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Abstract:
sensing data, and it concerns the running efficiency and result accuracy of assimilation. In this study, a new optimiza-

The choice of optimization method is very important in the assimilation process of crop growth model and remote

tion--Particle Swarm Optimization (PSO) technique is used for assimilating remote sensing data and RiceGrow model in mini-
mizing difference between inverted and simulated values by remote sensing and RiceGrow model. We compare PSO with an-
other optimization--Simulated Annealing (SA) and explored the assimilation result when LAI and LNA are used as external as-
similation parameters respectively. The results show that PSO performed better than SA in both running efficiency and assimila-
tion result, which indicates that PSO is a reliable optimization method for assimilating remote sensing information and model.
LAI and LNA each have advantage as external assimilation parameters, sowing date and seeding rate can be well inverted when
LAI is selected as external assimilation parameter, while nitrogen rate is better predicted using LNA. However, the inverted re-
sult is better when LAI is employed as external assimilation parameter. Experiment data is used to test the assimilation technique
and result shows that the relative errors for initial parameters of growth model and yield are less than 2.5% and 5%, respectively.
RMSE values are between 0.7 and 2.2, which indicates that the assimilation technique based on PSO is reliable and applicable
and that this new assimilation technique can lay the foundation for crop model application from spot to region scale.
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application of crop model. Remote sensing can provide timely

1 INTRODUCTION

crop model environmental parameters, so that the simulation is

Crop growth model based on ecosystem and principle of en-
ergy conversion could quantitatively describe crop physiologi-
cal and ecological processes and their relationship with external
environment by means of mathematics and physics methods. It
is a kind of mechanism and dynamic simulation model (Yu,
1994). It can predict leaf area index, biomass and yield well at
single point (Ye et al., 2007, 2008). Crop growth model needs
some initial input parameters, including meteorological data,
soil data, crop varieties and management technical measures
(such as sowing date, density, fertilizing amount). When the
multi-point or regional-scale application of crop growth models
(such as large area yield estimation) was needed, these initial
parameters may be different in each space point, resulting in
difficult acquisition for initial parameters on multi-point or
regional-scale, which limits the model effective application on
large scale. Therefore, the combination of remote sensing tech-

nology and crop models is used as key technology for regional
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closer to reality, and through production difference analysis, to
provide policy recommendations and guidance for higher yield
(Wang et al., 2005). Furthermore, remote sensing can also pro-
vide accurate, real-time information for large area crop growth
parameters(Deng, 2002; Wang et al., 2002). Therefore, crop
growth model (continuous time process) and remote sensing
(spatial scale continuous), the two space-time complementary
combination are expected to solve the problem that it is hard to
acquire initial input parameters used in growth model on re-
gional scale application (Wit et al., 2007; Martin et al., 2008).
There are a lot of research about the combination of crop
growth model and remote sensing technology both at home and
abroad, including the drive method which uses remote sensing
as model input variables for driving the model and the assimila-
tion method which uses state variables retrieved from remote
sensing to calibrate crop model process or re-initialize the crop
model for optimization. The research about assimilation method
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based on the combination of crop model and remote sensing
information mainly includes optimization algorithms, the
choice of parameters to be optimized and the regionalization
methods of crop growth model (Ma et al., 2005b; Marie et al.,
2005). Many studies show that the selection of optimization
algorithm used in assimilation of crop growth model and re-
mote sensing data is crucial (Yan, 2006). The choice of optimi-
zation algorithm could determine the assimilation efficiency
and retrieval result accuracy. Zhao et al. (2005) used SCE_UA
and SA in remote sensing-cotton growth model assimilation to
forecast cotton yield, the error of simula- tion being about 5 %.
Yan (2006) in the assimilation of remote sensing and
CERES Wheat model used SCE_UA algorithm and achieved
good results. Guerif & Duke (1998) used FSEOPT program to
get some important parameters (such as sowing, leaf area, et al.)
needed in SUCROS model in assimilation process to predict the
yield of beet. However, the principle of those methods men-
tioned above is complicated resulting in the difficulty to change
algorithm with self-prog- ramming for local application, which,
to some extent, limits their application.

Therefore, this article aims to introduce an optimization al-
gorithm with simple principle and could be integrated eas-
ily—Particle Swarm Optimization (PSO) (Kennedy et al.,
1995). Rooted on rice growth model-RiceGrow, we assimilate
growth information from remote sensing data to establish a
technique for initializing parameters needed by RiceGrow. This

technique can extend application of rice growth model from
single point to multi-point or region.

2 DATA SOURCES

2.1 Experiment design and data acquisition

2.1.1 Experiment design

Data used in this study come from two rice field experi-
ments, involving different years, different cultivars, different N
levels and different density, and the specific experimental de-
signs are as follows.

Experiment 1 was carried out in 2008 on Jiangpu Farm of
Nanjing Agricultural University. The experiment was a ran-
domized complete block design with four nitrogen rates and
two density rates, using the variety Yanjing9. Four nitrogen
rates were established as 150(N1), 240(N2), 330(N3), 420(N4)
kg'hm™. Two density rates were established as DI1(planting
spacing 20 cmx25 cm) and D2(planting spacing 30 cmx25 cm).
Sowing data was May 15th, transplanting data was June 15th
and dressing ratios was 5:5. The fertilization of P and K, and
other field managements followed the local rice production
standard. The experiment plots were arranged in two replica-
tions with the plot size of 45 mx90 m area.

Experiment 2 was carried out in 2007 at the experiment sta-
tion of Nanjing Agricultural Bureau. The experiment was a
randomized complete block design with three nitrogen rates,
using the variety Wuxiangjing14.Three nitrogen rates were 130
(N5), 260 (N6), and 390 (N7) kg-hm ™. Sowing data was May

20th, transplanting data was June 20th and planting spacing
15 cmx25 cm. The fertilization of P and K and the other man-
agement measures followed common standard in local produc-
tion. The experiment plots were arranged in three replications
with the plot size of 31.5 m* (3.5 mx9.0 m) area.
2.1.2  Measurements of canopy spectral reflectance

Rice canopy reflectance spectral measurements during ex-
periment 1 were made using a Field Spec Pro FR spectroradi-
ometer (Analytical Spectral Devices, Boulder, GO, USA) over
the 350 nm—2500 nm range with 3 nm (for the first spec-
trometer) and 10 nm (for the 2nd and 3rd spectrometers) reso-
lutions on main growth stage (jointing, booting, heading and
grain filling), respectively. The instrument with a 25°field of
view and 100cm distance above rice canopy was used to collect
spectral reflectance. All spectral measurements were made on
cloudless clear days at mid-day, 10: 00—14: 00. The spectral
measurements were taken at each plot as the average of five
scans. The spectral data were compared to a white BaSO, ref-
erence, taken before the start of each spectral measurement, for
calibration.
2.1.3  Remote sensing retrieval for agriculture parameter

Retrieval for leaf area index and leaf nitrogen accumulation
were based on difference vegetation index of 854 nm and 760
nm [DVI (854,760)] and ratio vegetation index of 827 nm and
742 nm [RVI (827,742)] to estimate (Tian, 2008), and the esti-
mated model was:

LAI=67.433 x DVI (854,760) +0.1008 )
LNA =24.424 x RVI (827,742) —26.55 2)

2.2 Data utility and analysis

Data from experiment 1 was used for testing the accuracy in
application of the technique we established in this article. Data
from experiment 2 was used to further test the reliability of
assimilation techniques. We used relative error (RE) and root
mean square error (RMSE) of simulated value and true value to
evaluate assimilation reliability.

3 SELECTION OF OPTIMIZATION ALGORITHM
AND MODEL

3.1 Particle swarm optimization

Particle swarm optimization (PSO) was first proposed by
Kennedy and Eberhart, and it groups each individual as a parti-
cle (point) with certain speed of flight and without quality and
size in multidimensional search space. Every particle would
modify their movement direction and speed through counting
the optimal value in individual and group in iterative process, to
form the positive feedback mechanism of group optimizing,
and each particle of the environment based on the fitness of the
individual gradually moves to more excellent region, and even-
tually to find optimal solution. The location of particles repre-
sents the solution of the problem to be optimized, and the per-
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formance advantages and disadvantages of each particle depend
on the fitness decided by objective function of optimization
problem. Each particle’s velocity vector determines its direction
and velocity of flight. Assuming there is a group(Swarm) con-
sisting of m particles in D-dimensional search space with a
certain speed flight, each particle in the search, considering the
best search point in the history and other’s in populations (or
neighborhood) would change their location (state, another word
is solution). Then:

The i® particle position is expressed as: x/=(xX1, X;2...s Xiq)s
I<i<m, I<d<D;

The {' pamcle velocity is expressed as: v; =(vi1, Viz, -5 Via)s

The i™ particle’s best point in history is experienced as:
P=Pits Pias s Did)s

The best point of all particles in populations (or areas) is ex-
pressed as: p=(Pg1, Pg2.---» Pad)-

In general, the particle position and velocity are continuous
true values within the space. Particle position and velocity
change according to the following equation:

Sk Kk ko k

Vid =Via +a&(Pig —Xig) + a1(Pgq — Xig) 3)
k+1 k k+1
Xig = Xig T Vid 4)

Among the equation, cl and c2 are the learning factor
(Learning Factor) or acceleration coefficient which could give
the ability of self-summary and learning from other outstanding
particle to individual, then close to the best in their own history
and neighbor area history. C1 and c2 values are usually 2 (Guo,
et al., 2007). & and neU [0,1] and is a random number between
0 and 1. In order to prevent the particles far from the search
space, particles flying speed is limited between a maximum
speed [—Vimaxs Vimaxls Vmax 18 @ constant, and in this study, the
value is 10.

In the actual course of the study, dimension is the number of
inversion parameters, and in this study is 3 and this algorithm is
used in the process of minimizing grown information difference
between remote sensing and growth model.

3.2 Rice grow model (RiceGrow)

In this study, the rice grow model (RiceGrow) we used was
built in the lab in which author studied. RiceGrow (Meng et al.,
2000, 2003, 2004) for the first time used physiological devel-
opment time (PDT) as a quantitative measure of rice develop-
ment process, and through introducing species-specific genetic
parameters, we established the rice growth stage of develop-
ment and the phenophase simulation sub-model based on
physiological and ecological processes of the rice growth.
Rooted on the foundation of quantitative analysis of dry matter
production and distribution index of physiological development
time and the dynamic changes of environmental factors, we
constructed the model of dry matter accumulation and distribu-
tion and sub-model of organs and yield based on the partition-
ing index and photosynthesis. At the same time, we also com-
bined the sub-model of soil-plant water balance and nutrient
balance of the dynamic simulation. (Hu et al., 2004; Zhuang, et

al., 2004).

The model system shows a good mechanism and predict-
ability and could quantitatively describe and predict the quality
of rice growth and yield formation of the dynamic process. Fig.
1 shows the rice growth model (RiceGrow) chart, the combina-
tion point with remote sensing is LAI and leaf nitrogen accu-
mulation (LNA) from model output, and the assimilated pa-
rameters of model were the sowing date, seeding rate and ni-
trogen rate.

Meteorological data, Soil Parameters, cultivar parameters and

rommo management measures =~ [TT°oC
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Fig.2 Assimilation scheme of remote sensing and RiceGrow model

4 TECHNOLOGY OF ASSIMILATION REMOTE
SENSING WITH MODEL BASED ON PSO

4.1 Assimilation of Remote Sensing Data with Crop
Growth Model

The study used assimilation method to achieve the combina-
tion of remote sensing information and RiceGrow model.
Through assimilating the state variables (LAI, LNA ef al.) esti-
mated by remote sensing, we minimized the difference between
parameters which were estimated by remote sensing and corre-
sponding parameter got from RiceGrow model. In this process,
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using PSO optimization, we constantly adjusted the initial pa-
rameter values of RiceGrow (sowing time, seeding rate and
nitrogen rate) with higher assimilation speed. When initiating
the input parameter of RiceGrow, we keep the prediction value
from model and the simultaneous estimated value from remote
sensing keeping converging until the difference is minimal. Then,
we take the initial parameter after adjusted as the initial input
parameter of crop growth model, and run RiceGrow (Fig. 2) to
get more accurately predicted value of growth dynamic process
and the yield and quality of rice.

When running crop growth model on spatial multi-points or
region scale, the cultivation management parameters that model
needs have large spatial variability in a certain region including
sowing time, seeding rate and nitrogen rate. It is difficult to
obtain these parameters sensitive to model on region scale, so
we determine these three parameters as initial parameters to
retrieve. Other initial parameter such as climatologically data,
soil date and so on, could be acquired from data interpolation or
relevant agencies. In addition, the previous studies always used
LALI as the assimilation variable (Mass, 1998; Yang et al., 2009)
and few used LNA physiological parameters as assimilation
variable. However, LNA has remarkable theoretical signify-
cance to nitrogen diagnosis of crop, and it is directly bound up
with crop yield (Feng, 2008). At the same time, LNA could be
retrieved by remote sensing successfully (Zhu et al., 2006,
Zhou. 2006).Therefore, LAI and LNA were chosen as junction
of remote sensing and crop model, and a contrastive analysis
was conducted in this study.

During the assimilation process, through comparing the LAI
(LNA) sequence estimated by remote sensing with the LAI
(LNA) sequence simulated by RiceGrow and computing with
PSO optimization, the parameter (optimum parameters retrieved)
including the initial sowing time, planting density, nitrogen rate
at the time of the minimal absolute sum of the two sequence’
remainder are confirmed as the initial parameter of the model,
and the specific process of retrievals is seen in Fig.3. First, a
group of model initial parameter is roughly given, the model is
run to simulate a sequence of LAI(LNA) , which is compared
with the LAI(LNA) sequence of correspondent time(date) esti-
mated by remote sensing. Then, whether the difference of the
two sequences is minimal is judged, and if it is, those are the
optimal parameters; if not, keep adjusting initial parameter until
the objective function value reaches minimal value. When ap-
plying at the region scale, through getting LAI(LNA) informa-
tion at multi-point, and using the assimilation method mentioned
above, initial parameters model needed could be retrieved, and
the model special application could be extended from single
point to region.

Objective function is defined as follows.

1 <—n
y= ;Zi:,(\ Fopvi = Beimi D 5)

where n is the number of external data assimilation, P is as-
similation parameters (LAI or LNA in this article)

4.2 Correctness verification of assimilation technique

The feasibility of the assimilation technology based on PSO

Inputs RiceGrow Model Outputs
K
Comparison of extract

PSO LAI (LNA) and external

assimilation LAI (LNA)

Inputting
assimilatuon
parameter after
modified

If reach
constringency
condition

Calculating
object function

Fig.3 Flow chart of assimilation process of remote sensing and model
based on PSO

can be tested by verifying whether this assimilation technology
could retrieve the initial parameters which input to running
model forward when the parameters simulated from running
model forward are used as external assimilation data. If it could,
the assimilation technique was reliable. Took LAI for example,
first give a group of parameter as real value, such as sowing
date (May 15th), seeding rate (75 kg-hm™), nitrogen rate (250
kg-hm™). And then run RiceGrow model to simulate the daily
production of LAI sequence, pick some of them an external
assimilation LAI, and run assimilation techniques based on the
proposed establishment RS-RiceGrow assimilation model to
test whether the model can show the correct initial parameter
information. The results showed that after running model 10
times, the RMSE between three initial parameter’s retrieved
values and their actual value were 0.7, 1.34, 2.2, and 3 average
retrieved value is May 15th, 74.75 kg-hm™ and 252.6
kg-hm™2 respectively. With the high precision, it was considered
that the assimilation technique we established was correct.
Meanwhile, a comparison between PSO and SA was made for
the assimilation effect (Table 1), and also compared was run
time the two algorithms spent. The results showed that the
RMSE values between retrieval of sowing time, sowing rate
and nitrogen rate value with SA and their actual values were 1.1,
1.64, and 2.81. From the time required to achieve target accu-
racy, we found that PSO took only one minute sixteen seconds,
while the SA took seven minutes, which showed that the former
is better than the latter in either retrieval accuracy or assimila-
tion efficiency,. In addition, we also used LNA as external as-
similation index: the RMSE were 1.3, 1.7, 1.095, the average
value of retrieval sowing date was May 16th, and retrieval
seeding rate was 76.9 kg-hm™ and the retrieval nitrogen rate
was 250.9 kg-hm 2. It indicated that LAI and LNA

Table 1 Retrieved average results based on simulated LAI/LNA as
external assimilation data

Retrieved N
rate/(kg-hm™)

Retrieved seeding

Retrieved sowing date rate/ (kg~hm’2)

LAI LNA LAI LNA LAI LNA
SA  May 15th May 13th 78 79.2 147.2 195
PSO May 15th May 16th 74.75 76.9 252.6 250.9
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each had advantage as external assimilation parameters: sowing
date and seeding rate could be well retrieved when LAI was
selected as external assimilation parameter, while nitrogen rate
was better predicted by using LNA.

4.3 Example analysis of assimilation technique

Based on date of soil, meteorology, variety and management
measures, we analyzed the RS-RiceGrow assimilation model
and the technique for getting initial inputs parameters under
real situation. With LATI from assimilating remote sensing data
and running RS-RiceGrow assimilation model to get sowing
time, sowing rate and nitrogen rate, the result also showed that
sowing date, seeding rate could be well retrieved when LAI
was selected as external assimilation parameter, while nitrogen
rate was better predicted using LNA. However, there is a big
difference between the true value and the retrieval value of
sowing time and sowing rate when using LNA as external as-
similation parameter and the nitrogen rate’s relative error is less
than 2.5% using LAI as external assimilation, which was ac-
ceptable; hence, it is suggested that LAI is more suitable for
this assimilation technique when using one external assimila-
tion. Fig.4 to Fig.6 shows the result of inversion values of sow-
ing time, sowing rate and nitrogen rate using LAI as external
assimilation parameter. The simulated yield from assimilation
model was shown in Fig.7. The results show that the retrieved
values of three initial parameters are in agreement with the
actual situation; the yield simulated from assimilation model
bears about 5% error compared with real grain yield,

Retrieved values

3 True values

Sowing data/(m-d)

NB, NB, NB, NB, NB, NB, NB, NB,
Treatment

Fig.4 Comparison of retrieved and observed sowing data
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Fig. 5 Comparison of retrieved and observed seeding rate

which is also acceptable. Fig.8, Fig.9 and Fig.10 show the
comparison difference of the data assimilation from models
simulated, RiceGrow simulated and actual measured value
based on experiment 2. From the figures, the various indicators
from assimilation model are in good agreement with measured
values, which further proves that this assimilation technique is
accurate and reliable.

500
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True values

B O

Nitrogen rate/(kg-hm=)

10 imulated values

easured values,

Yield/(thm)
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Fig. 7 Comparison of simulated and measured yield
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Fig. 8 Simulated LAI values by RS-RiceGrow assimilation model
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5 DISCUSSION

Existing research shows that the choice of optimization
method is very important in assimilation process of crop growth
model and remote sensing data due to its effect on running effi-
ciency and resultant accuracy of assimilation. In this study, a
new optimization--Particle Swarm Optimization (PSO) was
used for assimilating remote sensing data and RiceGrow model.
PSO was compared with another optimization--Simulated An-
nealing (SA) and the result indicates that PSO is better than SA
in both assimilation efficiency and retrieved accuracy. With
retrieved nitrogen as an example, seven minutes is needed by
SA but only one minute and thirty-six seconds by PSO to com-
plete the assimilation process, and the retrieved accuracy of
PSO is better than that of SA. On the other hand, PSO is simple
in principle and easy to program. And there is extensive space
for further improvement for ideal application (Gu et al., 2009;
Chen et al., 2009). Therefore, this study suggests that the PSO
has good prospect in the assimilation process of remote sensing
information and crop growth model.

Currently, most studies used LAI as external variable of re-

mote sensing and model assimilation (Maas, 1998; Yang, 2009),
because the LAI product based on remote sensing is reliable
and the study of remote sensing retrieved LAI is successful.
And at the same time, LAI is one of the most important state
variables of growth model. And there are few studies employ-
ing physiological data as external assimilation variable. In the
choice of external assimilation parameter in this study, besides
LAI we used LNA which is an equally important physical in-
dex and conducted a comparative analysis of the results. The
result shows that it is closer to the true value when LNA is used
as external assimilation parameter for retrieved nitrogen and the
same case is made for LAI for retrieved sowing and seeding,
maybe because LNA is more sensitive than LAI in nitrogen
module in RiceGrow model. At the next step of this study using
both LAI and LNA as external assimilation parameter will be
considered in order to improve the accuracy of the initial pa-
rameter inversion.

In the existing combination of optimization algorithm and
model, the overseas growth model is always employed and the
complicated optimization algorithm chosen. This study intro-
duces a simple and effective algorithm-Particle Swarm Optimi-
zation and uses RiceGrow model which has independent intel-
lectual property rights in collaboration with remote sensing
information, and constructs an assimilation technique of remote
sensing and RiceGrow model based on Particle Swarm Opti-
mization. The test result shows that it has good application
effect. It should be noted that a RiceGrow-remote sensing
model assimilation technology built in the study is based on the
accuracy and reliability of RiceGrow and remote sensing re-
trieved. So, how to improve the accuracy of RiceGrow model
and remote sensing retrieved model in the assimilation process
would be the key point in further study.

It should be also noted that the construction of assimilation
technology by this study enables the model to be used in re-
gional-scale, in short, the realization of model usage at any
point of the area. Out of the limitation of altitude remote sens-
ing information, this model is not credited with the application
based on full remote sensing image. In the future, use more
extensive ground and altitude remote sensing information
should be used its testing and evaluation.

6 CONCLUSION

The assimilation technique of Remote Sensing information
and RiceGrow model based on PSO is better than that based on
SA in both assimilation efficiency and retrieved accuracy,
which indicated that PSO is a reliable optimization algorithm
for assimilating remote sensing information and model. Com-
pared to LNA, the retrieved result is better when LAI is used as
external assimilation parameter.
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