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Abstract: An approach to low complexity distributed MPC of nonlinear interconnected systems with
coupled dynamics subject to both state and input constraints is proposed. It is based on the idea of
introducing a contractive constraint in the centralized NMPC problem formulation, which would guarantee
the closed-loop system stability when using a small prediction horizon. Particularly, the one step ahead
NMPC problem is considered. Further, a quasi-NMPC method is developed, which is based on a
sequential linearization of the nonlinear system dynamics and finding distributedly a suboptimal solution
of the resulting convex Quadratically Constrained Quadratic Programming problem. The suggested
approach would be appropriate for distributed convex NMPC of some cyber-physical systems, since it will
reduce the complexity of the on-line NMPC computations, simplify the software implementation, and
reduce the requirements for available memory. The proposed method is illustrated with simulations on the

model of a quadruple-tank system.
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1. INTRODUCTION

Model predictive control (MPC) involves the solution at each
sampling instant of a finite horizon optimal control problem
subject to the system dynamics, and state and input
constraints. Several methods for distributed/decentralized
MPC of interconnected systems have been developed
(Christofides et al. (2013), Maestre and Negenborn (2014))
which allow the computation of the control inputs to be done
by the systems without the need for centralized optimization.
In Venkat et al. (2008), Alessio et al. (2011), Giselsson et al.
(2013), Giselsson and Rantzer (2014), approaches for
distributed/decentralized MPC for systems consisting of
linear interconnected subsystems have been developed. In
Giselsson and Rantzer (2014), the assumption for
guaranteeing the stability of the overall system is that the
prediction horizon is sufficiently large, such that the relaxed
dynamic programming condition in Griine and Rantzer (2008)
is fulfilled. Methods for distributed MPC for systems
composed of several nonlinear subsystems have also been
proposed (e.g. Raimondo et al. (2007), Dunbar (2007),
Grancharova et al. (2016), Heidarinejad et al. (2011)).

Recently, several methods for reducing the complexity of the
MPC controllers have been developed. In Hovd et al. (2014),
an approach to design a low complexity centralized MPC for
linear systems by using contractive set constraint is proposed.
The idea of adding a contractive constraint has been widely
used in MPC to guarantee the stability of the closed-loop
system (e.g. De Oliveira and Morari (2000)). On a broad
scope, various Lyapunov-based MPC algorithms (Christofides
et al. (2013)) have been developed.

In Grancharova et al. (2016), an approach to distributed quasi-
NMPC for interconnected nonlinear systems has been

proposed, where the stability of the closed-loop system can be
achieved by choosing a sufficiently large prediction horizon.
In this paper, a low complexity distributed quasi-NMPC
approach is proposed, which applies the method in Murillo et
al. (2016) of introducing a contractive constraint in the
centralized NMPC problem formulation. This would help the
closed-loop system stability when using a small prediction
horizon and at the same time will reduce the complexity of the
optimization problem and the requirements for available
memory. Here, the one step ahead NMPC problem is
considered. Then, a quasi-NMPC method is developed, which
uses a sequential linearization of the nonlinear system
dynamics and finds a suboptimal solution of the resulting
convex Quadratically Constrained Quadratic Programming
(QCQP) problem by using distributed iterations of the dual
accelerated gradient method.

2. FORMULATION OF CONTRACTIVE NMPC
PROBLEM WITH ONE STEP AHEAD PREDICTION

Consider a system composed by the interconnection of M
subsystems with overall state and overall control input:

x(t) =[x,(£),x,(t), ... ,x,, ()] e R", nzfnl. (D

u(t) =[u, (2),u,(t), ... ,u, (H]eR”, m= imi (2)

i=1
where x,(f) e R" and u,(f) e R™ are the state and the control

input, related to the i-th subsystem. The general case when the
subsystems are coupled both through their states and inputs is
considered and it is assumed that their dynamics are described
by the nonlinear discrete-time models:
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% +1) = f;,(x(0),u(®) ,
fiiR"xR" > R"

overall system state x(¢) and control input wu(¢).

i=1L2,..,M 3)
is a nonlinear function of the
The

Here,

constraints imposed on the subsystems are:
x,t)eX ,u@)eld,i=12,..,M @)
where X; and U are the admissible sets, and the following

assumptions are made:
Al. The functions f,, i=1...M

differentiable with f;(0,0) =0
A2. The admissible sets &; and I/ are bounded polyhedral
sets, i.e. they are defined by:

X ={x, eR"|C'x, <d},

are continuously

U ={u, eR" | Clu, <d'} (5)

and they include the orlgm in their interior. Here,

C,'x cR e x; XM Cu cR e u; % d,x e x; du R”L‘,ui and n, .

and n_, are the number of constraints imposed on x, and u, .
oMy

Here, the optimal regulation problem is considered where the
goal is to steer the overall state of the system (3) to the origin.
It is supposed that a full measurement X =[X,,X,, ... ,x;,] of

the overall state is available at the current time ¢ . In order to
reduce the on-line computational complexity of the
optimization, a NMPC problem based on one step ahead
prediction is formulated. For the current overall state x , the
regulation NMPC solves the optimization problem:

Problem P1 (Centralized NMPC):

V* (f) = min J(Mt ,)?) (6)
subject to:
X S+t € X 1 .,M (7)
Xy = f(x ), i=1,..,.M 9)
Xise = [xl,t+1|t’x2,t+1|t= ’xM’Hllt] (10)
u, :[ul’,,uz’,,...,uMJ] (11)

with the cost function given by:
M

_. 1
J(ut > x) = EZ[XIIHUQixi,Hl\t + u; tRzuz t]

i=l1

(12)

Here, O, R, =0 are symmetric weighting matrices for the i-

th subsystem. For guaranteeing the stability of the closed-loop
system, the approach in Murillo et al. (2016) is applied and
the following contractive constraint is added to the centralized
NMPC problem formulation:

J(u, %) < J (], X) (13)
where 1’ =0 and:

J(U, ,x) = Z[xx t+1\thxz t+1\t] (14)

x£t+1\t :fi(xsu,), i=1..,.M (]5)

The contractive constraint (13) can be represented in the form:

1% . _
EZ[fz (x’ut)Qifi(x )+u1t i tt]<

o (16)
EPIVACXOTNAER)

Note that in Murillo et al. (2016) the contractive constraint
formulation considers the more general case with horizon
N>1.

3. AN APPROACH TO DISTRIBUTED QUASI-NMPC
WITH CONTRACTIVE CONSTRAINT

3.1 Approximation of the NMPC problem with one step ahead
prediction by a linear MPC problem

The first step of the quasi-NMPC approach is to locally
approximate the dynamics of the subsystems (3) by linear
models for one step ahead prediction. Let at time ¢, X, and

ii;, be the known state and the predicted update of the control

input of the i-th subsystem. Taylor series expansion of the
right-hand side of the model (3) about the point (x,,%;,) leads

to the locally linear prediction models of the subsystems:

Z ij,t jl+gll’ :1’

and the vector g;,

M (17)

11+1

where the matrix B, are computed as:

B, =V, [(%.i), g, = ZBU AR

Lj=1,...M
In (18), @, =[4,,,4,,, ..
the whole system. The prediction model (17)-(18) is a linear
time-varying approximation of the nonlinear model (3). The

one step ahead linearized prediction model of the overall
systems is:

(18)

,iy ] and X is the known state of

g =B, Ce,u)u, +g,(x,u,) (19)
where:
Bll,r Blz,t BlM,t
B,(%.ii,) = Bﬁ"’ B B
: : .o (20)
BMltBMZ,t ”'BMM,z
gt()_c’at) = [gl,ragz,ra R gM,x]T

The following assumption is made:
A3. The system (19) is uniformly controllable.

As in Giselsson and Rantzer (2014), the following tightened
constraint sets are introduced:

1-0)X, ={x, eR"| C'x, < (1-9)d;'}
(1=, = {u, e R™ | C'u, < (1-5)d!'}
0e(0,1)
tightening. The reason for the tightening is related to the fact
that a suboptimal solution of the NMPC problem will be
found (see Section 3.3) and it should be ensured that it will

keep the original constraints. Let the constraints sets for the
overall system be denoted:

X=(1-0) A, x..xX,), U =1-0) U, x..xU,) (23)
Then, for the locally linear dynamics (17)-(18) with initial
state X , the linear MPC problem is formulated:

Problem P2 (Centralized linearized MPC):

V' (x¥) =minJ(u,,X)

21
(22)

where is the amount of relative constraint

24
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subject to the equality constraints (17)-(18), the admissible
sets constraints:

X €(1=0)A, yees M (25)
u, (-0, ,i=1,..,.M (26)
and the contractive constraint:
%{[Btut +g,1' OB, +g,]+u/ Ru, | < % 2! Og, (27)
In (27) the overall weighting matrices are:
O =blockdiag{Q,, ... ,0,,}, R =blockdiag{R,, ... ,R,,} (28)

In (24) the cost function J(u,,Xx) is defined by (12). The

contractive constraint (27) is a coupling constraint and it can
be represented in a more compact form:

u (B OB, + Ryu, +2g' OBu, <0 (29)
Assume Q, R>0, then (B QB +R) is a positive definite
matrix. Therefore, (29) is a convex quadratic constraint and
the problem P2 is a convex Quadratically Constrained
Quadratic Programming (QCQP) problem. The following
assumption is also made:
A4, The matrices B,, O, R and the vector g, are such that for
any xeX there exists u, ey for which the contractive

constraint (29) is satisfied.

3.2 Distributed Quadratically Constrained Quadratic
Programming problem

Before representing the optimization problem P2 as a convex
QCQP problem, the following notation is introduced for the i-

th subsystem. Let the vector ¥, € R™ (ny =n,+m,) include

the decision variables (the control input at current time and
the predicted successor state) for the i-th subsystem, i.e.:

Y = [xi,t+l|t’ui‘t] (30)
The matrix H, e R"™ (n, =n,+m,), including the cost
matrices for the i-th subsystem, is defined as:

T Qi Orn[
o, = [om R

are square zero matrices with dimensions 7, ,

€2))

where 0, , 0

mi
m,. The time-varying matrices 4, ¢ R and G, eR",

related to the equality constraints (17)-(18) for the i-th
subsystem are introduced:

A4=[4,4,- AM] G =g, (32)
where for given i, 27.]. j=L2,..,M are:

Zj:[onln s li] ‘Az _Bii] (33)
Here, 0, , is a zero matrix with dimensions 7, xn; , and 1,

is the identity matrix with dimension #,. The matrix

—~ i dec XN
C oo €R"™™ ™ and the vector d

the decoupled inequality constraints (25)-(26) for the i-th
subsystem, are introduced:

al Clx Om uqT
Ci,dec = 0 Cul H zdec [(1 5)d (1_5)d1 ] (34)

e R"*  associated to

i,dec

n; i

Similarly, the matrix C,,, € R™™ and the vector
Crcomr € R (Mygee =1, +1,, )i=1,...,M, related to the
contractive constraint (29), are defined as:
Coome = [0n B Q’(i R )},c, o =0, 2850B,] (35)
where the m’atrix B, ‘

[B B,, - lMt:|T (36)

By taking into account this notation, the problem P2 is
represented as a convex QCQP problem in the following way.
The decision variables for the overall system are stacked into

one vector ¥ € R with dimension n, = ZnY[ :
i=1
Y=[Y.Y,,...Y, ] (37)
The matrices and vectors, associated to the global cost
function (12), the equality constraints, the inequality
constraints, and the contractive constraint for the overall

system, are denoted as H e R"™™ AeR™ , GeR",
Cdec R”decxn}’ ;dec € R"dec H 6contr € R”YX”Y > contr RlX”Y
M M
(n= Zni s Mgee = Zniﬁdec ), and are defined by:
i=1 i=1
H =blockdiag{H,,H,, ... ,H,,} (38)
A=[44,]...|4,1", 5 [G|G,]..1G, 1" (39)
C,.. = blockdiag{C, ,..,C, yes - »Co aec}
- 2{C gee Cag ) M.d (40)
ddcc :[ 1,dec |d2 dec | . |dM deg]
Econr - blOdela {C contr * contr > *** ’5 conr}
_1 i _g]t 2tT M ,conti (41)
ccomr = [cl,comr |62,comr| | cM,contr]

Then, the optimization problem P2 can be written as the
following convex QCQP problem:
Problem P3 (QCQP problem):

Vi(x)= myin%YTI-_IY (42)
subject to:

AY =G (43)

5de:cY < ddec (44)

YTCC&)H[TY + CcontrY S O (45)

The problem P3 is convex since H =0, C

contr

The convex QCQP problem P3 can be solved distributedly by
applying the dual accelerated gradient algorithm in Giselsson
et al. (2013). The decomposition is enabled by formulating the
dual problem to problem P3, which is created by introducing

dual variables A € R" for the equality constraints (43), dual
R"dcc
(44), and dual variables x4 . €R for the quadratic inequality

variables .. € for the linear inequality constraints

constraint (45). The dual problem can be written as:
max D()_C’ ﬂ” :udec > lucomr)

A Haee 20, ot 20
where D(X, A, fye» Hoone ) 18 the dual cost function (Boyd and
Vandenberghe (2004)):

(46)
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D(f’ ﬂ” /udec H lucontr ) =
1 — — _ — —
- 5 (AT/I + C(;[ec Hiee T Cc—gmr:ucontr )T (H *+ Hoonte Ccomr )_1 (47)

(‘ZTﬂ’ + Ec—l[ec/udec + azntrﬂcontr) - X’TG - ﬂ(};cgdec
The dual problem (46) is solved by applying a modified
version of the dual accelerated gradient method (Giselsson et
al. (2013) and the references therein) that is here adapted to
maximize a dual cost function of the form (47).

In order to distribute the iterations of the dual gradient
method, let 4 e R", x4, €R"* be the dual variables for

the equality and the linear inequality constraints, related to the
i-th subsystem. Then, the distributed iterations of the modified
dual accelerated gradient method, applied to solve the convex
QCQP problem P3, are:

v =

T ~ r -1 S ST qr ~T r =T r (48)
_(Hi + Ci,comrlucomr) (Z A‘j ﬂ‘j + C',decﬂi,dec +ci,contr/ucomr)
Jj=1
A R Y e (49)
r+2
r+l r r—1 r r-1 1 - yvr —~
A=A+ (- AT +—(4Y -G))) (50)
r+2 L
r+l r r _1 r r—1
lui,dec =max {0’ /ui,dec +_(/ui,dec - /ui,dec)
r+2 (51)
L (C Y —d )}
L idec”i i,dec
i=12,...M
r+l r r—1 r r=1 1= vr
ycomr = max {0’ /ucontr +_(ycomr - lucomr)—‘r_ccoer } (52)
r+2 L

where Z]’ are the columns of the matrix A4 |, corresponding to

the decision vector Y,. Here, r is the iteration index and 1/L

determines the step size of improving the solution of the dual
problem (usually L is the Lipschitz constant to the gradient
of the dual function, which can be estimated by off-line
computations). Because of the couplings in the dynamics
models of the subsystems, the computation of the decision

variables Y~

i

for the i-th subsystem requires to have
information about the dual variables A; of the subsystems
interacting with it. Also, the update of the dual variables 4,
for the i-th subsystem uses the information about the decision
variables 7; of those subsystems. In (48) and (50) this is
reflected with a corresponding construction of the matrices
Z; and ZI Since there are both decoupled inequality

constraints (cf. (25)-(26)) and coupled inequality constraint
(cf. (27)), the respective dual variables g, .., and g, are

updated by separate formulas. The update of 4, requires
information only about the decision variables ¥;" for the i-th
subsystem, while for updating g . it is necessary to have

information about the decision variables ¥ for the whole
system. Therefore, the distributed solution of the dual problem
(46) requires for the interacting subsystems to exchange

information about the current updates of their dual variables
and decision variables.

3.3 Algorithm for distributed quasi-NMPC with contractive
constraint

Here, a suboptimal algorithm is proposed that differs from the
one in Grancharova et al. (2016) in two aspects: 1) the quasi-
NMPC approach is based on one step ahead prediction of the
system behaviour and including contractive constraint, 2) the
resulting optimization problem is a convex Quadratically
Constrained Quadratic Programming problem, which is
solved distributedly by applying the dual accelerated gradient
method. The suggested algorithm for distributed NMPC
includes two loops. In the outer loop, the dynamics of the
nonlinear system (3) is locally approximated with a linear
model (17)-(18) about the known state X and the current
update i, of the control input at time ¢. Then, in the inner
loop, a suboptimal solution to the resulting convex QCQP
problem P3 is found by applying the distributed iterations
(48)-(52) of the dual accelerated gradient method.

Let i, be the current update of the control input and denote

with x

... the corresponding predicted state of the nonlinear

system (3) obtained for initial state x,, =X, i.e.:

Xevtye = S(x,u,) (53)
Then, the current update Y(¢) of the decision variables can be
easily constructed according to (30). Respectively, if updates
Y" are obtained by performing the iterations (48)-(52), the
corresponding update u; of the control input can be extracted
from it. Further, assume that a relative tolerance & >0 of
achieving the extremum of the cost function is specified, i.e.
the iterations in the outer loop will terminate if the following
condition is satisfied:
|J (%) = I (uy, X) |/ (), X) < & (54)
Here, u,, u, and J(u,,x), J(u,,x) are the control inputs and
cost function values obtained in two consecutive iterations in
the outer loop of the algorithm.
Suppose that the relative constraint tightening & , the relative
tolerance & and the number N, of iterations (48)-(52) are
specified. Then, the algorithm for distributed quasi-NMPC
with one step ahead prediction is described as follows.
Algorithm 1:
1.Given 6, ¢ and N,.Let =0, i1, =0.
2. Let the state at time ¢ be x(t) =X =[%, ... , X, ].
3. Compute the predicted state x,,,, (53) of the nonlinear
system corresponding to initial state ¥ and control input #, ,
and the associated cost function value J, :=J(i,,X) by using
(12). Form the vector Y(¢) of decision variables.
4.Do
5 J=J,
6. Obtain simultaneously the locally linear prediction
models (17)-(18) of the subsystems about the point

(x,4,).

7. For r=0,1,..,N, do
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If »=0 then
Initialize iterations (48)-(52) with Y ' =Y(¢),

/10 = /1_1 = O ’ tun(i)ec = :ud_elc = O > /ui)omr = /uc_olmr = 0 ‘
10. else
11. Let Y ''=Y", A7 =4", A =2", yl =t

ro ., r+l =1 ._ . r r ., r+l
/udec 7 Mdec lucontr T lucontr H /ucomr T /’lcomr .

12. end
13. For i-th subsystem, i=1,2, ...,M , communicate the

and the decision variables Y,

dual variables /1/” f

j=12,...,M,
subsystems.
14. Run iterations (48)-(52) distributedly and obtain Y",

r+l r+l r+l r r
Ay M s Mo - Extract u) from Y".

j#i of the interconnected

15. end
16. Leti, =u .
17. Compute the predicted state x

s (53) of the nonlinear
system corresponding to initial state X and control input
u, and the cost function value J, :=J(i,,x) by using
(12). Form the vector Y(¢) of decision variables.

18. while | J, - J,|/J, > ¢

19. Apply to the overall system the control input u(¢) =1, .

20. Let t =¢+1 and go to step 2.

It would be necessary to perform an offline study of the

performance of the Algorithm 1 with different values of the

parameters 6, ¢ and N, in order to ensure that the

computed suboptimal NMPC in closed-loop with the

nonlinear system (3) will lead to feasibility, stability and

desired performance. It also should be noted that the

suggested approach can be easily modified so to relax the

independent constraints on states and inputs (4) to linear

constraints in the extended input-state space.

4. EXAMPLE

4.1 System description

As an example, the quadruple-tank system in Johansson
(2000) is considered, which is schematically shown in Fig. 1.

tank 3

tank 4

tank 2

Fig. 1. Quadruple-tank system (Johansson (2000)).

The objective is to control the level in the lower two tanks
with two pumps. The control inputs are v, and v, (input
voltages to the pumps) and the outputs are y, and y,

(voltages from level measurement devices). The first-
principles model of the system is (Johansson (2000)):

. k

b= —i\ﬂghl +& 2gh, +hv1 (55)
Al Al ‘ Al

. a a v,k

hy =——2J2gh, +—=./2gh, + 2y 56

2 4, &, 4, &y 4, 2 (56)

. 1-7,)k

hy :_Z_S\IZghs +(AL)2V2 (57)

3 3

. 1-7)k

iy == frgh, + LZ0R (58)
A, 4

In (55)-(58), 4; is the cross-sectional area of tank i, g, is the
cross-sectional area of the outlet hole of tank i, 4 is the
water level in tank i (Johansson (2000)). The voltage applied
to pump i is v, and the corresponding flow is kv,. The
parameters y,, 7, € (0,1) are determined from the positions

of the two valves. In the simulation experiments, it is chosen
that », =0.7 y,=0.6, which lead to a minimum-phase

behavior of the plant (Johansson (2000)). The flow to tank 1 is
7k,v, and the flow to tank 4 is (1—y,)k,v,. The flows to tanks

2 and 3 are p,k,v, and (1-y,)k,v,, respectively. The
acceleration of gravity is denoted g. The measured level
signals are y, =k.h and y, =k h,, where k, is a constant.

The parameter values of the quadruple-tank system are given
in (Johansson (2000)). The control objective is to keep the
water levels /4, and /£, at the set-points:

h =124 cm, i, =12.7 cm (59)
The steady-state values of 4, h,, v, v,, corresponding to
these set-points are:
hy =1.6 cm, b, =1.45 cm, v, =3.04 V, v, =2.97 V (60)
The following variables are introduced:

X = h _hl*’ Xip = h, _h;: Xo1 = h, _h; X2 = hy _h; (61)
(62)
Then, the quadruple-tank system can be considered as
consisting of two interconnected sub-systems, which are
described by:

Subsystem S;:

X, = _(al/Al )\[ 2g(x, + h;) + (a3/A1 )\[ 2g(x,, + h;) (63)
+(71k1/A1)(”1 +V1*)
K, =—(a, /A28 (x, + ) + (1= 7k [ 4,1, +v)) (64)
Subsystem S,:
Xy, = —(a, /Az )\[ 2g(x2,1 + h;) + (a4/A2 )\l Zg(xLz + h:) (65)
+ (7/2k2/A2)(”z +V;)

%y, = —(ay ) A28 (x,, + 1) +[(1=7,)k, /4,1, +v3) (66)

The subsystem S; influences the dynamics of the subsystem

S, with the expression (a, /A2)1/2g(x1)2+h:), while the

* o,
u,=v,—-v,,i=12
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subsystem S, influences the dynamics of the subsystem S;
with the expression (a;/4,),/2g(x,, +h;) .

4.2 Simulation results
The performance of the proposed distributed NMPC approach
and algorithm is studied by simulations for the quadruple-tank
system described above. The ordinary differential equations
(63)-(66) are discretized with sampling time of 1 s by
applying the Euler’s method with step 0.1 s. The constraints
imposed on the system (55)-(58) are:
0<v(t)<6V,i=12 (67)
0<h(t)<20cm,i=1,2,0<h(t)<3cm,i=3,4 (68)
which by taking into account (59)-(62) become:
—3.04<u,(1)<296 V, 297 <u,(t)<3.03V (69)
—124<x,()<7.6 cm , -1.45<x,(¢) <1.55 cm (70)
—12.7<x,,()<73cm , —1.60<x,,()<1.40 cm (71)
The following two cases of weighting matrices in the
centralized NMPC problem P1 are considered:
a) Ql :QZ :dlag(sos 1) ] Rl :RZ :019
b) O, =0, =diag(5,1), R =R, =0.1.
In both cases, the Algorithm 1 is used to generate the control
inputs for the following initial states of the subsystems:

[x,,(0) x,,(0) x,,(0) x,,(0)]=[-4.4 -1.35 -4.7 -1.5] (72)
The trajectories obtained with the distributed contractive
NMPC with horizon N =1 are compared to those
corresponding to the distributed non-contractive NMPC
approach (Grancharova et al. (2016)) with horizon N =15.
The transients in Fig. 2 — Fig. 5 correspond to the weighting

matrices in case a), while those in Fig. 6 — Fig. 9 are related to
case b). Both distributed approaches use the same values of
the parameters in the algorithms.

contractive NMPC, N=1

[ -— LLLLLL non-contractive NMPC, N=15
T T

| |
| |
oF--%--—-—- Il _ |
| |
| | |
“1F - 7.:; e i B |
- | | | |
H | | | |
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It can be seen from Fig. 2 — Fig. 9 that both distributed NMPC
approaches lead to feasible trajectories, but different state
weighting matrices should be chosen in order to obtain similar
quality of performance in terms of regulation time and
smoothness of the control inputs trajectories. A good control
quality with the contractive NMPC with N =1 is achieved

for O, =0, =diag(50, 1), while the non-contractive NMPC
with N =15 has good performance for O, = O, =diag(10, 1).
However, the significant advantage of the suggested
contractive distributed NMPC approach is the small size of
the optimization problems solved by the subsystems, as it is
shown in Table 1. This would allow an efficient online
implementation with less memory requirements.

Table 1. Comparison of QP sub-problems dimensions.

Distributed quasi-
NMPC approaches

Dimension of the QP for each subsystem|

3 decision variables, 6 inequality
constraints, 2 equality constraints
1 contractive constraint

with contractive
constraint, N =1

without contractive
constraint, N =15

45 decision variables, 90 inequality
constraints, 30 equality constraints

5. CONCLUSION

An approach to low complexity distributed MPC of nonlinear
interconnected systems is proposed by including a contractive
constraint in the MPC problem formulation and using one step
ahead prediction. The advantages of the suggested approach
in comparison to the distributed NMPC without contractive
constraint and large horizon are that it is computationally less
expensive and the dimension of the optimization sub-problem
solved by each subsystem is much smaller. For these reasons,
the suggested approach would be appropriate for distributed
NMPC of cyber-physical systems.
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