamic simulation model, which is one of modules
of the decision support system for agro-technology
transfer ( DSSAT ). Before the CERES-Wheat model

was applied to the study area, the genetic parameters
pp y ) g p

has to be calibrated, and the performance of the

calibration has to be evaluated

through field
measurements, such as LAI, biomass, yields and
harvest dates'”' | the single point assimilation test and
the regional scale assimilation test were conducted by
using the 4D — VAR method after the calibration.
Since the simulated VTCI cannot be obtained by the
crop growth simulation model directly, but our previous
significant  correlations

studies found there were

between VTCI and soil surface water contents at 0 ~

31 Therefore,

20 ¢m from March to May in the plain
the specific method for getting the simulated VTCls of
this study were as follows: getting the soil moisture
contents (0 ~20 cm) by driving the model, building
the regression model by using the ten-day average
moisture data and the observed VTCls during the main
growth period of winter wheat, and calculating the ten-
day simulated VTCIs by using the regression model.
1.3 4D - VAR algorithm
The  four-dimensional

algorithm (4D — VAR) defines a time window T for the

assimilation, all the observation data and the simulated

variational  assimilation

status values of the assimilation window were used for
the optimal estimation. The model initial field was
adjusted constantly by an iterative method, and
trajectory of the simulated parameters was fitted into all
observations within the period in the assimilation
window. The quantity of state at any time ¢ was
obtained based on all observations on the optimization
model predictions. Because of the errors of the model
itself, the more the number of the observations which
introduced once in the assimilation window, the higher
assimilation accuracy in the variational algorithm,
however, the computational cost was increased at the
same time ! .

The selected cost function of the four-dimensional

variational algorithm is

J(Vy) =0.5(V,-V))'B™'(V,-V;) +

0.5 Y (H,(V) =V")'07'(H,(V,) -V™)
1=0

(1)
Where V,, is state vector of the assimilation window at
the initial time; V) is background VTCI values at the
initial time, that is the simulated VTCI values at the
initial time; V, is background values at the moment ¢

which are the calculated by imputing V,, into the model
operator M; V™ is observed VTCI values at the

i
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moment ¢; B, O, are simulated error covariance matrix
and observed error covariance matrix; H, is observation
operator; n is ten-day VTCI number of the iterative
assimilation window.

The specific operation process of the assimilation
system can be briefly described as: firstly, defining the
ten-day number n of the iterative assimilated window
for calculating the simulated error covariance matrix B,
observed error covariance matrix O, and V, (i =1,2,

-, n), and then substituting into cost function
Eq. (1). Based on the past experience, about 3% of
the observed values were set as the observed coarse
errors. The gradient method was used to minimize the
cost function, and V|, became the initial time optimal
when the function J(V,) was in its minimum value,
that was the assimilation value of the initial time V.
Then the assimilation window entered into the next
moment, the above process was repeated, and the
assimilation was ended until all the observations were
introduced.

1.4 Winter wheat yield estimation method and
accuracy assessment
1.4.1

The main growth stages for winter wheat include the

Improved analytic hierarchy process

ereen-up stage (from early March to mid-March) , the
jointing stage (from late March to mid-April ), the
heading-filling stage ( from late April to early May)
and the milk stage (from mid-May to late May)'?’.
According to the degree of drought impact on wheat
grain yield at different growth stages, the comparison

matrix B(b,, ) was established as follow

1 00 0
21 2 2

BCb,) =\, o | » (2)
2.0 0 1

Where, O represents the growth stage m is less
important than the growth stage n, 1 represents the
growth stage m is equally important with the growth
stage n, and 2 represents the growth stage m is more

important than the growth stage n.

4
r,= > b, (3)
m=1

The judgment matrix ¢,, and Quasi optimal

mn

consistent judgment matrix C(¢c,,, ) were calculated by

mn

considering the important coefficients at the four stages

in the Guanzhong Plain.

(h=1)"="T 4y (r.=r)
Cmn = e mn . ( 4 )
lr, —r,I
(k-0 =2 er ] )
rmax ~ Pmin
1 177 1/5 1/3
Cle ) 7 1 3 5 -
me - 5 1/3 1 3
315 13 1
Where > rmax = max% rn } ’ rmin = min % rn } P} al’ld k = rmJ

T min
Normalized the Quasi optimal consistent judgment
matrix, and then got the weights at different growth
stages of winter wheat.
1.4.2 The entropy method

Construction of data matrix A (a,, ) vy, by using the

VTCI data of the four growth stages (n) in the study
area from 2008 to 2014, Calculated the entropy of each

growth stage h, ™', as follow
v

— _ 1 ( alen. aYrI" )
M= & "

N N
m=1 z
Ay Ay

m=1 m=1
(n=1,2,3,4) (6)

Where N is total number of the selected years in the

study.

Calculated the difference coefficient g, of the stage
n, and normalized them for getting the weight w, of
stage n, as follows

1 -h,
&= T 1
4 - ). h,

n=1

(n=1,2,3,4) (7)

4
w,= £ (0<w, <1, Y w,=1) (8

- 4
2 n=1
&,
n=1

1.4.3 Combination weighting method

The combination weighting method integrates the
improved analytic hierarchy process and the entropy
method effectively, and the basic principle is to find a
weight that can obtain largest distance between the
subjective weight determined by the improved analytic
hierarchy process and the objective weight determined
by the entropy method effectively. Assuming that the
weight determined by the subjective weighting method
is W =[w, w) wh w,], the weight determined
by the

[2 2 2
wy W, Ws

objective weighting method is W' =
w; ], and the weight determined by

the combination weighting method is W =
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[w, w, w; w,], in order to make the combined

weight close to the subjective and objective weights,

the constructed optimization model should meet

condition as follow'%"

Y ow, =1 (10)

The model was used to calculate the combined
weight W.
1.4.4 Calculation of the weighted VTCI and
development of the yield estimation model

The county boundary map of Shaanxi was overlapped
with and the remotely sensed VTCI images, and the
VTCI values of the counties ( districts ) in the
Guanzhong Plain were calculated. According to the
method for calculating VTCI, VTCI time series data at
ten-day intervals were obtained during major winter
wheat growth period ( March—May ) from 2008 to
2014. The average VTCI of a county was calculated by
averaging the VTCIs of all pixels in the county
(district) at the ten-day intervals, respectively. The
VTCI of each growth stage of wheat was the average
value of VTCls at the ten-day intervals belonging to the
stage at the county level. The weighted VTClIs and the
assimilated ones during the main growth stage for all
counties in the plain were calculated by using the
improved analytic hierarchy process, the entropy
method and the combination weighting method,
respectively. The linear regression analysis was applied
to study the correlations between the weighted VTCls
and the wheat yields, and the correlation with the
highest correlation coefficients was selected as the yield
estimation model ( because of the measured wheat
yields of the year 2011 were used to validate the
accuracy of the estimation model, the data of each

county in 2011 were not employed to establish the
model ).

2 Results and analyses

2.1 Assimilation results and analyses

To obtain the remotely sensed VTCI values at the
ten-day intervals from March to May in the years from
2008 to 2014 in the 12 sampling sites, the VTCI values
of 3 pixels x 3 pixels adjoining to the coordinates of a

sampling site were averaged as the VTCI values of the

site. which was regarded as the observed VTCI. An
established by

employing the linear regression analysis between the

empirical regression model was
observed VICls and the measured soil surface water
contents at the sampling sites, and then was used to
calculate the simulated VTCls at the sites. The
assimilated VTCIs were obtained by using the 4D -
VAR assimilation algorithm and the simulated VTCls.
In order to verify whether the assimilation results at the
sampling sites better responded to the external
observation data, a linear regression analysis was
conducted between the assimilated VTCls and observed
VTCIs in the years from 2008 to 2014 in the 12
sampling sites ( Fig. 2). The results showed that the
assimilated VTCIs and the observed ones were more
consistent in overall, the correlation coefficient was
0.660 (P <0.001), and the root mean square error
(RMSE) between assimilated VTCIs and the observed

VTCIs was 0. 016.
1.0

) £ . '...-
0.9 el T WSk
038 R=0.660 - '.g‘:afa'z/.
: e .‘j...;/:’. .
0.7 St ;&nﬁ-‘.f &
- ..:z“ N .!f:"-‘
: 0.6 .'. =, ',.-4.’;': ", L,
. > e L 0a"0,
g 05 . .;,:‘..'.55, 1‘::.:- ;
E 04 Vw#‘;..' PR .
;. A L
< 03 ./// . & =
0.2
01
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Observed VTCI
Fig.2  Correlation between the observed VTCls and the
assimilated VTCls using the 4D — VAR

It is testified that the VTCI can be used to effectively
monitor the drought over a large area in the real time,
and has a significant correlation with precipitation. To
further validate whether the assimilated VTCls at the
sampling sites were better correlated with precipitation
the sampling site of Shiniu of Qian County was taken as
an example. The scatterplots between the observed
VTCIs and assimilated VTCIs and precipitation at the
ten-day interval were shown in Fig. 3. In general, the
temporal change trends of the observed VTCIs and the
assimilated ones were similar to those of the
precipitation, and the changes of the assimilated VTCls
were improved compared to those of the observed ones.

The precipitation amounts of the early March in 2009,
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early May in 2010, and early April in 2012 are all
zero, the original observed VTCIs were 0.97, 0.60
and 0. 93, while the assimilated VTCls were adjusted
to 0.31, 0.42 and 0.27, and the assimilation made
more substantial adjustment on the basis of the original
observation which were too larger, so that it could be
better integrated with the precipitation data. The
precipitation of the late May in 2013 is more than
60mm, and the assimilated VTCI value was about 0. 9
which did not belong to the scope of drought.
Compared with the unassimilated ( observed) VTCIs,
the assimilated ones of the late April in 2009, mid-May
in 2009, late March in 2011 and early May in 2013
were all had different degrees of the adjustment that
made the results reflected the actual situation better.
Assuming that the 12 sampling sites can represent of
the Guanzhong Plain, this was because that the
selected sites are more evenly distributed throughout
the study area, the linear regression equation between
the assimilated VTCIs and the observed VTCls was
established ,
assimilated VTCI products were achieved for the ten-
day intervals in the years from 2008 to 2014. The
regional assimilated VTCls and observed VTCls at the
last ten-day interval in the years of 2012, 2013 and

and by this way, regional scale

2014 were selected and compared (Fig.4), and were
also compared with the precipitation data provided by

* Observed FTCI +Assizni[ated VTCI —» Precipitatios%
.
0.9
0.8
0.7
_ b6
g0s
~ 04
039

0.2

Precipitation/'mm

oo ooD o oD

D A A S | [ | [ A e |
g2ggessesoseTLsTl
T T S | [ T e | | I |
o R R B e B B 0 W B A A 3
S oSoocooaooooooaeoe
e S I e I I S = T = B R R = ]

Date

Fig.3 Observed VTCIs and assimilated VTCIs by using
the 4D — VAR and precipitation

the Shaanxi Provincial Meteorological Bureau. In
general, the palin has rare rainfall in late March of
2012 (Figs. 4a and 4b), and the droughts obviously
occurred in the plain. As shown in the assimilated
VTCI (Fig.4b), the
generally around 0. 5 which belongs to the mild drought

image VTCI values were
category. There is almost no precipitation in late March
of 2013 in central of the plain, such as Xianyang City
and Xi’an City, we could see from the images ( Figs. 4c
and 4d) that the regional observed VTCI values were
about 0.7 which belongs to the no-drought category,
while the assimilated ones were adjusted to the scope of
the moderate category (about 0.45). Therefore, the

assimilation results could make the actual situation

(a) Observed VTCI in late March of 2012
N

—

0 20km

{¢) Observed VTCI in late March at 2013

—

0 20km

(&) Observed VTCI in late March of 2014
Fig.4 Observed VTCIs and assimilated VTCls using the 4D — VAR at regional scale

(b) Assimilated VTCI in late March of 2012
N

[o—

0 20km
(d) Assimilated VTCI in late March of 2013

N

A

—

0 20km
() Assimilated VTCI in late March of 2014
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adjustments no matter in the whole or in the local. In
addition, compared with the observed VTCls, the
assimilated VTCI values around neighboring pixels are
more smoother, and the whole images had better
texture because the assimilated VTCls integrated the
simulated VTCIs and the observed ones ( Figs. 4d and
4f).
changes in the assimilated VTCIs decreased ( Figs. 4c

Compared with the observed ones, the sharp

and 4e ), and the texture of the assimilated VTCI
images was better.
2.2 Regional yield estimation and validation
Tongchuan City locates in the transition zone
between the Guanzhong Plain and the Loess Plateau,
and the winter wheat area is relatively small and mainly
grown in Weibei tableland which is in the city’ s
southern part[zs] , therefore, this study chose the 29
counties ( districts) in the plain ( except counties in
the Tongchuan City) as the study area for the winter
wheat yield estimation. The weights of droughts at
different growth stages of winter wheat on wheat grain
yields were obtained using the improved analytic
hierarchy process, the entropy method and the
combination weighting method (Tab.1). Based on
agronomic knowledge, the weights determined by the
improved  analytic  hierarchy process and the
combination weighting method were more reasonable,

this was because that the jointing and the heading-

filling stages are the transition stages of winter wheat
from the vegetative stages to reproductive stages, which
is the critical period of winter wheat yield formation,
and in these stages winter wheat requires a lot of water
and nutrients. If droughts occur at the jointing and the
heading-filling stages, the final yields will be affected
directly. Little weights were assigned to the reviving
stage and the dough stage, this was because that the
water stress of these two stages had limit effect on the
wheat growth and yield, and were not particularly
obvious. Roots, leaves and tillers of winter wheat grow
mainly at the reviving stage, so water should not need
too much. The grain structure often forms at the dough
stage, and winter wheat shows a strong tolerance to a
certain water deficit at this stage. In summary, the
degree of water stress at the reviving and dough stages
had less effect on yield relatively.

Based on the weights listed in Tab.1 and the
observed and assimilated VTCls in the main growth
stages of winter wheat ( Year 2008 — 2014, except
2011), the weighted VTCIs of each county ( district)
were calculated respectively, the linear regression
analysis between the weighted VTCIs and wheat yields
was applied to establish the yield estimation models,
and the models were also validated (the last three

columns of Tab.1).

Tab.1 Weights of monitored VT CIs and assimilated ones at the key growth stages of winter wheat and

yield estimation models

Reviving  Jointing Heading- Dough Yield estimation Correlation Significant
Weighting method VTCI
stage stage filling stage stage model coefficient R test

Improved  analytic ~ Observed 0. 055 0. 564 0.263 0.118 y=8619x-1138.2 0. 561 P =0.017
hierarchy process Assimilated 0. 055 0.564 0.263 0.118 y= 13896x -4491.3 0. 630 P =0.011
Observed 0.247 0.252 0.251 0. 250 y=7979x -722. 4 0.521 P=0.137

Entropy method
Assimilated 0.206 0.295 0.255 0.244 y = 12632x -3 680.0 0. 565 P =0.025
Combination Observed 0.051 0. 450 0. 356 0.143 y=10695x -2 536.3 0. 669 P <0.001
weighting method Assimilated 0. 043 0. 487 0.362 0.108 y =14 490x -5 009. 8 0.784 P <0.001

Note: y and x mean the estimated yield and weighted VTCI.

From Tab. 1, the correlation coefficients of the yield
estimation models based on the assimilated VTCls were
all higher than those based on the observed ones,
indicated that the estimated yields had better accuracy
based on the assimilated VTCls.

observed VTCIs or the assimilated ones, the estimation

No matter the

models constructed from the combination weighting

method were better than those constructed from the

improved analytic hierarchy process and the entropy
method, and the correlation coefficients were up to
0.669 and 0.784 respectively,
significance level of 0. 01 (P <0.001). Compared the
yield estimation model with the observed VTCls, the

which were at a

accuracy of the vyield estimation model with the
assimilated VTCls was improved, so we chose this

model as the optimal yield estimation model for wheat
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yield estimation. In order to verify the accuracy of the
estimation model, the wheat yields were estimated in
2011 in the 29 counties ( districts) of the Guanzhong
Plain application, and the relative errors and the root
mean square errors ( RMSE) between the estimated
yields and the field measured yields were used to
validate the accuracy. Results showed that the relative
errors were less than 10% in 16 counties of the plain,
such as Changan District, Lantian County and Liquan
County. The actual yield of Chang’ an District was
4254 kg/hm” | the estimated yield was 4 399 kg/hm”,
and the relative error was 3.4% ; the actual yield of
Hu County was 5 001 kg/hm”, the estimated yield was
5074 kg/hm*, and the relative error was 1. 5% ; the
actual yield of Qian County was 4 356 kg/hm’, the
estimated yield was 4 430 kg/hm’, and the relative
error was 1. 7% ; the actual yield of Xingping City was
4 664 kg/hm*, the estimated yield was 4 826 kg/hm”,
and the relative error was 3.5% ; the actual yield of
Fuping County was 3 693 kg/hm’, the estimated yield
was 3 838 kg/hm’, and the relative error was 3.9%.
The relative errors were from 10% to 15% in 12
counties ( districts ) of the plain, such as Lintong
District, Tongguan County and Mei County. On the
whole, except for the Pucheng County (relative error
was 17.8% ), the estimated yields’ relative errors of
other 28 counties in the plain were all less than 15%.
In general, the average relative error of the estimated
yields was 8. 68% , and the RMSE was 421. 9 kg/hm’
indicated that the optimal yield estimation model based
on the assimilated VTCIs had a better performance.
Application of the optimal estimation model to
estimate the winter wheat yields in the whole plain from
2008 to 2014, as shown in Fig. 5, results indicated
that the yearly estimated yields from 2008 to 2014 were
in an increased trend with fluctuation. The
precipitation in the main growth period of winter wheat
was relatively small in 2013, showing there were
drought occurrences, and the yield estimates are lowest
among the seven years. For the spatial distribution of
the yields, the yields were the highest in the central of
the plain, and the yields in the west were higher than

those in the east.
3 Discussion

This study combined the remotely sensed VTCls and

simulated soil surface moisture by the CERES-Wheat
model by using the four-dimensional variational (4D —
VAR ) data assimilation approach, the assimilated
VTCIs can better respond to external observation no
matter in a sampling site or in the regional scale, and
the assimilation results are more in agreement with
prior knowledge of droughts in the study area. This is
mainly because that the data assimilation is a proper
method for combining the two kinds of information
(model and observation) which comes from different
sources but complementary, and then generates a set of
the states that not only close to the real state
(observed ) but also considers the physical process
( model ). Data

forecasting errors that come from the model stand

assimilation can solve model
alone, inaccuracy of the internal parameters and the
errors of predictability in a certain extent, and the
process of data assimilation can guarantee the model
system close to the true value in a certain extent. The
past studies on data assimilation algorithms often only
used a given year remotely sensed data to estimate crop

"7 this study chose the years from 2008 to

yields'
2014 as the study periods, analyzed of the problem for
estimating the yields using both the annual yield
variation and inter-annual yield difference in the data

For the VTCI

assimilation by using the 4D - VAR assimilation

assimilation  process. previous

algorithm, only the effect of assimilation was
described'™' | this paper did a further study that
integrated the assimilated VTCIs into regional winter
wheat yield estimation, The results showed that the
assimilated VTCls were more applicable to the regional
drought monitoring and impact assessment. However,
because of the VICI characteristics itself, only the ten-
day steps were chosen for the data assimilation. For the
purposes of the 4D — VAR assimilation method, the
future ten-day change trends should be considered
when assimilating the current ten-day data, which
made the computational cost increases, therefore,
combining the VTCI with other variables for a
multivariate assimilation yield estimation will be the
focus of future research.

The weights of the main growth stages of winter
wheat after wintering determined by the improved
combination

analytic hierarchy process and the

weighting method were more reasonable, this was due
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to that the combination weighting method could
combine the subjective weights and objective weights,
which also not only reflect subjective views but avoid
excessive arbitrariness effectively of subjective factors.
By this way, we can obtain the weighted results that
were in better agreement with prior knowledge of

agronomy. The optimal estimation model for the yield

N

A

(a) 2008

(b} 2000

estimates was selected, and the spatial and temporal
yield variation characteristics of the plain were
analyzed. Compared with the actual vyields, the
estimated yields had high precision based on the
assimilated VTCIs, and the model was more suitable

for winter wheat yield estimation in the study area.

(c) 2010

(d) 2011
N

A

e

0 20km

(2) 2014

(e)2012

(f) 2013

2000 3000 4000 5000 6000 kghm?

Fig.5 Estimated yields of winter wheat in different counties of the Guanzhong plain from 2008 to 2014

4 Conclusions

(1) Taken the 12 sampling sites for the single point
assimilation experiment by usingthe 4D - VAR
assimilation algorithm, the assimilated VTCIs had
comprehensive advantages of the model simulation and
the remotely sensed observation. We compared the
assimilated VTCls at the eight rainfed sampling sites
with the ten-day cumulative precipitation, and the
results showed that the assimilated VTCls improved the
observation significantly on the basis of compliance
with the original change trends of the ten-day
precipitation data. The assimilated of VTCls at the
sampling sites (a single point scale) were extended to
a regional scale, and the results showed that the
assimilated VTCI images had better texture, reduced
the sharp changes of the VICIs in adjacent pixels of
the observed VTCI images. Therefore, the assimilated
VTClIs were better than the observed VTCls for more
drought monitoring and

suitable regional impact

assessment.

(2) The optimal winter wheat yield estimation model
determined by the combination weighting method based
on the assimilated VTCI had a higher estimation
precision, and the correlation coefficient of the
developed model reached to 0. 784. Using the optimal
model to estimate the yields in the counties ( districts)
of the Guanzhong Plain in 2011, the results showed
that the estimated yields had less deviation from the
actual results in most areas of the plain, the average
relative error of the estimated yields was 8. 68% , and
the root mean square error was 421.9 kg/hm’.
Analysis the temporal and spatial variations of the yield
estimates in the study area from 2008 to 2014, the
results showed that the yields in recent years had an
increased trend with fluctuation in the plain, and for
the spatial distribution of the yields, the yields were
the highest in the central of the plain, followed in the
west and in the east. The regional yield estimates were

consistent with the actual situation of winter wheat
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production both in temporal distribution and spatial

distribution ,

indicating that the higher estimation

accuracy was obtained by using the assimilated VTCls

and the optimal winter wheat yield estimation model

was more suitable for the regional winter wheat yield

estimation.
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Winter Wheat Yield Estimation Based on 4D Variational Assimilation Method
and Remotely Sensed Vegetation Temperature Condition Index

Wang Pengxin'  Sun Huitao' Wang Lei' Xie Yi' Zhang Shuyu® Li Li'
(1. College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China
2. Shaanxi Provincial Meteorological Bureaw, Xi’ an 710014, China)

Abstract; Vegetation temperature condition index ( VICI) combines the main parameters of normalized
difference vegetation index (NDVI) and land surface temperature ( LST), and is applicable to a more
accurate monitoring of droughts in the Guanzhong Plain, Shaanxi, China. VTCI also provides a scientific
basis for drought relief and crop yield estimation by using remotely sensed data. This study chose
Guanzhong Plain as the study area, and was to combine the remote sensed VTCI and simulated soil
surface moisture by the CERES — Wheat ( Crop environment resource synthesis for wheat) model to get a
high regional yield estimation accuracy by using the four-dimensional variational (4D — VAR) data
assimilation approach. The improved analytic hierarchy process, the entropy method and the joint the two
weighting methods were used to establish winter wheat yield estimation models by using the monitored
VTCI and the assimilated ones respectively. The optimal model for estimating winter wheat yields in the
study area from 2008 to 2014 was selected, and the measured wheat yield of the year 2011 was used to
validate the accuracies of the optimal model. The results showed that no matter at the sampling sites or at

the regional scale, the assimilated VTCIs were all better able to respond the monitored VTCIs and the
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surface moisture data, and the texture of assimilated VTCI images was better and more consistent with the
regional drought distribution. Compared the yield estimation models with the monitored VTCIs, the
accuracies of the yield estimation models with the assimilated VTCIs were improved, and the correlation
coefficients of the optimal yield estimation model with the weighted VTCIs of 0. 784 (P <0.001). The
optimal yield estimation model was applied to estimate wheat yields in 29 counties of the Guanzhong
Plain, and the results showed that except for the Pucheng County, the estimated yields’ relative errors of
other 28 counties in Guanzhong Plain were less than 15% , and the errors were less than 10% in 16
counties of Guanzhong Plain. In general, the average relative error of the estimated yields was 8. 68% ,
and the root mean square error was 421.9 kg/hm’ | indicating the optimal yield estimation model had a
better performance. The yearly estimated yields from 2008 to 2014 were in an increasing trend with
fluctuation in Guanzhong Plain. For the spatial distribution of the yields, the yields were the highest in
the central of Guanzhong Plain, and the yields in the west were higher than those in the east.

Key words: winter wheat; vegetation temperature condition index; 4D — VAR ; assimilation; crop growth
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Tab.1 Weights of monitored VTCI and assimilated ones at key growth stages of winter wheat and yield estimation models

WA T ¥ VTCI iR WEH W B B Al 0 AR TR MHAERBR BEHER
WO 0.055  0.564 0.263 0.118 Y =8619x —1138.2 0.561 P=0.017
BOEE RIS Fap 0055 0.564 0.263 0.118 y =13 896x ~4491.3 0. 630 P=0.011
WO 0.247  0.252 0.251 0.250 y=7979x —722. 4 0.521 P=0.137
A FiLf 0.206  0.295 0.255 0. 244 y =12 6322 —3 680.0 0. 565 P=0.025
WM 0.051  0.450 0.356 0.143 ¥ =10 695x -2 536.3 0. 669 P <0.001
AL AL FALME 0.043  0.487 0.362 0.108 ¥ = 14 490x — 5 009. 8 0.784 P <0.001
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Fig.5 Estimated yields of winter wheat in different counties of Guanzhong Plain from 2008 to 2014
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