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Abstract

This paper addresses the problem of predicting biomass and grain protein
content using improved particle filtering (IPF). First, we propose to use the IPF
for improving nonlinear and non-Gaussian crop model predictions. In case of
standard particle filtering (PF), the latest observation is not considered for the
evaluation of the weights of the particles as the importance function is taken to be
equal to the prior density function. Unlike the PF which depends on the choice of
sampling distribution used to estimate the posterior distribution, the IPF yields an
optimum choice of the sampling distribution based on minimizing Kullback-
Leibler divergence, which also accounts for the observed data. Second, we apply
the state estimation techniques PF and IPF for predicting biomass and grain
protein content. In a first step, we present an application of the IPF to a simple
dynamic crop model with the aim to predict a single state variable, namely winter
wheat biomass. In a second step, we apply the IPF for updating predictions of
complex nonlinear crop models in order to predict protein grain content. The
performance of the estimation techniques is evaluated on a synthetic example in
terms of estimation accuracy and root mean square error.
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1. Introduction

Dynamic crop models such as EPIC [1], WOFOST [2], DAISY[3], STICS
[4], and SALUS [5] are non-linear models that describe the growth and
development of a crop interacting with environmental factors (soil and climate)
and agricultural practices (crop species, tillage type, fertilizer amount,...). They
are developed to predict crop yield and quality or to optimize the farming
practices in order to satisfy agricultural objectives, as the reduction of nitrogen
lixiviation. More recently, crop models are used to simulate the effects of climate
changes on the agricultural production. Nevertheless, the prediction errors of
these models may be important due to uncertainties in the estimates of initial
values of the states, in input data, in the parameters, and in the equations. The
measurements needed to run the model are sometimes not numerous, whereas the

1


mailto:majdi.mansouri@ulg.ac.be

field spatial variability and the climatic temporal fluctuations over the field may
be high. The degree of accuracy is therefore difficult to estimate, apart from
numerous repetitions of measurements. For these reasons, the problem of
state/parameter estimation represents a key issue in such nonlinear and non-
Gaussian crop models including a large number of parameters, while
measurement noise exists in the data.

For example, it is useful to predict the evolution of variables, such as the

biomass and the grain protein content during the crop lifecycle. State estimation
techniques can be of a great value to solve that problem since they have the
potential to estimate simultaneously the variables and several parameters. As an
example, involved parameters are the radiation use efficiency, the maximal value
of the ratio of intercepted to incident radiation, the coefficient of extinction of
radiation, the maximal value of LAL ... The estimation problem that is addressed
here can be viewed as an optimal filtering problem, in which the posterior
distribution of the unobserved state, given the sequence of observed data and the
state evolution model, is recursively updated.
Several state estimation techniques are developed and used to estimate state and
parameters in environmental systems [6, 7, 8, 9]. These techniques include the
extended Kalman filter (EKF) [10, 11], the unscented Kalman filter (UKF) [11,
12], the particle filter (PF) [13, 14], the variational Bayesian filter (VBF) [15, 16,
17, 18] and more recently the improved particle filter (IPF) [19].

The objectives of this paper are twofold. The first objective is to use

improved Particle filtering (IPF) based on Kullback-Leibler divergence
minimization for improving nonlinear and non-Gaussian crop model predictions,
by assuming time-varying statistical parameters.
The second objective is to apply the state estimation techniques PF and IPF for
predicting biomass and grain protein content. In a first step, we present an
application of the IPF to a simple dynamic crop model with the aim to predict a
single state variable, namely winter wheat biomass. In a second step, we apply the
IPF for updating predictions of complex nonlinear crop models in order to predict
protein grain content.

The rest of the paper is organized as follows. In Section 2, a description of
an improved particle filtering for nonlinear crop model predictions is presented.
Then, in Section 3, the performances of the proposed new improved particle
filtering are evaluated and compared to the standard particle filtering through the
application cases. Finally, some concluding remarks are presented in Section 4.

2. Description of Improved Particle Filtering

Particle filtering suffers from one major drawback. Its efficient
implementation requires the ability to sample from p(zk |Zk_l), which does not

take into account the current observed data, ), and thus many particles can be
wasted in low likelihood (sparse) areas [20]. This issue is addressed by the



proposed improved particle filter (IPF), which is described in the next sub-
section.

2.1. Improved Particle Filtering (IPF)

The distribution of interest for the state takes the form of a marginal posterior
distribution p(z ' ‘ Yok ) The proposed extended Bayesian sampling algorithm (also

named as improved particle filtering, IPF) is proposed for approximating
intractable integrals arising in Bayesian statistics. By using a separable

approximating distribution §(z,) = c}(zk‘z&k_l s Vo ) =11,4(z,) to lower bound the
marginal likelihood, an analytical approximation to the posterior probability
p(zk‘ yojk) is provided by minimizing the Kullback-Leibler divergence (KLD)
[18]:

C}(Zk|ZO:k—l’y0:k)

Dy, (é”p): Ié(zk|ZO:k—l’y0:k )log dz,
P(Zk|zo:k—1sy(>;k)
(1)
Where,
é(zk |ZO:k—1 > Yo ) = Hié(Zi ‘ZO:k—l’yO:k ): q(z)q()q(A,)
(2)

Minimizing the KLD subject to the constraint I G(z,)dz, = H[qu(z}; Yz, =1, the
Lagrange

multiplier scheme is used to yield the following approximate distribution [21],
‘}(Zlk ) eXplE(log(p(yojk 2 Zk ))Hjﬁz}(zi ) J
3)

where E(log(p(yOzk,zk))njié(zj) denotes the expectation operator relative to the

distribution qA(Zf ) . Therefore, these dependent parameters can be jointly and
iteratively updated. Taking into account the separable approximate distribution
é(zil ) at time & — 1 , the posterior distribution p(zk| Yo.x ) is sequentially
approximated according to the following scheme:

ﬁ(zk‘yO:k) oc p(yk‘zk )p(Zkﬂj’k‘:uk g, (L)
“4)

where q,(u)= _[p(ﬂk |:uk—1 )y )dp,



Hence, the particles {zé’,ﬁ }ZO are sampled according to the following optimal
function:

§(z0) = [Nzl A0 Py 420002, 203y dA,
(5)

The recursive estimate of the importance weights can be derived as follows:

POz o280

JO = 6D
¢ ¢ qA(Zk|ZO:k—1’y0:k)

(6)

Equation (5) provides a mechanism to sequentially update the importance
weights, given an appropriate choice of proposal distribution, qA(zk|20:,H, yo:k).
Then, the estimate of the augmented state z, can be approximated by a Monte

Carlo scheme as follows:
N

5 _ (i) ()
zy _Zlk Zy

i=0

(7

3. Simulation Results Analysis

3.1. Case 1 : A simple example: a dynamic model simulating wheat
biomass

3.1.1. The overall formalism

In this section, we describe a simple dynamic crop model that will be used
to compare the performances of PF and IPF. The crop model has a single state
variable representing above-ground winter-wheat biomass. This state variable is
simulated on a daily basis in function of the daily temperature and the daily
incoming radiation according to the classical method presented in ([22]). The
biomass at time k+1 is linearly related to the biomass at time & as follows:

Biom, = Biom + E,E, (1 —e KM )PARk +w,
(8)

2

where k is the day number since sowing, Biom, is the true above-ground plant
biomass on day k, PAR, is the incoming photossynthetically active radiation on
day k, LAI, is the leaf-area index on day k and W, is a random term representing

the model error. The crop biomass at sowing is set equal to zero: Biom, =0. LAI,
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is calculated in function of the cumulative degree-days (over a basis of 0°C) from

sowing until day &, noted 7, , as follows ([23]):

1 B
_ _ BIL-T;]
LAI, = Lmax(l e ,

9)

1
where the parameter 1, is set equal to 77\ in order to have 247, = 0.
Blogil+e & ’

The model includes two input variables X, =[T,,PAR, ] and seven parameters
(Eb,El-maX,K oLos 4,B,T, Sl). E, is the radiation use efficiency which expresses

the biomass produced per unit of intercepted radiation, £ . is the maximal
value of the ratio of intercepted to incident radiation, K is the coefficient of
extinction of radiation, L, is the maximal value of LAI, I, defines a

temperature threshold, and A4 and B are two additional parameters. At this
stage, the parameter values are assumed to be known and obtained from ([23]).

We suppose that N measurements of biomass, )}, V55 )35+ Yy, are made
at different times before harvest on the site-year of interest. In practice, values of

Vi can be derived from plant samples or from remote-sensing data. We assume
that each measurement ), is related to the biomass Biom, by
y,= Biom,+v,

(10)

where V, is a random term representing measurement errors. In the next section

we show how such measurements can be used to improve the accuracy of biomass
predictions.

3.1.2. Numerical application
3.1.2.1. Estimation of the biomass

Based on the equation (10), the Biomass is estimated at each date of measurement
using both PF and IPF algorithms (Fig. 1). Table 1 illustrates the Root Mean
Square Error (RMSE) using the two algorithms PF and IPF. Fig. 1 and Table 1
show that IPF outperforms PF, these advantages of the IPF are due to the fact it
provides an optimum choice of the sampling distribution used to approximate the
posterior density function, which also accounts for the observed data.
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Fig. 1. Estimation of state variable Biomass versus N (days) using PF and IPF techniques.

Technique ERROR

Biomass
Kg/ha
PF 6.113
IPF 4.245

Table 1. ERROR of estimated Biomass

3.2. Case 2 : IPF for complex nonlinear crop models
3.2.1. The overall formalism

A nonlinear complex crop model can be defined by:

X = f(xk—l’uk—l 0,5 Wk—l)

(11)



Suppose that a measurement ), is available at time £ and that ), is related to the
state variable vector by:

yk:h(xk’uk’ek’vk)
(12)

Note that in equations (11) and (12). The process and measurement noise vectors
have the following properties:

E[Wk]:() E[kakT]:Qk E[vk]z() E[vkv,f]:Rk
The function £ is used to predict the value of the state vector at some time step
(k) given its value at the previous time step (k —1), and the function / relates

the measured vector (yk) to the state vector (Xk) at the same time step. Also,
defining the augmented vector, Y, is the vector of input variables, t9k is a
parameter vector (assumed to be known), ), is the vector of the measured
variables, W, and V, are respectively model and measurement noise vectors, and

the matrices, ;, and R, represent the covariance matrices of the process and
measurement noise vectors, respectively.

Since we are interested to estimate the state vector X, as well as the parameter

vector 8, , let’s assume that the parameter vector is described by the following
model:

0, =0, %7,
(13)

where };_; is white noise. In other words, the parameter vector model (13)

corresponds to a stationary process, with an identity transition matrix, driven by
white noise. We can define a new state vector that augments the two vectors

together as follows:
. = |:xk:| _ |:f(xk—1 U150, W, ):|
‘ 0, O, + 71
(14)

where Z, is assumed to follow a Gaussian model as z, ~ N(#;,4,) , and where at

any time k the expectation f/,and the covariance matrix /Ik are both constants.
Also, defining the augmented vector,



(15)

the models (11) and (12) can be written as:

Zy = S(Zk—Puk—l’ gk—l)
Vi = m(zk’ukﬂvk)
(16)

~

where the two nonlinear differentiable functions 3 and R in equation (16) are
nonlinear differentiable functions that describe the changes in the state variables
over discrete time. The function 3 is used to predict the value of the state vector
at some time step (k) given its value at the previous time step (k —1), and the

function R relates the measured vector }; to the state vector Z, at the same
time step.

3.2.2. Application to a crop model predicting grain protein
content

The AZODYN crop model ([24]) is a nonlinear dynamic model simulating
winter-wheat crop in function of environmental variables (characteristics of the
crop at the end of winter, soil characteristics, climate) and of nitrogen fertilization
(dates and rates of fertilizer applications). We consider a particular site-year
(2008-2009). This model can be used to predict grain yield, soil mineral nitrogen,
and grain protein content at harvest. AZODYN is a useful tool for studying the
effects of nitrogen management on crop yield, grain quality and risk of pollution
by nitrate ([25]). Before flowering, five state variables are simulated each day by
AZODYN: nitrogen uptake (NU), dry matter (DM), nitrogen-nutrition index
(NNI), leaf-area index (LAI), soil mineral nitrogen supply (SNS). We consider
chlorophyll-content measurements obtained with a chlorophyll meter. These
measurements are correlated to one of the model state variables, namely nitrogen
uptake, and can be easily performed by farmers, collecting-firm operators, or
farmers’ advisors. Here, we suppose that only one chlorophyll-content
measurement is performed at flowering and that this measurement is linearly
related to the model state variables as follows:

ym,= p+Hxm, +vm,
(17)

where Y, and XM, are, respectively, the chlorophyll-content measurement and
the (5x1) vector of the true state-variable values at flowering, £ is an intercept
parameter, and H is a one-row matrix defined by H = («,0,0,0) where o is
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the slope of the linear equation relating the measurement to nitrogen uptake. We

assume that the error term V1, is Normally distributed, Vi, ~ N (O,R). The IPF is

used to update the five states variables nitrogen uptake (NU), dry matter (DM),
nitrogen-nutrition index (NNI), leaf-area index (LAI), soil mineral nitrogen

supply (SNS) given a single chlorophyll-content measurement Y7, performed at

flowering. Yield and grain protein content at harvest are then estimated from the
updated state variables.

Figures 2, 3 and Table 2 show the estimation of the two states variables Yield and
grain protein content using PF and IPF. The results show the performance of IPF
over PF, the efficiency of IPF is due to the fact it uses the KLD divergence to
compute the optimum sampling distribution used to approximate the posterior
density function, which also accounts for the observed data.
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Fig. 2. Updated value of grain protein content (kg/ha) versus N (days) using PF and IPF
techniques.
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Fig. 3 Updated value of yield (kg/ha) versus N (Days) using PF and IPF techniques.

Table 6. ERROR of estimated states

Technique ERROR
Yield grain protein
content
PF 0.942 0. 0603
IPF 0.736 0.0381

4. Conclusions

In this paper, we developed an improved Particle Filter (IPF) for crop model
predictions. Specifically, two comparative studies are performed. In the first
comparative study, we presented a simple application of the new IPF to a linear
dynamic crop model predicting only one state variable, namely winter wheat



biomass. In the second comparative study, we used the proposed IPF for updating
predictions of complex nonlinear crop models. In this case, the proposed IPF is
applied to a nonlinear model predicting an important winter-wheat quality
criterion and grain protein content. The results of both comparative studies show
that the IPF provides a significant improvement over the PF because, unlike the
PF which depends on the choice of sampling distribution used to estimate the
posterior distribution, the IPF yields an optimum choice of the sampling
distribution, which also accounts for the observed data. The performance of the
proposed method is evaluated on a synthetic example in terms of estimation
accuracy, and root mean square error.

Acknowledgement
This work was made possible by Fonds de la Recherche Scientifique (FNRS)

grant. The statements made herein are solely the responsibility of the authors.

References

[1]J. Williams, C. Jones, J. Kiniry, and D. Spanel, “The epic crop growth model,”
Trans. ASAE, vol. 32, no. 2, pp. 497-511, 1989.

[2] C. Diepen, J. Wolf, H. Keulen, and C. Rappoldt, “Wofost: a simulation model
of crop production,” Soil use and management, vol. 5, no. 1, pp. 16-24, 1989.

[3] S. Hansen, H. Jensen, N. Nielsen, and H. Svendsen, NPo-research, A10:
DAISY: Soil Plant Atmosphere System Model. Miljestyrelsen, 1990.

[4] N. Brisson, B. Mary, D. Ripoche, M. Jeuffroy, F. Ruget, B. Nicoullaud, P.
Gate, F. Devienne-Barret, R. Antonioletti, C. Durr et al., “Stics: a generic model
for the simulation of crops and their water and nitrogen balances. i. theory, and
parameterization applied to wheat and corn,” Agronomie, vol. 18, no. 5-6, pp.
311-346, 1998.

[5] B. Basso and J. Ritchie, “Impact of compost, manure and inorganic fertilizer
on nitrate leaching and yield for a 6-year maize-alfalfa rotation in michigan,”
Agriculture, ecosystems & environment, vol. 108, no. 4, pp. 329-341, 2005.

[6] M. Mansouri, B. Dumont, and M.-F. Destain, “Modeling and prediction of
nonlinear environmental system using Bayesian methods,” Computers and
Electronics in Agriculture, vol. 92, pp. 16-31, 2013.

[7] M. Mansouri, B. Dumont, and M.-F. Destain, “Predicting Grain Protein
Content of Winter Wheat,” ESANN 2014 Proceedings, Bruges (Belgium), 23 - 25
April 2014.

[8] B. Dumont, V. Leemans, M. Mansouri, B. Bodson, J.-P. Destain, and M.-F.
Destain, “Parameter identification of the stics crop model, using an accelerated

11


http://scholar.google.com/citations?view_op=view_citation&hl=fr&user=nfeZfuEAAAAJ&cstart=20&citation_for_view=nfeZfuEAAAAJ:dhFuZR0502QC
http://scholar.google.com/citations?view_op=view_citation&hl=fr&user=nfeZfuEAAAAJ&cstart=20&citation_for_view=nfeZfuEAAAAJ:dhFuZR0502QC

formal memc approach,” Environmental Modelling and Software, vol. 52, pp.
121-135, 2014.

[9] Mansouri, Majdi, Benjamin Dumont, and Marie-France Destain. "Modeling
and Prediction of Time-Varying Environmental Data Using Advanced Bayesian
Methods." Exploring Innovative and Successful Applications of Soft Computing
(2013): 112.

[10] L. Ljung, “Asymptotic behavior of the extended kalman filter as a parameter
estimator for linear systems,” IEEE Trans.on Automatic Control, vol. 24, no. 1,
pp. 3650, 1979.

[11] A. Romanenko and J. A. Castro, “The unscented filter as an alternative to the
ekf for nonlinear state estimation: a simulation case study,” Computers &
chemical engineering, vol. 28, no. 3, pp. 347-355, 2004.

[12] F. Gustafsson and G. Hendeby, “Some relations between extended and
unscented kalman filters,” Signal Processing, IEEE Transactions on, vol. 60, no.
2, pp. 545-555, 2012.

[13] M. Mansouri, H. Nounou, M. Nounou, and A. A. Datta, “Modeling of
nonlinear biological phenomena modeled by s-systems using bayesian method,”
in Biomedical Engineering and Sciences (IECBES), 2012 IEEE EMBS
Conference on. IEEE, 2012, pp. 305-310.

[14] G. Storvik, “Particle filters for state-space models with the presence of
unknown static parameters,” IEEE Trans. On Signal Processing, vol. 50, no. 2,
pp. 281-289, 2002.

[15] Mansouri, Majdi, Benjamin Dumont, and Marie-France Destain. "Bayesian
methods for predicting LAI and soil moisture." Proceedings of the 11th
International Conference on Precision Agriculture. 2012.

[16] Mansouri, Majdi, Benjamin Dumont, and Marie-France Destain. "Prediction
of non-linear time-variant dynamic crop model using bayesian methods."
Precision agriculture’13. Wageningen Academic Publishers, 2013. 507-513.

[17] M. Mansouri, B. Dumont, and M.-F. Destain, “Modeling and prediction of
nonlinear environmental system using Bayesian methods,” Computers and
Electronics in Agriculture, vol. 92, pp. 16-31, 2013.

[18] M. Mansouri, H. Nounou, M. Nounou “Non Linear and Non Gaussian States
and Parameters Estimation using Bayesian Methods -- Comparatives Studies”,
Soft Computing Intelligent Algorithms in Engineering, Management, and
Technology, Book edited by: Pandian Vasant, Publisher: IGI global, Publishing
date: 2013, 30p.

12



[19] Mansouri M., Dumont B., & Destain M.-F. Predicting Biomass and Grain
Protein Content Using Bayesian Methods. Stochastic Environmental Research
and Risk Assessment (accepted with minor revision).

[20] A. Doucet and A. Johansen, “A tutorial on particle filtering and smoothing:
Fifteen years later,” Handbook of Nonlinear Filtering, pp. 656—704, 2009.

[21] A. Corduneanu and C. Bishop, “Variational bayesian model selection for
mixture distribution,” in Artificial Intelligence and Statistics, 2001.

[22] C. Varlet-Grancher, R. Bonhomme, M. Chartier, and P. Artis, “Efficience de
la conversion de 1’“energie solaire par un couvert v'eg’etal,” Acta Oecologica.
Oecologia plantarum, 1982.

[23] F. BARET, “Contribution au suivi radiometrique de cultures de cereales,”
Ph.D. dissertation, 1986.

[24] M.-H. Jeuffroy and S. Recous, “Azodyn: a simple model simulating the date
of nitrogen deficiency for decision support in wheat fertilization,” European
Jjournal of Agronomy, vol. 10, no. 2, pp. 129—-144, 1999.

[25] J.-M. Meynard, M. Cerf, L. Guichard, M.-H. Jeuffroy, D. Makowski et al.,
“Which decision support tools for the environmental management of nitrogen?”
Agronomie-Sciences des Productions Vegetales et de |’Environnement, vol. 22,
no. 7-8,

pp. 817-830, 2002.

13

© 2014 ISPA. All rights reserved.


Trista Smith
© 2014 ISPA. All rights reserved.


