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Averaging Conflicting Objectives in Economic Nonlinear MPC for
Adaptive Cruise Control

Lorenzo Calogero ~, Graduate Student Member, IEEE, Michele Pagone ™, Member, IEEE,

Carlo Novara

Abstract— Optimizing the energy consumption of electric ve-
hicles (EVs) during operation is a key factor in mitigating their
overall environmental impact. Autonomous vehicle functions,
such as Adaptive Cruise Control (ACC), typically disregard
economic criteria such as energy optimization, being in general
not trivial to conciliate tracking and economic control tasks.
Within the domain of optimal control, Economic Nonlinear
MPC (E-NMPC) is designed to deliver an economically optimal
control action, optimizing the economic profit of the plant.
However, E-NMPC does not allow to include additional adver-
sarial tasks, such as tracking, and its closed-loop stability is not
easy to guarantee. In this work, we propose a novel E-NMPC
formulation for conflicting control objectives — such as tracking
and economic tasks — that attains the optimal trade-off between
them. Furthermore, we propose a constructive procedure to
design stabilizing terms for E-NMPC, ensuring its closed-loop
stability with minimal impact on the economic performance.
We apply the proposed E-NMPC strategy to the ACC case
study, proving its effectiveness in simulation: the E-NMPC-
based ACC proficiently attains the conflicting tasks, delivering
a higher economic profit than standard NMPC, while ensuring
closed-loop stability.

I. INTRODUCTION

In recent years, the escalating environmental impact of
global warming and pollution has become a growing concern
for both the public and the scientific community worldwide.
In response, the automotive industry has accelerated its
transition towards more sustainable alternatives to internal
combustion engines. In this context, electric vehicles (EVs)
have emerged as the leading solution, offering an effective
way to reduce emissions and mitigate the environmental
harm caused by traditional transportation methods [1].

Nonetheless, being EVs supplied with energy that is still
largely generated through conventional means, eliminating
emissions is not enough to minimize EV environmental
impact: the key factor lies in optimizing the energy con-
sumption of EVs during their operation. From a control
perspective, energy optimization can be implemented along-
side autonomous vehicle functions. A notable example is
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represented by Adaptive Cruise Control (ACC). ACC is
a driver-assistance system designed to control the vehicle
speed, ensuring safe driving conditions with respect to the
preceding vehicle [2], [3]. ACC can either maintain a given
velocity selected by the driver, or dynamically adjust it
according to the leading vehicle behavior. As a result, the
ACC control problem consists in regulating (or tracking)
a given velocity profile. Alongside it, we would like to
include the additional control task of mitigating EV energy
consumption during ACC operation. We shall refer to the
latter task as an “economic” control objective.

Conventional ACC control strategies typically only ac-
count for the tracking task, disregarding economic per-
formance. Examples include the constant time gap (CTG)
policy [4], [5], whose goal is to maintain a prescribed time-
based headway gap between the ego and leading vehicle;
such a gap equals the time needed by the ego vehicle to reach
the leading one at its current speed. CTG, however, exhibits
several drawbacks, among which non-optimality and inability
to handle state and input constraints. Other widely-adopted
ACC strategies include fuzzy logic control (FLC) [6], [7]
and reinforcement learning (RL)-based control [8], [9]. FLC
employs a rule-based decision-making approach, bearing the
hallmarks of interpretability and fast execution, but lacking
prediction and adaptation capability. RL-based control, on
the other hand, leverages machine learning to deliver suitable
control actions by learning from real driving data. RL,
however, requires high-quality data and extensive training
in diverse scenarios, while its lack of interpretability poses
a challenge for ensuring safety.

In the framework of optimal control, a peculiar variant
of Nonlinear MPC (NMPC), named Economic NMPC (E-
NMPC), has established in the last two decades [10]-[13].
E-NMPC allows to steer the system under control towards
its economically optimal equilibrium state — for a given
economic criterion — while ensuring a profitable economic
performance during the transient. This is achieved by directly
employing the economic criterion as stage cost in the E-
NMPC objective function [13].

The main drawback of E-NMPC is two-fold. First, it only
accounts for the economic objective, thus not allowing to
include any additional conflicting task, such as tracking.
Second, employing the economic criterion as E-NMPC stage
cost makes the latter, in general, non-minimal at the optimal
economic equilibrium [11], [13]; this aspect does not allow
to employ the optimal E-NMPC cost value as a Lyapunov
function, rendering stability guarantees harder to ensure than
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for conventional NMPC [11], [14]. Some works have tackled
E-NMPC stability through dissipativity arguments [12], [13].
However, such approaches require a case-by-case analysis
which, typically, holds only in some special cases [13].

In this work, we aim to fill the gaps represented by
the mentioned E-NMPC drawbacks — namely, the inability
to handle conflicting objectives and the non-triviality of
stability guarantees — by proposing a novel E-NMPC control
problem formulation. Our E-NMPC approach accounts for
both economic and tracking tasks together and regulates the
plant towards the optimal trade-off equilibrium between these
two conflicting objectives. Moreover, we propose a general
constructive procedure to design suitable stabilizing terms
for E-NMPC, ensuring its closed-loop stability with minimal
impact on the economic performance.

The proposed E-NMPC strategy is applied to ACC, in
the scenario of velocity regulation. The effectiveness of
the E-NMPC-based ACC is thoroughly assessed in simu-
lation, encompassing E-NMPC control performance, trade-
off between conflicting objectives, stability, and economic
profit compared to standard NMPC. Results demonstrate the
proficiency of E-NMPC in delivering the ACC control action,
for both tracking and economic tasks. Also, E-NMPC attains
a higher economic profit compared to NMPC, while ensuring
its closed-loop stability.

Notation: x = [z;]?_, € R™ is the vector with components
x;. (z)1 is the vector collecting the components of = indexed
by the set I C {1,...,n}. ||z||, is the p-norm of z, p € R>;.
lz|lw = V& T Wz is the weighted 2-norm of z € R™, W €
R™", Given z,y € R™, any relation x § y is considered

= ()i, Vi € {1,...,n}. Finally,

component-wise, i.e., (x); =
T y"]T = (x,y) interchangeably.

we employ the notations [«

II. PROBLEM STATEMENT

Consider a discrete-time (DT) nonlinear dynamical sys-
tem, defined as follows:

Trp1 = f(Tr,ur), Kk € Zxo, (1)
where xp € X C R™ and ux € U C R™ are the state and
input vectors at time k, respectively; let Z = X x U.

Assumption 1: System (1) is controllable [11], the state is
available at each time k, and f is C'-smooth on Z.

Assumption 2: X, U (and, thus, Z) are convex polytopes.

Assumption 3: System (1) admits a manifold Z, of equi-
librium points (xs,us), Le.,

Zs = {(:L'saus) €z Ts = f(xSaus)}- (2)
Let us now consider a desired reference equilibrium point
(zr,up) = 2z € Z, toward which we want to stabilize

system (1). However, we would also like that, in the transient
phase of regulation, the system operates with a profitable
economic performance. Such two control objectives, i.e.,
regulation and economic profit, are conflicting with each
other. To quantify these two control tasks, let us define the
performance-metric cost function ¢ as follows:

Uz, u) =L (z,u) + Le(z,u),
l(x,u) = ||z — 2 [1f + [lu— w3 3)

Here, the cost function ¢ encodes the two conflicting control
objectives mentioned above: the term ¢, quantifies the reg-
ulation task towards the reference z,.; the term ¢, represents
an economic criterion — which, typically, is non-quadratic
and non-convex — to be optimized for the system to operate
with a profitable economic performance. Therefore, ¢ is an
economic cost function [13].

Assumption 4: The economic term (. (and, thus, f) is
locally Lipschitz continuous on Z.

By minimizing ¢, and /. individually over Z;, they attain
their minimum in 2, and z. = (z., u.), respectively, with

in_ £,(z,u) =0, 4
(I%%ZS (z,u) (4a)
min  Ce(z,u) = Le(Te, Ue)- (4b)

(z,u)EZ,
In general, being /. an economic criterion, there exist some
transient points (z,u) € Z ~ Z, such that f.(z,u) <
le(Te, Ue), 1.€., Le is not minimal in z. [13].
Now, minimizing the whole cost ¢ over Z,, we obtain

in_{ = (s, us), 5
(xflrtl)lélzs (z,u) = l(xs,us) (52)
argmin f(x,u) = (xs, us) = 2s. (5b)
(z,u)EZS

Here, z, is a trade-off equilibrium between the two conflict-
ing objectives, for which it holds that £,.(xs, us) > £, (2, u,.)
and lo(zs,us) > Le(xe,ue). The priority of one objective
over the other can be set by properly tuning the weighting
parameters of £,. and /.. Also for /, in general, it holds

Uz, u) < l(xs,us) for some (z,u) € Z N Z5. (6)

Given the above setting, our goal is to design an MPC-
based optimal control strategy to regulate system (1) towards
the trade-off equilibrium (z,us), while ensuring that:

e in the transient phase of regulation, the optimal trade-off
between the two conflicting objectives (i.e., tracking and
economic performance) is achieved;

e the stability of the closed-loop system is guaranteed.

Being ¢ an economic cost function, we leverage Economic
Nonlinear MPC (E-NMPC), as detailed in the next section.

III. EcoNOMIC MODEL PREDICTIVE CONTROL FOR
CONFLICTING CONTROL OBJECTIVES

A. Economic Nonlinear MPC Formulation

Let us consider the following economic cost function:
Np—1
J(@,a) = > o(ds, i), (7
i=0
where & = {ﬁci}i\i”o, = {ﬁi}gvz"o_l, and ¢ is the economic
stage cost. The E-NMPC strategy, employed to control
system (1), is given by the following optimal control problem
(OCP), which is solved at each time instant k > 0:

min J(&,a) (8)
St To =Tk, Tip1 = f(&i,70), (8b)
(j:iv ’&'Z) € Z’ (SC)

JAUN,, S Xf, (8d)

i=0,...,N,— 1.



Here, the decision variables & and 4 are state and input
trajectories predicted ¢ steps ahead at time k, respectively.
Note that a terminal state constraint is enforced in Eq. (8d),
with terminal set X’;.

The optimal control input sequence @*, obtained by solv-
ing the OCP (8), is applied to system (1) through the receding
horizon strategy: only the first sample 4 is applied to the
system; the remainder of 4* is discarded. Then, the OCP (8)
can be represented by a control policy 7, as follows:

up = U5 = m(xy), 9)

and the closed-loop system (1), (9) evolves as x4 =
flag, m(xk)), k> 0.

Finally, for the OCP (8), let: i) J*(x)) be the optimal cost
value; ii) %y, (xr) = {4 : 32 satisfying Egs. (8b)-(8d)} be
the set of feasible input sequences; iii) Xn, = {z € & :
i € Un,(x)} C X be the set of admissible states.

As stage cost ¢ in Eq. (7), we employ the function ¢ (3),

90(x7u) - g(xa u)

= ||a:—xr\\?Q+||u—u,»H2R+€e(x,u). (10)

With the above stage cost, system (1) is going to be regulated
towards the trade-off equilibrium z, (see Eq. (5)), achieving,
during the transient, the optimal trade-off between the two
conflicting control tasks (i.e., tracking and economic profit).

Now, a further challenge is posed by guaranteeing the
stability in closed-loop of system (1), under the control of
the E-NMPC policy (8), (9) with stage cost (10).

To this aim, in the next section we propose a construc-
tive procedure to design stabilizing terms for the E-NMPC
strategy (8). Moreover, we will analyze the trade-off between
economic profit and stabilization introduced by such terms.

B. Design of Stabilizing Terms for Economic NMPC

In the Economic MPC framework, ensuring closed-loop
stability is not as straightforward as in the classic MPC
setting. This arises because the economic stage cost £ (10) is
not minimal at the equilibrium z,, as highlighted by Eq. (6).
This aspect does not allow to employ the optimal cost value
J*(z) of the OCP (8) as a Lyapunov function, since J* may
not be monotonically decreasing along the trajectories of the
closed-loop system (1), (9), even if the latter is stable.

In the following, our goal is to introduce suitable in-
gredients into the E-NMPC problem (8) to enforce closed-
loop stability. These stabilizing terms should also be tunable,
enabling to set a trade-off between stabilization and the
economic profit given by the original non-stabilized problem.

Theorem 1: Consider the E-NMPC OCP in Eq. (8) and
let Assumptions 1-4 hold.

a) Let the cost function (7), (8a) be

Np—1
J(@, ) = Y (1), (11)
i=0
where { is an augmented stage cost, defined as
Uw,u) = U(z,u) + oz, u), (12)

where  is given by Eq. (3), a(z) = ak(z—2s), £ : Z —
R is positive-definite, and a € Rq.

b) Let the terminal set in Eq. (8d) be

Xy ={z,}. (13)
If the weighting parameter a satisfies
14 sy Ws) ™ 14 ’
a > (@ /:éz)— zs()x u), V(z,u) € 2\ {(zs,us)}, (14)

then x4 is an asymptotically stable equilibrium of the closed-
loop system (1), (9), with region of attraction Xy,,.
Remark 1: The optimal value of a that minimizes the
influence of o on the original stage cost { is given by
Uz, us) — Uz, u)
K(z — zs)

at =

sup
(zuw)€2{(zsus)}
where € > 0 is arbitrarily small.

Proposition 1: Consider Eq. (15) and let p(z,u) =

rk(z—zs)
0(z) = U(z5) + O(K(z — 25)) as z — z,

then a™ is finite.

Remark 2: In practice, since ¢ and r are known, a* can
be computed by solving Eq. (15) as a maximization problem
over the set Z.

Corollary 1: If

Rz = 25) = Iz = 2l = [l = sl + lu = us s,

+e (15

(16)

a7)

then a* is finite.

To sum up, in Theorem 1 we have designed a cost term
a(z) = ak(z — z4) that, if added to the stage cost £ (10)
as in Eq. (12), guarantees the closed-loop stability of the E-
NMPC scheme (1), (9). The optimal value for the weight a
is given in Remark 1, which is ensured to be finite under
the hypotheses of Proposition 1; if ¢ satisfies Assumption 4,
Corollary 1 provides a suitable choice for the function «.

The inclusion of o promotes stable regulation towards z
but comes at the cost of reduced economic profit during
the transient. While choosing a = a* (15) ensures stability
with the minimal economic profit reduction, selecting lower
values 0 < a < a* further favors economic performance, at
the price of (possibly) not guaranteeing closed-loop stability.

Remark 3: While the above stability guarantees have been
proven for a constant reference zs, they can be extended to
slowly-varying piecewise-constant signals zsj [15].

IV. THE CASE STUDY OF ADAPTIVE CRUISE CONTROL
FOR ELECTRIC VEHICLES

The proposed E-NMPC strategy for conflicting objectives
is applied to the case study of Adaptive Cruise Control
(ACC) in electric vehicles (EVs). As mentioned in the
Introduction, the ACC is devoted to controlling the vehicle
velocity, either to maintain a driver-defined value or to dy-
namically adjust it according to the leading vehicle behavior.
This latter function relies on onboard sensors (e.g., radar
and LiDAR) to measure the relative distance and velocity
between the ego vehicle and the leading vehicle.

In addition to velocity regulation, the ACC case study
is well-suited to include additional conflicting objectives.
Among these, we especially care about minimizing the vehi-



cle energy consumption. For EVs, this specifically involves
battery consumption.

In the following, we first model the longitudinal vehicle
dynamics, which acts as plant to control; then, we tailor the
E-NMPC problem for the case study of ACC.

A. Longitudinal Vehicle Model

The longitudinal vehicle dynamics can be represented by
the following continuous-time (CT) dynamical system:

Z(t) = fe(z(t),u(t)), t € Rxp, (18)
where x and u are the state and input, coinciding with the
vehicle velocity v and the electric motor (EM) torque T,
respectively. The system dynamics (18) is governed by the

following equation:
1

r=v, uU=r,

v=a= M(F* Fvis(v) 7Fr011(v))
= (o L Al - CoMgsien(v)),  (19)
T\, PRI T GRS )

where we define 84 = % pA;Cq and B, = C;Mg. From the
above model, the total power P, requested by the vehicle
is given by P,ot = Fiotv, Where Fioy = Flis + Fron + Ma
is the total thrust force acting on the vehicle. Such a force
and power are provided by the EM, meaning that P,y = P
and Fiop = F = %7‘. Therefore, it holds that

1
Piot = P = —1v.
Tw
It is worth noticing that system (18), (19) has an equilib-

rium manifold Z; given by
Zs = {(U,T) DT = TwBav|v| + rwPr sign(v)}.

Notably, (0,0) € Z,. Henceforth, let z = [v, 7] = (v, 7).

To match the DT formulation in Eq. (1), the CT sys-
tem (18) is converted to DT by employing a temporal
discretization method of choice (e.g., Euler, Runge-Kutta 4,
etc.) with time step 75, yielding

(20)

21

Tr1 = f(Tg, ur), (22)
where ;, = *(kT) for the generic quantity x(¢). The equi-
librium manifold Z; (21) is the same for both systems (18)
and (22).

Together with the longitudinal dynamics, we also take into
account the dynamics of the electric battery, which defines
the time evolution of the battery state of charge SOC = (
as follows:

L _ ’rlb,l(Pb) 1 oc _
E=Rul6. ) = =25 2 o (1)

Vs (2 = AR ma(P) Py ). )

where P, is the power requested to the battery. Refer to [1]
for a detailed description of the battery model (23). To a first
approximation, the dependence of fi, on ( can be removed
by replacing it with a suitable constant value ¢ [1], yielding

(™ fu(lPy) = fulPy). (24

The total power P;.:, provided by the EM, is entirely
requested to the battery, meaning that P,y = F},. From this,

we can relate ¢ to the vehicle state and input as follows:

- . - (1
C=fo(P) = fo(Prot) = fo <r7v> = ly(z,u). (25)
B. Economic NMPC Formulation for ACC

The E-NMPC cost function (7), (8a) for ACC is con-
structed according to Sections II and III.
The regulation term ¢, matches Eq. (3), i.e.,

(26)

where v, is the ACC reference velocity (either driver-
defined or dependent on the leading vehicle) and 7, is the
corresponding reference torque such that (v, 7.) € Z;.

As economic criterion /., we select battery saving, which
takes into account the SOC' variation over time C and is
described by two objectives: minimize ¢ when P > 0
(battery discharge); maximize ¢ when P < 0 (battery
recharge). The expression for C as function of (v, ) is given
by Eq. (25); thus, we construct ¢, as follows:

Ee (’U, T) = Qe SigIl(TU) |£b<vv T) | : (27)

Eq. (27) comprises the absolute value of ¢, which is going
to be minimized or maximized according to the sign of P,
since, by Eq. (20), sign(rv) = sign(P); Q. > 0 is the
weighting parameter of /..

The stabilizing term is designed according to Section III-
B. Specifically, leveraging Corollary 1, we define k(z—z5) =
lz = zsll1 = |v — vs| + |7 — 75| as in Eq. (17), where z5 =
(vs,Ts) is the trade-off equilibrium given by Eq. (5). Then,

(v, 7) = v =0l + I = 71

Oé(’U,T):a(|’U*’US|+|T*TS|). (28)
where, by Eq. (15), a > a* to ensure stability.
Finally, as in Eq. (12),
(v, 7) = L(v,7) + Le(v,7) + a(v,T), (29)

and the E-NMPC OCP is
Egs. (8), (11)-(13).

V. SIMULATIONS AND RESULTS

formulated according to

The proposed E-NMPC strategy for conflicting control
objectives is validated in simulation on the case study of
Adaptive Cruise Control (ACC) for velocity regulation.

1) Implementation Details: The E-NMPC OCP (8), (11)-
(13) is formulated with CasADi [16] and solved with the
interior-point solver Ipopt. The optimal weight a* for the
stabilizing term « is computed by solving the maximization
problem (15) with a global metaheuristic solver (Genetic
Algorithm) [1], as in Remark 2.

For numerical implementation, a smooth approxima-
tion of the l-norm has been employed, ie., [z]1 =
Yot/ @ + €2 —nge, € 2 0. This ensures that the function
% (17) given by Corollary 1, the economic term /. (27), and
the augmented stage cost £ (29) are C'-smooth on Z.

Simulations are performed in MATLAB® 2023b on a 13%
Gen Intel® Core™ i7 CPU at 1.7 GHz.

2) Simulation Data: The following data is shared by
all simulations. For the longitudinal vehicle model (18):
M = 12 x 10%kg, 7o = 0.3m, B4 = 0.4043kgm™!,
By = 117.72 N. For the battery model (23), refer to [1].
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Fig. 1. ACC closed-loop trajectories (velocity profile 1): (a) ego vehicle velocity v; (b) EM torque 7, with detail of the time interval [18, 52] s; (c) battery
state of charge ¢ (economic criterion); NMPC (¢1) ——; E-NMPC (¢2) —; Stabilized E-NMPC (¢3) —; reference equilibria z, = (vy, 7)) ——

trade-off equilibria zs = (vs,7s) —.

150 ( ) Velocity v [kmh (b) Velocity v [kmh™!] (zoom) (c) Torque 7 [Nm] (d) SOC ¢ [%]
40
100+ 95
20
50 /A/w\,\ﬂ 90
O M 0 -500 85
500 1000 0 50 100 0 500 1000 1500 0 500 1000 1500
t [s] t [s] t [s] t [s]
Fig. 2. ACC closed-loop trajectories (velocity profile 2, WLTC-3b driving cycle): (a), (b) ego vehicle velocity v, with detail of the time interval [0, 100]s;
(c) EM torque 7; (d) battery state of charge ¢ (economic criterion); NMPC (¢1) ——; E-NMPC (f2) ——; Stabilized E-NMPC (f3) —; reference
equilibria 2, = (vy, 7) —; trade-off equilibria zs = (vs, Ts) —.

A. ACC for Velocity Regulation

Let v, be the ACC reference velocity (either driver-
defined or equal to the leading vehicle velocity at each k£ > 0)
and related torque 7, (such that (v, 7.%) € Z5). For vy,
two velocity profiles are considered:

1) a step transition between two constant velocity values
(Fig. 1a);

2) the Worldwide Harmonized Light Vehicles Test Cycle—
Class 3b (WLTC-3b) (Fig. 2a).

By Remark 3, both velocity profiles are shaped as piecewise-
constant signals.

With reference to Section IV-B, to assess control perfor-
mance, stability, and trade-off between conflicting objectives,
we compare the following three stage costs:

(v, 1) =L (v,7), (30a)
lo(v,7) = Ly (0,7) + Le(v, T), (30b)
Z?)(Ua T) = Er(vv T) + ée(’U, 7—) + CY(’U, T)a (30C)

where /; comprises the velocity regulation term (26) only
(hence, is a standard tracking NMPC)!, {5 adds the battery
saving economic term (27) (E-NMPC), and (3 adds the
stabilizing term (28).

1) Trade-Off Equilibrium and Stage Cost Minimizer: Let
us consider velocity profile 1 (Fig. la). It consists of two
constant velocity values v, = {70,30} kmh~1; the related
torques are, by Eq. (21), 7. = {81.17,43. 74}Nm

E-NMPC (8), (11)-(13) data is as follows>: T, = 0.5s,
N, =10, Q =10, R =10, Q. = 10, X = {x € R"= :
T < x < xub}, i = —50kmh~!, z,, = 150kmh~1,

IFor the stage cost £1 (30a), we set Xy = {x-} in Eq. (8d).
2Since the quantities in Egs. (19) and (23) differ in magnitude by some
orders, suitable rescaling factors have been included in the stage costs (30).

={u e R™ :uyp < u < Uppt, upy, = —500Nm,
Ugp = 1 x 103 Nm.

With the latter data, for each value of z. = (v,,7),
we can compute the trade-off equilibria zs = (vs,7s) of

/5 through Eq. (5), obtaining v, = {54.99,27.40} kmh~!,
7s = {63.61,42.34} Nm.

It is also worth computing, for each z,, the minimizers
2% of by, ie., 2" = (v, 7)) = argmin, ¢ z l5(z), obtaining
v* = {150,117.03} kmh~?!, 7* = {=500, —500} Nm. As
expected from Eq. (6), z* # zg; specifically, the values of
z* correspond to transient points for which P < 0 (i.e., the
battery is recharging), meaning that the economic term /¢,
has a dominant influence over the tracking term /,..

Now, for each z,., we compute the optimal weights a* (15)
for the stabilizing term « in /3, obtaining a* = {7.43,3.20}
(which are finite values, consistently with Corollary 1). Now,
computing the minimizers z* of f3, i.e., z* = (v*,7%) =
argmin, . z /3(z), we obtain v* = {54.99,27.40} kmh~1,
7* = {63.38,42.34} N m, which are equal to z, consistently
with Theorem 1.

All the above observations hold equivalently also for
velocity profile 2 (Fig. 2a). E-ENMPC data stays the same,
expect for the following: Ts = 0.25s, Q = 100, Q. = 100.

2) Control Performance and Stage Costs Comparison:
Simulation results for both velocity profiles are reported in
Figures 1 and 2, respectively. Focusing on velocity profile
1, we observe that regulation is achieved by both NMPC
(towards z,) and E-NMPC (towards z,). With the addition
of the stabilization term, the tracking behavior of E-NMPC is
slightly favored during transients (see time intervals [0, 30] s
and [50,70] s) but, importantly, the closed-loop trajectories
reach z in finite time and evolve under the optimal input 7
for all subsequent time instants (see the detail in Figure 1b).
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Fig. 3. E-NMPC trade-off between stabilization and economic profit: (a)
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Economic profit is quantified by the SOC' evolution
in Figure Ic: as expected, E-NMPC attains around 33 %
less battery consumption compared to NMPC. Stabilized E-
NMPC consumes slightly more battery than E-NMPC but,
interestingly, achieves better battery recharging ([50, 60] s),
thanks to its enhanced tracking behavior when the requested
power is negative.

Considering now velocity profile 2, tracking is attained
by both NMPC (towards z; ) and E-NMPC (towards z; 1),
with a slight error due to the velocity profile not varying
too slowly. From Figure 2b, we observe that stabilized E-
NMPC better tracks zs compared to E-NMPC. Finally, from
Figure 2c, we see that, as expected, E-NMPC attains a higher
economic profit that NMPC.

3) Trade-Off Between Stabilization and Economic Profit:
Now, we evaluate the trade-off between stabilization and
economic profit, given by the value of a (28). We consider
a constant velocity v, = 70kmh~! and we let a vary in
the interval [0, 10 a*], where a* is given by Eq. (15). Results
are reported in Figure 3: higher values of a lead to a slight
decrease in the economic profit (Fig. 3b); for a > a*, the
closed-loop trajectories reach v in finite time.

Remark 4: To ensure real-time feasibility in solving the E-
NMPC problem (8), (11)-(13) and computing a™* via Eq. (15),
one may rely on two complementary measures: adopting
a fast, embeddable NMPC solution method from the many
available in recent literature (e.g., [1], [17]); precomputing
a* offline, over a sufficiently dense set of reference points
zr € Zs, and interpolating these precomputed values, to be
used in real time according to a suitable scheduling policy.

VI. CONCLUSIONS

In this paper, we presented a novel formulation of Eco-
nomic Nonlinear MPC (E-NMPC) that integrates economic
criteria with additional conflicting control tasks, such as
tracking. The proposed E-NMPC approach regulates the
plant towards the optimal trade-off equilibrium state, aver-
aging the given conflicting objectives. Furthermore, we pro-
posed a general constructive procedure to design stabilizing
terms for E-NMPC, ensuring its closed-loop stability with
minimal impact on the economic performance.

We applied our methodology to the case study of au-
tonomous electric vehicles (EVs), with specific interest to
Adaptive Cruise Control (ACC). The E-NMPC strategy is
tasked to attain the velocity regulation task while optimizing

an economic criterion that consists in minimizing the vehicle
energy consumption. The E-NMPC-based ACC has been val-
idated with an extended simulation campaign, demonstrating
its proficient control action and effectiveness in averaging the
conflicting tasks, while ensuring closed-loop stability.

The promising preliminary results presented in this paper
pave the way for several avenues of future research. First,
effort should be placed in extending the proposed E-NMPC
strategy within the domain of adaptive control, to deal
with time-varying conflicting objectives. Second, the ACC
economic criterion could be augmented to also optimize the
electric motor efficiency.
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