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Abstract—The purpose of this work is to develop a distributed
adaptive controller based on supervised multiple models. This
adaptive mechanism of using supervised multiple models is useful
when the system dynamic is unknown and consists of, given
the set of plant signals like the observed input, output and
possibly the state estimations, deciding at each sampling interval
what is the model that best fits the observed plant dynamic.
Furthermore, the control strategies are based on LQG and MPC
algorithms, applying different coordination procedures based
on Game Theory concepts. This means that each agent must
communicate with its neighbours and consider their decision, in
order to reach a consensus and optimise its move. The agent’s
decisions lead to a Nash equilibrium, in the case of LQG, and to
a tighter approximation of the global minimum, in the case of
an augmented Lagrangian-based algorithm. Finally, the example
used to study the proposed architecture is a biomass thermal
power plant, where the aim is to control both steam flow and
pressure by varying the manipulated variables, the valve position
and the power grid velocity. Here, the performance of the LQG
coordination applied to the control of this system is compared
with the best performing MPC algorithms.

Index Terms—Adaptive Control, Distributed Control, SM-
MAC, D-LQG, D-MPC, D-ADMM.

I. INTRODUCTION

A. Motivation

The number of uncertain systems operating under changing
conditions has been increasing due to the advances in tech-
nology and the wide range of possible uses, such as energy,
economy, market competition or healthcare.

Having an adaptive system is crucial when our process is
unknown or when there are changes in the dynamics of a
system, in particular due to non-linear effects, which can imply
a modification in the type of response. If the modifications
are unpredictable, there has to be a mechanism that can
compensate them.

As systems are becoming more complex and connected
in large networks, the growth in complexity requires the
use of decision-making processes that can be centralised or
distributed. In large scale systems, the centralised control,
although achieving better performance, requires too much
computational effort as it has to process all the information
of the overall system. Additionally, in case of a failure in the
centralised control, the entire system may become compro-
mised. On the other hand, the control can also be distributed,
where the main idea is ”divide to conquer”. The distributed
configuration benefits from being more computationally effi-

cient, error tolerant and flexible concerning the structure of
the system.

1) State of the Art: The situation in study consists of several
controllers, where each one computes its manipulated variables
without considering the other subsystems. Communication is
essential among controllers to ensure that the performance and
stability of the whole system are not compromised.
In a distributed scheme, the local manipulated variables are
obtained using local measurements and small-scale models
of the local dynamics, which are easy to design and imple-
ment [1]. Also, distribution provides flexibility to the system
structure, allows the system to be fault-tolerant by being
redundant and does not require information of the whole
system, thus needing less computational effort [2]. The co-
ordination between the local controllers and their respective
subsystems can be made using several techniques. A possible
approach is using a distributed LQG control algorithm based
on game theory, where controllers must communicate in order
to develop a coordinated system with the objective of reaching
a consensus [3] [4]. Therefore, if the convergence condition is
attained, the whole system will arrive at a Nash equilibrium.
Another solution is using a D-MPC algorithm from game
theory perspective which is addressed in [5] in order to
reduce the computational load and avoid the organisational
obstacles associated with centralised solutions. A robust D-
MPC algorithm has been developed in [6] to deal with coupled
constraints. An alternative and a more powerful algorithm
was introduced to tackle the convergence problem, which is a
special augmented Lagrangian-based algorithm called ADMM
[7]. A distributed form of this algorithm is presented in [8],
namely D-ADMM, where the optimisation is made so that the
total number of required communications in the network nodes
is reduced.
Furthermore, the dynamic of the system is unknown so there
must exist an adaptation mechanism. In the present work,
this approach will be the Switched Multiple Model Adaptive
Control (SMMAC) [9] [10]. According to this technique,
there is a bank of controllers, where the model chosen by
the supervisor is the one that has the most similar observed
behaviour to the plant. Some improvements to the idea of
an adaptive control using multiple models were developed in
[11], proposing a Robust MMAC architecture to deal with
highly uncertain exogenous plant disturbance environments,
and in [12], consisting in a weighted algorithm to deal with
disturbance rejection.



Fig. 1: Simplified SMMAC Architecture.

B. Objectives

The main objective of this dissertation is to develop and test
a distributed adaptive controller based on supervised multiple
models. In particular, it is studied how to design the different
controllers and how to construct the SMMAC architecture,
more concretely, how to build the supervisor and controllers
bank. The distributed algorithms developed are based on LQG
control and on MPC, which are designed using Game Theory
concepts or dual optimisation. Finally, the overall adaptive
distributed solution is applied to a specific problem, the control
of a biomass thermal power plant.

II. ADAPTIVE CONTROL

A. Switched Multiple Model Adaptive Control

The process to be controlled can be represented as a linear,
time invariant (LTI) and finite state-space model [13] such that{

x(k + 1) = Ax(k) +Bu(k)

y(k) = Cx(k) +Du(k),
(1)

where D is a zero matrix, u, y ∈ R, x ∈ Rn and k ∈ N.
The SMMAC aims to control the plant by switching be-

tween a finite set of models M = ∪Ni=1Mi [9] [10], where
each controller i is represented by (1). In its structure there
are two main blocks, a bank of controllers and a supervisor, as
represented in figure 1. The bank of controllers is composed by
a set of controllers C = ∪Ni=1Ci, where each local controller
Ci is associated to a specific model Mi. The switch between
two different models occurs when there is a need to adjust
and find a model that better fits the plant’s dynamics. This is
performed by the supervisor, which is explained in II-A2.

1) Bank of Controllers: The bank of controllers is com-
posed by a set of controllers that can be designed in different
ways. For simplicity, in this work the local models are obtained
by drawing a grid and varying some parameters, locating the
models uniformly according to the parameter space, as it is
illustrated on figure 2. Notice that the choice of how many
models are considered must be a compromise since, if this

Fig. 2: Illustration of the parameter space and the regions of
each local model Mi. The operation point for each model is
represented by a dot.

Fig. 3: Bumpless transfer architecture with anti-windup.

number is not sufficient, there might be some dynamics that are
not considered by any of the existent models. On the contrary,
it is not desirable to have too many models as the difference
between model dynamics might not be relevant, which could
lead to stability problems as the supervisor would constantly
change its choice. It was also included a bumpless transfer
and anti-windup system, as shown in figure 3. When there
is any change on the plant’s dynamics and there is another
controller that is more suitable to describe the new dynamics
the current controller is switched. This control action generally
causes degradation of the transient performance since there
may occur abrupt changes in the manipulated variable, which
is not desirable in physical systems [14] [15]. Bumpless
transfer between different controllers can resolve this problem
by inserting an integrator common to all controllers [16],
resulting in a redesign of the controllers with the augmented
state space of the form[

x̂i(k + 1)
ui(k + 1)

]
=

[
Ai Bi
0 I

] [
x̂i(k)
ui(k)

]
+

[
0
I

]
δui(k), (2)

[
yi(k)

]
=
[
Ci 0

] [x̂i(k)
ui(k)

]
, (3)

with identity matrix I with the same dimensions of vector ui.
Additionally, sometimes there’s the need for adding an ac-

tuator saturation after the integrator because the control input
must be limited to some boundaries. Besides, the manipulated
variable can achieve large values because of the integral effect
and thus inducing large, and even diverging, oscillations in the
closed-loop [17]. This phenomenon is known as windup. The
implemented solution for this is introduced in [18] and consists
of adding a feedback signal that measures the error es between
the estimated control signal Ui and the true one Ua. After this,



the error signal is scaled through a gain and then fed back to
the integrator. The integrator input is expressed by

Ud = Us −
1

Tt
es. (4)

When es = 0 there is no saturation. However, when es 6= 0,
there might be saturation. In such case, the extra feedback
tries to eliminate the error signal, resetting the integrator so
that the controller output is at the saturation limit, preventing
the windup [19]. The integrator is reset at a rate that depends
on the tracking time constant Tt.

2) Supervisor: The supervisor task is essentially, at each
discrete time k, deciding the index σ of the controller that has
the dynamic behaviour closest to the process so that the best
performance is achieved [20] [21]. The supervisor is mainly
divided into three blocks:
• Model Bank;
• Performance index generator;
• Switching logic.
The model bank is made of local models Mi, where each

of these models represents a possible outcome for the plant
dynamics. This block is responsible for determining the output
estimation ŷi, which is obtained by a Kalman filter.

The prediction error ei(k) = ŷi(k)− yi(k) is computed in
order to compare each model i to the actual plant output y
and squared to be always positive, which results in the signal
wi(k) = |ei(k)|2. Then, w(k) is passed through a low pass
filter to remove high frequency components and to make the
transitions smoother. As a result, the performance index πi is
generated, which represents a low pass filter defined as

πi(k) =
(1− λ)2

(z − λ)2
wi(k), (5)

where λ is a parameter defined between 0 and 1.
A final decision is made by a switching logic that chooses

the index σ associated with the model that has the most similar
plant behaviour, that is

σ = argmin πi(k). (6)

Fast switching may be a problem due to the possibility of
the overall system becoming unstable. This situation can be
avoided by imposing a condition [20] [22], according to which,
once a controller is applied to the process, it has to remain
selected for a minimum amount of time τD, the dwell-time.
Additionally, another condition is enforced, where there has
to be a minimum of samples with the same controller index
τS before the supervisor changes its decision.

Supervisor Simulations
Low-Pass Filter: The Monte Carlo method was used to

understand how the supervisor behaves with and without
the LPF. During the simulation, the maximum number of
incorrect decisions was 29 without the signal filtering, in figure
4(a), while with the filter presence, in 4(b), was 13. It is
considered an incorrect decision whenever there is a change
in the supervisor choice that does not correspond to the right

(a) Without LPF.

(b) With LPF.

Fig. 4: Histogram of the number of incorrect decisions from
the supervisor for 60k runs.

model. It is notorious that the histogram is more spread and
the mean is shifted to the right, meaning that the number of
incorrect decisions increased, in the experiments without the
filter presence, in figure 4(a).

Dwell-time: To comprehend the influence of parameters τD
and τS , the Monte Carlo method was used. These results are
presented in figure 5 and 6, respectively. In figure 5 it is clear
that there is a big improvement on the number of incorrect
decisions when the dwell-time is introduced. As seen in figure
6(b), choosing τS = 20 does not always produce the correct
decision. However, there is an improvement in comparison
to the τS = 0 in 6(a), thus justifying the inclusion of this
parameter.

III. DISTRIBUTED LQG CONTROL

Distributed control is designed by decomposing the system
in several local linear time-invariant subsystems

∑
i, i =

1, ..., N . Each subsystem is controlled by an independent
controller, called agent, that tries to optimise, according to its
objectives, its local cost. Additionally,

∑
i interacts with its

neighbours, i.e., the agents that have some kind of influence
in it, a disturbance. The set of agents that interact with agent
i is called the neighbourhood of i represented by Ni. This
coordination is essential between these agents since, if acting
isolated, their decisions might conflict, causing the final result
to deviate from the global objective and might even make the
system unstable.



(a) With τD = 0.

(b) With τD = 15.

Fig. 5: Histogram of the number of incorrect decisions from
the supervisor for 60k runs depending of τD.

(a) With τS = 0. (b) With τS = 20.

Fig. 6: Histogram of the number of incorrect decisions from
the supervisor for 60k runs depending of τS .

A. LQ Control with Feedforward

The state-space model for each agent, considering this
interactions, called accessible disturbances, is given by{

xi(k + 1) = Aixi(k) +Biu(k) + Γidi(k)

yi(k) = Cixi(k),
(7)

where di(k) is an accessible disturbance given by

Γidi(k) =
∑
j∈Ni

Bijuj(k). (8)

The quadratic cost function is

Ji =
1

2

N∑
k=0

[
(ri(k)− yi(k))T (ri(k)− yi(k)) + uTi (k)ρui(k)

]
,

(9)
where N is a positive integer, r is the reference and ρ > 0 is
the weight associated to the manipulated variable. The problem

to be solved consists of finding a control law u(k) for each
agent i that minimises Ji, yielding

uiopt(k) = −KLQi
xi(k) + uiff

(k), (10)

where the feedforward term uiff
is

uiff
(k) = (ρ+BTiiPiBii)

−1BTii(gi − PiΓidi(k)) (11)

and the state-feedback gain

KLQi
= (ρ+BTiiPiBii)

−1BTiiPiAi

Pi = ATi Pi[I + ρ−1BiiB
T
iiPi]

−1Ai + CTi Ci.
(12)

B. Game based coordination

The problem is defined as an optimisation problem, aiming
to achieve the minimisation of the overall cost function

J =

N∑
i=1

Ji, (13)

where Ji is associated to the local objective of each agent.
When considering a process without an embedded inte-

grator, the quadratic cost function that each agent tries to
minimise is no longer given by (9), but instead of the form

Ji =
1

2

∞∑
k=1

[
e2
i (k) + (ui(k)− ūi(k))T ρi(ui(k)− ūi(k))

]
,

(14)
where e(k) = r(k)− yi(k) and ūi is the necessary correction
of the manipulated variable so that the static error is eliminated
and defined by

ū(k) =
1

C(I −A)−1B
r(k)− C(I −A)−1

C(I −A)−1B
Γd(k). (15)

C. Coordination procedure

The coordination game consists of an iterative procedure
that at each sampling time k, each local controller i receives
the information about the manipulated variables of its neigh-
bours and changes its own optimal control, given by (10),
knowing yi and attending to the neighbours strategy. The other
agents will also perform the same according to manipulated
variable information of their neighbours.

Each ui will not only depend on the sampling time k but
also the number of negotiation steps Nc performed with the
other agents. This algorithm will be iterated Nc, where, at each
time k and n negotiation step-index, the resulting manipulated
variable ui(k, n) is generated assuming that the local control
agent i knows the values yielded from the previous iteration
n−1 of its neighbours. The final value, in a sampling instant,
of each ui(k,Nc) is then applied to its respective subsystem
i of the plant. This final value corresponds to a situation
where no agent will benefit by changing only its manipulated
variable, thus achieving the Nash Equilibrium. This algorithm
is also explained in short in 1.



Algorithm 1 Coordination algorithm

1: Initialisation: ∀i ∈ A, set uiopt = 0
2: for all sampling instances do
3: for n = 1, ..., Nc do
4: uiopt = F(xi,Ni)
5: end for
6: ui ← uiopt
7: end for

Where A denotes the set of agents and F the optimisation
procedure used for the negotiation. For the previous algorithm
there is no way to ensure that it will converge, so a conver-
gence criterion must be defined. The coordination process can
be described asu1(k, τ + 1)

...
uN (k, τ + 1)

 = Mcoord

u1(k, τ)
...

uN (k, τ)

−
 KLQ1

x1(k)
...

KLQN
xN (k)

 ,
(16)

where KLQi
is the optimal gain for agent i and

each line of matrix Mcoord will be given by (I +
ρ−1
i BTi PiBi)

−1ρ−1
i BTi (g′i − PiΓj) for j ∈ Ni and zero

otherwise. To converge, this algorithm must satisfy

λmax := max|eig(Mcoord)| < 1 (17)

which means that the maximum of the modulus of the eigen-
values of Mcoord is less than one.

IV. DISTRIBUTED MPC

Model Predictive Control is a control strategy, which con-
sists in, at each sampling time, computing the value of the
manipulated variable by minimising the global cost function
defined along an horizon, prediction horizon, of future discrete
time instants. This minimisation is made using prediction
models based on the plant dynamics. Only the first optimal
control move is applied to the plant, discarding the rest of
the sequence. This whole procedure is then repeated at the
beginning of the next sampling interval [16].

A. Game based D-MPC

Considering a class of distributed systems composed by M
interconnected subsystems coupled through the control inputs,
the state-space model of each subsystem is defined as{

xi(k + 1) = Aixi(k) +
∑
j∈(Ni,i)

Bij∆uj(k)

yi(k) = Cixi(k)
(18)

where xi ∈ Rqi , i = 1, ...,M , are the states of each subsystem
and ∆uj ∈ Rrj , j = 1, ...,M , are the different incremental
inputs. The set Ni indicates the neighbours of agent i, i.e.,
indicates which agents’ control inputs ∆uj will affect xi. For
simplicity, from now on, the set Si = (Ni, i), which represents
the set of nodes whose manipulated variables affect xi.

There are several ways to tackle this problem, one such
solution is introduced in [23] and formalised in [24] using
game theory concepts. However, implementing this solution
with the integral action requires too much computational load

and time because it needs to handle the constraints. So, an
analytical approach is preferable, which does not take into
account these constraints.

Analytical Solution: For any given system of the form (18),
the local cost function of agent i can be expressed in a matrix
form as

Ji = (Yi −Ri)T (Yi −Ri) + ρi∆U
T
i ∆Ui (19)

with the predictor model

Yi = Πix̄i(k) + Wi,i∆Ui +
∑
j∈Ni

Wi,j∆Uj , (20)

Yi =


∆yi(k + 1)
∆yi(k + 2)

...
∆yi(k +N)

 ,∆Ui =


∆ui(k)

∆ui(k + 1)
...

∆ui(k +N − 1)

 , (21)

where Ni is the neighbourhood of subsystem i and x̄i(k)
represents the augmented state at time k as in equation (2).
The predictor matrices are defined as

Wi,p =


C̄iB̄i,p 0 ... 0
C̄iĀiB̄i,p C̄iB̄i,p ... 0

...
...

...
...

C̄iĀi
N−1

B̄i,p C̄iĀi
N−2

B̄i,p ... C̄iB̄i,p

 ,Πi =


C̄iĀi
C̄iĀi

2

...
C̄iĀi

N

 ,
(22)

with p ∈ i ∪Ni.
The minimisation of each local cost functions are performed

by computing the derivative with respect of its manipulated
variable and finding the value for each ∂Ji

∂∆Ui
= 0, which

results in
∂Ji
∂∆Ui

= 2∆Ui(W
T
i,iWi,i + ρiI) + 2WT

i,i(Πix̄i(k) +
∑
j∈Ni

Wi,j∆Uj).

(23)
The optimal solution is then given by

∆U∗i = −1

2
(WT

i,iWi,i + ρiI)−1(2WT
i,i(Πix̄i(k) +

∑
j∈Ni

Wi,j∆Uj)).

(24)
The coordination algorithm is based on [25] and [26] and
presented in algorithm 2. Where ∆uni is element n of ∆U
of subsystem i. ∆U ′ is a column vector that resulted in the
concatenation of all ∆Ui. The diag(·) operator generates a
diagonal matrix with the arguments Mi in the diagonal. Each
line of matrix Φ ∈ RN×N contains a vector φi where each
element is given by 2WT

i,iWi,j for j ∈ Ni and zero otherwise.
The algorithm convergences if the spectral radius satisfies

λmax := max|eig(M−1Φ)| < 1. (25)

B. D-ADMM based D-MPC
The ADMM algorithm aims to solve separable optimisation

problems in networks of interconnected nodes and can be
formulated as follows

minimise
z

∑M
i=1 Ji(z

i)

subject to zij = zjl l ∈ Si ∩ Sj , (i, j) ∈ E
xi(k + 1) = Aixi(k) +

∑
j∈(Ni,i)

Bijz
i
l (k),

(26)



Algorithm 2 D-MPC based on neighbour coordination

1: Initialisation: ∆Ui = 0.

2: ∆U ′ =
[
∆u

(1)
1 , ...,∆u

(N)
1 , ...,∆u

(1)
M , ...,∆u

(N)
M

]T
3: Mi = WT

i,iWi,i + ρiI
4: M = diag(Mi)

5: Φ =


−φ1−
−φ2−

...
–φM–


6: ψi = 2WT

i,iΠix̄i

7: Ψ =
[
ψ1, ψ2, ... , ψM

]T
8: repeat
9: ∆U ′ = − 1

2M
−1Ψ− 1

2M
−1Φ∆U ′

10: until pre-defined maximum number of iterations or stop-
ping criteria are met.

in which, for j > i, zi denotes all control inputs copies that
have an effect on agent i, including its own ui, such that each
agent has its own copies of the manipulated variables. Finally,
zil represents the copy of control signal l in agent i and Ji(zi).
The augmented Lagrangian of (26) is

L(z, λ) =
∑
i

Ji(zi) +
∑
j∈Ni

∑
l∈Si∩Sj

λijl (zil − z
j
l ) + ρ

∑
j∈Ni

∑
l∈Si∩Sj

∥∥∥zil − zjl ∥∥∥2

2


(27)

where z is the set of all copies in the set of node, λijl is the
dual variable of element l associated to nodes i and j for all
j > i, λ is the collection of all λijl and ρ > 0 is the predefined
augmented Lagrangian parameter.

This problem can be solved using the method of multipliers
by minimising the augmented Lagrangian (27) with respect to
every copy of the control signal, keeping λ fixed at time k,
iterating on k

zpq (k + 1) = arg min
zpq

L(z, λ) (28)

where q is any control input and p is any subsystem. The dual
variable λ is also updated according to

λijl (k + 1) = λijl (k) + ρad(z
i
l − z

j
l ). (29)

During each sampling time, every agent must communicate
its solution of (28) to all its neighbours. The last step after
the communication between agents consists of each agent
applying its own control input, i.e, making zii = ui. This
process is repeated until some stopping criteria are met. As this
solution requires too much computational time, an analytical
alternative is preferable.

Analytical Solution: Based on the predictor model (20), Ji
is defined as

Ji = ‖Πix̄i(k) + Wi,i∆Ui + Wi,j∆Uj −Ri‖2 + ρi ‖∆Ui‖2 , i 6= j

(30)
where Ri is the reference vector and x̄i(k) is the augmented
state as presented in equation (2). It is necessary to change

the control variables so that each agent has a replica of all
manipulated variables, resulting in

∆Ūi = [∆U i
T

1 ∆U i
T

2 , ... ,∆U i
T

M ]T . (31)

Now, each cost function Ji is of the form

Ji = (Yi −Ri)T (Yi −Ri) + ρi∆Ūi
T

∆Ūi (32)

with the predictor model simplified as

Yi = Πi

x̂i(k)
ui(k)
uj(k)

+ Wi∆Ūi, (33)

with Wi being a matrix where each element is defined as in
(22) and zero otherwise. Each local cost function, associated
to each subsystem, is given by

Ji,ad = Ji + (γi −
∑
j∈Ni

∆Ūj)
T∆Ūi +

1

2
ρad

∥∥∆Ūi
∥∥2
, (34)

For simplicity, (34) can be rewritten as

Ji,ad = ∆ŪiMi∆Ūi
T

+ Φi∆Ūi
T
. (35)

The analytical minimisation of the cost functions Ji,ad is
∂Ji,ad
∂∆Ūi

= 2∆ŪiMi + Φi. (36)

The optimum value for each ∆Ūi
∗ is given by

∆Ūi
∗

= −1

2
MiΦi. (37)

As the D-ADMM algorithm is highly dependent on the net-
work used, it is more relevant to show the algorithm directly
applied to our use case with two agents, 3. For a serially
connected network of three agents the algorithm can be found
in [27].

Algorithm 3 D-ADMM based on D-MPC

1: Initialisation: γ = [γ1 γ2]T ; ∆Ūi = 0
2: repeat
3: M1 = WT

1 W1 + ρ̄1 + ρad

2 I
4: Φ1 = 2W1(Π1x̄1 −R1)− γ − ρad∆Ū2

5: ∆Ū1 = − 1
2M

−1
1 Ψ1

6: M2 = WT
2 W2 + ρ̄2 + ρad

2 I
7: Φ2 = 2W2(Π2x̄2 −R2)− γ − ρad∆Ū1

8: ∆Ū2 = − 1
2M

−1
2 Ψ2

9: γ = γ + ρad(∆Ū1 −∆Ū2)
10: until pre-defined maximum number of iterations nI or

stopping criteria are met.

The output ∆Ū1(1) and ∆Ū2(N + 1) become the manipu-
lated variables u1 and u2 respectively.

V. CASE STUDY - BIOMASS THERMAL POWER PLANT

To illustrate a real practice case where the previously
studied SMMAC architecture can be applied using distributed
algorithms for the negotiation to determine the manipulated
variables, a biomass thermal power plant is studied. The goal
is to control both steam flow and pressure through the valve
position(u1) and the power grid velocity (u2).



Architecture
For this work the control problem is solved using a dis-

tributed structure, as presented in figure 7, combined with a
SMMAC configuration, as described in II-A. The SMMAC
mechanism is required since a biomass thermal power plant
does not have a linear behaviour, meaning that the system
must be able to adapt according to the system dynamics. In
figure 7, CF and CP represent the controller of the steam flow
and steam pressure respectively. FS indicates the steam flow
output and PS the steam pressure output.

Fig. 7: Distributed control system of the plant.

The proposed scheme architecture for the solution can be
seen in figure 8.

Fig. 8: Architecture of the adaptive distributed solution.

Regarding the different blocks observed in this figure, the
Supervisor was designed as explained in II-A.

Inside the Negotiation block there are two banks of con-
trollers, one for the steam flow and another for the steam
pressure. According to the supervisor decision σ, one of
the controllers in each bank of controllers is chosen. From
here, the negotiation between the two controllers is performed
resorting to one of the distributed algorithms. One should note
that the addition of the integrator implies a redesign of the
controllers for each subsystem, with a similar procedure as in
equation (2), resulting in the structure[

x̄1(k + 1)
x̄2(k + 1)

]
=

[
Ā1 0
0 Ā2

] [
x̄1(k)
x̄2(k)

]
+

[
B̄1

B̄2

]
δu(k), (38)[

∆y1(k)
∆y2(k)

]
=

[
C1 0
0 C2

] [
x̄1(k)
x̄2(k)

]
. (39)

with

Āi =

[
Ai Bi
0 I

]
, Bi =

[
Bi1
Bi2

]
, B̄i =

[
0
I

]
, δu =

[
δu1

δu2

]
(40)

The Observers block contains the same model bank as
the supervisor and its purpose is to estimate the current
state according to the inputs and outputs of the plant and
also receiving the supervisor decision σ so that the state
is estimated with the current model for the steam flow and
pressure.

Simulations
The simulations were conducted using the biomass ther-

mal power plant model to understand how the distributed
algorithms performed with the adaptive system. These were
performed choosing Tt = 1 for the anti-windup mechanism,
saturation limits of [−20, 20]% for both control inputs, a
dwell-time of τD = 150 and τS = 50 samples. For the D-
LQG, ρ1 = 800, ρ2 = 400 and Nc = 10 negotiation steps
were chosen, while for the D-MPC and D-ADMM an horizon
of N = 20, ρ1 = 400 and ρ2 = 50 were used.

Reference Tracking: In figure 9(b) is possible to verify that
all the distributed algorithms had a similar response, even
when there was a change in the plant’s dynamics, and they
were all capable of tracking the reference. A closer look also
shows that, in general, the D-ADMM algorithm was the fastest
one to reach the reference, one such example is the pressure
response at t ≈ 900min. Besides, none of the manipulated
variables in 9(a) saturated, making it possible to track the
reference without having any static error. It is important to
notice that there are some abrupt changes in the outputs, e.g.
at t = 1500min for the steam flow, which corresponds to
the instants of time when the switching between controllers
occurs. It should be pointed out that there are some small
bumps in both output’s response due to the interaction through
the inputs between the two systems.

The supervisor decisions for both outputs, the steam flow
and pressure, are presented in figure 10. In both cases, all the
algorithms were able to make the right choice of controllers,
although with a small delay. Apparently, the delay is the
same for the different algorithms, however, in 10(a) and 10(b),
it is evident that the switch is not simultaneous. This is
possibly explained because, when there is a change of the
plant’s dynamics, the output in that instant of time is different
between algorithms. So, when the supervisor is computing
the prediction error this result will not be the same, which
implies that the performance index is also different. Hence, the
switching time will be distinct. This might be explained by the
fact that the changes in the plant’s dynamics are made with a
switch. As such, and as no system was implemented to prevent
this behaviour, bumps were observed in the system’s response.
Furthermore, there is the possibility that the difference in
dynamics between the controllers is too large, exacerbating
the issue.

Noise Rejection: In real situations, there is always some
uncertainty associated to the measurement equipment. As
such, to simulate the sensor’s measurements, white noise with
three different PSD heights, 0.001, 0.005 and 0.01, were added
to the output. As can be verified in figure 11, with a noise
PSD height of 0.001, the system is still able to track the



0 500 1000 1500 2000

Time (min)

0

2

4
V

a
lv

e
 P

o
s
it
io

n
 (

%
)

DLQG

DMPC

DADMM

0 500 1000 1500 2000
Time (min)

0

10

20

G
ri
d
 V

e
lo

c
it
y
 (

%
)

DLQG

DMPC

DADMM

(a) Manipulated variables.

0 500 1000 1500 2000

Time (min)

-1

0

1

2

S
te

a
m

 F
lo

w
 (

t/
h
)

ref

DLQG

DMPC

DADMM

0 500 1000 1500 2000
Time (min)

0

1

2

S
te

a
m

 P
re

s
s
u
re

 (
b
a
r)

(b) Outputs.

Fig. 9: System’s response of the thermal power plant zoomed.
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Fig. 10: Supervisor’s decision.

reference. However, there are some bumps in the system’s
response and with a higher amplitude, as seen for the steam
flow at t ≈ 4500min. This issue occurred when the supervisor
changed it’s choice, possibly choosing another model with
very different dynamics. The supervisor’s decision for both
outputs in figure 12 is not capable of choosing the right
controller for the majority of the simulation time. Yet, it was
still possible to ensure the stability if the overall system and the
two subsystems to track the reference. As seen in figure 13(a)
the increase of the noise standard deviation has a great impact
in the D-LQG performance concerning the steam flow, which
does not happen for the steam pressure, in figure 13(b), that has
an apparent constant behaviour to the introduced noise. The
D-MPC algorithm presents the most accurate response for the
smallest noise PSD height. However, as the height increases,
it seems to be the most sensitive algorithm to the increase
of noise for the case of the steam pressure. Is is noteworthy
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Fig. 11: System’s response of the thermal power plant zoomed
with white noise of 0.001 PSD height.
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Fig. 12: Supervisor’s decision.

that the system is apparently more robust handling noise in
the steam pressure than in the steam flow. Overall, the D-
ADMM algorithm is apparently the most robust algorithm,
outperforming the other two for both outputs.

Manipulated Variables Saturation: Sometimes the combi-
nation of selected controllers with the reference to be tracked
makes the control inputs reach the saturation limits, in such
cases the system might not be able to completely reach the
reference, resulting in a static error. It is possible to observe
that, when the reference change occurs at t ≈ 3500min,
none of the algorithms is capable of completely track the
reference with that choice of controllers. This is due to the
fact that the valve position, in figure 14(a), reaches the upper
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Fig. 13: Bar graphs of the mean squared error of both outputs
according to the noise standard deviation.

saturation limit. However, the D-ADMM algorithm produces a
different outcome from the other two. This algorithm presents,
comparatively, less error on the steam flow at the expense
of correct tracking steam pressure, as can be seen in figure
14(b). This is possibly explained by the correction parameter
γ that tries to approximate the copies to the real value of the
manipulated variable.

The supervisor decisions of the complete simulation can
be observed in figure 15, where, concerning decision σ1, the
supervisor presented a small error for the controller choice,
which was promptly corrected after completing the dwell-time
and τS period. For decision σ2 there was no error on the
supervisor choice, only a small delay was detected.

VI. CONCLUSION

In this work an adaptive control mechanism was studied,
that relied on multiple models, in a distributed framework. In
practice, to understand the proposed solution we explore a real
case scenario applying this distributed control technique to a
biomass thermal power plant.

To tackle this problem we start by the construction of the
SMMAC architecture was explained, more concretely, how to
design the bank of controllers and the supervisor. The presence
of the low pass filter was shown to improve the supervisor
decision since the number of incorrect decisions decreased.
The introduction of the dwell-time τD and parameter τS also
presented good results concerning the supervisor decision,
improving the supervisor performance.

Regarding the distributed algorithms, different approaches
were implemented based either on Game Theory concepts or
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Fig. 14: System’s response of the thermal power plant zoomed.
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Fig. 15: Supervisor’s decision.

in dual optimisation. The analytical solution of both MPC
algorithms presents a good result, having a simple negotiation
strategy and being more efficient in terms of communication
steps required than the D-LQG algorithm. The analytical D-
MPC has the advantage of requiring less auxiliary variables
during the iterative procedure.

Finally, concerning the biomass thermal power plant ex-
ample, from the conducted experiments the three distributed
algorithms with the SMMAC mechanism can converge and
track the reference. Furthermore, as shown, these adaptive
distributed control mechanisms are very robust to noise, which
represented the uncertainty of the sensors. Overall, the tests
presented acceptable results, even with the saturation limits
being reached, as the system did not become unstable. One



problem with the presented solution is that the control system
was not able to prevent the large bumps observed in the
systems response when the models switched.

A. Future Work

Regarding the SMMAC architecture, there are several ways
to improve the presented solution. A possible improvement to
the bank of controllers is, besides using only fixed models,
also incorporating one or more self-tuning adaptive models,
that should provide a better performance by tuning the gains
according to new plant dynamics [10].

The design of the supervisor could also be altered to be able
to deal with unknown intrinsic constant offsets of the system,
using, for instance, a Least Mean Squares estimator (LMS)
as in [28]. Furthermore, it is also necessary to smooth the
transitions between controllers beyond applying an integrator
for the bumpless transfer, one possible solution may be grad-
ually changing the controller as opposed to a sudden switch,
ensuring continuity and stability.

Although not covered in this work, the proposed architecture
should be tested in non-linear systems to observe if the system
is capable of following the reference and ensure stability and
if these distributed algorithms converge.

Finally, an interesting experiment would be testing this
adaptive distributed mechanism in a real environment to un-
derstand how the controllers would handle a non-linear system
with external factors that may affect the system dynamics,
as these external factors can’t be perfectly reproduced in a
simulated environment.
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