EVS30 Symposium
Stuttgart, Germany, October 9 - 11, 2016

Energy Management Optimization Using Predictive Control -
A Simulative Study

Julian Eckstein!, Ulrich K6hler?, Ludwig Brabetz?
'Hella KGaA Hueck & Co., Beckumer Str. 130, 59552 Lippstadt, Germany, julian.eckstein@hella.com
2Hella KGaA Hueck & Co., Beckumer Str. 130, 59552 Lippstadt, Germany, ulrich.koehler @ hella.com
3 University of Kassel, Wilhemshoher Allee 73, 34121 Kassel, Germany, brabetz @uni-kassel.de

Abstract

Due to rising concerns about internal combustion engines and air quality in urban areas, electric vehicles
are considered as a possible solution to overcome these issues. Despite great progress in the field of
battery technology, electric ranges are perceived as insufficient. There is only very little surplus energy
available to provide comfortable heating, ventilation and air conditioning (HVAC). Next to the drive
train as the biggest energy consumer, the HVAC system requires large amounts of energy. Therefore, an
energy management system which supervises and controls both major energy consumers was investiga-
ted. Model predictive control was chosen as control strategy.

Keywords: BEV (battery electric vehicle), energy consumption, optimization, heating, internal resis-
tance.

1 Introduction

In the near future the total amount of electric vehicles is predicted to increase from 1.3 million in 2015
to more than 30 million in 2025 [1]. Range anxiety is one of the buzzwords which reflect the concerns of
many potential buyers of electric vehicles. Especially during cold weather conditions, the already limited
electric range is severely reduced since there 1s no excess heat available from an internal combustion en-
gine. Hence, a comfortable passenger compartment is paid for by a reduction in driving range. In order
to ease this predicament an intelligent energy management strategy is favorable to balance consumption,
thus enhancing the electric range.

Predictive control offers a way to make the energy management intelligent. Early applications using
model predictive control in trucks to reduce fuel consumption were realized in the last é)ecade [2, 3]. For
passenger cars promising solutions were published a few years later, mainly dealing with longitudinal
vehicle dynamics. Kalabis focused on an efficient automatic cruise control for conventional cars, which
resulted in a significant fuel reduction compared to a standard reference scenario [4]. Radke used dyna-
mic programming to solve the arising optimization problems within the model predictive controller [5].
The dynamics of electric vehicles were investigated by Freuer ef al. [6, 7]. The authors focused on the
profound statistical evaluation of test drives. As before, dynamic programming was used as solving met-
hod. However, computational demand was shown to be as a serious issue. The computational demand
of two predicitive approaches was elaborated in [8]. The authors concluded that a convex cost function
outﬁerforms a nonlinear approach in terms of computational demand, for comparable solution quality.
In the field of heating ventilation and air-conditioning (HVAC) electric vehicles represent a new challenge
in the automotive sector, as there is no excess heat from an internal combustion engine. The application
of electric air heaters, heat pumps and surface/radiation heaters are envisaged as possible solution to

EVS30 International Battery, Hybrid and Fuel Cell Electric Vehicle Symposium



realize a comparable thermal comfort in electric vehicles [9, 10]. Predictive thermal management is dis-
cussed with regard to hybrid electric vehicles [11, 12], but it gains more and more interest in the field of
electric vehicles as well [13, 14]. However, there are still only very few papers which combine thermal
and energy management.

In this fpaper we propose a predictive controller that acts on the drive train as well as on the HVAC sy-
stem of an electric vehicle. This paper is structured as follows: In section 2 the vehicle model and the
validation process are briefly described. In section 3 a short description of model predictive control is
given along with the design of the control strategy. In section 4 the outline of the parameter study is
elaborated. The evaluation of the analysis is done in section 5.

2 Modeling

2.1 Vehicle Dynamics

First principles were used to model the longitudinal vehicle dynamics [15]. The resulting model describes
the force balance acting on the vehicle:

dv Fy—-F,—-F,-F,
—_—=q = 5 (1)
dt Me

with actual acceleration a and the equivalent vehicle mass m, = m,e which compensates the rotating
masses (wheels) by virtually increasing the vehicle mass v by an equivalency factor e. In order to
accelerate the vehicle, the drive train force Fy has to overcome the air drag force F,, the downhill force
F, and the friction force F;.. To make use of a linear model, the vehicle dynamics are reformulated by
using a transformation which was proposed in [16] and extended in [4]. We formulate the dynamics based
on a the path discrete kinetic energy balance:

Epin(k 4+ 1) = Egin(k) + AEgin (k)
()

& %mev2(k +1) = %mevz(k) + [Fy(k) — Fu(k) — F.(k) — F.(k)] As,

where Fy;, is the kinetic energy of the vehicle, v the vehicle speed and As the path discrete step size.
The forces can be decomposed into their constituents:

Fy=—, Fy = p(my + mq)g cos(a),
I 3)
F, = §pchvv2, Fy = (my +my)g sin(a).

Here, g represents the gravitational constant, 7" the drive wheel torque, « the inclination of the road, p the
density of the air, ¢, the air drag coefficient, A, the frontal area of the vehicle, m, the additional mass

(passengers, payload) and p the rolling friction coefficient. Simplifying cos(a) = 1 and sin(a) = « in
(3), inserting (3) into equation (2) and rearranging for v?(k + 1) results in

v2(k +1) = Av?(k) + B,T(k) + Baa(k) + by, 4)

where the system matrix A, the input matrix b,,, the disturbance matrix B, and the friction term b,, are
defined as follows
A=1-AspcyAy/me by =—2As g (my +mg)/me 1,

5
B, = 2As/(rm.), By = —2As g (my + mg)/Me. ®)

For further details refer to [4, 16]. Conforming to the common standard we assign the state variable, the

input and the disturbance variable as x := v?, u := T and z := «. This results in the scalar state space
model:

xz(k +1) = Ax(k) + Byu(k) + B.z(k) + by. (6)
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2.2 Passenger Compartment

The passenger compartment is simulated by the use of a point mass model [17, 18], which takes relevant
vehicle parameters into account. These parameters cover the properties of the windows, the chassis as
well as environmental conditions and number of passengers. The compartment temperature is the main
output parameter. It is used as an indicator of comfort. The inlet air temperature and the inlet air mass
flow serve as model inputs. Further environmental parameters, which may change over time, such as
solar radiation, wind or vehicle velocity are regarded as disturbances. The states of the model are the
temperatures of the compartment air, the windows (sides, rear and front), the interior components, the
splash back, the roof, the side elements and the mass of water in the compartment air. We fitted the
model with a Trust-Region Reflective Newton Algorithm provided by MATLAB to a measurement on a
temperature-controlled roller test bench with a typical B-Segment vehicle. The resulting temperatures
are depicted in Fig. 1. Taking into account the model complexity, the agreement of simulation and
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Figure 1: Comparison of temperatures from simulation (filled) and from real measurement (dotted) for validation
on the left side and according inputs on the right side.

measurement is acceptable. For more information about the fitting and validation process refer to [19].
In the course of this paper, we will refer to the heat flow into the compartment as HVAC power.

2.3 Drive train and electrical system

The drive train consists of two permanent-magnet synchronous machines which are directly connected
to the front wheels. There is one inverter for each motor which is connected to the high voltage bus.
A lithium-iron-phosphate traction battery feeds the hiﬁh voltage bus. The identical motors are modeled
with an efficiency map, which already incorporates the inverter losses. The battery model consists of
two RC elements, which are parameterized by temperature and state of charge (SOC), based on look-up
tables. Conduction losses have been neglected. During validation drives on public streets and on a roller
test bench deviations of less than 7 % were achieved [20].

3 Predictive Control

3.1 Concept

Model predictive control (MPC) uses an internal process model to predict future states z(k + i) and
outputs y(k + 7) of the controlled plant. The required optimal inputs u(k + i — 1) are calculated via

minimization of a cost function which is commonly of quadratic nature. For a defined prediction horizon
H,, with n,, breakpoints, the optimal inputs are calculated by using a quadratic program. However, only

the first input value(s) u(k) are applied to the real plant. The next optimization loop is carried out with
the new state(s) x(k + 1) as initial value [21]. The relation between inputs, states and outputs can be

EVS30 International Battery, Hybrid and Fuel Cell Electric Vehicle Symposium



represented as a linear time-invariant state-space formulation:

x(k+1) = Az(k) + B,u(k)

(M
y(k) = Cx(k) + Dyu(k),

where the matrices A, B,, C and D,, contain the system, input, output and direct feedthrough charac-
teristics, respectively. By applying (7) recursively, the prediction model can be formed:

X (k) = ®x(k) + T, U (k). (8)

The state prediction vector X holds all future states (k + i),7 = 1... N as elements, where NV is the
number of prediction steps. The input prediction vector U is formed analogously: w(k + i — 1),i =
1...N. @ consists of the elements: ¢; = A’ i = 1...N. The toeplitz matrix T, is built up from
[By,®(1...N —1)B,] and [B,,0...0] which results in a lower triangular matrix form. Taking the

state space model from (6) the prediction model used in this work becomes linear path invariant and
results in:

X (k) = ®x(k) + DU (k) + T.Z(k) + T,G,. 9)

The disturbance vector Z (k) are built up analogously to U (k) and toeplitz matrices I', and I',, analo-
gously to I', with B, and 1 instead of B,,, respectively. Furthermore, G, = [b,, . .. bM]T.

3.2 Cost function

The design of the cost function has a major impact on the behavior of the controller. This is why it has to
be defined carefully. We chose to use a quadratic cost function due to the fact that there exist powerful
solving algorithms for convex optimization problems. A typical cost function is the weighted sum of the
states and inputs (for simplification we set C' = 1 and D, = 0, thus x = y, this is why we omit the y
terms in the following):

J(k) = 2%(k) - q(k) + XT(B)QX (k) + UL (k)®U (k). (10)

The quadratic form of (10) ensures that a global optimum exists when €2 and ¥ are positive semi-definite.
Both matrices have the state weights g(k + 7) > 0 (respectively, the input weights (k + ) > 0) as only
non-zero elements on their main diagonal. The last state weight ¢(k + N) = p > 0 is commonly used

to stabilize a finite horizon, i.e. N # oo [21]. The cost function described above will drive the state
towards the origin, as the costs are obviously zero at this point. In some cases it is favorable to shift the
origin to an arbitrary steady state (ss) value. This can be achieved by setting z(k + 1) = z(k) = x4
in (7) and solving for uss. Both steady state values are used to extend the = and u terms in the form of
x — xgs. Thus, the same changes occur in the cost function (10). If there are no constraints, the solution
can be found analytically. By inserting the prediction vector (9) into the cost function (10), the problem
can be reformulated as follows (for legibility we omit the step index k& from now on):

1
J= 5UTHU+fUT+g (11)

The symmetric matrix [ holds all quadratic terms of U, whereas the vector f sums up all linear terms
and g all (U) independent terms [22]:

H=9+r7Qr
f=Fx+F,X,+F,U;+F,Z+F,G, (12)
9g=9(x,X,,Us, Z,G,),
with
F=oax"Q®, F,=-2r7Q,

F,=2or"Qr,, Fr,=-290, (13)
F,=2r"0r,, G,=1[,...b.)".
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Differentiating (11), setting to zero and solving for U leads to
U=-H"'f, (14)

which is a global minimum as H is positive semi-definite if ¢; > 0 and r; > 0. In the presence of state
or input constraints a numerical solver is required. As there are limitations on wheel torque as well as on
vehicle velocity, we choose the MATLAB solver ”quadprog” which uses the well-known Interior-Point
algorithm in our case. The aim of our analyses is to reduce the energy consumption. As a side effect
we reduce the power loss of the battery (and in the power lines, which 1s out of the scope of this paper).
We achieve this by optimizing the velocity trajectory of the vehicle. However, we cannot optimize the
trajectory directly, because the above mentioned scheme deals with the optimization of the wheel torque
for a given velocity (state) set point. Thus, at least in steady state, an optimal reference input must be
provided. If the track, i.e. the road inclination, is known, the optimal steady state velocity vss can be
calculated by inverting the vehicle model (6). This is similar to the procedure described above to shift
the origin. We use the path specific electric energy consumption Cy; as cost function:

C Eo  Epgvac Tssw, Prvac
el

= = t t

As As nAs + As (15)

Tssvss As Puvac As . Tss Pyvac

= —_—t— =+ —
rNAS Vg As Vg rn Vss
1-A —B,z—b
with Tss = ugs = ( )xSSB 22 On and vgs = \/Tss- (16)
u

We apply the MATLAB optimization solver “fminsearch” and cross check the result with a parameter
analysis of v for a given angle z and HVAC power Pgy ac. In Fig. 2 the solution surface is displayed.
At first glance a symmetric distribution can be observed. Closer inspection reveals that there is an
unsteadiness an inclination of about -1.5 degrees. The reason is the zerocrossing of the torque in this
area. As aresult, the vehicle behavior changes from drive to recuperation. The comparably low efficiency
causes the spikes depicted in Fig. 2. By enhancing the state space model with the information of steady
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Figure 2: Optimal steady state velocity vss in m/s in dependence of inclination « and power Py ac-

state velocity (and torque) the MPC is able to reach an optimal stationary point. However, stationary
conditions are only a part of typical driving scenarios. Constant velocity cruising most likely occurs on
non-urban roads and motorways, rarely within urban cities due to dense traffic, intersections etc. Thus, a
more dynamic, or “transient”, behavior of the vehicle is favored to cover further scenarios. Such behavior
is achieved by setting uss = 0. This leads to a (minor) steady state error. The two different trajectories
are shown in Fig. 3 for a track with an inclination of 3 degrees (analogous to Fig. 5). It can be observed
that the stationary cost function leads to a smooth trajectory with neatly s-shaped transitions and a perfect
match of precomputed optimal velocity in the steady state sections (i.e. no steady state error). On the
other, hand we see a diffgrent steady state velocity for the transient cost function and distinct spikes in
the trajectory.
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Figure 3: Comparison of both trajectories (transient: dotted-red, stationary: dotted-blue) with the optimal steady
state velocity v, (dashed-black) and global optimal velocity trajectory from DP (filled-black).

3.2.1 Dynamic Programming

When compared to a Dynamic Programming (DP) approach, which is used elsewhere [2, 5, 7, 23], it can
be observed that neither the transient nor the stationary MPC solution match the global optimal solution.
DP is a numeric method to find a global optimal solution. It requires the states, inputs and time/path
to be discretized, which has the disadvantage of all numeric approaches that accuracy is paid for by
computational effort. Typically, the solution process starts at the end of the problem and then proceeds
backwards along the solution space. We apply DP in such a way that the entire track is solved as batch.
BZZl doing so, we ensure to find a global solution for the entire track. For further details about DP refer to
[24].

3.2.2 Adaptive Cost Function

By comparing the computed trajectory of DP and both MPC approaches (cf. Fig. 4), it can be seen that
neither the stationary (Jstationary) DOr the transient (Jirqnsient) cost function approach can follow the DP
trajectory entirely. Thus, the SOC values are both lower. This implies that a fixed cost function is not
sufficient here. When looking at the velocity trajectories it is noticeable that there are sections where the
transient MPC approach seems to be more suitable and there are sections where the stationary approach
appears favorable. Consequently, we create an adaptive cost function Jgqqptive Which is a superposition

of both. A parameter + is used to adjust each contribution:

Jadaptive =7 Jstationary + (1 - /Y) . Jtransienta Y= 0...1 (17)

The weighting parameter v has been designed to reflect the optimal steady state velocity vgs, which in
turn is a parameter of the environment (here: road inclination z). If a change |Av,4| exceeds a certain
threshold, ~ is calculated by a bounded affine law. The application of the adaptive cost function to
the optimization problem leads to a better fit of DP velocity trajectory and MPC trajectory. Thus, the
resulting SOC value is closest to the DP solution.

By plant inversion a look-up table is created which returns the energy optimal velocity for given road and
weather conditions. In this way we are able to provide an optimal reference trajectory for steady state
operation. By adjusting the weighting factors in the cost function, the controller can be tuned, e.g. to
favor higher velocities 1n order to increase travel time or, on the other hand, reduce energy consumption
which in turn results in a range enhancement. To prove the robustness and the validity of such a cost
function a simulation study is performed.

3.2.3 Extension of model and cost function

As described before, the HVAC system is one of the main energy consumers in an electric vehicle.
Therefore, it is reasonable to include the HVAC control in an energy management optimization. We have
already considered a mean HVAC power in the MPC approach described above. In the following step,
HVAC power will be included as a control parameter. The HVAC modeling described in section 2.2 deals
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Figure 4: Comparison of relative SOC (top) with respect to DP solution: SOCi.qnsient (dotted-red)
SOCstationary (dotted-blue) and SOCqqaptive (filled-black), weighting factor v (bottom).

with nine states which would increase the MPC complexity dramatically, thus becoming impractical for
the intended application. Nevertheless, it is acceptable to only use the desired HVAC power and the actual
(controlled) HVAC power. We extend the state space model (6) by an integrator which accumulates the
provided HVAC power. Furthermore, we implement the desired HVAC power as disturbance to the
system (similar as in the case of the inclination above). The resulting model becomes

i g e A e R Sl e R b g

(18)

The index 1 refers to the original system (cf. (6)) whereas index 2 indicates the new state. Here,
Ay =1 (19)
By = By, = At, (20)

where At represents the time step, xo the energy divergence, us the delivered power and 2o the required
power for the HVAC system.

The prediction model is extended accordingly. The cost function is extended as well, but up to now both
states are completely independent from each other. A typical cost function such as (10) consists of the
weighted sums of the squares of the individual states and inputs. However, here we need the square of

a summation of states. This can easily be achieved by using a linking matrix E. Thus, the symmetric
matrix H becomes

H-9+E T QrE, @1

where F is a matrix which has the following sub-matrix along its diagonal:

[ ! 61} . (22)

€9 1
For a single step ¢ # N in the horizon this gives:
ji = 2iq + 252 + (w1 + erug)?ry + (ure + u2)’ro (23)

The aim is to optimize the input torque (respectively, the velocity) with a high priority, as the drive train
is the largest consumer in an electric vehicle. HVAC power optimization is a secondary aim because it
is the second highest consumer. This can be achieved by setting q; > g2. However, we demand that
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x2 ~ 0, i.e. at the end of the horizon the provided HVAC energy shall meet the required HVAC energy.
A high value py on the final state xo(k + N) forces this behavior. We choose this option over a hard
constraint on the final state to avoid infeasibility problems. Based on observations on the DP solution
the state constraints on xo are found suitable with £50 kJ along the track. Yet, this would not guarantee
that the energy difference is near zero at the end of the track. Thus, we narrow the constraints to 100 J
near the end of the track. A step proved to be suitable, even though a ramp, i.e. a smoother constraint
transition, could be beneficial if robustness problems occur.

4 Study

4.1 Scenarios

As the cost function has merely been deduced, a parameter analysis is conducted. We choose to take
a simple track consisting of two constant inclination sections and three flat sections in an alternatin
pattern. This corresponds to drives through a valley or over a hill. In Fig. 5 the five sections are displayed.
Here, the main parameters are the inclination angle z and the length of each track. With regard to air-
conditioning, we fix the inlet temperature and vary the air mass flow according to the calculated HVAC
power. In the present paper we use a stationary state of the passenger compartment model. Furthermore,
the model is not used during the optimization process but used to evaluate passenger comfort by means
of the passenger compartment air temperature.
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Figure 5: Track elevation profiles for hill drive scenarios.

4.2 Setup

In most approaches, an arbitrary reference velocity is chosen (e.g. in [5, 7, 23]). In contrast we use a
precomputed optimal reference and compare it with a global optimal solution. For each scenario, two
independent simulations are executed: One utilizes the predictive controller which leads to a suboptimal
solution and the other is used as a reference to evaluate the quality of the predictive solution. The refe-
rence is calculated with a dynamic programming approach, which is known to find a global optimum of
a given optimization problem only limited by discretization and resolution [24]. To ensure comparability
of the optimization solutions, the resulting torque and HVAC power trajectories are applied to a sophisti-
cated electric vehicle model (cf. section 2.3), which yields in an SOC value at the end of the track. For
each scenario we first apply dynamic programming which we will later use as a reference to compare
our MPC results with. We do this stepwise by starting with a velocity trajectory optimization followed
by an HVAC optimization. The DP results are applied afterwards on a detailed vehicle dynamics model
to calculate reference SOC and travel time. Based on the derived mean velocity and specified (given)
HVAC power we run the compartment model until a steady state is reached. The steady state is used
as a starting point for the subsequent simulation in which the optimized HVAC power is applied. This
is done in such a way that the inlet air temperature is kept constant (i.e. we neglect transient behavior
of the HVAC system components at this point). Afterwards we pursue the same steps with the MPC
algorithm. Additionally, we simulate the vehicle with (constant) mean velocity which we derive from
the DP solution. This 1s done to show the potential of the proposed strategy. Due to space limitations
we only show the results for the inclination angle z as input. The feasible velocity range has been set
to 50 km/h with a tolerance of +20 %. Furthermore, we set the length of each segment to 500 m and
the inlet air temperature is fixed at 25°C. As environmental conditions we set the ambient temperature
to 10°C and relative humidity to 45 %. It should be noted that we make sure the energy transfer into the
compartment is the same for all scenarios.
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5 Results

The resulting input trajectories for the defined scenarios are displayed in Fig. 6. The corresponding
state trajectories are visualized in Fig. 7 for a specified HVAC power of 2500 W. When comparing DP
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Figure 6: Optimized inputs from DP (filled) and MPC (dotted) for hill drive scenarios.
and MPC torque results, a similar behavior is observed. This is remarkable because two different cost

functions and algorithms have been used. So we see a good agreement. ' )
Concerning the HVAC power, certain differences are present. These are most prominent in the first

Velocity v in km/h
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Figure 7: Optimized states from DP (filled) and MPC (dotted) for hill drive scenarios with inclination z as para-
meter.

section, where DP trajectories are falling whereas MPC trajectories are increasing. This behavior is due
to the limited knowledge of the MPC, as it has only a prediction horizon of 600 m. So the trajectories
might be different but they are plausible.

When comparing both inputs it can be observed that they are counteracting each other as it was intended,
i.e. positions with high tor(%ue have a low HVAC power and vice versa.

The velocity trajectories (ct. Fig. 7) prove to have good qualitative agreement and they lack quantitative
agreement. This is directly linked to the torque trajectories, thus plausible. Furthermore, it can be seen
that the constraints of 40 and 60 km/h are not violated.

The difference in HVAC energy of the MPC follows the DP trajectories with a certain delay at first,
which reduces in the course of the track. The main reason for the good agreement near the end is most
probably the mutual constraint of having a near zero difference at the end of the track.

From the state and input trajectories it can be concluded that a velocity increase (decrease) is favorable
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Figure 8: Current (top) and battery loss (bottom) trajectories for a scenario with z = +3 degrees. DP (filled-
black), mean velocity (dashed-dotted-black), MPC pure velocity optimization (dotted-red) and combined MPC
optimization (dotted-blue).

in front of positive (negative) road inclinations. This is in agreement with the literature [7]. Furthermore,
a counteraction of the drive train power by the HVAC power seems to be advantageous. The spikes
occurring at a change of inclination are simulation artifacts.

In Fig. 8 the current and battery energy loss trajectories for the +3 degrees scenario are shown. It
is obvious that the DP current trajectory has a far smaller amplitude than the mean velocity trajectory
(which has the highest one). Additionally, the MPC results are shown for a pure velocity optimization (ct.
Section 3.2) and a combined optimization (cf. Section 3.2.3). The combined MPC approach is closest
to the DP current trajectory. This can be seen in the battery loss trajectory as well, especially at the
end, where the combined MPC trajectory has the second smallest energy loss. The improvement with
respect to the mean velocity battery loss is 17.80 % for the MPC velocity approach, 26.14 % for the
combined MPC approach and 27.38 % for the DP approach. The reduction of peaks in the current have
a major impact on the battery energy loss because the ohmic loss scales quadratic with the current. A
reduced battery current enhances battery lifetime [13] and might allow a certain amount of downsizing
(in terms of power) when the proposed approach is used. Since the internal resistance of lithium-ion
batteries is very low, the above mentioned improvements do not affect the SOC in the same way. Here,
the improvements are 1.31 %, 1.43 % and 1.62 %, respectively. However, the travel times of the MPC
approaches are increased by 2.07 % when compared with the DP solution.

It remains to consider the passenger comfort which we do via the compartment air temperature. In Fig. 9
the resulting temperature 1s shown for the =3 degrees scenario. The temperature amplitude is less than
0.3 K which will hardly be noticeable for the passengers. Thus, the comfort is not affected. Concerning
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Figure 9: Compartment air temperature for the combined MPC solution (blue) and the pure velocity optimization
MPC approach (red).

computing effort, literature states computing times in the order of seconds up to minutes [7, 23], whereas
the quadratic optimization of the proposed approach lies in the area of a few milliseconds. However, this
depends strongly on discretization, number of inputs, states, constraints and the concrete implementation.
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6 Conclusions and Outlook

A model predictive control approach combining a longitudinal dynamics optimization and a passenger
compartment air-conditioning optimization has been presented. The structure of the MPC was detailed
and justified. The validity and effectiveness has been shown by a comparison with a global dynamic
programming approach. Particularly concerning the longitudinal dynamics, it is favorable to increase
the velocity 1n front of a positive road inclination and to decrease the velocity in front of a negative road
inclination, this is agreement with literature [7, 20]. The larger the inclination angle, the more energy
can be saved compared to a constant velocity. Higher required HVAC power imply higher velocities to
reduce travel time.

Concerning the passenger compartment conditioning we could show that redistributing the HVAC power
along a given horizon results in a reduction of several tenths of a percent of SOC. This may not have
a major impact on the range of vehicles using a high efficient battery chemistry, but it may gain more
relevance in the next years. It has to be stated that the range extension potential of the proposed approach
in this work falls short compared to the ongoing develo%)ment in battery chemistry. Nevertheless, the
improvements could be achieved by software and it is applicable independent (within certain boundaries)
from battery technology and HVAC system design.

The proposed algorithm is a quadratic program which can be solved much faster in comparison with DP
approaches, especially when DP is used as solving scheme within an MPC framework.
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