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Abstract— Energy efficiency has become a major issue in
trade, transportation and environment protection. While the
next generation of zero emission propulsion systems still have
difficulties in reaching similar travel distances as power-trains
with combustion engines, it is already possible to increase fuel
efficiency in regular vehicles by applying a more fuel efficient
driving behavior. The rise of V2X technologies have opened up
new possibilities for safety and energy efficiency applications.
This publication proposes a model predictive approach that
makes use of a power-train model and a sequence of traffic
lights over a finite optimization horizon. The optimization
problem is solved in a unified manner, i.e. power-train prop-
erties and traffic light phases are not considered separately
but evaluated in a single cost function. A stagewise forward-
backward Dynamic Programming approach involving cost re-
utilization is used for optimization. In order to further decrease
the search space, certain continuous entities are not explicitly
regarded as a state component, but rather calculated during
optimization.
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I. INTRODUCTION

Several authors have published solutions in the area of fuel
efficient driving. The approaches range from complete vehi-
cle control to passive driver assistance systems. Autonomous
approaches include the works of [2] [3] [4] [5] [6] [7].
Topography height maps and perception sensors are used to
enable model predictive approaches over a receding horizon.
In the case of [3] [4], gradient descent based approaches like
sequential quadratic programming are used. Although these
approaches can have a high computational efficiency, there
are major problems which include possibly uncontrollable
and excessive suboptimality, convergence difficulties due to
numerous constraints and difficulty to maintain optimality in
mixed integer problems. Another major class of optimization
are planning algorithms [8] like Dynamic Programming [9].
Examples include [2] [7] [10] [11] [12]. Dynamic Program-
ming is less affected by suboptimality as long as state and
transition discretization are sufficiently subtle, but can lead
to high computational complexity. In [11] the author use
common stagewise Dynamic Programming with very subtle
discretization. The claim is that the optimization can be
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executed in real-time on a modern PC. But to the best of our
understanding, the author simply compares the aggregated
execution time of the algorithm with the vehicle’s travel
duration in the simulation. But what is really needed is
the average execution time or worst case execution time
for one optimization update. Therefore, to the best of our
understanding, it is uncertain if the system proposed in
[11] is indeed real-time capable. In a subsequent publication
[2], a search space reduction is proposed which makes use
of the observation that optimal paths never intersect. But
to the best of our understanding, this approach can make
the optimization result implementation dependent, because
with different ordering and selection of transitions there
could be different outcomes. Alternatively, methods named
Approximate Dynamic Programming [12] reduce the number
of states in exchange for precision. The challenge is to
use intelligent interpolation strategies and choose significant
states to efficiently decrease the search space without losing
too much optimality. Another technology that extends the
possibilities of energy efficiency optimization is vehicle to
infrastructure and vehicle to vehicle communication (V2X).
Approaches that consider traffic lights include [13] [14]
[15] [16]. By including traffic light phase sequences, more
possibilities for optimization arise but there are also several
new problems. If planning algorithms like Dynamic Pro-
gramming are used, the search space must contain possible
velocities, position dependent and time dependent properties
for the entire computation horizon to attain a globally optimal
solution. Thus, the search space and the computation time is
drastically increased. If a gradient descent based approach
is used, the constraints become more stringent due to red
phases of the traffic lights. This makes the optimization
algorithm harder to converge. In [7] the authors compute
an optimal velocity profile for an intersection using traffic
light phases of a single traffic light at an intersection and a
fuel consumption model in a unified manner. In [13] the
authors consider a series of traffic lights. They separate
the predictive traffic light phase optimization from model
predictive control. In order to save computation time and
avoid non-convex optimization problems, they apply a greedy
search on the available traffic light sequence. The result is a
velocity sequence that can guide a vehicle through the green
phases in a series of traffic lights using a subsequent model
predictive optimization.

In this publication, the authors try to solve the optimization
problem in a unified manner, i.e. power-train properties
and traffic light phases are not considered separately but
evaluated in a single cost function. Furthermore, a series of



traffic lights is regarded. The goal is to reduce overall trip
time and overall fuel consumption. In general, a globally
optimal solution would be ideal. But if the vehicle state is
defined e.g. by the vehicle’s position, velocity, gear level and
the absolute time, searching for the optimal solution will
be highly computationally expensive as absolute time is a
continuous variable. Nevertheless, absolute time cannot be
ignored as it is needed to identify traffic light phases. The
proposed approach in this publication calculates the absolute
travel duration along different path candidates, instead of
expanding the search by the absolute continuous time as
an explicit state component. Compared to a fully expanded
search grid with absolute time as an explicit state component,
we traverse through a much smaller search space, i.e. many
state transitions are not regarded. Theoretically, this strategy
can lead to a suboptimal solution compared to a fully
expanded search grid, but greatly decreases the search space.
Furthermore, the optimization reuses previously calculated
costs to reduce computation time, which was presented in
one of our previous works [17] and will be briefly explained.
The optimization is used in the context of model predictive
optimization, velocity profile optimization and fuel efficient
driving. The final goal is to compute a fuel efficient driving
profile consisting of velocity and gear. It can then be used
to guide a controller that computes all control variables
necessary to control e.g. an autonomous vehicle or serve
as a passive driving assistance system. Some preliminary
simulation results will be shown to give a first assessment of
the fuel saving potentials of our system, while more detailed
evaluations have to be reserved for future publications as
certain evaluation tools are still under development.

A. Fuel consumption model

The formulation of the fuel consumption model in this
work is inspired by [11] [18] [19] and defined in an inverse
manner. This means the model output is computed from
the vehicle’s acceleration. Propagation through the model
ultimately leads to a fuel consumption rate in the engine.
The model incorporates the external resistance forces: ac-
celeration resistance Fa, air friction resistance Fair, slope
resistance Fslope and rolling resistance Froll. With the wheel
radius rw, the resistance forces can be used to derive the
resistance torque Tw applied to the wheel. The transmission
model assumes that transient behaviour can be neglected.
The wheel speed ωw is directly translated to the engine speed
ωe via the transmission ratio it(G). The ratio is dependent
on the selected gear level G. By neglecting the engine
inertia, the engine torque Te can be directly computed from
Tw and the engine drag torque Td(ωe). The engine drag
torque Td(ωe) is approximated by a linear function similar
to [11]. The maximum brake torque at the wheels Tb,max

is applied when the driver fully depresses the brake pedal.
The fuel consumption can be computed from a brake specific
fuel consumption map fbsfc(ωe, Te), which is dependent on
engine speed and engine torque. The ratio is basically the
inverse of the engine’s efficiency. It describes how much
fuel is needed to generate power at different engine operation

points. In this publication the brake specific fuel consumption
characteristic map dVf

Pedt
of a Ford Zetec 2.0L engine is used.

v = ωwrw (1)
ωe = it(G)ωw (2)
Tw = rw(Fair + Froll + Fslope + Fa) + Tb(b) (3)

Te =
Tw

it(G)
+ Td(ωe) (4)

II. MODEL PREDICTIVE OPTIMIZATION

The goal of the optimization is to find a velocity and gear
change profile that maximizes fuel efficiency over a currently
examined receding computation horizon S. The profile is a
chain of decisions or more specifically target velocities and
target gear levels as state components in the form of states
{v,G} or {v,G, t} if the absolute time t is also considered
as a state component. But for the sake of comprehension, we
will leave out t for now. More details will be given in section
II-B. The first optimal velocity and gear level combination
within the optimal profile p∗ is the next decision as well as
the preferred next state. In order to find the optimal profile,
a multi-stage graph is constructed over the computation
horizon (Fig. 1). The stages si within S are erected with
a constant frequency, e.g. every 100m. Each stage has a
specific position within the computation horizon as well as
minimum and maximum velocity limits vmin(si), vmax(si)
and other position related properties. For sake of simplicity,
stages and stage positions share the same denotation si in
the following sections. Furthermore, each stage si has a set
Si = {n0

i , n
1
i , ...n

a
i , ..., n

M
i } of graph nodes or rather state

nodes na
i containing possible combinations of velocity and

gear levels na
i = {va, Ga}. For sake of simplicity, we will

from now on only address na
i as node which is equivalent to

a state. The graph used for our work has an open end, i.e. the
last stage has as many nodes as the intermediate stages. The
single origin node n0 at the first stage s0 refers to the current
position and current state {v0, G0} of the vehicle when the
optimization is started the very first time. It is also the very
first start node. The range of possible velocities for a stage
from s1 to sN is constrained by the corresponding minimum
and maximum velocity limits as well as acceleration and
braking constraints of the vehicle. The computation horizon
moves with the vehicle. Whenever the vehicle has passed
a stage, it triggers a new optimization. In the ideal case
the next start node will be the first state {v∗, G∗} within
the optimal profile. During the forward pass, stagewise
forward-backward Dynamic Programming solves the cost
minimization problem by evaluating all transition costs from
one stage to the next in a recursive manner. Beginning from
the second stage onward, nodes start working with minimum
accumulated costs of the nodes from the previous stage. The
accumulated minimum cost J∗(nb

i ) of a node nb
i at stage i

is the minimum sum of all possible predecessor nodes na
i−1

to nb
i and the accumulated minimum cost J∗(na

i−1) of the
respective node na

i−1. After optimization, every node with
the exception of the original node has one unique optimal



predecessor node unless constraint violations forbid it. But
a node may have several or no successors.

J∗(nb
i ) = min

na
i−1∈Si−1

(
J(na

i−1, n
b
i ) + J∗(na

i−1)
)

(5)

The optimal predecessor node n∗i−1(nb
i ) of nb

i is identified
the same way.

n∗i−1(nb
i ) = arg min

na
i−1∈Si−1

(
J(na

i−1, n
b
i ) + J∗(na

i−1)
)

(6)

Finally, let n∗N be the optimal end node with the smallest
accumulated costs of all end nodes.

n∗N = arg min
na
N∈SN

J∗(na
N ) (7)

During the backward pass, the optimal profile p∗ = {n∗i }
with i ∈ [0, N ] is constructed by following the identified
chain of optimal nodes from the last stage to the start node.
It has one optimal decision n∗i = {v∗i , G∗i } for every stage
si within the graph.

Fig. 1. Graph structure used for forward-backward Dynamic Programming
(best viewed in color). The end stage is open, i.e. it has the same number
of state nodes as intermediate stages. Red arrows denote the optimal path.

For further details and background information regarding
Dynamic Programming, the reader may refer to [9].

A. Cost function

In this work, fuel efficiency is defined as a trade-off be-
tween low fuel consumption and short travel time. Thus, the
two most important cost terms in the cost function are fuel
consumption and travel time duration. Nevertheless, travel
time duration is actually not directly taken into account.
The reason is that judging from the engine’s efficiency,
i.e. fuel consumption compared to the power generated, the
highest engine efficiency is often at mid-range engine speed
and relatively high engine torque. But a constant cruise
speed often only requires low engine torque. Therefore, the
optimization result may frequently change between acceler-
ation and coasting to attain high engine efficiency in certain
scenarios. Velocity oscillation may be a theoretically optimal
behavior in certain cases, but inconvenient in practice. Hence,
instead of penalizing travel time, an optimal stationary state,

i.e. constant cruise velocity and gear, is computed for each
decision within the optimal decision chain. Velocity devi-
ations from the stationary optimal cruise velocity is then
punished. The cost terms are all weighted and normalized
and can only be positive or equal zero. If a cost term exceeds
1, one can infer that the associated transition is unfavorable.

1) Optimal stationary state: In order to compute the
optimal stationary state, it is demanded that both cruise
speed and gear choice remain constant. The fuel consumption
dVf (na

i , n
b
j) from a node na

i at stage si to a node nb
j at

the next stage sj can be computed from velocity and gear
transition and the fuel consumption model under the given
stationary constraint. The weighting wf is chosen as the
inverse of the maximum fuel consumption rate dVf,max

dt .

Jf (na
i , n

b
j) = wfdVf (na

i , n
b
j) =

dVf (na
i , n

b
j)

dVf,max
(8)

The travel time duration is penalized using the distance
ds between two stages and the average velocity of the node
transition v̄(na

i , n
b
j). The weighting wt is chosen as the

inverse of maximum travel duration dtmax resulting from
the minimum tolerable speed.

Jt(n
a
i , n

b
j) = wt

ds

v̄(na
i , n

b
j)

=
ds

v̄(na
i , n

b
j)dtmax

(9)

The optimal stationary cruise velocity is retrieved through
enumeration.

v̄∗s (si, sj) =arg min
na
i ∈Si,n

n
j ∈Sj

(
Jf (na

i , n
b
j) + Jt(n

a
i , n

b
j)
)
,

v(na
i ) = v(nb

j) ∧G(na
i ) = G(nb

j)

(10)

2) Cost terms: Deviation from the optimal stationary
speed v̄∗s (si, sj) is penalized. The weighting wdv is a design
parameter.

Jdv = wdv|v̄(na
i , n

b
j)− v̄∗s (si, sj)| (11)

The use of brakes is not directly penalized by the brake
torque at the wheels. The optimization uses the model to
investigate if active braking is needed. The necessity for
braking is denoted by b, which leads to a strong penalty
(e.g. 1) if the brake is used.

Jb(n
a
i , n

b
j) = b(na

i , n
b
j) =

{
0, Tb(n

a
i , n

b
j) = 0

1, Tb(n
a
i , n

b
j) > 0

(12)

Heavy acceleration and deceleration can be uncomfortable
for passengers. Therefore, the absolute change in velocity
from one stage to the next is penalized. The weighting wa

is a design parameter.

Ja(na
i , n

b
j) = wa

∣∣dv(na
i , n

b
j)
∣∣ (13)

In order to prevent oscillations in the gear change solu-
tion and reduce attrition, gear changes are penalized. The
weighting wG is a design parameter.

JG(na
i , n

b
j) = wG∆G(na

i , n
b
j) (14)



B. Absolute time computation and search space reduction

For sake of simplicity, only the red and green phases
of traffic lights are distinguished. The yellow phase is in-
corporated into the closest green phase. In this publication
we confine our investigation to traffic lights with fixed
phases. The most important variables when dealing with
traffic lights with fixed phases are the absolute time and
absolute position of the vehicle. When the vehicle drives
past a traffic light during a green phase, the traffic light
has no influence on fuel efficiency. But when it changes
to red, it becomes a barrier. Thus, absolute time is actu-
ally a dynamic constraint during red phases and does not
influence fuel efficiency otherwise. The time transitions or
increments from one node to the next can be computed
independently from absolute time. Different to velocity and
gear, time transition dt is unambiguously determined by
velocity v and the fixed distance ds between two stages
through v = ds

dt . As the optimization evaluates different state
transitions to find the optimal solution, variation with respect
to absolute time will undoubtedly often lead to numerous
invalid time transitions dt(ni, nj) between two nodes ni and
nj , because the corresponding velocity transitions and fixed
stage positions often lead to contradictions in the sense of
v(ni, nj) 6= sj−si

dt(ni,nj)
. Thus, variation over absolute time

leads to a great amount of unusable transitions. Nevertheless
for a globally optimal solution, absolute time actually needs
to be incorporated as an additional state component to
ascertain that all possible path are evaluated. But considering
that time is a continuous entity, subtle discretization can
make the optimization too slow for real time applications.
Combined with the previously stated observations, there is a
strong urge for simplification. In this work, we propose to
simply aggregate the absolute time during the forward pass
of Dynamic Programming instead of expanding the graph
by an additional continuous state component. Whenever a
node na

i = {vai , Ga
i } has been completely evaluated, i.e. all

transitions to the previous stage have been evaluated, na
i will

memorize the absolute travel duration t(na
i ) from the start

node via its optimal predecessor n∗i−1(na
i ). An example is

given in Fig. 2 for node n4
2, whose optimal predecessor is

n4
1.

t(na
i ) = dt(n∗i−1(na

i ), na
i ) + t(n∗i−1(na

i )) (15)

We assume that the passengers do not wish to stop at
a red light. To penalize red phases, a high cost is chosen.
Nevertheless, the vehicle is allowed to stop at a red light
if no other possibility is viable. As explained in section II,
due to normalization a cost value of 1 denotes high penalty.
Therefore the penalty for encountering a red phase must be
at least 1. In order to express the severity of red phases,
costs significantly above 1 are recommended, e.g. 10. Let
Tk = [tc, td] be a single red phase interval of some traffic
light with tc and td denoting the start and end time of the
red phase. Let T (si) = {T1, T2, ..., TL} be the set of all
relevant red phase intervals of a traffic light at a stage si. If
there is no traffic light at si then T (si) = {}. Let t(na

i ) be
the calculated absolute time at a node na

i . This leads to the
formulation of an additional cost term Jtl(n

a
i , n

b
j) that only

Fig. 2. Aggregation of absolute time (best viewed in color). Absolute
time is not regarded as a state component. Instead, the absolute time is
calculated by aggregating transition time duration from one stage to the
next. The time duration is retrieved from stage positions and the velocity
transition to the optimal predecessor node. In the example the origin node
n0 has the absolute time t(n0). The accumulated absolute time of node n4

2
is composed of the transition time duration dt(n4

1, n
4
2) and the accumulated

absolute time t(n4
1) of the optimal predecessor n4

1. The involved nodes and
transitions are marked in blue.

applies to traffic lights’ red phases.

Jtl(n
a
i , n

b
j) =

{
0, t(na

i ) 6∈ T (si) ∧ t(nb
j) 6∈ T (sj)

10, t(na
i ) ∈ T (si) ∨ t(nb

j) ∈ T (sj)
(16)

The sum of all cost terms constitute the complete cost
function.

Js(n
a
i , n

b
j) =Jf (na

i , n
b
j) + Jdv(na

i , n
b
j)

+ Jb(n
a
i , n

b
j) + Ja(na

i , n
b
j)

+ JG(na
i , n

b
j) + Jtl(n

a
i , n

b
j)

(17)

The calculation of the absolute travel time along path
candidates during optimization, greatly decreases the number
of evaluated state transitions compared to a graph with fully
expanded states. Theoretically, this can lead to suboptimal
solutions compared to search grids with higher dimensions.
In our case each completely evaluated node only saves the
accumulated time with respect to its optimal predecessor
instead of all predecessors. Although there are many node
candidates at each stage to choose from, many valid (albeit
seemingly unfavourable) node transitions are discarded and
cannot be retrieved unless the optimization is repeated.

C. Reusing previous costs

In order to compute the optimal solution, an adapted
forward-backward Dynamic Programming method (from one
of our previous publications) is used, which incorporates
memorized accumulated minimum costs of previous opti-
mization steps [17]. Whenever the horizon moves forward,
it adds a new stage to its end and removes its first stage at the
beginning. From now on, only the transitions to the new end
stage are evaluated. All other minimum costs on intermediate
stages are retrieved from memory. This method does not
increase memory usage compared to ordinary Dynamic Pro-
gramming. Another difference is that the optimization now
refers to the origin state, i.e. the start state when the system
computes the very first optimization. As the computation
horizon moves on, we actually need an optimal path that
refers to the new start state of the vehicle. But as long as the
new optimal path traverses through the new start state, the



new optimal path is also optimal with respect to the new start
start due to the principle of optimality [9]. If the optimization
problem excessively changes during the next optimization,
the optimal path may no longer traverse through the new
start node. In this case a possibly suboptimal correction of
the optimal path is necessary. For further details, the reader
may refer to [17].

III. RESULTS

In this section, preliminary results are shown regarding
fuel and time saving potentials. The preliminary evaluation
is completely conducted in a simulated environment. The
simulations are implemented in C++ and conducted on a
modern PC (Intel i7 870 at 2.93GHz, 8GB RAM). The
simulation scenario uses the same vehicle model that has
been described in section I-A. The road has no inclination
and no other traffic participants are regarded. Numerous
scenarios with random simulation parameter combinations
are investigated.

A. Example scenario

The following random scenario is presented as an example
to give a graphic understanding of the process: The route
has three traffic lights, their time sequences and positions
are randomly chosen integer numbers. The speed limit is
randomly set to vmax = 150kph. The velocity discretization
is set to 5kph and gear discretization is set to 1. The task is
to compute optimized profiles for the next 2000m of road.
The length of the horizon is 1000m with a discretization
of 100m. It is assumed that the vehicle is able to precisely
execute the computed velocity and gear-shift profiles. A
simplified simulated driver is defined. It is assumed that the
driver’s favourable cruise speed is the current speed limit
and prefers a high gear level as long as the engine speed
is between 1000rpm and 2000rpm. If he sees a red traffic
light within 100m in front of him, he will start linearly
decelerating to a full stop at the traffic light unless the light
switches back to green. The start velocity and gear level
are randomly set to vstart = 50kph and Gstart = 3. The
optimization yields a stationary optimal target velocity of
125kph at the highest gear level Gmax = 5. As can be seen
in Fig. 3, the optimization (blue line) does not immediately
shift to the highest gear during the initial acceleration from
50kph to 100kph. The reason behind this decision is that
combustion engines usually have their peak efficiency at
relatively high loads and mid-range engine speed. Although
the fuel consumption rate is higher, the acceleration duration
is shorter and more fuel energy can be actually converted into
kinetic energy. In contrast, the driver registers that the engine
speed is significantly above 1000rpm and shifts to the highest
gear right at the beginning. Additionally, he accelerates to
the speed limit which is an unfavourable cruise velocity for
the given vehicle. When facing traffic lights, the optimization
makes the vehicle coast to a lower speed. The velocity profile
is comparatively smooth while the driver decelerates and
accelerates more than necessary because he does not know

the traffic light phases. In this specific example, the optimiza-
tion profile consumed approximately 30% less fuel compared
to the simulated driver and had an approximately 1.4%
shorter travel duration. For this scenario, regular Dynamic
Programming updates approximately need 1.3s in average,
while Dynamic Programming with cost re-utilization reduces
the computation time to approximately 0.14s. No corrections
were necessary during cost re-utilization.

B. Other scenarios

The reduction in fuel consumption and travel duration
heavily depends on the specific scenario and the definition
of the driver. The example scenario refers to cases, in
which the speed limit is very high or no speed limit is
defined. These types of scenarios yield the highest savings
of more than 30%. The optimization knows the optimal
cruise velocity while the driver may choose a much higher
velocity that leads to high consumption through heavy air
drag. Savings in travel time duration can be relatively low
(single digit percentage) if the optimization strictly abides the
speed limits, while the driver prefers to cruise at the highest
possible speed. Certain traffic light sequence configurations
accompanied by moderate speed limits (e.g. 50kph) can
sometimes lead to higher travel time savings (approximately
10%) if the red phases are very long (e.g. more than one
minute). In these cases, both optimization and simulated
driver prefer the highest allowed velocity and the optimiza-
tion is sometimes able to catch a short green phase, while
the driver misses it and has to wait. In other scenarios,
the optimization was able to guide the vehicle through a
green phase (preceded by a long red phase) at high velocity,
while in the same scenario the driver had previously already
decelerated and therefore needed a long time to accelerate
back to the preferred cruise speed. There were also a few
cases with multiple traffic lights, in which the driver chose
to drive through an early green phase, but had to stop
completely at the next traffic light with extremely long red
phases, while the optimization chose a later green phase at
the first traffic light and was able to drive past the second
traffic light with little deceleration. Scenarios with extremely
low speed limits, e.g. 30kph usually lead to the smallest
gains (down to 5% or less), largely because the optimization
will choose the same cruise speed reference as the driver,
namely the speed limit and sometimes also the same gear
level depending on the definition of the scenario. More
subtle discretization only leads to slightly higher fuel and
time savings (less than 5%). This observation may change
in future work when road elevation is regarded, for which
predictive strategies have shown excellent results [2] [3]. In
the future, the most pressing question is how much search
space reduction leads to deviations from the true optimal
result. In order to construct the globally optimal result, a
fully expanded Dynamic Programming optimization will be
performed that explicitly incorporates absolute time as a state
variable and uses very subtle discretization. The resulting
problem cannot be solved in real time, but can nevertheless
serve as a reference.



Fig. 3. Optimized profile (blue) in comparison to simulated driver (black
dotted) in a randomly chosen scenario (best viewed in color). The road does
not have inclination. The speed limit is randomly set to 150kph.

IV. CONCLUSION

The authors have presented a method to compute a predic-
tive velocity and gear shift profile through a sequence of traf-
fic lights. Because traffic light timings are hard constraints,
absolute time is of great importance. In our search grid,
absolute time was not directly used as a state component.
Instead, absolute time was accumulated during the search
and merely served as a constraint. This complexity reduction
greatly reduces the search space, but can be theoretically sub-
optimal compared to a full expansion of all state components.
Furthermore, a forward-backward Dynamic Programming
adaptation using historic costs was briefly presented that fur-
ther reduced computation time compared to regular Dynamic
Programming. The combination of both strategies enabled
real-time or close to real-time capabilities on a modern PC.
For further details, the reader may also refer to one of our
previous publications [17]. Preliminary evaluations based on
simulation show great potentials in increasing fuel efficiency
although more detailed investigation is needed.

In future work, the most pressing question is how much
the search space reduction leads to deviations from the true
optimal result. In order to construct the true optimal result
as comparison, a fully expanded Dynamic Programming
optimization will be performed that explicitly incorporates
absolute time as a state variable. The resulting problem
cannot be solved in real time, but can nevertheless serve
as a reference. As our search space reduction implicitly uses
continuous time, the reference optimization needs sufficiently
subtle time discretization to recreate the same optimization
scenario. This demand has emerged as a practical problem
because subtle discretization can lead to a state grid that
needs numerous hours or even days to evaluate. Therefore,
efficient strategies need to be developed to conduct the
experiments in reasonable time.

Furthermore, the optimization will shift to a newly de-
veloped electric vehicle created by our project partners [1].
The randomly chosen traffic light phases will be replaced
by measurements from traffic lights that exist in the real
world. A real route will be defined that incorporates elevation
data from commercial height maps. A scientific, commer-

cial driving simulator will be used to compare the energy
consumption of regular drivers with the energy consumption
of drivers or controllers guided by the model predictive
optimization. The driving simulator will also introduce other
traffic participants that will be incorporated into the opti-
mization. The energy savings will eventually be verified in
the real world power-train of the electric vehicle. Finally, it
is desirable to test the real time capability of the final system
in an automotive embedded system.
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