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Abstract. Model Predictive Control (MPC) is a control strategy that uses a system dynamic model to predict its behaviour
over a time horizon and has become a widely used tool in the industry. Different systems require different control settings
and the choice of parameters is not an easy task. This paper proposes a tuning application of MPC parameters using
bio-inspired algorithms: Particle Swarm Optimization (PSO) and Salp Swarm Algorithm (SSA). PSO is an algorithm
proposed in 1995 and has been applied in several optimization problems. SSA is one of the newest proposed bio-inspired
algorithm. The plant is a Triple Integrator and performance metric is the quadratic error between system output and
the reference. The convergence error is faster with PSO than SSA, but the latter converges to the target at the end of the
iterations. The results show SSA as efficient as PSO in minimization problems.
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1. INTRODUCTION

Model Predictive Control (MPC) is a control strategy that uses a system’s dynamic model to predict its behaviour
over a time horizon and calculates the best set of control actions to track the reference. MPC became a widely used tool
in industry (Kawai et al., 2007). Initially, it was proposed for single input single output systems (SISO), however was
extended to multiple input multiple output systems (MIMO) making it efficient in multi-variable models as well as in
nonlinear systems (Alamir, 2013).

MPC works with constraints, as is the physical behaviour of real systems. Thus, several MPC applications can be
found in current literature, such as aerospace control (Hartley et al., 2012, 2014; Ling et al., 2008) and chemical processes
(Yamashita er al., 2016; Kawai et al., 2007). These constraints are assigned to physical actuators, security constraints as
pressure and temperature variables, obligations (product quality - thresholds specification), set by law (such as maximum
emission of pollutants), time constraints, etc.

Despite being applicable to a wide variety of problems the MPC’s behaviour (for each of them) depends on the correct
tuning of an objective function, which demands high effort for designer because there is an extensive range of values. In
order to make this search easier, optimization techniques can be used to achieve the parameter tuning. In literature some
tuning applications can be found such as using fuzzy logic (Ali, 2001), stochastic optimization (Liu and Wang, 2000) and
biological evolution (SALAT et al., 2013). One example applications of the Particle Swarm Optimization (PSO) is found
for SVM parameter tuning in Rossi and de Carvalho (2008).

The PSO algorithm was proposed in 1995 by Kennedy and Eberhart (1995) based on Reynold’s work by bird flocking
(Reynolds, 1987) to food search. Since then it has been modified and presented in several applications. On the other
hand the SSA is one of the latest bio-inspired algorithms, presented by Mirjalili ez al. (2017). This work uses bio-inspired
algorithms based on swarms of birds (PSO) and salps (SSA) to performe this optimizations.

2. MODEL PREDICTIVE CONTROL

The MPC method focuses on predicting a system’s behaviour from a set of input actions over a prediction horizon
H,,. The MPC cost function quantifies the system response by a value, called fitness, which has to be minimized. The
choice of the input value sequence that results in lower fitness is performed by an internal algorithm called solver. Several
algorithms can be used as solvers, such as gradient-based methods that works best on mono-model problems (Hinojosa
et al., 2017; Jamshidnejad et al., 2016). Bio-inspired algorithm can also be used as solvers as the PSO (Yousuf et al.,
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2009; Mercieca and Fabri, 2012) and ABC, based on bee colony (Sahed et al., 2015).
The MPC cost function depends on the dynamic model of the system and can be classified in two types: convex and
non-convex. These characteristics are described in the next section.

2.1 MPC Cost Function

The MPC cost function is shown in Eq. (1), excerpted from Alamir (2013).
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where O, is the penalty matrix of the output value, Q, is the penalty matrix of the actuator value, y, ., ;(i) is the reference,

¥(i) is the system output and u(i) is the output value of actuator.
The MPC solver addresses the minimization problem such as indicated by Eq. (2)

There are two approaches for this problem depending on the system model, one for P convex and another for P
non-convex as shown in Fig. 1. A convex function has a valley and a single local minimum that also corresponds a global
minimum. For a non-convex function there are several local minima which can be misinterpreted as global minimum.
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Figure 1. Convex function (left), Non-convex function (right). Modified from (Alamir, 2013)

The system treated in this work presents a convex function model and the solver is an algorithm called Gradient
Expansion (GE), shown in Fig. 2.
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Figure 2. Gradient Expansion Algorithm - GE. Extracted from (Alamir, 2013)

The GE algorithm performs the optimal value search over iterations mutating the p value (future u,,), as well as the
search region delimited by a.. The « is defined by Eq. 3.

v
= 3
“ e 3)
where 7 is determined by Eq. (6) and £, is a upper bound in search region. At each iteration the p value is then modified
by Eq. 4.
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where G(p) represents the p constraints, treated on next section. The search region is restricted throughout the iterations,
therefore the current value of the function is compared to the value to be assigned. Briefly, the following commands are
executed:

if (J@5) < J(")
Y — max(’Yminv [37 * 7)
then @)

v BTy

Based on this concepts the following steps are performed by the MPC solver:

1: Atiteration k, calculate the sequence of future actions that minimize the cost function (Eq. 1);
2: Apply the first control action of the optimal sequence;
3: Calculate the state(s) variable(s) and restart the whole process.

2.2 MPC Constraints

As previously mentioned, the MPC constraints are required to solve real problems. The constraints addressed in this
paper are as described in Eq. 6, Eq. 7 and Eq. 8.

Ymin < Y(k+1) < Ymaz, 1 = 0...Hp_4 (6)
where y,,;,, and y,, .. are under and upper bound of output system, respectively.

Umin < (k4 1) < Umag, = 0...Hp_4 @)
where U, and u,,q, are under and upper bound of control action, respectively.

Atmin < Au(k +1) < Atpgg,t = 0...Hp_1 (8

where Auyi, and Auy,,, are difference of under and upper bound of the control action at consecutive iteration, respec-
tively.

3. BIO-INSPIRED ALGORITHMS

A lot of technology was developed based on nature, the velcro (based on plants texture) and the sonar (based on
bats) are some examples. Bio-inspired algorithms are the result of incorporating nature concepts into computer systems.
Swarm intelligence is a term used to designate systems with artificial intelligence whose interaction of individuals with
little intelligence generates coherent solutions or search patterns to solve tasks (Poli et al., 2007).

The ’swarm’ term is used generically to refer to any structured collection of agents capable with ability to interact with
each other. Therefore it can be said that the collective interactions of all agents into the system often lead to some kind
of collective intelligence. This artificial intelligence includes any attempt to design algorithms or distributed problem-
solving devices without centralized control, inspired by the collective behaviour of social agents (Kawai et al., 2007). In
this work two bio-inspired algorithms are used, based on flocking birds (PSO) and salp swarm (SSA).

3.1 PSO - Particle Swarm Optimization

In the 80’s, the birds behaviour stimulated some researches. Biologist Frank Heppner studied the flock of birds (Fig. 3).
James Kennedy and Russel Eberhart, in 1995, inspired by studies of Heppner, developed an optimization technique that
came to be called Particle Swarm Optimization - PSO (Kennedy and Eberhart, 1995).

The PSO optimizes a problem iteratively by trying to improve the candidate solution with respect to a given quality
measure. Using an analogy, the term particle was adopted to symbolize the birds and represent the possible solutions to
the problem to be solved. The area overflown by birds is equivalent to the search space and the place with food, or the
nest, corresponds to finding the optimal solution.

In order for the birds flock search the target, the performance of the particles is evaluated (fitness). To reach the target,
birds use their experiences and the experience of the flock. The individual experience of each particle, that is, its life
history, is called pbest. The one responsible to representing complete swarm knowledge is gbest.

At each iteration k a particle’s velocity is update using Eq.9

vi(k+1) = v;(k) + c¢1 * 71 (pbest — p;(k)) + c2 * ro(gbest — p;(k)) 9)
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Figure 3. Flocking birds. Extracted from (www.en.wikipedia.org/wiki/Flock_(birds)#).

where v;(k+1) is the new velocity of ith particle, ¢; and ¢ are constant variable, r; and ro are uniformly random numbers
in [0, 1].

The particle’s position is updated using Eq.(10)
pi(k+1) =vi(k+1) + pi(k)

The PSO pseudo code can be seen below:

(10)

Algorithm 1 - PSO PseudoCode

1: Initialize the particle’s position x; (i=1,2,...,n) considering ub and b
2: repeat

3:

10:
11:

4
5:
6:
7
8
9

Calculate the fitness of each search agent (particle)

if the fitness value is better than the best one (pbest) in history then
Set the current value as as the new pbest

end if

Choose the best fitness as the gbest

for each particle (x;) do
Calculates new velocity in accordance with Eq. (9)
Update particle position in accordance with Eq. (10)

end for

12: until (end condition is not satisfied)
return: gbest

3.2 SSA - Salp Swarm Algorithm

Figure 4. Salp. Extracted from (www.cmarz.org/species_images/salps/salpa_cylindrica_solitary_2b_edited_.jpg)

Salps (Fig. 4) are Salpidae family and have transparent barrel-shaped body. Its locomotion mechanism is similar to
the jellyfish. Water is pumped through the body, which also helps it to feed by ingesting plankton.

Studies of Salp’s behaviour is difficult because they live in deep ocean and it is really hard to keep them in laboratory

environments. But some researches have already discovered an important peculiarity of Salps. Their collective behaviour.
Salps often form a swarm called salp chain (Fig. 5), the main reason of this behaviour is not very clear, but some re-
searchers believe that this is done for achieving better locomotion using rapid coordinated changes and foraging (Mirjalili
et al., 2017). The first salp of chain is called leader.

This behaviour inspired the creation of the Salp Swarm Algorithm, proposed by Mirjalili ef al. (2017). The mathe-

matical model of SSA considers two individuals groups, the leader and the followers. The leader is the individual with
the best fitness and that attracts all followers to its position. Similar to PSO, the individuals in SSA are distributed in a
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Figure 5. Salps chain. Extracted from (www.pt.wikipedia.org/wiki/Salpa#)

search space of dimension n which is the number of problem’s variables. In addition, the position of the salps are stored
in arrays called x. The leader’s position update occurs according to Eq. (11).

1 Fj+Cl((ubj+lbj)62+lbj),03 >0

T = { Fj — c1((ub; + 1b;)cs + 1b;), c3 < 0 (i

where xj is the leader’s position in the j th dimension, F; is the position of food source in the j* dimension, /b, and ub,
are the lower and upper bounds of j** dimension, ¢1, co and c5 are random numbers.

The coefficient c; is the most important parameter of SSA because it balances exploration and exploitation according
by Eq. (12).

e = 2e~(£) (12)

where [ is the current iteration and L is the maximum number of iterations.
The parameters ¢z and c3 are random number uniformly generated in the interval of [0, 1] and dictate in which direction
the leader will follow in the next move.
The followers update their positions according to Newton’s law of motion, Eq. (13).
.1
i 2
r; = §at + vot 13)

where i > 2, xé— is the position of it follower in jth dimension, 7 is time, vq is initial velocity. a and v are obtained as
described in Eq. (14).

a=dmherey = L= 20 (14)
Vo t
Considering vo = 0 and discretizing time so each step is 1, it arrives on Eq. (15).
1, o
ol = 5(:5; +azi7h) (15)

Equation. (15) represents the salps chain because each follower updates his position according to the follower in front
of him.
SSA pseudo code can be seen in Algorithm 2.

4. METHODOLOGY

The MPC case study is applied to a Triple Integrator that was taken from Alamir (2013), whose model in state space
is:

T 0 1 0 xr1 0 Ty
i =00 1| ]a|+]|0]u y=[10 0] = (16)
T3 0 0 O T3 1 T3

where x1, xo € x3 are state variables of system.

The tuning system proposed is shown in Fig. 6

The quality measure used by bio-inspired algorithms is the quadratic error between reference and system output, at
each iteration, as shown in Eq. (17).

itemax

error = Z (Yrep (i) —y(7))? (17)

i=1
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Algorithm 2 - SSA PseudoCode
1: Initialize the salp’s population z; (i=1,2,...,n) considering ub and b
2: repeat
3:  Calculate the fitness of each search agent (salp)
F' = the best search agent
Update ¢y by Eq. (12)
for each salp (z;) do
if (i == 1) then
Update the position of the leading salp by Eq. (11)
else
10: Update the position of the follower salp by Eq. (15)
11: end if
12:  end for
13:  Amend the salps based on the upper and lower bounds of variables
14: until (end condition is not satisfied)
return: F'

D A

Parameter Tuning by

Bio-inpired Algorithm

Qy CQu

reference output system

Triple Integrator

Figure 6. Tuning system proposed.

The constraints were taken from Alamir (2013). They are the following: —2 < y(k +14) < 2, =30 < u(k + i) < 30
and —50 < Au(k+1i) <50,i =0, ..., H, — 1. Each algorithm was run 50 times by tuning of MPC weights (Q, and Q,,).
The data analysis is presented on a statistical basis in these simulations.

5. SIMULATION RESULTS

The tuning results of the MPC parameters are now presented. The graph of weights distribution by the error calculated
in Eq. (17) is shown in Fig. 7 and presents a minimization problem where the global minimum is the algorithm’s target.
This curve is characterized by the dynamic model of the plant and input reference. So for different problems the graph
can vary.

The algorithms are configured with S = 10 search agents at a maximum of 200 iterations. The MPC solver configura-
tion found in Alamir (2013) was used: V,,in = 1.2, 5~ = 0.2 and 37 = 1.8. Algorithms performance at each iteration
can be seen in Fig. 8, this result represents the median from 50 simulations.

The convergence is faster in PSO but SSA is also able to reach the target. Statistically the PSO and SSA performance
are given in Tab. 1. This indicates that use of the bio-inspired algorithms result in a better system control than no weights
tuning found in Alamir (2013) whose error was 7.866.

Table 1. Experimental results of error for 50 simulations.

ALGORITHM | AVERAGE | MEDIAN | MINIMUM | STANDARD DEVIATION
PSO 7.8067 7.8075 7.7977 3.8661e-10
SSA 7.8086 7.8082 7.7990 3.8490e-10

In general, for the Triple Integrator the bio-inspired algorithms settled the control objective. The system response with
tuned weights by PSO and SSA can be observed in Fig. 9 and Fig. 10, respectively.
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Figure 9. System response with parameter tuning by PSO.

0 1 2 3 4 5 6 7 8 9 10
40 T T T T T
% X
oA Py L o ]
\ o Mﬁ / \X x X [¥ —
of / Al oo
A ] xff I i
20— X\ ¥ \ | 4
ok ¥ e
i I . | | . | | | I
0 1 2 3 4 5 6 7 8 9 10
time (s)

Figure 10. System response with parameter tuning by SSA.

6. CONCLUSIONS

A parameters tuning method using bio-inspired algorithm is presented in this paper. The error convergence is faster in
PSO but SSA is also able to reach the target at 200 iterations. Respecting the plant’s limitation, the control result expressed
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the importance of a tuning method regarding the choice of MPC weights. The system’s performance was better (error of
7.80) than with no tuning (7.86, weights found in Alamir (2013)). In summary, bio-inspired algorithms, specifically PSO
and SSA, are useful tools in minimization problems.

Future work may address tuning in control of non-linear systems. Tests with other MPC solvers can also be per-
formed. The GE algorithm has a high computational cost and can be replaced by faster algorithms that do not use gradient
calculations.
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