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Abstract—Deciding when to irrigate on arable farms is a

complex problem, influencing both the environment and the

financial interests of the farmer. The aim of this work is to

combine the knowledge of crops and control engineering to

construct an irrigation strategy which minimizes an economical

cost function, keeping in mind interests and limitations of arable

farming through a specific use case. Measurements are used

together with a physiological crop growth model, WOFOST, to

describe and predict dynamical behaviour of potatoes during a

growing season. This behaviour is used by a model predictive

controller deciding when to irrigate. Results show that model

behaviour closely represents actual crop behaviour for the

year 2017, which consisted of regular weather circumstances.

Additional modelling effort is required to describe crop growth

accurately for circumstances such as unusual weather. For 2017,

the controller is evaluated and shows a yield increase of 7 percent

while using 22 percent less irrigation water.

Index Terms—Irrigation, model predictive control, data assim-

ilation, arable farming, WOFOST.

I. INTRODUCTION

Global water usage can be attributed to agriculture for
approximately 70 percent, of which the majority is used for
irrigation [1]. As sustainable food production is one of the
major challenges of the United Nations, it is of importance
to use this water adequately [2]. To efficiently irrigate, the
effect on crops needs to be known. One way to explore
this effect is through the use of physiological process-based
models. As irrigation can be considered an active control input,
combining crop knowledge with dynamical systems theory
provides an opportunity to develop control methods to utilize
irrigation water effectively. It is of importance to design these
strategies such that they are attainable and reflect what is
beneficial to commercial arable farms. In short, present work
gives an approach to tackle the challenge of designing an
irrigation strategy by combining knowledge of physiological
crop growth models, control engineering and commercial
arable farming.

A. Physiological growth models for crops

For the purpose of understanding and predicting dynamical
crop behaviour, a wide range of physiological crop growth
models have been created. These models predict crop growth
using difference or differential equations that describe the
dynamics of the system, as well as empirical components [3].
The storage of biomass in crops exhibits first-order behaviour
and thus acts as an integrator, accumulating mass.

The enhancements that technologies based on crop models
provide are adopted by few farmers, even in developed coun-
tries [4]. This is partly due to the considerable discrepancy
between the growth prediction of crop models and what is
observed in crops on commercial arable farms. Although crop
models have been broadly validated [5], they often do not
contain complex processes such as nutrient interactions, effects
of extreme weather and reducing growth factors such as pests.
Such factors are often present on arable farms and thus degrade
accuracy of crop models when analyzing them on arable farms.

Performance of these models largely relies on non-linear
inputs, such as weather-, site-, soil-, crop- and management
specific data [6]. One of the model parameter sets that are
essential for obtaining proper model results are crop pa-
rameters, which are supposed to vary among cultivars. In
practice, there is a lot of uncertainty of calibrated parameters.
Such parameters are mostly based on empirical data and
there is often little information or documentation on how the
parameters are calibrated [7]. To calibrate crop parameters,
they are to be identified through dedicated experiments or
measured directly.

The increase in data availability, such as by remote sens-
ing [8], could improve the estimation accuracy of model states
and yield during a growing season. Active areas of research
in crop modeling is data assimilation using either sequential
methods, such as using a Kalman Filter to estimate model
states [9], or variational methods such as re-calibration of
parameters [10].
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B. Control engineering in agriculture
A challenge for control engineering is to combine the

knowledge of crop models and dynamical systems theory.
Dynamical systems theory has an extensive range of tools
to identify systems and design controllers. An example of
adapting crop models is the recent work by Kuijpers et al. [11],
which exploits the common structure of tomato crop growth
models and presents them by means of block diagrams and
differential equations. Another successful example is the work
of Pelak et al. [12], where a dynamic crop model is developed
without being overly complex for the purpose of being able
to use a broader set of tools dynamical systems theory offers.

Another way to go at combining these expertises is to adapt
control methods to match complex crop growth models. One
of the control methods that can be used to solve when and
where to irrigate is Model Predictive Control (MPC) [13].
Such methods take the current state of a system, as well as
its prediction, into account when optimizing a specified cost
function.

An MPC framework for irrigating crops has recently been
developed in Ref. [14]. In that work, a trade-off between
irrigation costs and profit is optimized. The framework takes
constraints on allocation and amount of irrigation systems into
account. This method assumes full state knowledge of the
system. Thus, for the irrigation strategy to be used it is of
importance to have a reliable state prediction, both for a short
horizon and to the end of the season [14].

C. Case study
Present study is performed for the use case of Van den

Borne Aardappelen (VdBA), a potato farm in the south of the
Netherlands. Data, including crop weight, is collected over
four years (2015–2018) for approximately 100 fields located
in the south of the Netherlands and the north of Belgium.

A recent study by Mulders et al. [15] analyzes the differ-
ences in crop growth between these fields. Using noisy data
sets, the study provides accurate growth curves for various
crop states (e.g., stem length and tuber weight) for the different
fields of VdBA. These results in combination with the data of
VdBA provide a unique opportunity to investigate crop models
and their validity in practice.

D. Focus of this work
The goal of this work is to explore the possibility of using

crop models to aid in irrigation strategy for commercial arable
farming. An objective throughout this work has been to reach
a feasible solution to be used by arable farmers.

The division of work to reach this goal is two-fold, first; as
state estimation and yield prediction is known to be inaccurate,
this work explores when and how the WOrld FOod STudies
(WOFOST) crop model can be used for state estimation
and yield prediction. A data assimilation method is used,
combining the model with tuber weight observations to change
parameters in the crop model. This in an attempt to improve
state estimation and yield prediction. Second; the model pre-
dictive control scheme for irrigation presented in Ref. [14]

is adapted for the use case of VdBA. By implementation,
it is analysed whether maximizing profit with this irrigation
strategy is feasible. Such a method shows how to beneficially
utilize (an increased accuracy in) yield forecast during the
season.

E. Contribution of this work
The three main contributions of this work are: 1) a data

assimilation method for WOFOST crop model using ob-
servations of tuber weight is constructed, implemented and
validated, 2) a model predictive control method for irrigation
following the work in Ref. [14] is expanded with a rollout
strategy for predicting costs and 3) combining techniques for
the use case of VdBA provided insights and recommendations
for arable farms on adopting an optimal irrigation strategy.

F. Outline
In section II a general introduction to a growing season

is presented, the most important dynamics of the WOFOST
simulation model are described, yield variability is described,
the available data is presented and the economics of the use
case are described. In section III an approach is given in order
to improve state estimation and growth prediction during a
season. The irrigation optimization scheme is presented in
section IV. In section V the results of assimilation are provided
and the historic irrigation strategy of VdBA is compared to a
heuristic strategy as well as the developed model predictive
controller. The results are discussed in section VI. Finally, the
conclusions and recommendations are presented in section VII
and section VIII.

II. PROBLEM FORMULATION

In this section, a general picture of a growing season is
presented, a description of the WOFOST dynamical crop
simulation model is given, field specific behaviour is outlined,
available measurement data is described and an economical
cost function is presented.

A. General picture growing season
An arable farm typically has multiple fields, we define field

j 2 F . Here F := {1, 2, ..., F} where F denotes the total
number of fields. A typical growing season, defined as the
period from which the sowing can start until harvest has ended,
roughly consists of the months March up to October. We define
day t 2 T where T := {0, 1, ..., T � 1}. Here T denotes the
length of the growing season in days. During this period, seed
potatoes are sowed (tjsow), fields are irrigated and fertilized and
near the end of this period the haulm is killed (tjhk), at which
tuber growth stops. Thereafter the fields are harvested (tjhv).
Fig. 1 provides a schematic introduction of T .

B. WOFOST simulation model
The WOFOST simulation model [16] is used for simulating

crop growth dynamics. It is a physiology-based model using
underlying processes such as photosynthesis for describing
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Fig. 1: General representation of a growing season T , with
accumulation of tuber weight presented by the curve, typical
irrigation moments presented by the vertical bars and the
various key moments tjsow, tjhk, tjhv and T are indicated on
the horizontal axis.

crop growth. How inputs are generated and specifics on how
the model is run are elaborated in Appendix A. Difference
equations are used to update state variables with a time-
step �t of one day. Potential growth is defined as the max-
imum growth that is theoretically possible given a physical
environment (including factors such as CO2 concentration,
radiation intensity and temperature) and plant species [5],
thus without limitation from water shortage, lack of nutrients,
or reduction from factors such as weeds or pests. Present
work uses the water-limited growth module, which models
the potential growth limited by water shortage using crop and
soil moisture dynamics.

1) Crop and soil moisture dynamics: With irrigation as
control input, ut , the soil moisture dynamics can be exploited
in order to attain a desirable irrigation strategy. When using the
water-limited module, the daily growth is impacted by water
shortage and can be formulated as

Gj
t = T j

red-tran,tG
j
max,t, (1)

where Gmax,t is the potential daily biomass assimilation and
Tred-tran,t is a factor representing the difference between actual
transpiration and potential transpiration, this reduction factor
is visualized in Fig. 2 and given by

Tred-tran,t = 1�
max{0, crjt � wcjt}

crjt � wpj
, (2)

where crjt is the critical soil moisture content, a variable de-
pendent on both weather, model states and soil properties, wpj
is the wilting point, a soil parameter. wcjt is the dimensionless
moisture content which is determined by

wcjt =
wajt
RDj

t

, (3)

where wajt [mm] is available water and RD [mm] is the rooting
depth. wajt is determined by

wajt+1 = wajt + uj
t + djt , (4)

where uj
t [mm] represents the control input for irrigation,

the amount of water that the farmer allocates to the field.
The natural disturbance , djt [mm], is a sum of precipitation
intensity (rain), runoff, evaporation and transpiration. djt is
dependent on both weather, soil properties and model states.
If wcjt > fcj , where fcj denotes the soil constant of field
capacity, djt decreases to drain wcjt to fcj within one day.

Fig. 2: Factor T j
red-tran,t as a function of soil moisture content

wcjt with wilting point wpj , critical soil moisture content crjt
and field capacity fcj . If 0  wcjt  wpj no growth occurs, if
wpj < wcjt < crjt growth is multiplied by factor T j

red-tran,t and
if crjt  wcjt maximum growth (growth not limited by water
stress) occurs.

C. Yield variability and model performance
On arable farms, there exists large variability of yield among

fields [17] as well as difference in modelled behaviour and
actual behaviour of the crop (model performance). Uncertainty
of dynamic behaviour of the crop is influenced by a lot of
factors, such as parameters that describe dynamical behaviour
of the crop (crop parameters) [7], site- and soil properties
and not or insufficiently modelled attributes, such as nutrient
availability, electrical conductivity and pests.

For a control strategy on irrigating fields, describing field-
specific behaviour is necessary to estimate model states and
predict final yield. Data acquired during T provides additional
information on dynamic behaviour of the crop and could
therefore be used to help describe field-specific behaviour.

D. Available data
VdBA acquires data of the crops during the season. The

available measurements that can be used for comparing actual
crop states to model states are tuber fresh weight, yjt [kg ha�1],
measurements. These are taken with equidistant time intervals
of approximately 14 days. We define O

j
t := {1, 2, ..., o} as

the label set of observations, with o the total number of
observations. The relation between tuber dry weight, a model
state denoted by xj

t [kg ha�1], and tuber fresh weight is given
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by xj
t = ct ·y

j
t where ct denotes the dry matter fraction of the

tuber. It is assumed

ct = max{0.22, 0.1 +
0.12

tcdm
· t}, (5)

where tcdm = 80. The relation between t and dry matter
fraction ct is schematically shown in Fig. 9 (Appendix A.3)
[18]–[20].

Fresh weight measurements of above ground biomass do not
show a clear relation to their respective dry weights, therefore,
these are not taken into account [20].

This data presents an opportunity to describe dynamical
behaviour by what is observed per field j during T . How
assimilating this into the model could improve prediction
accuracy is explored in subsection III-A.

E. Economics arable farm
Because an irrigation strategy is considered, only irrigation-

related costs are taken into account. The economics of the
arable farm are straightforward; the farmer has profits from
yield, ⇡ [e kg�1], and irrigation costs include labour costs
for every instance a field is irrigated, � [e ha�1] [21]. The
farmer will only irrigate a field to field capacity fcj , which
is assumed to cost the same regardless of wcjt . Initial costs
(e.g., installation of a pipe system to the field or purchasing
costs) are not taken into account. The cost function that is to
be maximized becomes

Jj
ec = ⇡yjT � �

TX

t=0

bjt , (6)

where Jj
ec denotes profit in [e ha�1], yjT [kg ha�1] is the

final yield and bjt 2 {0, 1} denotes whether field j is irrigated
on day t.

III. APPROACH DATA ASSIMILATION

This section is divided in two parts. First, a data as-
similation method to adapt crop parameters is described in
subsection III-A. Second, a validation approach is given in
subsection III-B.

A. Data assimilation method
As elaborated in subsection II-C, dynamic behaviour of

the crop is subject to uncertainty. To attempt to reduce this,
the tuber fresh weight measurements are used in combination
with the model to describe dynamical behaviour by what is
observed per field j during T . Intuitively; if a crop on one
field shows unexpectedly poor growth during the first half of
the season, one would adjust expectations and expect it to
show poor growth for the rest of the season.

It is assumed that unexpected dynamic behaviour can, for
a large part, be described by altering the crop parameters.
Therefore, a variational data assimilation method is chosen.
The variational method that is presented in this section departs
from purely physiological semantics of the parameters for
which they are modelled and calibrated. The adapted crop pa-
rameters then represent the dynamic behaviour of the crop for
a certain field rather than representing physiological attributes
of a crop variety.

1) Sensitivity: To determine which parameters are to be
adapted, a sensitivity analysis is used to detect parameters
that have the most impact on xj

t . The sensitivity analysis
method developed by Sobol et al. [22] is used. Using a Monte
Carlo approach, running the simulation model for various
crop parameters within a certain range, the variance of xj

t

is decomposed into fractions, which are attributed to the crop
parameters. These fractions, or total order sensitivity indices,
are the entries of Sj

p,t where p denotes the parameter in label
set of parameters P := {1, 2, ..., P} where P is the total
set of parameters and t 2 T . The choice is made to design
a field-independent update strategy based on the number of
observations, we thus evaluate

Stk,p =
1

F

X

j2F

Sj
tk,p, (7)

where k 2 O
j
t .

The range in which a parameter will be varied as input for
the Monte Carlo simulation run is based on the variability
of values that are usually found after calibration, as this will
predict the most likely behaviour of xj

t .

2) Update parameters: Determining the order of adapting
parameters follows this procedure:

1) Set k = 1, k 2 O
j
t , denoting the first observation.

2) p representing the largest entries of Stk,p will be the
parameters updated. If k = 1, one parameter is updated.
If 5 > k > 1, two parameters are updated. If k > 4
three parameters are updated.

3) Divide entries representing p (determined in step 2) by
two in all Sta,p, where a 2 O

j
t , k < a  o .

4) If k < o repeat step 2 to 4, now for k = k + 1.
Step 2 limits the amount of parameters that are changed in
order to lower the risk of over-parameterization, as the number
of data points is scarce. Step 3 follows a Bayesian reasoning;
an assumption is that an updated parameter will describe crop
behaviour characterized by this parameter more accurately
than a non-updated parameter. As the magnitude of parameter-
and measurement uncertainty is unknown, an arbitrary halving
of the entries for the set of p (determined in step 2) will be
applied to Sta,p, where a 2 O

j
t , a > k.

The optimization scheme for updating the crop parameters
is introduced as

minp

X

k2O
j
t

⇣
xj

obs,tk � xj
sim,tk,p

⌘2
, (8)

where xj
obs,tk , xj

sim,tk
denote the observation and simulation

values for tuber dry weight xj
t respectively.

B. Validation
To validate model behaviour with actual crop behaviour,

xj
act,t is introduced. xj

act,t represents the tuber weight value
on a growth curve for xj

t , provided by Mulders et al. [15].
xj

act,t is only available after the growing season, which prevents
utilizing it for updating parameters during the season. To attain
these curves, tuber growth is captured in Nonlinear Mixed
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Effects Models. The performance of these models is robust
to the measurement error, missing data, non-equidistant time
intervals and estimates naturally occurring variability, all of
which are factors present in the data set of VdBA. A field-
specific growth curve is estimated by employing variance
and co-variance of the entire data set (all measurements over
all fields). These determine field-specific transformations and
translations to an average mean growth curve from that year.
Specifics of this data reduction step are elaborated in Appendix
A.5. The fit of the mixed models on the tuber weight data set of
VdBA is high with R2 of the growth curves being 0.92. These
curves accurately represent tuber weight and are considered to
represent actual behaviour of the crop for tk � t � to with
k = 1.

To compare model behaviour to crop behaviour, two metrics
are used; Jj

s and Jj
e . Jj

s represents model performance, it
provides an indication of how accurate the state estimation
of xj

t is and thus whether estimation after modifications to
irrigation strategy are valid. Jj

s is given by

Jj
s =

1

lj

tjoX

t=tjk

0

@xj
act,t � xj

sim,t

xj

act,tjo

1

A
2

, (9)

where k = 1 and lj denotes the length of the validation period
lj = tjo � tjk with k = 1. Jj

e represents the prediction error
at the end of the validation period, this gives an indication on
how accurate the prediction of final yield is. Jj

e is given by

Jj
e =

0

@
xj

act,tjo
� xj

sim,tjo

xj

act,tjo

1

A
2

. (10)

Note that the difference between simulation and actual weight
is normalized by dividing by the actual weight at to. This
allows us to compare different fields relative to their weight
at the end of the observation period. Both are chosen to
evaluate, as for altering the irrigation strategy, final yield as
well as model accuracy are of importance. Both metrics are
analyzed before updating, and after every updated parameter
in section V.

IV. APPRACH OPTIMAL IRRIGATION STRATEGY

This section describes an MPC-based control strategy where
the MPC framework presented in Ref. [14] is adapted to
maximize profit for the use case of VdBA. A key difference
to the aforementioned work is that present work adopts a
rollout algorithm with base policy to compute irrigation costs
instead of a factor dependent on irrigation amount within the
prediction horizon.

A. Model predictive control
The task of maximizing Jj

ec in Eq. 6 at the start of the
season is difficult due to uncertainty in weather prediction. In
order to reduce this uncertainty and create adaptability in the
irrigation decisions, a model predictive control strategy with
a limited and receding horizon of N 2 N days is adopted.
Implementing a receding horizon means that the optimization
is computed for every time step and only the first time step

is implemented. During a short horizon of N  10, it is
assumed that weather influences can be predicted accurately
[23]. Furthermore, with the use of the calibration strategy
presented in subsection III-A, state estimation and growth
prediction will be adjusted during T .

B. Final yield prediction
For linking short-term growth during the control horizon

to a prediction of yield at the end of the season, yjT , the
approximation rule in Eq. 11 is used,

yjT |t =yjmin,t+

⇣
yjmax,t � yjmin,t

⌘ Pt+N�1
i=t Gj

max,i|t · T
j
red-tran,i|t

Pt+N�1
i=t Gj

max,i|t

, (11)

where Gj
max,i|t is the maximum assimilation of day i in

the remainder of time R := {t, t + 1, . . . , T} where t is the
day of simulation. yjmin,t is the yield when Tred-tran,t = 0 for
t + N � 1 � i � t and 1 for T � i � t + N . yjmax,t is
the yield when Tred-tran,t = 1 for T � i � t. Appendix B1
elaborates preceding assumptions, similar to the work of Ref.
[14], and demonstrates the validity of Eq. 11.

C. Rollout algorithm
As a field will have to be irrigated approximately one to

five times during T , a short horizon will not provide costs
indicative of the entire season. Therefore, costs after the
horizon are to be taken into account to predict total costs
during the season. To do this, a rollout algorithm for predicting
irrigation costs beyond the horizon is created using a base
policy to irrigate to field capacity fcj when the soil moisture
content wcjt drops below critical level crjt . The constraint for
the optimization problem that represents this base policy is

wcji|t � crji|t for T � i � t+N. (12)

The irrigation costs after the horizon are estimated by

cost-to-gojt = �
TX

i=t+N�1

rji|t, (13)

where rji|t 2 {0, 1} denotes the decision to irrigate. These are
constrained to Eq. 12 such that water stress is absent after the
horizon. As weather after the horizon is hard to predict [23],
a daily average will be taken from previous years.

D. Optimization scheme
Assumptions for the horizon and constraints for optimiza-

tion, similar to the work of Ref. [14], are given in Appendix
B.2 and Appendix B.3. The optimization scheme can now be
written as

maxd ⇡y
j
T |t � �

Pt+N�1
i=t aji|t

��
PT

i=t+N�1 r
j
i|t

subject to (Eq. 2,3,11,12,20–22).
(14)

where aji|t is a binary decision variable denoting the de-
cision to irrigate for t  i  t + N � 1 and d =
wcji|t, T

j
red-tran,i|t, ✏

j
i|t, u

j
i|t, y

j
T |t, ai|t, ri|t. Eq. (20 – 22) can be

found in Appendix B.3.
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V. RESULTS

First, results for model sensitivity are presented. Next, the
assimilation results are given where two metrics are presented
graphically. Finally, the optimal irrigation strategy results for
the use case of VdBA will be presented.

In subsection V-A and subsection V-B 28 fields (F = 28)
are evaluated, which are sampled using a stratified method.
The classification criteria are: year, nutrient richness, drought
sensitivity, whether a field was irrigated and size of seed
potato.

A. Sensitivity analysis
To obtain Stk,p, a dedicated python library for solving

sensitivity analyses is used [24]. The sobol analysis module
is used to compute total-order sensitivity indices Sj

t,p. The
ranges in which the model parameters are evaluated, together
with their description, is given in Tab. IV (Appendix A.2). To
reduce computation time, a selection of the nine parameters
with the highest total order sensitivity indices is made from
Sthk,p to be evaluated for all k 2 O

j
t . Fig. 3 provides Sthk,p.

Fig. 3: Sobol total order sensitivity index (Sthk,p) at time
thk for parameters, with the error bars representing standard
deviation.

TABLE I: Number of observations (left) and resulting param-
eters to be updated (right).

1 TSUMEM
2 TSUM1, AMAXTB
3 TSUM1, AMAXTB
4 AMAXTB, SLATB
5 AMAXTB, SLATB, SPAN
6 AMAXTB, SLATB, SPAN
7 AMAXTB, SLATB, SPAN

The procedure as given in subsubsection III-A2, with the
selection of nine parameters, is computed for all fields, this
results in the assimilation sequence presented in Tab. I.

B. Updating parameters

A solver dedicated to non linear optimization problems,
the NLOPT LN SBPLX routine [25], is used to optimize
Eq. 8. As constraints for optimization, the same bounds on
parameters, given by Tab. IV (Appendix A.2), are applied as
for the sensitivity analysis. Fig. 4 gives a visual representation
of updating throughout the season, with Tab. II providing the
resulting parameter values.

Fig. 4: Visual representation of assimilating during T . The
dotted lines indicate model results before updating (0) and
after updating of 1,2,3,4,5 and 6 times respectively. The large
black dots represent observations, the solid red curve repre-
sents the data reduction curve elaborated in subsection III-B
and the vertical blue line represents thk.

TABLE II: Number of observations (left), parameters updated
(middle) and respective values (right), the resulting tuber
weight is given in Fig. 4.

1 TSUMEM 392
2 TSUM1, AMAXTB 311, 32.9
3 TSUM1, AMAXTB 363, 32.9
4 AMAXTB, SLATB 30.6, 0.00321
5 AMAXTB, SLATB, SPAN 23.5, 0.00347, 41
6 AMAXTB, SLATB, SPAN 33.1, 0.00350, 41.3

The metrics introduced in subsection III-B are averaged over
fields in Eq. 15.

Js =
1

F

X

j2F

Jj
s , Je =

1

F

X

j2F

Jj
e . (15)
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Js is given for the years 2015 and 2018 in Fig. 5 and for the
years 2016 and 2017 in Fig. 6. The reason for separating these
is scale, 2015 and 2018 result in higher values for Js.

Fig. 5: Model performance metric Js as a function of number
of assimilated observations.

Fig. 6: Model performance metric Js as a function of number
of assimilated observations.

Fig. 7: Yield prediction metric Je as a function of number of
assimilated observations.

C. Optimal irrigation

The strategy presented in section IV is evaluated with costs
� = 175[e ha�1], profits ⇡ = 0.1[e kg�1] [21], prediction
horizon N = 10 [days] and 20 fields of VdBA of the year
2017 that were irrigated. 2017 is chosen as subsection V-B
showed reliable model results, this choice is elaborated in

subsection VI-B.

For the proposed MPC strategy, the crop parameters are
t-dependent, the parameters will be updated throughout the
season and are updated according to the assimilation method
elaborated in III-A. This means that, depending on t, the con-
troller will have different sets of crop parameters to evaluate
the model. For T � i � t +N , the daily weather of the last
70 years is averaged and used to evaluate yjmin,t, yjmin,t and
the cost-to-go of the base policy. For t + N � 1 � i � t
the actual weather is used. A dedicated Mixed Integer Linear
Programming problem solver [26] is used, which exploits
LP relaxation and a branch and bound method to solve the
optimization problem in Eq. 14.

A heuristic irrigation strategy is also evaluated, which is
equivalent to the base policy presented in subsection IV-C,
it is constraint to wajt � crjt such that T j

red-tran,t = 1. This
heuristic is evaluated for t where tjsow < t < tjhk, as it would
not make sense to irrigate before sowing or after the haulm is
killed.

The irrigation dates that are used to compare actual historic
events to the various strategies are provided by VdBA [27].

1) Results: The cost function in Eq. 6 is evaluated for these
three different irrigation strategies by simulating the model
with final updated parameters and the irrigation dates that
follow from historic data, the heuristic and the MPC strategy.
Jec, yield and irrigation amount averaged over the 20 evaluated
fields are shown in Tab. III.

TABLE III: Results various irrigation strategies.

VdBA Heuristic MPC
Jec [e ha�1] 7.87·103 8.19·103 8.57·103

Yield [kg ha�1] 8.38·104 9.35·104 8.97·104
Irrigation [dm3 ha�1] 2.95·103 6.58·103 2.30·103

Results show that 17 out of 20 fields increase in profit
for this MPC strategy over the historic irrigation dates from
VdBA.

When evaluating these 20 fields for the final updated pa-
rameters, model performance has significantly improved from
previously calibrated parameters. Performance metric Js has
decreased by 40% and the mean difference in dry weight at
last observation, 1

F

P
j2F

| xj
act,to � xj

sim,to
|, has decreased

from 2364 kg ha�1 to 1363 kg ha�1 after updating.

VI. DISCUSSION

A. Sensitivity
Results of the sensitivity analysis show that the variation

in dynamic behaviour of tuber weight is largely caused by a
small subset of the parameters. The resulting parameters to
be updated are not surprising, as these are often calibrated in
calibration studies [19], [28]–[30].

Determining the update order by sensitivity analysis is
limited by the uncertainty of parameters, parameter ranges, and
measurements. This resulted in subjectivity when developing
the update order presented in subsubsection III-A2. It cannot



8

be guaranteed that this update strategy results in the lowest
values for Js and Je that could be obtained with the available
measurements.

B. Assimilation
Results show a decrease in Js during the growing season

for most updates, however, hardly show a reduction of Je. It
can thus not be guaranteed that an assimilation strategy as
presented results in a better final yield estimate for all years.

It can be observed in Fig. 5, Fig. 6 and Fig. 7 that the
first update, updating TSUMEM (Thermal time from sowing
to emergence [�C ·d�1]), shows decreasing Js and Je and thus
improves both model performance and prediction accuracy for
all years.

The results in the year 2017 show an improvement
in model performance (lower Js) after most updates and
prediction accuracy (lower Je) after all updates and hereby
demonstrate aptitude of such a strategy. This year shows little
extraordinary weather features. In addition, 2017 has a large
lj and is thus validated for a large part of the growing season.
The long validation period and high model performance
allows to assume the model shows realistic behaviour and
thus allows for assuming irrigation changes will be modelled
accurately. Therefore, 2017 is chosen to apply the MPC
method to.

When evaluating results on individual fields, two distinct
patterns of incorrect model results are identified. One is a
well-performing model early in the season but overestimating
later. The cause could be not-included factors such as damage
due to water stress, effects of extreme weather events and/or
other growth-limiting and/or reducing factors. For example
in Fig. 11 (Appendix A.4), it can be seen that the growth
stagnates in August of 2016. The model results do not reflect
this. A very wet period was followed by a very dry period, as
well as a small period with heavy precipitation in early June,
which is argued to have caused damage in the potatoes [31].
These effects of extreme weather are not modelled, but could
be the cause of the observed behaviour [32]–[34].

The other identified case is a stagnation in growth from
the model, but continued growth on the actual field. This is
especially observed on fields in the year 2018, as shown in
Fig. 10 (Appendix A.4). The summer of 2018 is characterized
by extreme drought [35]. The water limited growth module as
presented underestimates T j

red-tran,t. In this case the assimilation
method will adapt parameters to improbable values in order
to get closer to the observed weight of the tuber.

In these cases of model inaccuracy, most of the unex-
pected dynamic behaviour of the crop cannot be described by
changing crop parameters. Describing this behaviour requires
additional modelling efforts.

C. MPC
The results, provided by Tab. III, show an improvement

in profit. This shows the potential of such a strategy for
potato farming, even without full state knowledge. The model
predictive controller suggests irrigating less, keeping costs

down rather than increase yield. This also results in saving
water. The MPC strategy results in a yield increase of 7 percent
with using 22 percent less water with respect to the historical
irrigation strategy. This implies that such a MPC strategy could
be economically as well as environmentally attractive at the
same time.

However, one should be careful analyzing the results. The
strategy is only validated over 2017. In addition, tuber weight
at moment of haulm killing is not validated as tjo < tjhk
(the mean number of days from last observation to haulm
killing is 15). Also, the final updated parameters are assumed
to represent actual growth of the crop. These do show better
prediction accuracy and model performance then previously
calibrated parameters. However, since parameters are now
updated empirically and possibly capture behaviour that is not
caused by their equivalent physiological attribute, it cannot be
guaranteed that changes in irrigation input will still result in
better model performance.

VII. CONCLUSIONS

Present work has explored the possibility of using crop
models to aid in irrigation of arable farms in two ways. It
has shown that a small number of tuber weight measurements
can improve model performance and prediction accuracy by
adjusting parameters that describe dynamical behaviour of the
crop. Also, this research has shown how to incorporate a
rollout algorithm with base policy for predicting costs in a
model predictive control (MPC) framework.

A variational data assimilation strategy is presented, which
assimilates observations into the model. Parameters which
have a large impact on model results for tuber weight are
updated. These parameters were found using a sobol sensitivity
analysis. The assimilation method presented showed improve-
ment in both model performance and prediction accuracy by
assimilating measurements into the model in the year 2017.
This year is distinguished by no extraordinary weather events
that took place. The assimilation results showed that actual
tuber weight matches the model results and thus allowed
to assume that the model matches actual crop behaviour.
Therefore, 2017 is used for evaluating the proposed MPC
strategy.

Three out of four years that were evaluated showed poor
model performance. Assimilating increased model perfor-
mance, however, incorrect model behaviour was identified.
These years showed extraordinary weather events of which
the effect is either not or insufficiently modelled. Additional
modelling efforts are required to be able to describe this
behaviour.

An economic cost function is made and applied to a MPC
framework that was developed by Ref. [14]. An extension to
the framework has been proposed in the form of a rollout
algorithm with base policy. Where, after the horizon, the policy
is to irrigate when tuber growth is limited by a low soil
moisture content. The rollout algorithm makes the strategy
suitable to potato farming as frequency of irrigation is low
and thus costs during the season are difficult to predict from
within a short horizon.
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As results for the proposed irrigation controller, present
work has demonstrated an increased yield of 7 percent, with
using 22 percent less irrigation water over the year 2017.

VIII. RECOMMENDATIONS

This section first presents recommendations that follow
present work, then how to extent present work with alloca-
tion constraints and afterwards, three additional challenges
on arable farms are presented for which an optimal control
method could be beneficial.

A. Present work
It would be meaningful to research to which extent model

performance and accuracy of final yield prediction affects
an optimal irrigation strategy. The time step of the model
and irrigation strategy is days, which is coarse. Answering
questions such as: ’How much impact does an offset of a
small number of days from the optimal solution have?’, ’How
much effect do poorly calibrated crop model sets have on
the model accuracy and prediction?’ and ’How much impact
do model accuracy and prediction have on the irrigation
strategy?’ would allow to find under which conditions farmers
will benefit from the use of an optimal irrigation method as
presented.

The main two limitations for adopting a strategy presented
in this work are model limitations and observer limitations.

To accurately predict dynamic crop behaviour, additional
modelling efforts are required. The WOFOST simulation
model is a model which is, in essence, designed to describe
potential growth. With only a module that describes water-
limiting growth, a lot of what actually happens on arable
farming fields is not captured. This limits model performance
and yield prediction.

The second main limitation is observer related, being the
limited number of states that are observed and error of the
observed state.

The only measurements that were able to be used to match
to a model state are tuber fresh weight measurements. An
increase in states to assimilate would allow for a more accurate
updating of parameters as well as updating more parameters.

Observational accuracy is hampered by measurement error
as measurements taken are taken on one spot on the field
(not taking into account within-field variability) and by the
measurements being destructive. Also, the relation between
xj
t and yjt will not be as straightforward, the accuracy of

Eq. 5 is unclear, especially with limiting and/or reducing
factors present.

Finding state observers, preferably accurate and not labour
intensive, would benefit model performance and prediction
accuracy. Measuring most crop states, such as dry weight of
the haulm, is very labour intensive. Model states which can
be non-destructively and frequently measured or observed,
such as LAI (via imaging [10]) and soil moisture content (via
dedicated sensors), present such opportunities.

A specific recommendation when using crop models for
arable farming is to measure early and update crop parameter
TSUMEM. This shows improvement of model accuracy and
prediction for all years.

B. Allocation constraints extension
An advantage of the optimization strategy presented in

Eq. 14 is that it can be easily extended to include allocation
constraints, similar to allocation constraints presented in Ref.
[14]. This is of importance as, in real life problems, the number
of irrigation systems ⌧ F . Present work did not include
this, as a fair comparison between historical irrigation and
such a strategy could not be made. To account for allocation
constraints, Eq. 13 and Eq. 14 can be adjusted to

cost-to-got = �
TX

i=t+N�1

�
⇢>Ri|t

�
1F , (16)

maxd ⇡
P

j2F
sjyjT |t � �

Pt+N�1
i=t

�
⇢>Ai|t

�
1F

��
PT

i=t+N�1

�
⇢>Ri|t

�
1F

subject to (2,11,12,13,18,20–22).
(17)

where sj [ha] denotes the size of field j, ⇢ denotes a
vector with entries denoting the size of fields, 1F denotes
a vector of size F including ones, Ri|t and Ai|t are both
matrices of which the entries include the binary decisions
variables whether a field is irrigated or not on day i. d =
wcji|t, T

j
red-tran,i|t, ✏

j
i|t, u

j
i|t, y

j
T , Ri|t, Ai|t The constraint for lim-

iting the amount of irrigation systems that can be used per day
is given by

Ai|t1F  Cmax,i|t, (18)

where Cmax,i|t denotes agent capacity, the amount of irrigation
systems that can be used.

When expanding the optimization strategy it is of impor-
tance to investigate the amount of additional computation costs
that the rollout strategy adds and if it thus still computationally
feasible when evaluating for a multitude of fields with agent
constraints.

C. Additional challenges arable farms
During this work, three different challenges were identified

for which an optimal control method could be beneficial.
First, VdBA has a constant cost when irrigating a field for
the first time. A system of pipes has to be laid out before
connecting the irrigation system. For arranging these irrigation
pipe systems, an open loop control strategy could be developed
just before deciding which fields are to be irrigated, based on
long term expected weather and individual field circumstances.
Second, farmers decide when to kill the haulm to advance skin
setting in the potato and ease of harvesting [36]. After haulm
killing, the photosynthesis, and thus biomass assimilation,
stops. One could adapt a similar controller as presented in
this work to optimize a (e.g.economic) cost function. This to
know when to kill haulm for which field. Last, designing a
sowing strategy, this includes decisions of sowing fields with
specific potato variety, size and other attributes. A sowing
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period is approximately a month long, during which weather
can influence when and where to sow. Allocation constraints
could apply to these three problems, making an optimization
strategy even more beneficial.
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APPENDIX

APPENDIX A. USING WOFOST
1. Materials and methods

This section elaborates on the material and methods used for
working with the WOFOST simulation model. Present work
uses the Python Crop Simulation Environment version 5.4.
with WOFOST model version 7.1. For additional information
on WOFOST, documentation is given in Ref. [16] and addi-
tional information on the simulation environment is given in
Ref. [37].

Crop data: Various calibration studies, using WOFOST,
have been carried out in recent years with different potato
cultivars based on field data [19], [28], [29]. The cultivar
used in present work is fontane, fields of VdBA with other
varieties are disregarded. The set used in this work is based
on pot701 [38], a common potato crop file, with the recently
calibrated parameters (2019) given in table A6 in appendix
A2.17 ’final parameter set per cultivar’ for fontane of Ref.
[19]. This gives two different parameter sets for the same
variety of fontane. Parameters for fontane Vredepeel are used,
as this location is characterized by sandy soil, similar to fields
of VdBA. The AMAXTB value is set to 40 instead of 60,
as the fontane variety showed a value of 33 for the other
location and three out of four other varieties also showed a
value of 33. Also, the fontane variety calibrated for location
Vredepeel showed a lower AMAXTB when using measured
data for AMAXTB directly. (Note that AMAXTB is normally
development stage dependent, however, the calibration in
the work of Ref. [19] showed AMAXTB as development
independent, this is adapted throughout this work.)

Soil data: The location of fields are in the south of The
Netherlands and the north of Belgium. Data provided by
VdBA [27] gives percentages of sand, loam and clay per field.
This information is combined with Fig. 8 [39] to categorize
soil type and use a respective soil file. The staringreeks files
[40] are used as these include soil characteristics specifically
calibrated for the Netherlands.

Fig. 8: Soil substance figure taken from [39].

Weather data: Precipitation data is provided by Dacom
[41], a software program used by VdBA. This gives pre-
cipitation data for individual fields. These are based on the
closest local weather station. All other weather parameters

TABLE IV: Parameter description and ranges used for sensi-
tivity analysis and as bounds for optimization in Eq. 8.

Parameter Description Lower
bound

Upper
bound

TSUM1 Thermal time from emergence
to anthesis [�C · d�1]

100 500

TSUM2 Thermal time from anthesis to
maturity [�C · d�1]

1200 2200

SPAN Life span of leaves growing at
35 �C [days]

25 50

Q10 Relative change in respiration
rate per 10 �C temperature
change [-]

1.8 2.5

TDWI Initial total crop dry weight
[kg ha�1]

50 100

TBASE Lower threshold temperature
for ageing of leaves [�C]

0 6

TBASEM Lower threshold temperature
for emergence [�C]

0 6

TSUMEM Thermal time from sowing to
emergence [�C · d�1]

150 350

TEFFMX Maximum effective tempera-
ture for emergence [�C]

18 22

RDI initial rooting depth [cm] 9 11
RGRLAI Maximum relative increase in

LAI [d�1]
0.011 0.013

AMAXTB Maximum leaf CO2 assimila-
tion rate as a function of de-
velopment stage of the crop
[kg ha�1 hr�1]

15 70

SLATB Specific leaf area as a func-
tion of development stage
[ha kg�1]

0.001 0.004

CVO Conversion efficiency of as-
similates into storage organ [-]

0.75 0.9

RRI Maximum daily increase in
rooting depth [cm d�1]

0.5 2

RDMCR Maximum rooting depth of
mature crop [cm].

30 70

LAIEM Leaf area index at emergence
[-]

0.02 0.1

such as wind and irradiation are provided by the Royal Duth
Meteorological Institute (KNMI) [42] from the weather station
of Eindhoven, which is geographically close to the fields.

Agromanagement data: VdBA provided agromanagement
data from the evaluated fields [27].

2. Sensitivity

For sensitivity analysis, parameter ranges are chosen that
represent feasible physiological range. Meaning that values
within this range are possible and somewhat likely to be
found when measuring or calibrating them. The AMAXTB
values are not DVS dependent in the recent calibration of
fontane [19]. The AMAXTB values are thus used in sensitivity
analysis as well as updating the parameters as a parameter
independent of DVS. The SLATB values are DVS depen-
dent. For sensitivity analysis and calibration, SLATB values
are changed proportionally to previously calibrated values,
multiplying them by the same factor. When a value is given
for SLATB, it represents the value of SLATB for DVS=0.
Parameters for partitioning, temperature dependent reduction
factors and death rates are left out of the sensitivity analysis.

Tab. IV presents the parameters and the ranges used for
sensitivity analysis.
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3.Data assimilation
Fig. 9 shows ct which is used for converting measurements

of tuber fresh weight yt to model state tuber dry weight xt.

Fig. 9: Schematic dry matter content c as function of time.

4. Data assimilation figures
Fig. 10 and Fig. 11 show examples of the assimilation

method in 2018 and 2016 respectively.

Fig. 10: Tuber dry weight x as function of time. The dotted
lines indicate model results before updating (0) and after
updating of 1,2,3,4,5 and 6 times respectively. The large black
dots represent measurements, the solid red curve represents
the data reduction curve elaborated in subsection III-B and
the vertical blue line represents thk.

5. Data reduction curves
The method as described on most of p. 14 and part of

p. 15 of Mulders et al. [15] is used (Eq. 5-7, p.14-15). The
exact same fields and measurements are used. The curves are
provided by

yTW
ijk =

exp (aik)

1 + exp {�bik · (tijk � cik)})
exp (eijk) (19)

where variable yTW
ijk in Eq. 19 ( [15], Eq. 5, p.14) represents

yjt · 1.25 in present work. The factor 1.25 represents the
correlation between measured tuber weight and yield. i is the

Fig. 11: Tuber dry weight x as function of time. The dotted
lines indicate model results before updating (0) and after
updating of 1,2,3,4 and 5 times respectively. The large black
dots represent measurements, the solid red curve represents
the data reduction curve elaborated in subsection III-B and
the vertical blue line represents thk.

equivalent of j 2 F in present work, j is the equivalent of
t� tjsow in present work and k indicates the year. aik, bik, cik
and eijk are generated following the method as described in
Mulders et al. [15].
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APPENDIX B. MPC

1.Linear approximation final yield

In order to estimate the yield at the end of the season, the
WOFOST simulation model is evaluated to various values of
Tred-tran of ten subsequent days at various moments during the
growing season. Before and after this period of ten days, the
soil moisture is kept constant at the critical point such that
Tred-tran = 1. Fig. 12 provides the results, where one line
represents the same period of ten days during the season with
different values of Tred-tran.

Fig. 12: xthk as function of 10 days of water stress. The legend
indicates days since tsow for the first day of water stress.

It is observed from Fig. 12 that the increase in yield for
increasing Tred-tran is non-linear some parts of the growing
season with Tred-tran  0.2. It could be argued that only
the regime where Tred-tran � 0.2 can be estimated linearly.
However, this work assumes the whole regime as linear.
Fig. 12 also shows to be non-linear for parts of the growing
season with 0.0  Tred-tran  1. This is during emergence to
flowering stage, 0  DV S  1. To explore how much of the
growing season this affects, the model is simulated for the 28
fields evaluated in V and the DVS is shown schematically in
Fig. 13.

Fig. 13: Schematic development rooting depth RD and potato
development stage DVS.

Where t1 is the time of emergence (determined by
TSUMEM), here DV S = 0. t2 is the time where DV S = 1,
here (evaluated for the same 28 fields as subsection V-A

andsection V) the mean value for t is 48.1 days (standard
deviation=6.7). The mean amount of growing days, thv� tsow,
is 148.8 days (standard deviation=11.1). This means for the
majority of T , the approximation of final yield and Tred-tran has
a linear relationship. Therefore, it is considered appropriate to
make this assumption.

2. Assumptions for horizon
During the horizon, it is assumed that the maximum

growth, and thus model state LAI does not depend on change
in ut.

Fig. 13 shows the moment t3 where RD is at its maximum,
here t= 64.7 days (standard deviation=6.2), the rooting depth
does not change after t3. Also, RD has linear growth from t1
to t3 and does not depend on changes in wcjt .

3.Constraints for optimization
This section presents constraints not mentioned in the main

text, but are used for optimizing 14. Equations (20 – 22) are
all for t  i  t + N. where t represents the moment of
running the optimization. The available water is computed by
Eq. 20

waji+1|t = waji|t + uj
i|t + dji|t � ✏ji|t ·RDj

i|t (20)

✏ji|t ·RDj
i|t � waji|t + uj

i|t + dji|t � fcji|t ·RDj
i|t, (21)

✏ji|t � 0, (22)

where ✏ji|t represents a bound on irrigation to avoid irrigating
above field capacity.
crjt does not depend on model states that depend on

irrigation or precipitation. To confirm this, four simulations are
run, the only difference between these four is the precipitation
en irrigation. Two receive 25 mm of rain everyday, of which
one is irrigated and one not irrigated and two fields receive
0mm of rain, also for which one is irrigated. The model states
xj
t , DVS (development stage), wcjt and LAI (leaf area index)

are presented in Fig. 14, 15, 16, 17 and the resulting crjt in
Fig. 18.

It can be observed from Fig. 18 that the critical moisture
level crjt does not directly nor indirectly depend on irrigation
or rain.

Also, djt is able to be estimated with weather estimates as
long as wpj < wcjt < fcj , which will be the case when
examining the base policy presented in this work.

The decision variables thus do not influence crjt nor djt . The
only model states influenced by decision variables are wcjt and
T j

red-tran,t.
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Fig. 14: Model state x as function of time for four different
model runs.

Fig. 15: Model state DVS as function of time for four different
model runs.

Fig. 16: Model state wc as function of time for four different
model runs.

Fig. 17: Model state LAI as function of time for four different
model runs.

Fig. 18: Model state cr as function of time for four different
model runs.
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