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ABSTRACT
Microalgae cultivation is developing rapidly: challenges lie in making the cultivation more efficient.
One aspect of improving the cultivation of microalgae is planning of harvesting. A general strategy for
optimal harvesting of microalgae was developed by using advanced growth models. Optimization
focussed on controlling the biomass in the cultivation system to maintain the most favourable
growth climate. Control of the system by dilution of the reactor medium was simulated. Optimal
control theory learnt that bang-bang control is the solution for optimal harvesting. Optimal
harvesting starts in the afternoon, the exact time optimal harvesting initiates is not of great
importance. The system optimization is characterised by two parameters: biomass concentration at
t0 and harvesting duration. The influence of five parameters (biomass concentration, weather
conditions, algae species, system location and reactor type) on the optimal control signal was
examined.
Keywords: microalgae; harvesting strategy; dynamic optimization; optimal control; open pond; flat
panel photobioreactor
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1. INTRODUCTION
Generally speaking, microalgae cultivation systems can be divided into two categories: open and
closed systems. Open raceway ponds are relatively simple production facilities for the cultivation of
algae. On the one hand, these ponds are cheap to build and easy to maintain, but on the other hand
the production per area is not optimal because of a lack of control on external influences. In order to
get more control over environmental and self-imposed factors that influence algae growth, so called
closed photobioreactors (PBRs) have been developed next to the traditional raceway ponds. These
PBRs are closed systems that are less vulnerable to contamination and enable better control of
growth parameters, resulting in higher yields (de Andrade et al., 2016). The downside of the PBRs is
the high cost of the equipment, heavily affecting production costs (Acién et al., 2012). The high
production costs are justified by the high prices of algae, but will need to be reduced to be
competitive in the bioenergy market (de Andrade et al., 2016).
In most microalgae cultivation systems, light availability is the limiting factor for growth (Pruvost et
al., 2011). Other possible factors of interest are e.g. nutrient availability, temperature, pH, oxygen
concentration and carbon dioxide availability (de Andrade et al., 2016). These factors are controllable
and much research has been done to analyse their effect. For instance, the effect of pH is
controllable by adding carbon dioxide to the algae culture (Berenguel et al., 2004; Fernández et al.,
2014). If no artificial light is used for growing the algae, light is a factor that can be controlled
exclusively by modifying the method of capturing it. Evidently, light behaves differently in the various
cultivation designs. Moreover, the location of the system on the globe has a large impact on the
(average) illumination. Therefore these characteristics can also be considered control factors of the
cultivation system.
A large number of models have been developed in order to understand and predict the behaviour of
algae (Bernard, 2011). Some models describe algae growth for ponds, where temperature plays an
important role (Slegers et al., 2013a; Sukenik et al., 1991). Others focus on tubular or flat panel PBRs
that are better regulated (de Andrade et al., 2016; Pruvost et al., 2011; Slegers et al., 2013b; Slegers
et al., 2011). Especially for photoautotrophic cultures, the dependency on light complicates their
cultivation. While in some experimental cases artificial light is used to provide energy for the algae,
they are in general grown using solar irradiation (Ugwu et al., 2008). In the latter case, models are
essential to predict the daily varying behaviour of the algae and to optimize the production process.
Slegers et al. (2011) showed that growth of an algae culture in a flat panel PBR depends on the algae
concentration and the light path in the reactor. If the concentration is too dense, not enough light is
available for the entire population. This indicates that an optimal algae concentration exists for
different levels of illumination for which growth is maximal. The same goes for open pond algae
cultivation. Sukenik et al. (1991) described this effect in the early nineties, using chlorophyll
concentration as a measure of algae density. Slegers et al. (2013a) presented a relationship between
photon flux density and algae growth rate. It explains that a lack of light, as well as too much light,
negatively influences growth. From experience we know that weather conditions may vary on a dayto-day, hour-to-hour or minute-to-minute basis. In addition, during the night the population density
decreases due to respiration and a lack of light to make up for that (Chisti, 2016). In optimal form,
the algae population density is therefore also adapting on a small timescale.
From theory, a number of operational strategies for cultivation systems are distinguished. Three
main strategies are turbidostat, chemostat and fed-batch cultivation. In turbidostat cultivation, the
concentration of algae in a system is maintained at a constant value. For an optimal production rate,
it is a useful strategy if all conditions are constant, for example in experimental settings (Benson and
11

Rusch, 2006). A chemostat system is characterised by a continuous in- and outflow to keep the total
volume constant. It is often used to find growth equilibria in a certain (constant) environment, as
described by Molina Grima et al. (1994). Fed-batch systems are used in processes where all of the
end-product is collected after growth (Chen and Zhang, 1997).
By means of harvesting the algae population density can be lowered if it is beneficial to the yield.
Planning of harvesting is essential to achieve the highest yield. In combination with knowledge on the
growth behaviour, an optimised harvesting strategy can be determined for an algae cultivation
system. A basic growth model was applied by Van Straten et al. (2010) for dynamic optimization of
algae cultures in a flat plate PBR. The simulation optimized the harvesting process over a period of
three days. The result was a harvesting pattern that proposes harvesting only at the end of the day,
for a short period of time. In contrast to the operational strategies mentioned earlier, this strategy,
which shows signs of both a chemostat and fed-batch system, yields the highest production.
Van Straten et al. (2010) did not describe the effect of different production locations around the
globe on the optimal harvesting strategy and only looked at flat panel PBRs. Slegers et al. (2013a)
described the effect of different seasons in the Netherlands on algae growth. It is has not been
quantified yet how the variation in temperature and illumination during the year is reflected in the
possible harvesting strategy.
Several models for various cultivation designs were developed, processing information on light and
temperature gradients in the microalgae growth systems (Slegers et al., 2013a; Slegers et al., 2013b;
Slegers et al., 2011). The growth models process measured weather data from around the globe and
use these for calculating algae growth over time. For this BSc thesis, harvesting strategies are
developed and analysed for the sophisticated models from Slegers’ work. First, basic growth models
are used to get an understanding of the harvesting model and to check the assumptions it makes.
Subsequently, the advanced model is used to investigate the effects of external influences on the
optimal harvesting strategy.
The research questions for this BSc thesis are formulated as follows:


How is the optimal harvesting strategy for microalgae cultivation characterised?



How is the harvesting strategy influenced by changing conditions?



Why is the harvesting strategy ideal under those circumstances?

The aim of this thesis is to get a better understanding of the environmental factors of influence on
harvesting of microalgae. The results of the optimization are analysed on the basis of the growth
conditions. This thesis is structured by subject. First, optimal control theory is applied to the basic
growth model. Next, a simplified form of dynamic optimization – control parametrization – is used to
calculate the optimal harvesting regime for various circumstances. Then, bang-bang control is applied
to the basic growth model. Lastly, the extensive growth model from Slegers et al. (2013a) is used for
analysis of the effect of five external factors on the optimal harvesting strategy of microalgae.
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2. EXPLORING OPTIMIZED HARVESTING: BASIC GROWTH MODELS
To get a better understanding of the production and harvesting process in microalgae cultivation a
basic algae growth model depending on direct solar irradiation only is considered. The growth model
consists of two time-dependent variables describing growth and the dilution rate and one constant
variable describing the respiration rate. Consider the following generalised growth function:
[1]
𝜇(𝑡) = 𝑓(𝐼(𝑡)) [𝑚𝑖𝑛−1 ]
where μ(t) is the growth rate and I(t) is the photosynthetically active solar radiation [{photons} m-2
min-1].
The harvested culture volume is dependent on the dilution rate D for a time period
𝐹(𝑡)
[𝑚𝑖𝑛−1 ]
𝑉
in which F is the culture flow [m3 min-1] and V the total reactor volume [m3].
𝐷(𝑡) =

[2]

The dynamics of the biomass concentration over time are then given by:
𝑑𝐶𝑥(𝑡)
[3]
= (𝜇(𝑡) − 𝐷(𝑡) − 𝑅) ∗ 𝐶𝑥(𝑡) [𝑘𝑔 𝑚−3 𝑚𝑖𝑛−1 ]
𝑑𝑡
where Cx(t) is the biomass concentration [kg m-3] and R is the respiration loss [min-1].
The dilution rate determines the speed of harvesting in a reactor. Assuming the cultivation system is
ideally mixed, the biomass concentration in the medium of the outflow of the reactor can be
considered equal to the biomass concentration in the entire system. The amount of algae present in
the medium of the outflow is the harvested product.
𝑑𝑃(𝑡)
= 𝑉 ∗ 𝐷(𝑡) ∗ 𝐶𝑥(𝑡) [𝑘𝑔 𝑚𝑖𝑛−1 ]
𝑑𝑡
where P stands for the product [kg].

[4]

The goal of microalgae cultivation is to gain the maximal amount of harvested algae, which is given
by the goal function J:
𝑡𝑓

𝑑𝑃(𝑡)
𝑑𝑡
𝑡0=0 𝑑𝑡

𝐽=∫

[5]

By adding the production [4] as a state, the cost function is rewritten into the Mayer formulation
without running costs. Optional is the valuation of biomass left in the system at final time. This is
realised by adding a penalty to a deviation from a reference: in this thesis the biomass concentration
at t0. The cost function is minimized. To maximize P(tf), -P(tf) is minimized.
2

𝐽 = −𝑃(𝑡𝑓 ) + 𝑤 ∗ (𝐶𝑥(𝑡𝑓 ) − 𝐶𝑥𝑟𝑒𝑓 ) [𝑘𝑔]
where w is a weight factor accounting for the value of leftover biomass [m6 kg-1]

[6]

The purpose of this basic model is to compare different optimization approaches and to assess their
suitability and applicability for this case.
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2.1.

DYNAMIC OPTIMIZATION

This thesis is based on the fundamentals of optimal control or dynamic optimization. Dynamic
optimization is a mathematical optimization method used to find the optimal solution of a
quantitative mathematical systems model. For continuous dynamic systems like algae growth, the
calculation process consists of several steps.
Consider a system described in terms of states (x(t)) and inputs (u(t)). The system behaviour is then
defined as x(t).
𝑑𝑥(𝑡)
= 𝑓(𝑥(𝑡), 𝑢(𝑡), 𝑡)
𝑑𝑡

[7]

In order to optimize this system, the control objectives are written in the form of a cost function,
which either has to be minimized or maximized. This quantitative cost function is a result of the state
variables at final time and the running costs L.
𝑡𝑓

𝐽 = 𝜑(𝑥(𝑡𝑓) + ∫ 𝐿(𝑥(𝑡), 𝑢(𝑡), 𝑡) 𝑑𝑡

[8]

𝑡0

Note that maximization of the goal function is equivalent to minimization of the goal function
multiplied by -1. Repetitive algorithms used in this thesis were designed for minimization purposes,
therefore the goal function is designed such that these algorithms cope with it correctly.
Combining equation [7] and [8] , including a time-varying Lagrange multiplier λ, the cost function is
rewritten as follows:
𝑡𝑓

𝐽 = 𝜑(𝑥(𝑡𝑓) + ∫ 𝐿(𝑥(𝑡), 𝑢(𝑡), 𝑡) + 𝜆𝑇 (𝑓(𝑥(𝑡), 𝑢(𝑡), 𝑡) −
𝑡0

𝑑𝑥
) 𝑑𝑡
𝑑𝑡

[9]

As the system behaviour is determined by x(t), which is influenced by the inputs and control u(t), the
cost function J is dependent on u as well. The solution for the system is found by finding the optimal
control trajectory uopt for which J = Jopt.
The system is optimal if a number of conditions are satisfied. First, consider the Hamiltonian function
H(t):
H(𝑡) = 𝐿(𝑥(𝑡), 𝑢(𝑡), 𝑡) + 𝜆𝑇 (𝑡) ∗ 𝑓(𝑥(𝑡), 𝑢(𝑡), 𝑡)

[10]

If a minimum of J is found, this means that for a very small change in u (δu) , δJ is zero: a minimum in
𝑑𝐻
J results in a minimum in H with respect to the input u. For that reason, 𝑑𝑢 , or Hu, is also zero for a
stationary solution.
𝐻𝑢 ≡ 𝐿𝑢 + 𝜆𝑇 ∗ 𝑓𝑢 = 0

[11]

Apart from equation [11], for a stationary value of J, the derivative of 𝜆 with respect to t should fulfil
the following costate equation:
𝑑𝜆
= −𝐻𝑥𝑇 ≡ −𝐿𝑇𝑥 − 𝑓𝑥𝑇 ∗ 𝜆
𝑑𝑡

[12]
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With the boundary conditions:
𝜆(𝑡𝑓 ) = 𝜑𝑥𝑇 (𝑡𝑓 ) ,

𝑑𝑥
(𝑡 )
𝑑𝑡 0

specified

[13]

The boundary conditions are split between t=t0 and t=tf. For that reason, the problem is called a two
point boundary value problem. In some cases such a problem can be solved analytically, otherwise by
means of an iterative algorithm, which has to be applied to approximate the optimal solution of the
problem. Bryson (1999) presents an algorithm that uses these three conditions and the state
equations to minimize the cost function by means of a combination of forward integration of the
state equations and backward integration of the time-varying Lagrange multiplier λ. If the states of
the algae system are given in the form of differential equations and if the Hamiltonian can be
computed, this algorithm is useful to calculate the optimal harvesting input for that system.
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2.2.

APPLICATION OF DYNAMIC OPTIMIZATION

Dynamic optimization is applied to a basic growth model to compute the optimal control trajectory
uopt. In this chapter, the growth model is adjusted three times, each change representing reality more
accurately. First, consider eq. [3]. Light distribution is assumed to be equal to the irradiation at the
surface for every location in the pond. The basic growth model describing μ(t) is assumed to be of the
Monod type:
𝐼(𝑡)
[14]
[min−1 ]
𝑘𝐼 + 𝐼(𝑡)
where μmax is the maximum growth rate [min-1] and kI is the value of I where the growth rate is
0.5*μmax [{photons}*m-2*min-1].
𝜇(𝑡) = 𝜇𝑚𝑎𝑥 ∗

Optimization results of a four-day production period show a peculiar phenomenon: the biomass
concentration increases until a short period before final time, when the dense algae solution is
diluted (Figure 1).

FIGURE 1: A FOUR DAY PRODUCTION PERIOD WITHOUT FINAL CONSTRAINT ON THE ALGAE CONCENTRATION.
-1
MONOD GROWTH MODEL. MAX DILUTION: 2 [D ]

The algae concentration increases until twice the initial value. If the initial biomass concentration is
doubled, the harvesting pattern is similar and the biomass concentration rises even further. For this
growth description, algae grow faster if the concentration of the algae in a solution is denser. A
turning point is expected where the yield decreases with an increasing biomass concentration. To
better approach reality, another growth model is used with a penalty on an environment that is too
densely concentrated. A growth model of the Contois type describes how a system depends on
substrate concentration as well as biomass concentration (Bastin and Dochain, 1990):
𝜇(𝑡) = 𝜇𝑚𝑎𝑥 ∗

𝐼(𝑡)
[min−1 ]
𝑘𝐼 ∗ 𝐶𝑥(𝑡) + 𝐼(𝑡)

[15]

Results of the optimization are however still similar to the previous outcome, as shown in Figure 2.
Growth is suppressed, as a higher biomass concentration does not result in higher growth rates in
the figure. However, growth is not suppressed to an extent where a higher concentration yields
significantly less than a lower concentration.

16

FIGURE 2: DYNAMIC OPTIMIZATION OF THE SYSTEM OVER A FOUR DAY PERIOD WITHOUT FINAL CONSTRAINT
-1
ON THE ALGAE CONCENTRATION (CONTOIS GROWTH MODEL, MAX. DILUTION = 2 [D ]).

As noted by Van Straten et al. (2010), harvesting is strongly dependent on the algae concentration in
the reactor at final time. If the objective function is to maximize the total amount of harvested algae
over a certain period of time, all algae in the system are valued equally. It does not take into account
the value of algae left in the reactor for future production. As a result the optimal solution of the
input is to heavily dilute the algae pond’s solution, like shown in the previous results.
For a three day period, Van Straten et al. (2010) showed how a final constraint is assigned to each
day. This constraint forces the algae concentration at the end of the day to be equal to the algae
concentration at the initial time. In such case, the algae concentration climbs during the day and
declines due to a small period of dilution at the end of the light period. For a system with constant
conditions, this is a repeating cycle.
However, if the constraint is only placed at the end of the four day cycle using the Contois growth
model, the pattern looks different. Figure 3 presents the algae growth and the optimal dilution
trajectory for a four day cycle with a terminal constraint at the end of the last day.
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FIGURE 3: DYNAMIC OPTIMIZATION OF THE SYSTEM OVER A FOUR DAY PERIOD WITH FINAL CONSTRAINT
-1
C X (T F )=C X (T 0 ) (CONTOIS GROWTH MODEL, MAX. DILUTION = 2 [D ]).

If the Contois growth model is examined more closely, growth is indeed suppressed by biomass
concentration. From a mathematical perspective, an infinite algae concentration leads to zero
growth. However, for the values of Cx used in these calculations, suppression is not expressed to an
extent that it results in a daily repeating harvesting pattern.
Van Straten et al. (2010) simulated growth inhibition by applying Lambert-Beer’s law to calculate
light extinction in the pond. Consequently, an environment with an algae concentration that is too
dense blocks light from the bottom layer of the algae reactor or pond. Assuming a perfectly mixed
system it is justified to use the average irradiance over the pond depth, taken 30cm.
𝐼̅ =

𝐼
∗ (1 − 𝑒 −𝑑∗(𝜀0 +𝛼∗𝐶𝑥) )
𝑑 ∗ (𝜀0 + 𝛼 ∗ 𝐶𝑥)

[16]

where d is the pond depth [m], ε0 is the extinction coefficient of the cultivation medium [m-1] and α is
the absorption coefficient [m2 kg-1]
Dynamic optimization of the system shows a pattern that is still inconsistent with Van Straten et al.
(2010) (Figure 4).
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a)

b)

FIGURE 4: DYNAMIC OPTIMIZATION OF THE SYSTEM OVER A FOUR DAY PERIOD WITH AND WITHOUT FINAL
-1
CONSTRAINT (CONTOIS GROWTH MODEL & LAMBERT-BEER, MAX. DILUTION = 2 [D ]). A) CX(T F ) FREE;
B) CX(T F ) =CX(T 0 )

Considering the three growth models with different levels of self-inhibited growth for four days,
similar harvesting patterns are obtained if biomass at final time is not valued. However, while
attempting to regulate the biomass concentration at final time by means of dynamic optimization,
the three models perform poorly. A different approach is taken by applying a simplified form of
dynamic optimization, control parametrization, to the Contois model.
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2.3.

CONTROL PARAMETRIZATION

Dynamic optimization as presented in sections 2.1 and 2.2 results in a continuous trajectory for u(t).
An alternative is to approximate the trajectory by a control vector. It can be applied if a dynamic
optimization algorithm is not applicable in a situation, for example when the dynamic model is not
described in terms of state-space differential equations. Instead, an algorithm is used to solve a
function minimization problem to minimize the cost function J. The minimization algorithm solves
the problem by selecting a finite number of parameters. The parameters found by the minimization
represent the level of input at a fixed time instant. In piecewise constant parametrization the level of
input stays constant between two time instants. This method searches for N optimal levels of input .
[17]
𝑢(𝑡𝑘 ) = 𝑢𝑘 , 𝑡𝑘 ≤ 𝑡 ≤ 𝑡𝑘+1 , 𝑘 = 0,1, . . , 𝑁 − 1
In piecewise linear parametrization the level of input is interpolated between the N time instants:
[18]
𝑢(𝑡) = 𝑢(𝑡𝑘 ) + (𝑢(𝑡 𝑘+1 ) − 𝑢(𝑡𝑘 )) ∗ ∆𝑡, ∆𝑡 = 𝑡 − 𝑡𝑘 , 𝑘 = 0,1, . . , 𝑁 − 1
Both methods are visualised below in Figure 5.

Input level uopt

Piecewise
constant
parametrization
Piecewise linear
parametrization
Dynamic
optimization

0

6 Time [h] 12
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FIGURE 5: CONTROL PARAMETRIZATION OF OPTIMAL CONTROL INPUT

For a system of which the optimal input is changing slowly during a day, control parametrization
could be a good estimation of the optimal input trajectory. However in rapidly changing
circumstances the approximation is rough. A smaller time step makes the calculation more accurate.
However, it makes calculation more time consuming since the input has to be optimized for more
time instants.
Piecewise linear control forces the input to change in time, even in between decision moments. In
Figure 5 this clearly approximates the smooth curve more accurately, however it is not always more
accurate than piecewise constant control. This is the case with bang-bang control, explained in
section 2.5.
A third method of control parametrization is the approximation of the input by means of a
polynomial. In such case, parameters of the polynomial are adjusted to approach the optimal
solution. Specialized computer programmes, for example TOMLAB, are available to handle control
parametrization using polynomial approximations. The control vector of these approximations
consists of the parameters of the polynomial; a larger control vector therefore results in a higher
order polynomial approximation.
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2.4.

APPLICATION OF CONTROL PARAMETRIZATION

The purpose of the basic growth model in this section is to test the method of control
parametrization. This is done for both the piecewise constant and piecewise linear approximation. To
initiate the minimization function, an initial guess of the input is required that is used as a starting
point. This estimation is obtained by means of interpolation of the results from the dynamic
optimization (Figure 3) to obtain the input vector of suitable size, in this case 12x1. Figure 6 presents
the results in a graph, for both piecewise linear and constant control.

A)

B)

FIGURE 6: CONTROL PARAMETRIZATION FOR A FOUR DAY PERIOD USING A) PIECEWISE CONSTANT CONTROL
-1
AND B) PIECEWISE LINEAR CONTROL (CONTOIS GROWTH MODEL, MAX. DILUTION = 2 [D ])

The result is rather similar to the curve found in Figure 3. That indicates that control parametrization
produces a suitable outcome if an initial guess looks like the actual optimal control. However, this
method is applied if optimal control is not suitable, meaning that the initial guess is not available.
From a theoretical point of view, if the objective function outcome is minimal when a control signal
like in Figure 6 is applied, the outcome of the minimization will be similar regardless the initial guess.
To check this, a similar optimization is performed with a randomised initial control vector. The
outcome without proper initial guess is not equal to the one expected from the dynamic
optimization, and varies depending on the initial guess: the minimization algorithm is not capable of
computing a reliable vector input for an algae concentration of 2.5 g/L.
In the two following sections, an attempt is made to restrict the input with background knowledge
on the model. The goal is to gain a more stable vector input that is applicable to more extensive
algae growth models.
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2.5.

BANG-BANG CONTROL

Equations [7], [11], [12], [13] describe the relationships between the state variables x(t), the
Lagrange multipliers λ(t), and the control variables u(t). A special case occurs when these
relationships are not sufficiently connected. This happens if the system equations and cost function
are linear in the control variables; then bang-bang control is the solution.
Consider the basic algae growth model (eq. [3],[4]). The system is rewritten in state-space form using
the general symbols for states, inputs, disturbances and parameters:
𝑑𝑥1
= (𝑑1 − 𝑢1 − 𝑝1) ∗ 𝑥1
𝑑𝑡
[19]
𝑑𝑥2
= 𝑝2 ∗ 𝑢1 ∗ 𝑥1
𝑑𝑡
where x1 = Cx, x2 = P, d1 = μ, u1 = D, p1 = R, p2 = V
The goal function defined in eq. [6] is repeated while using similar symbols:
𝐽 = −𝑥2(𝑡𝑓) + 𝑝3 ∗ (𝑥1(𝑡𝑓) − 𝑝4)2 [𝑘𝑔]
where p3 = w, p4 = Cxref

[6]

The Hamiltonian for these state variables according to eq. [10] is calculated:
𝐻 = 𝜆1 ∗ 𝑥1 ∗ (𝑑1 − 𝑢1 − 𝑝1) + 𝜆2 ∗ 𝑝2 ∗ 𝑢1 ∗ 𝑥1

[20]

And Hu:
𝐻𝑢 = −𝜆1 ∗ 𝑥1 + 𝜆2 ∗ 𝑝2 ∗ 𝑥1 = 0

[21]

As given in eq. [11], Hu = 0 if u = uopt. For the basic algae growth model, Hu is not a function of u itself
(eq. [21]), since the state variables are linear in u. By solving the system, no information can be
obtained about the characteristics of the input. By choosing a different approach, one specific
characteristic of the system can be derived.
Note that, as explained in section 2.1, the cost function value J is minimal if the Hamiltonian H is
minimal and vice versa. The goal was to minimize J and thus to minimize H. Consider again the
Hamiltonian. To minimize H, the control variable at a time instant is either at its minimum or
maximum level, depending on the values of λ1(t) and λ2(t). The input is bounded by the harvesting
system’s capacity. From eq. [20] a general rule is deducted for the algae growth model:
If λ1 < − λ2 ∗ p2 → u = maximal
If λ1 > − λ2 ∗ p2 → u = minimal
λ is still time-varying, but its effect on the input is only notable when u changes from the minimum to
the maximum value. The control switches instantaneously from minimum to maximum and from
maximum to minimum and is for that reason called bang-bang control. In the algae cultivation
system, this implies that harvesting only occurs at maximum rate and is switched off otherwise.
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2.6.

APPLICATION OF BANG-BANG CONTROL

Results of the optimizations with constraint on the biomass concentration at final time (sections 2.2
& 2.4) did not show characteristics of bang-bang control: the control is a smooth function. With the
knowledge that bang-bang control is the optimal solution, piecewise constant control
parametrization is used to find daily start and stop times for harvesting. Van Straten et al. (2010)
found that harvesting once per day at most was suitable to optimize the system. The value of the
dilution during harvesting is assumed to be 2 [d-1] and 0 [d-1] when no harvesting takes place. The
goal of the optimization is to find the values tstart and tend of the harvesting period.
Solar irradiation is identical for every day in the simulation, so the same start and stop time of the
harvesting period is applied to all four days. In Figure 7 the bang-bang control signal resulting from
the optimization is given.

FIGURE 7: APPLYING PIECEWISE CONSTANT CONTROL PARAMETRIZATION USING BANG-BANG CONTROL OVER
-1
A FOUR DAY PERIOD (CONTOIS GROWTH MODEL & LAMBERT-BEER, MAX. DILUTION = 2 [D ])

Rerunning the minimization results in an input signal that is different from the one shown in Figure 7.
The distance between tstart and tend is alike, but the time of the day harvesting takes place is different.
That brings up the suspicion that no strong distinctive minimum exists.
To get an overview of the decision area, a 3D plot is made for the three different growth models
where the objective function outcomes for possible combinations of tstart and tend are displayed. One
has to keep in mind that the output function is a combination of the amount of algae harvested on
the one hand and a penalty function for any deviation from the desired algae concentration at final
time on the other hand (eq. [6]). A weight factor of 1000 is used and a reference biomass
concentration of 0.25 [kg m-3]: a small deviation from Cxref increases the objective function outcome.
At the minimum the deviation is expected to be close to zero; the information remaining concerns
mainly the yield. Figure 8 presents the objective function outcomes for the three growth models for
all possible combinations of tstart and tend of the bang-bang control signal.

23

a)

b)

c)
FIGURE 8: OBJECTIVE FUNCTION OUTCOMES FOR T STA RT AND T END COMBINATIONS OF THE BANG-BANG
CONTROL SIGNAL. A) MONOD MODEL; B) CONTOIS MODEL; C) CONTOIS & LAMBERT-BEER GROWTH MODEL

When harvesting lasts for too long, this has a clear influence on the objective function values. If the
algae concentration is 0.25 at t=t0 and 0 at t=tend, the result of the penalty function is 62.5, which is
close to the value in the right top corner of the graphs. If tstart = tend, no harvesting takes place which
ultimately results in a deviation from the reference concentration as well.
Due to the weight factor in the objective function, the outcome can result in a large positive value
that is one or two orders of magnitude larger than the result of the optimization that is most
interesting. To get a clear view of the area close to the minimum, a 2d illustration of the minimum
values of J viewed from the tstart-axis is made. Figure 9 displays the minimum values of the LambertBeer & Contois growth model. This shows no information on the duration of the harvesting, only of
the start-time. Similar results are obtained from the other two models, graphs for these are
redundant.
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FIGURE 9: MINIMUM VALUES OF FIGURE 8C, VIEWED FROM THE T START AXIS

It is clear that no real optimum exists that can be found by any minimization or optimization
function. This explains why rerunning the optimization resulted in a different input signal: there was
no optimum to find. In other words, it means that the moment of harvesting does not affect the
objective function outcome, which is nearly equal to the yield at this point, as long as harvesting
commences before 20:00h. The models used were quite basic to approximate more complex algae
growth, the question is whether it holds for the more extensive growth model from Slegers et al.
(2013a) as well. Chapter 3 elaborates on this specific model and the optimal harvesting strategies
influenced by the environment.
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3. APPLYING OPTIMIZED HARVESTING: ADVANCED ALGAE
CULTIVATION MODEL
Algae production is optimized using descriptive models from Slegers et al. (2013a) and Slegers et al.
(2011) which feature algae growth for open pond cultivation and flat plate bioreactors respectively.
The model is a chemostat model, so it assumes a continuous in- and outflow such that the total
volume of the system remains constant. Slegers assumes harvesting is carried out in such a way that
the biomass concentration is constant at all times, actually turning the system into a turbidostat as
well.
The model uses weather data which are sampled every 10 minutes for a period of one year. To apply
dynamic optimization to obtain the optimal input, the light and temperature data must be expressed
as a function of time (Bryson, 1999). In addition, the growth model ought to be reducible to a set of
differential equations. These requirements are not met. For this thesis, the model is changed to a
model with a predefined harvesting schedule. Bang-bang control is applied, resulting in a
discontinuous culture flow with a variable biomass concentration: the turbidostat and chemostat
characteristics are withdrawn. Section 3.1 elaborates on the motivation for bang-bang control for the
system.
The cultivation system is divided into layers for calculation purposes. Hereby light absorption,
diffusion and reflection are taken into account for all the segments and local production is calculated
throughout the system. The growth model assumes that the algae are ideally mixed. Hence, the
harvested volume contains the algae concentration in the reactor. Fresh medium is added
simultaneously, containing the necessary nutrients for the algae to grow optimally. The model
assumes variables with respect to the growth medium, like nutrient availability, to be maintained
within constraints for optimality. However it does not calculate the amount that is added to fulfil that
assumption. As long as these variables are kept within the optimal boundaries, this does not violate
the model’s validity.
The growth model for outdoor pond cultivation is used to simulate algae growth under different
environmental and system conditions. These conditions, used by the model to calculate growth, vary
by the day and by the growth season.
In the following sections, variations in the following circumstances are investigated:
 weather types
 location
 species in the reactor
 reactor designs
 biomass concentration
The last parameter stands out from previous research. Biomass concentration is assumed a given
parameter for the cultivation and is not explicitly studied in combination with the other parameters.
Slegers et al. (2013a) analysed different pond depths for a given biomass concentration, but did not
study the effect of algae density on growth. However, Van Straten et al. (2010) clearly indicated that
for his basic model, the biomass concentration was important in the optimization strategy.
The response of the optimal input signal on the different parameters is studied (Figure 10).
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FIGURE 10 MICROALGAE HARVESTING STRATEGY, AFFECTED BY WEATHER CONDITIONS, ALGAE SPECIES,
BIOMASS CONCENTRATION, CULTIVATION SYSTEM AND LOCATION ON THE GLOBE

First, the biomass concentration is varied to get an overview of the harvesting strategies for different
biomass levels.
Weather data are based on measurements taken for a period of one year. Because measured data do
not clearly show sine-shaped figures, weather conditions are investigated by classifying measured
days. Ideally, temperature and irradiance are separated to investigate their individual effect on the
optimal harvesting strategy. However, cold days are often cloudy and warm days are often sunny. In
addition, weather data from different days must concern days that have approximately the same day
length to be comparable: a sunny day in winter yields in total less light than a cloudy day in summer.
For that reason a method is used that is capable of comparing these days.
Apart from the weather conditions, two different microalgae species, P. Tricornutum and T.
Pseudonana, are compared in the same environment. Their different growth behaviour may affect
the strategy that is applied best for their cultivation. In addition, the effect of location is investigated
by comparison of a typical summer and a typical winter day for both locations. Lastly, the open pond
cultivation system is compared to a flat panel photobioreactor in which temperature is optimally
controlled at all times.
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3.1.

BANG-BANG CONTROL

As mentioned in section 2.5, optimal control of a system which is linear in the input is characterised
by an instantaneous switch from minimal to maximal value and from maximal to minimal value: onoff bang-bang control. Even though no individual differential equations can be distinguished, for this
model it is justified to assume bang-bang control is indeed the optimal solution. As seen in part 1 of
the results, a system of algae growth can be described by a growth term and an input term. The
model does not clearly distinguish an equation for the first one, but the input term is clearly defined
and is linear.
𝛥𝐶𝑥
= (𝑔𝑟𝑜𝑤𝑡ℎ(𝐼(𝑡), 𝑇(𝑡), 𝐶𝑥(𝑡), 𝑝) − 𝐷) ∗ 𝐶𝑥
𝛥𝑡

[22]

where growth is dependent on irradiation, temperature, biomass concentration and system
parameters and the input is the dilution rate. Δ is used because the time step used for calculation is
integer.
The description of the system is in essence equal to the basic growth models mentioned earlier. This
also holds for the objective: maximize yield, while minimizing the deviation of the biomass
concentration from the starting value of Cx at tend. Assuming harvesting takes place once per day, the
time harvesting starts and stops is plotted versus the objective function outcome (eq. [6]). Cx(tstart) is
chosen at 0.25 [kg m-3], the weight factor is set at 100.000. Light and temperature data from a warm
sunny day in April (appendix 1) in the Netherlands were used. (Figure 11).

-1

FIGURE 11: T START AND T END VS OBJECTIVE FUNCTION OUTCOME, MAX DILUTION = 2 [D ]

From the figure, many different combinations seem possible to reach a minimum value of the
objective function. The scale is too large to find the exact minimum. To get a better view of the
minimum, a zoomed plot of the minimum is displayed as well (Figure 12).
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FIGURE 12: MINIMUM OBJECTIVE FUNCTION VALUES, VIEWED FROM THE T START AXIS OF FIGURE 11

A global minimum is found at tstart = 15:30h and (not visible in this figure) tend=18:50h. The moment of
harvesting is now clearly of influence on the objective function compared to Figure 9. Figure 12
proves that for this situation it is beneficial to harvest in the afternoon instead of in the early
morning. Mind that it holds for a biomass concentration is 0.25 [kg m-3]. The influence of biomass
concentration on the optimal harvesting process is elaborated in the next section.
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3.2.

BIOMASS CONCENTRATION

Until now, the biomass concentration was assumed a given parameter. It is however an important
factor in optimization of the system. Slegers et al. (2013a) assumed a constant biomass
concentration of 0.3 [kg*m-3] for P. Tricornutum and 0.1 [kg m-3] for T. Pseudonana during an entire
year in a 30 cm deep pond. Though, it was also pointed out that pond depth is of influence on the
production due to disparities between pond depths in temperature fluctuations and light
distribution. The latter case on itself is influenced by the algae concentration as well: it seems
sensible to optimize the algae concentration with respect to weather conditions. For the same day in
April as used in section 3.1, the influence of biomass concentration on ultimate yield is displayed
(Figure 13).

FIGURE 13: POTENTIAL HARVEST OF DIFFERENT LEVELS OF BIOMASS CONCENTRATION FOR THE DURATION OF
ONE DAY. EVERY DOT REPRESENTS AN OPTIMIZED HARVESTING REGIME FOR THE GIVEN DAY IN ORDER TO
MAXIMIZE YIELD WHILE KEEPING CX(T END ) CLOSE TO CX(T S TA RT )

It is clearly not beneficial to start production with a biomass concentration over 0.3 [kg m-3]. The
optimum lies at 0.25 [kg m-3] and harvesting lasts from 15:30h to 18:50h. By coincidence this is equal
to the outcome of the preceding section. If the biomass concentration is held below or above
optimum for a longer period of time, the optimal input differs for that situation.
In the first place, a shorter harvesting period is observed for an increasing biomass concentration.
Harvesting takes place at a constant dilution rate, so more algae are harvested per minute if the
biomass increases. That’s why harvesting takes shorter if the concentration is denser.
Secondly, two stages can be distinguished for the chosen biomass concentrations. Until a biomass
concentration of 0.31 [kg m-3] harvesting takes place in the afternoon. For higher biomass
concentrations, harvesting starts at t=0 (midnight). At this point, growth is suppressed to such extent
that more biomass is obtained by harvesting in the morning than by harvesting in the afternoon. In
practice, this situation is prevented by the harvest of the preceding day.
In a situation where the biomass concentration is below its optimum, the rational action would be to
let the algae grow until their optimal concentration to maximize daily production.
Either the algae concentration is kept at 0.25 [kg m-3] optimally, or the optimal concentration varies
in time, e.g. because of changing weather conditions or time of the year. In the next paragraph, the
influence of weather variations on the harvesting regime is investigated. The biomass concentration
is thereby also taken into account.
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3.3.

WEATHER CONDITIONS

An algae pond without artificial lighting or heating in the open air is dependent on the weather to
grow. Cold and dark circumstances don’t promote high growth rates. Even in a temperature
controlled environment, negative production rates in the Netherlands occur in winter, according to
(Slegers et al., 2011). Growth behaviour is affected by the weather conditions; the difference in
optimal harvesting strategy is investigated.
First, consider three scenarios consisting of two to three day periods in the Netherlands. These
scenarios are used to compare temperature and irradiance with respect to the optimal input of the
system while making sure that the results are based on a broader year round production perspective.
Winter is not considered, since production in winter in the Netherlands is not feasible (Slegers et al.,
2013a). Scenario 1 is a three-day period in April, scenario 2 is a two-day period in early June and
scenario 3 concerns two days in August. Days are chosen per scenario such that they contain days
with different weather types. The weather data of all three scenarios are given in the appendix.
To compare these scenarios with respect to the harvesting strategy, three characteristics of the
optimal control must be distinguished. First of all, the optimal biomass concentration at tstart is
estimated. Secondly, the starting time of harvesting in that situation is considered. And lastly, the
duration of harvesting is studied.
To estimate Cx(tstart) [kg m-3], a measure of temperature and solar irradiance over a day is defined.
The average temperature Tavg [˚C] is a steadier and more reliable measure of temperature compared
to the minimum or maximum temperature, since these last values apply to a small period of time
only. Irradiance is expressed by total energy influx per square meter per day [kWh m-2 d-1]. This way,
irradiation for different day lengths is comparable and consequently the different scenarios can be
compared as well. The individual effects of temperature and irradiance from the three scenarios are
shown in Figure 14.

FIGURE 14: TEMPERATURE AND IRRADIANCE RELATED TO THE BIOMASS CONCENTRATION. ALL POINTS
REPRESENT AN OPTIMIZED DAY.

No significant relationship between Tavg and Cx(tstart) is found. The irradiance however is a good
predictor of the biomass concentration. For the irradiance values between 2 and 8 [kWh m-2 day-1] a
linear trend is sensible:
𝐶𝑥(𝑡𝑠𝑡𝑎𝑟𝑡 ) = 0.209 + 0.0068 𝐼𝑑𝑎𝑖𝑙𝑦

[23]

where Idaily is equivalent to the total solar irradiation per square meter per day [kWh m-2 d-1].
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However, for lower values of Idaily the relationship is not expected to be linear. If no irradiance is
present, only respiration can take place. Maximal growth that can be achieved in that case is 0 [kg m3 -1
h ], if the biomass concentration is 0 [kg m-3] as well. Values in that area are expected mostly in
winter, this is discussed in section 3.5.
Time optimal harvesting starts and stops is hard to predict. Figure 12 showed that clearly a minimum
exists for the start of harvesting in relation to the harvested amount of algae. However, the exact
place of the minimum is not visible; the minimum is very flat and spread out over a longer period in
the afternoon. From this we learn that the exact start time of harvesting is not very relevant, as long
as it is within an acceptable range of the exact minimum.
If for example “acceptable” is taken as a 0.1% deviation from the exact minimum objective function
value, a 1.5 hours range from the exact minimum (15:30h) in both directions is allowed. Referring
back to Figure 12, in fact any starting time between 12h and 18h can be considered acceptable.
The duration of harvesting is predicted by the total irradiation during a day. Similar to finding the
ideal biomass concentration, temperature does not seem to be predictive for the duration of
harvesting. For all three scenarios simultaneously the relationship between cumulative irradiance
and harvesting time is investigated (Figure 15).

FIGURE 15: THE EFFECT OF TOTAL DAILY IRRADIATION ON HARVESTING DURATION. EVERY POINT REPRESENTS
AN OPTIMIZED DAY.

Despite the outlier, which is caused by a larger amount of growth than expected during that day in
August, a linear trend is distinguished. The trend is described by:
𝑡ℎ𝑎𝑟𝑣𝑒𝑠𝑡 = 2.37 + 0.27 𝐼𝑑𝑎𝑖𝑙𝑦

[24]

It suggests that a day with more irradiation requires longer harvesting. On the one hand, this is
supported by the fact that a higher amount of irradiation leads to more growth. On the other hand,
the optimal biomass concentration at 8 [kWh m-2 day-1] is approximately 20% higher than at 2 [kWh
m-2 day-1] (Figure 14). When the biomass concentration is higher, the harvested volume contains
more algae which in turn leads to shorter harvesting. However, the total harvest differs over 200%,
so it requires more time to harvest despite the increased biomass concentration.
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3.4.

ALGAE SPECIES

In the previous sections, all calculations simulated growth characteristics for Phaeodactylum
Tricornutum. In this section, a brief exploration of the possible influence of the species on the
harvesting strategy is worked out. The species studied for comparison is Thalassiosira Pseudonana
under conditions from scenario 1. Two important differences between the two species have been
pointed out in earlier research (Slegers et al., 2013a). The first one concerns the growth rate: the
maximum growth rate of P. Tricornutum of 2.3 [day-1] is twice the maximum growth rate of T.
Pseudonana. Secondly, the biomass concentration used for cultivation of T. Pseudonana is much
lower than P. Tricornutum. Both matters cause a lower productivity for T. Pseudonana. What the
effect will be on the optimal harvesting strategy is investigated. As mentioned in the previous
section, harvesting duration and biomass concentration are the most interesting harvesting
variables, which are studied in particular.
Optimal biomass concentration at the start of the three days is compared for scenario 1 and
displayed in Figure 16.

FIGURE 16: OPTIMAL BIOMASS CONCENTRATION FOR TWO SPECIES IN SCENARIO 1

First of all, note that the optimal biomass concentration at tstart is in fact lower than described by
(Slegers et al., 2013a). The concentration climbs during the day, but does not reach the level
indicated as optimal for year round production.
It is not surprising that the values differ between species, this was known in advance. It is however
interesting to see that the species show a similar type of behaviour: with more favourable weather, a
higher biomass concentration leads to higher production.

FIGURE 17: OPTIMAL HARVESTING DURATION FOR TWO SPECIES IN SCENARIO 1
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Productivity of T. Pseudonana is lower than the productivity of P. Tricornutum. A fixed mass flow
during harvesting would cause shorter harvesting times for T. Pseudonana. However, the volume
flow is fixed and due to the lower biomass concentration, it takes longer to harvest T. Pseudonana
instead. Again, the behaviour is similar to the other species: more favourable weather results in
longer harvesting periods.
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3.5.

LOCATION

Information on production characteristics per location is obtained by comparing a typical winter and
summer day for Algeria and the Netherlands. In general, temperatures in winter and summer in the
Netherlands are lower than in Algeria. In section 3.3 it was found however that not temperature but
irradiation is the main factor of the optimal harvesting strategy. Irradiation in the Netherlands
exceeds that of Algeria in summer, due to longer day lengths. In winter however, levels of irradiation
are much lower. Weather data from the days used to compare the two different countries are found
in appendix 2. The harvesting strategy is optimized using again the species P. Tricornutum. Referring
back to section 3.3, the results from optimization are compared to the relationship found earlier
(Figure 15) and visualised in Figure 18. Note that for both locations, the day with the lowest level of
irradiance obviously represents the winter situation.

FIGURE 18: BIOMASS CONCENTRATION OF TWO LOCATIONS COMPARED TO THE TREND FOUND IN SECTION
3.3

In summer, biomass concentrations in both countries are equal although solar irradiation is different.
However from the figure, it is clear that the results for the summer and both locations fit well to the
expectation. Cx in winter in the Netherlands is out of the range of the data and does not fit to the
plotted line. In addition, respiration in that time of the year in the Netherlands exceeds total
production which makes long-term cultivation infeasible. This is further discussed in chapter 4.
In Algeria the biomass concentration in winter is on the high side, this can be explained by the
shorter day length with a higher irradiance level. An equal amount of solar energy in the Netherlands
in summer is spread over a longer period of time, which in turn results in a lower average irradiance
level. The plot was originally for the Netherlands only: location specific characteristics influence the
relationship such that on average a higher biomass concentration should be maintained over the
year in Algeria than in the Netherlands.
The relationship found in section 3.3 describing the harvesting duration is partly confirmed by the
model outcomes for the two locations, similar to the biomass concentration. Simulations for the
summer are confirmed, while winter situations are not well represented (Figure 19).
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FIGURE 19: HARVEST DURATION OF TWO LOCATIONS COMPARED TO THE TREND FOUND IN SECTION 3.3

In winter, biomass concentration is lower in the Netherlands than in Algeria. So far we have seen that
a low biomass concentration usually led to a longer harvesting period compared to a higher biomass
concentration. This is however not the case when comparing the two locations in winter. Total
harvest in the Netherlands is 16 [kg], while in Algeria the total harvest is 118 [kg]. The proportional
difference is larger than the proportional difference between the biomass concentrations, such that
total harvest time in winter for the Netherlands is lower than in Algeria.
Again, the situation in winter in The Netherlands is not within the range of the data, which explains
why it is not in line with the expectation. Recall that the optimal biomass concentration in Algeria is
identical for both summer and winter. Yield in winter is however lower than in summer, which is why
harvesting lasts shorter than expected in winter.
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3.6.

REACTOR TYPE

A temperature controlled environment in a flat plate bioreactor is compared to an uncontrolled
environment in an open pond for a typical day in winter and in summer in the Netherlands (appendix
2).
Compared to open ponds, the cultivation medium is much denser filled with algae. This is caused by
the shorter light path in the flat plate reactors: light must be absorbed within a smaller distance. In
Figure 20 optimal concentrations and harvest durations are displayed.

FIGURE 20: COMPARISON OF OPTIMAL HARVESTING STRATEGIES FOR TWO CULTIVATION SYSTEMS

Harvesting duration and biomass concentration for both systems behave similarly comparing
summer and winter scenarios. Even though temperature is maintained at the optimal growth
temperature, still in flat plate bioreactors the optimal biomass concentration is lower in winter than
in summer. In previous sections it was already found that the main determinant of the optimal
biomass concentration is solar irradiation. The flat plate bioreactors confirm this, since the
cultivation temperatures in summer and in winter are identical.
Harvesting of flat plates initiates in the afternoon, similar to open pond cultivation. Yield in summer
is higher for the flat plate reactor compared to open pond cultivation. A production of 725 [kg] is
realised compared to a production of 256 [kg] in the open pond. However, harvesting takes place in
a shorter timeframe due to the higher algae density. In winter, cultivation using flat plates is feasible,
in contrast to open pond cultivation.
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4. DISCUSSION
Results of this research were gained and presented in the most accurate feasible manner. Some
concessions were made to obtain the results with the available materials and within the given time
frame. A critical review is done of the limitations of the modelling methods and optimization
outcomes.
The objective of chapter 2 was to obtain a suitable optimization method for the harvesting strategy.
Dynamic optimization algorithms or minimization algorithms were not successful when applied to
the basic growth models. The main causes were addressed to improve the growth models. The final
result concerning the Contois growth model with Lambert-Beer light extinction did not result in the
expected bang-bang control signal, even with the simplified form of dynamic optimization.
Parameters used for this model were obtained from previous research (Van Straten et al., 2010). Van
Straten used a different growth model containing similar parameters. The value of the parameters
for both models is not necessarily identical, causing a lack of growth suppression for the higher
biomass concentrations and consequently an increase in the biomass concentration over time.
From a further analysis of the problem it was found that a bang-bang strategy was the optimal
solution for any system that is linear in the input. For this research, the choice was made to harvest
only once per day. For biomass concentrations exceeding the optimal concentration, the optimal
solution was to harvest in the early morning instead of in the afternoon. If harvesting is carried out
more than once per day, it is an option to harvest both during the night and in the afternoon. This
was not investigated further. In practice, harvesting of the preceding day prevents this high level of
algae concentration early in the morning. The application of bang-bang control on the Contois
growth model with Lambert-Beer light extinction did not result in a consistent signal. This supports
the conjecture that parameters used for modelling were not correct.
In chapter 3, advanced simulation models that have been tested in previous research were used. This
improved the representability for real situations, providing a more accurate description of real algae
growth. However in the optimization process, improvements can be made. All optimizations were
aimed at circumstances of a single day only. Hence, it was assumed that the setpoint for Cx(tf) is
equal to Cx(t0). In practice, production lasts for more than a single day. With the knowledge obtained
on the relationship between irradiance level and optimal biomass concentration , the setpoint of the
biomass concentration differs on a day-to-day basis. Cx(t0) is expected to be lower for a cloudy day
than for a sunny day, which is not yet corrected for. This in turn makes optimization more
complicated, since adjusting the setpoint for Cx directly influences the duration of harvesting.
A firm suggestion for future research is to investigate the long-term harvesting strategy. Here, the
challenge lies in developing reliable predictors of the harvesting duration in combination with a daily
varying setpoint. Since the optimal starting time is spread over approximately three hours in the late
afternoon, planning of the harvesting could be used to finish harvesting at or after sundown. After
that only a constant respiration rate affects growth, making calculation of reaching the setpoint at
midnight less complicated.
A remark has to be made on the definition of the objective function in optimization of the system.
The objective function value was highly dependent on the weight factor. The goal of the weight
factor in the objective function is to closely reach Cxsetpoint at tf: ideally Cxsetpoint = Cx(tf). Cxsetpoint was
approached but not reached exactly, the error was approximately 0.01 [kg m-3]. Cx(tf) was always
smaller than Cxsetpoint, because of the behaviour of the objective function. The penalty function is of
equal influence on the objective function above and below Cxsetpoint. In case Cx(tf) is higher than
Cxsetpoint, there is potential harvest left to further lower the objective function value for the same
penalty function value. It occurs equally for all calculations with a similar weight factor, such that the
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error made is approximately equal for all calculations. However, harvesting times are in practice
always shorter to reach a slightly higher and therefore more accurate Cx(tf). The amount of time that
it is shorter depends on the biomass concentration in the reactor: a higher concentration leads to a
smaller error in time.
A special case is cultivation in winter in the Netherlands as mentioned earlier in section 3.5. Due to
the error from Cxsetpoint, the amount harvested is actually larger than the total potential growth in the
system. In fact there is a net negative production (respiration exceeds growth) in winter. Production
over a longer period would be impossible. Referring back to the recommendation for further
research: the error made by the objective function should be addressed before expanding the
optimization for longer time periods.
The last remark that is covered focusses on practical use of the alternative harvesting strategies.
Measured weather data are not available in advance. Long term harvesting should make use of
weather predictions to base its strategy on. Weather predictions may have wrong outcomes: it is
unknown what the effect of an error will be. Corrections of the biomass concentration work one-way
only: by means of dilution an excess of biomass can be removed. Future research could focus on the
effect of errors in weather predictions on algae growth and optimal harvest.
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5. CONCLUSION
Optimal harvesting of microalgae is carried out using an on-off dilution strategy. Control is applied in
the form of bang-bang control. When harvesting is done once per day, optimal harvesting
commences in the afternoon between 12h and 18h. The most important weather condition
influencing the harvesting regime is solar irradiation. Choice of the biomass concentration at the
start of the day is a main factor of concern when determining the strategy. Secondly, harvesting
duration is an important control characteristic.
With higher levels of solar irradiation, higher biomass concentrations at the start of the day are
maintained optimally. Simultaneously, higher yields can be reached with higher levels of solar
irradiation. This in turn results in longer harvesting times, since harvesting is performed at maximum
capacity and more biomass needs to be harvested.
Species P. Tricornutum and T. Pseudonana show similar behaviour with respect to harvesting.
Harvesting lasts longer and the optimal biomass concentration is higher with more favourable
weather conditions. The exact values of the duration and biomass concentration at the start of the
day differ however, because both species demand a different growth environment.
Algeria demands a different harvesting strategy than the Netherlands. In Algeria, optimal biomass
concentration at the start of the day is 0.26 [kg m-3] in both winter and summer. In the Netherlands,
algae cultivation in winter is not feasible. In summer the biomass concentration at the start of the
day is equal to the one in Algeria in summer. Yield in both the Netherlands and Algeria is higher in
summer than in winter, which is why harvesting lasts longer in summer in both cases. Yield in the
Netherlands in summer is higher than in Algeria, which is why harvesting in the Netherlands lasts
longer in summer than in Algeria.
Different reactor designs demand a different biomass concentration at the start of the day. Seasonal
differences affect the optimal strategy equally for both reactors. Biomass concentration in a flat
panel photobioreactor is higher at 3.2 [kg m-3] in summer compared to 0.26 [kg m-3] in the open pond
system. Harvesting duration in winter and summer is shorter for the flat plate reactor, because the
biomass concentration is higher and thereby more biomass is harvested with a fixed culture flow.
These discoveries contribute to further optimization of algae cultivation. A customized harvesting
scheme allows a more efficient capture of solar irradiation for growth. Future research should focus
on expansion of the optimization for longer time periods to make a practical application feasible.
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APPENDIX 1: PRODUCTION SCENARIOS IN THE NETHERLANDS
For the investigation of the weather types and algae species, weather data were used from three
days in April 2009, two days in June 2009 and two days in August 2009. Global solar irradiation, or
total radiation on the horizontal plane, was used to compare situations based on irradiance levels
(Figure 21; Figure 23; Figure 25). Air temperature was used to distinguish between warm and cold
conditions (Figure 22; Figure 24; Figure 26).

FIGURE 21: GLOBAL RADIATION FOR THREE DAYS IN APRIL

FIGURE 22: AIR TEMPERATURE DURING THREE DAYS IN APRIL
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FIGURE 23: GLOBAL RADIATION FOR TWO DAYS IN JUNE

FIGURE 24: AIR TEMPERATURE DURING TWO DAYS IN JUNE
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FIGURE 25: GLOBAL RADIATION FOR TWO DAYS IN AUGUST

FIGURE 26: AIR TEMPERATURE DURING TWO DAYS IN AUGUST
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APPENDIX 2: TYPICAL WINTER AND SUMMER DAYS IN THE
NETHERLANDS AND ALGERIA
To compare locations in general, a typical winter and summer scenario was used for the Netherlands
and Algeria. To compare reactor types, typical winter and summer days in the Netherlands were
considered. Figure 27 and Figure 29 show the levels of solar irradiation in the Netherlands and
Algeria respectively. Figure 28 and Figure 30 show the temperature change during a day in the
Netherlands and Algeria respectively.

FIGURE 27: GLOBAL RADIATION FOR TWO DAYS IN THE NETHERLANDS

FIGURE 28: AIR TEMPERATURE DURING TWO DAYS IN THE NETHERLANDS
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FIGURE 29: GLOBAL RADIATION FOR TWO DAYS IN ALGERIA

FIGURE 30: AIR TEMPERATURE DURING TWO DAYS IN ALGERIA
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