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1348 Louvain-la-Neuve, Belgium

∗∗ Controlled Environment Systems Research Facility, School of
Environmental Sciences, University of Guelph, 50 Stone Road East,

Guelph, Ontario, N1G 2W1, Canada
∗∗∗ Unit Plant Hormone Signaling and Bio-Imaging, Department of

Physiology, Ghent University, Ledeganckstraat 35, 9000 Gent, Belgium

Abstract: This paper presents a simple mass balance model for plant growth. This work is a
first step in the development of a model intended to enable the prediction and control of a plant
production chamber for MELiSSA, a regenerative life support system project developed by the
ESA. Photosynthesis and respiration were selected as key reactions for biomass production.
Considering these reactions, the model was developed using a mass balance approach. Reaction
kinetics were chosen based on plant physiology and standard biochemical reaction knowledge.
The identification and validation of yield and kinetic parameters were performed using data from
lettuce and beet experiments in a closed plant chamber. The model adequately predicts lettuce
growth, and predicts beet biomass and carbon dioxide flux well after an initial acclimation
phase. The oxygen prediction could be improved and should be the subject of further study.
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1. INTRODUCTION

1.1 State of the Art

Plant growth models have been developed for the pur-
pose of increasing our knowledge of plants, improving
agricultural practices, as a tool in landscaping, and for
the purpose of optimization and control. Modelling ef-
forts have taken several different approaches depending
on the intended use of the model. Many plant growth
models are empirical, and apply fitted functions without
considering the biological mechanisms underlying plant
growth. These models have the benefit of simplicity, but
are not mechanistic and therefore cannot be applied to a
variety of species or over a wide range of conditions [1].
In contrast, complex metabolic models give a more com-
plete description of reactions taking place within the cells,
and are useful tools for studying plant development [2][3].
However, because of the large complexity, these models are
typically over-parameterized and unidentifiable, making
them unsuitable for prediction and control purposes.

Process based models and functional-structural models
attempt to bridge this gap. These models consider at
least some plant processes and interactions between the
plant and the environment. Process based models typically
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refer to those models that do not take plant morphol-
ogy into account [4][5], while functional structural models
generally include an empirical view of plant architecture
[6][7]. These models work well under certain environmental
conditions, but they are usually developed for plant growth
under field conditions, and therefore neglect the effect
of some important environmental variables (for example
carbon dioxide and oxygen concentration). More mecha-
nistic models, based on the reaction kinetics of the most
important processes, should be applicable over a wider
range of condtions.

1.2 The MELiSSA Project

The MELiSSA (Micro-Ecological Life Support System Al-
ternative) project aims to develop technology for a future
regenerative life support system for long term manned
space missions. Developed by the European Space Agency,
the concept is to use microorganisms and plants to re-
generate the atmosphere, recycle water, and to produce
food for the crew on such missions. An important part
of the MELiSSA loop is the growth of higher plants in a
controlled greenhouse environment for the production of
food and oxygen from ’waste’ carbon dioxide. A model of
plant growth is required for the prediction and eventual
control of this compartment. The model must be appli-
cable at normal operating conditions, as well as during
failure and stress conditions. The main control objective
will be to provide a certain desired ’flow’ of biomass from

Proceedings of the 11th International Symposium on
Computer Applications in Biotechnology (CAB 2010),
Leuven, Belgium, July 7-9, 2010
Julio R. Banga, Philippe Bogaerts, Jan Van Impe,
Denis Dochain, Ilse Smets (Eds.) 

ThAT2.5

Copyright held by the International Federation of Automatic Control 335



the plant chamber as food for the crew. Both quantity and
nutritional requirements will need to be maintained.

1.3 Objectives

A first principle model of plant growth will be developed,
for the prediction and control of a plant growth chamber.
The model will be based on the reaction kinetics of key
reactions and should be robust in that the results of
failures or unexpected environmental conditions should be
predictable. As a first step in development, a simple model
capable of predicting the most important states for plant
growth under normal operating conditions will be selected.

2. DATA AVAILABILITY

Data from lettuce cultivars was provided by the University
of Guelph. Available temporal data (every 6 minutes)
included carbon dioxide concentration in the atmosphere
of the plant chamber, light data (photosynthetically active
radiation, PAR, at canopy height), and data to calculate
the rate of CO2 addition to the chamber (u1). In addition,
oxygen data in the atmosphere was measured at 6 minute
intervals with the data recording alternating ON for 6
hours, OFF for 6 hours due to system set up. Biomass
and leaf area measurements were only available at the
beginning and end of the experiment.

3. MODEL SELECTION

3.1 Selection of Important Reactions

Plants are complicated systems. Their growth and devel-
opment involves a large number of interconnected pro-
cesses and reactions. Plant models can not incorporate
all of these processes, and therefore those that are most
important need to be selected. To simplify the selection
process, only total biomass production was considered,
and therefore biomass partitioning was not included at
this stage. In the first model selection, only photosynthesis
(1), photorespiration (2), and mitochondrial respiration
(3) were considered. These reactions were selected because
they are the main reactions influencing the production of
biomass, as well as the exchange of carbon dioxide and
oxygen between the plant and the atmosphere.

CO2 + H2O
Light
−−−→Biomass + O2 (1)

Biomass + O2

Light
−−−→CO2 + H2O (2)

Biomass + O2 −−−→CO2 + H2O (3)

From these reactions it can be deduced that carbon
dioxide and oxygen concentration inside the leaves, light
intercepted by the plant, total biomass produced, and
water availability are the main factors influencing plant
growth. Nutrient concentrations will also have an effect.
However, at this stage in the model development it was
assumed that water and nutrients are at sufficient levels so
as not to influence the rate of photosynthesis. Therefore,
for simplicity, we have neglected transpiration and root
water uptake. To improve the robustness of the model,
these and other factors and processes may need to be
included at a later stage.

One interesting characteristic of the reactions under con-
sideration is that the respiration reactions essentially act
to reverse photosynthesis, regenerating the photosynthetic
substrates, CO2 and H2O. This property was used to sim-
plify the identification problem. The model was formulated
to treat photosynthesis, photorespiration, and mitochon-
drial respiration as a single stoichiometrically reversible
reaction, which will proceed in the forward direction dur-
ing the day (CO2 consumed, O2 produced) and in the
negative direction at night (CO2 produced, O2 consumed).
By formulating the model in this way, we are making
the assumption that the stoichiometry is the same for all
three reactions. Theoretically, this is not an unrealistic
assumption to make. However, practically it is unlikely
that the stoichiometry will be exactly the same, since the
reactions take different pathways. However, for the first
model selection, we will assume that the stoichiometry is
close enough.

If we write the model based on this assumption, the
reaction scheme can be reduced to one equation:

CO2 + H2O
Light
←−−→ Biomass + O2 (4)

3.2 Mass Balance Model

From the reaction scheme (4), a mass balance model ((5)-
(7)) was derived for biomass (XV , g), carbon dioxide con-
centration inside the leaves (Ci, g m−3) and oxygen con-
centration in the leaves (Oi, g m−3). Gas concentrations
inside the plant are known to vary widely, and therefore Ci

and Oi should be considered virtual and not representative
of the concentration in a particular organelle. In writing
this set of equations, the simplifying assumption was made
that the carbon dioxide and oxygen concentration inside
the leaves will be approximately equal to their concen-
trations in the atmosphere of the plant chamber (Ca and
Oa respectively, g s−1). Therefore, instead of considering
a balance on the gases inside the plant, a more simple
balance on the chamber was considered. This assumption
is not entirely correct, as there should be some resistance
to transfer which would cause these concentrations to be
different. However, the concentration in the leaves should
be proportional to the concentration in the atmosphere
and the trends in the data should be more or less the
same assuming other factors (such as water availability)
are not significant [8]. Therefore, based on the updated re-
action scheme and this new assumption, the mass balance
equations were written as follows:

dXV

dt
= Y1r (5)

dCi

dt
=

dCa

dt
=

−r

Vchamber

+
u1

Vchamber

(6)

dOi

dt
=

dOa

dt
=

Y2r

Vchamber

(7)

where r is the rate equations to be defined (g s−1), Y1 and
Y2 are the yields (g g−1), Vchamber is the volume of the
plant growth chamber (29 m2), and u1 is the rate of CO2

addition to the chamber to control the CO2 concentration
at a minimum value of 1000 ppm (g s−1).
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4. YIELD IDENTIFICATION

4.1 Separating Yield and Kinetic Parameter Identifications

As the model is defined there are two unknown yield
parameters (Y1 and Y2) to be identified and a rate equation
(r), with its associated kinetic parameters, to be defined.
This identification problem can be simplified by separating
it into several steps. If the yield identification can be de-
coupled from the identification of the kinetic parameters,
then the yield coefficients can be estimated without mod-
elling the reaction rates. This is useful because choosing
appropriate reaction kinetics is a difficult task, and by
identifying the yields separately we can eliminate some
of the complexity.

The separation of the yield identification from the identi-
fication of the kinetic parameters has been demonstrated
[9]. The method makes use of a state transformation based
on the structure of the model (8). By applying this trans-
formation, the initial model can be transformed into one
which does not depend on the reaction kinetics (9).

[

z1

z2

]

=

[

Y1Vchamber

Y2

]

Ci +

[

XV
Oi

]

(8)

d

dt

[

z1

z2

]

=

[

Y1u1

Y2u1

Vchamber

]

(9)

Therefore, using (8) and (9), we can derive simple equa-
tions which can be used for the yield identification without
any prior knowledge of the reaction rates ((10)-(11)).

dXV

dt
= Y1

(

u1 − Vchamber

dCi

dt

)

(10)

dOi

dt
= Y2

(

u1

Vchamber

−

dCi

dt

)

(11)

4.2 Identification of the Yields

The yield identification was performed using only initial
and final measurements, since temporal data was not fully
available. The integrated forms of (10) and (11) were used
to identify the yields based on three available data sets
using a least squares method.

The identification was done in two steps. Initially, two
data sets were chosen for identification, and the remaining
data set was used for validation. This process was repeated
using the two other combinations of data sets for identifi-
cation. The yields and their associated confidence intervals
for each of the three trials are shown in Table 1.

Y1 (g XV g CO−1

2
) Y2 (g O2 g CO−1

2
)

Trial1 0.631 [-0.642, 1.905] 0.363 [-0.167, 0.894]

Trial2 0.604 [-1.229, 2.437] 0.323 [-0.743, 1.389]

Trial3 0.532 [0.045, 1.019] 0.302 [-0.203, 0.807]
′best′estimate 0.585 [0.259, 0.911] 0.329 [0.142, 0.516]

Table 1. Results of the yield identification.

The yields identified in each of the trials are quite similar.
However, the confidence intervals are large and there was
error in the validations (not shown). This is due to the

small sample size and the large error associated with these
types of independent experiments. In spite of this, the
similarity of all three yield estimates suggest that the
identification is satisfactory, and therefore the available
data is sufficient to identify the yields. Therefore, a final
identification step was performed to get the ’best’ possible
yield estimates from the available data. In this case all
three of the data sets were used for identification. The
yield values are shown in the final row of Table 1. These
yields were taken as the true values, and set as constants
for the kinetic parameter identification.

5. KINETIC MODEL IDENTIFICATION

5.1 Data Required for Kinetic Model Identification

Temporal data for biomass, light, carbon dioxide and oxy-
gen concentration in the plant chamber is required for the
kinetic model identification. This data was available for
carbon dioxide, but only periodically for oxygen due to
system set up. Therefore, average oxygen concentrations
were calculated for the periods over which the data record-
ing was off. Biomass measurements were only available at
the beginning and end of experiments. However, temporal
biomass data was generated using the transformation that
was used for the yield identification (10). Light available
for photosynthesis and photorespiration (µmol PAR m−2

s−1) was quantified using a standard method analogous to
the Beer-Lambert law:

Light = IP (1− exp(−k LAI)) (12)

LAI =
LA

PA
(13)

LA = LAR×XV (14)

where IP is the incident photon flux (µmol PAR m−2 s−1),
k is the extinction coefficient, LAI is the leaf area index,
LA is the leaf area (m2), PA is the planting area (m2),
and LAR is the leaf area ratio (m2 g−1).

5.2 Kinetic Model Selection

The rate under consideration is a net photosynthetic
rate (15) which should include a term for photosynthe-
sis (rps), photorespiration (rpr), and mitochondrial res-
piration (rdr). Several kinetic models were tested. The
proposed kinetic model is shown in (15) to (18). From
the reaction scheme, the rates of photosynthesis and pho-
torespiration should depend on the concentrations of CO2

and O2 respectively, as well as the amount of light energy
available. Standard Monod kinetics were chosen to rep-
resent these rates. The rate of mitochondrial respiration
is said to be affected by both the energy demands of the
plant and the rate of supply of the carbon substrates pro-
duced through photosynthesis [10]. In the current model,
mitochondrial respiration is divided into two components
as has been often done in the literature [11]: a growth
respiration term proportional to the rate of production
of carbon substrates (represented here by photosynthesis
less photorespiration) and a maintenance respiration term
proportional to total biomass. Upon identification of the
kinetic parameters it was found that the maintenance
respiration term was very small and did not affect the fit of
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the model. Therefore this term was omitted and equation
(18) simply consists of the term for growth respiration.

r = rps − rpr − rdr (15)

rps =
v1CiLight

KC + Ci

(16)

rpr =
v2OiLight

KO + Oi

(17)

rdr = v3 (rps,daily avg − rpr,daily avg) (18)

In the above equations, v1 (m2 g µmol PAR−1), v2 (m2

g µmol PAR−1) and v3 (no units) are rate constants to
be identified, KC and KO are Michaelis-Menten constants
for carbon dioxide and oxygen which were estimated from
literature [12] (g m−3), and rps,daily avg and rpr,daily avg

are the average values of the rate of photosynthesis (rps)
and photorespiration (rpr) over the previous day (g s−1).

5.3 Identification and Validation of the Kinetic Model on
Lettuce Data

The identification of kinetic parameters (v1, v2 and v3)
was solved using a least squares optimization. The results
of the validation on lettuce data are shown in Figure 1.
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Fig. 1. Validation of kinetic model identification on lettuce
data, showing predicted and real (or estimated) (a)
biomass (b) CO2 and (c) O2 versus time.

The validation shows that the biomass and carbon dioxide
predictions fit the data well. There is some offset between
the oxygen prediction and the measured data. This offset is
partially due to the error in the identification of the yields
(specifically Y2). In this case, the yield underestimates the
total oxygen produced in the experiment, and this causes
the prediction to be offset from the true values. Despite
this problem, the model describes the data fairly well.

As a second validation step, the identified model was tested
on a data set which was not used for identification of
the kinetic parameters. The results (Figure 2) were quite
similar to those observed using the identification data set.
This reinforces the validity of the model for predicting
lettuce growth.
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Fig. 2. Validation of kinetic model on an independent
lettuce data set, showing predicted and real (or es-
timated) (a) biomass (b) CO2 and (c) O2 versus
time. The drop in oxygen concentration on day 28
was a result of chamber opening - the model was
reinitialized to account for this.

5.4 Identification and Validation of the Kinetic Model on
Beet Data

In order to achieve a general model of plant growth that
can be applied to a variety of plants with minimal ad-
justments, the model must be tested on a wide range of
species. Table beet data from the University of Guelph
was therefore used to identify and validate the model. The
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experiments were performed in the same growth chambers
as the lettuce experiments, and the data recorded is very
similar. The model was not adjusted in any way except to
redefine the leaf area ratio (ratio of leaf area to biomass,
LAR, m2 g−1), and to re-identify yields and kinetic pa-
rameters. The yield identification was performed using two
data sets. The yields and confidence intervals estimated
were Y 1=0.694 g g−1 [0.674, 0.713] and Y 2=0.347 g g−1

[0.268, 0.427]. Despite the small number of experiments,
the confidence intervals on the yields are fairly small,
suggesting that the values obtained should be adequate.
These yields were therefore taken as constants, and the
kinetic parameter identification was performed using a
least squares optimization technique. The validation is
shown in Figure 3.
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Fig. 3. Validation of kinetic model identification on beet
data, showing predicted and real (or estimated) (a)
biomass (b) CO2 and (c) O2 versus time.

The model is a fairly good fit for the beet data. However,
the carbon dioxide concentration is underestimated early
in the experiment. It was hypothesized that this could
be due to the effects of transplanting the seedlings in
the chamber. During transfer, the plants experience root
damage and may need some adaptation time to adjust to
the high light levels used in the chamber. This could cause
the net growth rate to be lower than predicted and could
explain the lack of fit in Figure 3.

To test the validity of the model for predicting beet
growth excluding the presumed acclimation phase, it was
attempted to identify and validate the model on the data
collected from day 5 to the end of the experiment. The
results of the validation are shown in Figure 4.
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Fig. 4. Validation of kinetic model identification on day
5 - harvest beet data, showing predicted and real (or
estimated) (a) biomass (b) CO2 and (c) O2 versus
time.

The predicted carbon dioxide concentration fit the real
data much better in this case suggesting that an ac-
climation phase may indeed be required. Figure 4 also
shows that the biomass prediction was successful but that
oxygen production was underestimated throughout the
experiment. This is not a problem with the yield, since
the predicted concentration matches the true value at
the end of the experiment. Instead, the prediction error
may suggest that there is some unconsidered biological
phenomena affecting oxygen production. This discrepancy
should be further investigated.

The model was validated on a separate beet experiment
not used for identification of the kinetic parameters in
order to further test the model’s validity. The experiment
was conducted under the same environmental conditions
as the identification data set. The results of the validation
are shown in Figure 5.

The model is again, a good fit for the biomass and carbon
dioxide data, which reinforces it’s validity for predicting
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Fig. 5. Validation of kinetic model on an independent beet
data set (day 5 - harvest), showing predicted and real
(or estimated) (a) biomass (b) CO2 and (c) O2 versus
time.

beet growth excluding an acclimation phase. However,
the underestimation of oxygen production in the chamber
remains.

6. CONCLUSIONS

We have developed a simple, general model for plant
growth considering photosynthesis and respiration reac-
tions. The model is adequate for predicting lettuce growth,
and predicts biomass and CO2 development quite well for
beets excluding an acclimation phase at the beginning of
the experiments. There remains some error in the oxygen
prediction for beets. Further work is needed to determine
the source of this error and to improve the model. It is
possible that important biological processes have not been
fully considered.

The next step in the model development will be to consider
a more detailed approach in which the development of
different plant parts (organs) is taken into account. In
addition, the model should be expanded to include other
important processes, such as transpiration and root water
uptake. Finally, the model should be tested on different
plants and under different environmental conditions to test
reliability and to improve and refine the model.
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