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Abstract—Automated vehicles can gather information about
surrounding traffic and plan safe and energy-efficient driving
behavior, which is known as eco-driving. Conventional eco-
driving designs only consider preceding vehicles in the same
lane as the ego vehicle. In heavy traffic, however, vehicles in
adjacent lanes may cut into the ego vehicle’s lane, influencing
the ego vehicle’s eco-driving behavior and compromising the
energy-saving performance. Therefore, in this paper, we propose
an eco-driving design that accounts for neighbor vehicles that
have cut-in intentions. Specifically, we integrate a leader-follower
game to predict the interaction between the ego and the cut-in
vehicles and a model-predictive controller for planning energy-
efficient behavior for the automated ego vehicle. We show that
the leader-follower game model can reasonably represent the
interactive motion between the ego vehicle and the cut-in vehicle.
More importantly, we show that the proposed design can predict
and react to neighbor vehicles’ cut-in behaviors properly, leading
to improved energy efficiency in cut-in scenarios compared to
baseline designs that consider preceding vehicles only.

Index Terms—Autonomous vehicles, eco-driving, interactive
road agent

[. INTRODUCTION

Energy consumed by the transportation sector accounts for
more than a quarter of the total energy consumed in the U.S.
annually [1], and improving energy efficiency carries great
financial and societal benefits [2]. Given the same vehicles,
different driving profiles could result in great variations in
energy consumption [3]. Extensive research has been done
on optimizing the control inputs (acceleration/deceleration,
steering, etc) to achieve the best energy efficiency over given
routes and/or driving scenarios, which is commonly referred
to as eco-driving. Traditional eco-driving design uses geo-
graphic information to design optimal speed profiles, which
can achieve more than 10% reduction in energy consumption
[4], [5] in free-flow traffic.

With the advances in automated vehicle technologies capa-
ble of more accurate perception of the surrounding environ-
ment, recently, researchers have been focusing on developing
eco-driving controllers that consider the motions of surround-
ing vehicles in traffic, through reactive [6], predictive [7],
and cooperative approaches [8], [9], [10], [11]. While many
eco-driving designs bring significant energy benefits under
various traffic scales, scenarios, and demand patterns, the
designs and validations rarely consider lane change motions
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by the preceding vehicles. The eco-driving actions can lead
to a large spacing between the ego vehicle and its preceding
vehicles [12]. In real-world traffic scenarios, this could lead to
more frequent cut-in motions by vehicles from adjacent lanes,
causing a big disturbance to the planned eco-driving behavior,
and compromising the energy-efficiency performance [13].
The work of [14] considered lane change motion in down-
stream traffic flow, but did not consider cut-in right in front of
the ego. The work of [15] used reinforcement learning to in-
tegrate longitudinal and lateral decision-making processes for
eco-driving in mixed traffic scenarios. Despite performances
achieved in long-duration simulations with various traffic
conditions, it is not clear if the design handles cut-in vehicles
efficiently. The work of [16] considered cut-in vehicles but the
cut-in vehicles are not interactive. Given the interactive nature
of cut-in motions, the cut-in vehicle’s behavior may change
in reaction to the ego’s motion. Simply modeling the cut-in
motion as non-reactive trajectories in an eco-driving design
may not be effective when such interaction happens.

In this work, we propose an eco-driving controller that
accounts for interactive cut-in vehicles. Specifically, the con-
tributions are:

« We use a game-theoretic approach to model the cut-in
vehicle’s behavior. The model generates different cut-in
behaviors corresponding to different cut-in intentions of
the vehicle while interacting with the traffic that it is
cutting into.

« We propose an eco-driving controller that considers inter-
active cut-in vehicles modeled using the game-theoretic
approach. Based on estimations of the cut-in vehicle’s
intentions and corresponding predictions of its future
motions, the controller plans for energy-efficient behavior
for the ego vehicle. We show the benefits of considering
cut-in vehicles in simulations where the cut-in vehicle is
reacting to the ego’s eco-driving behavior.

The remainder of this paper is organized as follows: Sec-
tion II introduces the problem setting and the dynamic models
of vehicles. Section III describes the leader-follower game-
theoretic model used to model the interactive cut-in vehicle.
Section IV presents the details of the proposed eco-driving
controller that utilizes the game-theoretic model. Section V



Fig. 1. Top view of the scenario studied in this work. The automated ego
vehicle (blue vehicle 0) is approaching slow traffic ahead (with grey vehicle 2
at the tail). In the lane on the left, there is also slow traffic building up (with
grey vehicle 3 at the tail) and a target vehicle (red vehicle 1) is approaching
this traffic and has the intention to cut into the ego vehicle’s lane.

evaluates the proposed design through simulation case studies.
Section VI concludes the paper and discusses future work.

II. PROBLEM STATEMENT

In this section, we first introduce the traffic scenario consid-
ered in this paper and then describe the models used to develop
the eco-driving controller, including models representing the
decision processes of all road vehicles and the ego vehicle’s
longitudinal dynamics that are suitable for an eco-driving
controller design.

A. Traffic Scenario of Interest

The traffic scenario we consider is on a straight stretch of
flat road with two lanes, illustrated in Fig. 1. The automated
ego vehicle (blue vehicle 0) is approaching slow traffic ahead
(with grey vehicle 2 at the tail). In the lane on the left, there
is also slow traffic building up (with grey vehicle 3 at the
tail) and a target vehicle (red vehicle 1) is approaching this
traffic. Because the traffic in the left lane appears earlier in
downstream and with the big gap between the ego and its
preceding vehicles, the target vehicle may intend to cut into
the ego vehicle’s lane.

The goal of this work is to design an eco-driving controller
for the ego vehicle to approach the slow traffic ahead in
an energy-efficient manner, while properly predicting and
reacting to the cut-in vehicle’s motion.

B. Traffic Dynamics

We consider the following discrete-time equations of motion
to describe vehicle kinematics during forward and lane change
motions:

s(t+1) = s(t) + vs () At + %as(t)At2,

)
vs(t+ 1) = vs(t) + as(t)At,
(t+1) =1(t) + v (t)At,

where s(t) and [(¢) denote the longitudinal and lateral posi-
tions of the vehicle at discrete time ¢; v4(t) and v;(t) denote the
longitudinal and lateral speeds of the vehicle at¢; as(t) denotes
the longitudinal acceleration of the vehicle att¢; and At is the
sampling time interval. For vehicle i, we treat x = [s*,v%, 7] T
as its state vector and u’ = [a,v{] " as its control input vector.

We focus on a scenario involving 4 vehicles, the ego
vehicle 0, the potential cut-in vehicle 1, and two other vehicles,

()]
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2 and 3, at the end of the slow traffic flow downstream; c.f.,
Fig. 1. For simplicity, we consider the interactive decision
processes by the ego and potential cut-in vehicles, while
assuming the other vehicles maintain their lanes and speeds,
ie., u'(t) =[0,0]T for i > 2. Denote x = [x°,...,x3]" and
express the traffic dynamics in the following compact form:

Fx0(8), (1))
E(x(t), u(), ' (1) = [ (0, u (1) ]
Fx(8), i (1))

where f is given by the equations in (1).

x(t+1)

C. Longitudinal Vehicle Dynamics

In this work, we incorporate a higher-fidelity longitudinal
vehicle dynamics model and a powertrain model for the ego
vehicle. They are useful for incorporating practical powertrain
limits and evaluating energy consumption, which are important
for an eco-driving design. Assuming the vehicle is driving on a
flat road, the longitudinal acceleration is given by the following
equation [17]:

T (t)
m/e[-fR’

a,(t) (ma¢ + kuu(0) + 3)

Meff

where the effective mass meg = m + I/ R? incorporates the
vehicle mass m, mass moment of inertia /, and the ra-
dius R of the wheels; g denotes the gravitational constant,
¢ denotes the rolling resistance coefficient, and %k denotes
the air resistance coefficient. The acceleration is determined
by the torque 7y, on the wheels delivered by a powertrain
equipped with engine/electric motors and brakes. We model
the powertrain as one that takes a control command ug in the
scale of acceleration and applies proper scaling to deliver the
corresponding torque 73, but with delay and speed-dependent
saturation, 1.e.,

Tw(t) = meg Rsat (us (t—1), vs(t)). %)

The speed-dependent saturation sat(-,v) arises from en-
gine/motor power and torque limits and braking capability.
It is modeled as

(5a)
(5b)

Sat(”m vs) = min {max{usa us,min}a as,max(vs)} )

ﬁs,max(vs) = min {us,maxa mivs + bl» MovUs + b2} s

as illustrated in Fig.2(a) and (b). In (5), us min represents the
minimum acceleration (i.e., maximum deceleration) due to the
braking capability, and us max, M1, M2, b1, b are parameters
determined by engine/motor power and torque limits. In our
torque model (4)—(5), the delay ¢ represents the time gap
between a command being sent to the powertrain and being
executed, while the saturation dependence on speed is modeled
as the final lumped effect and hence not subject to the delay «¢.

Combining (3) and (4), we obtain
as(t) = —o(vs(t)) + sat (us(t — ¢), vs(t)), (6)

where
(mgC + kv?) .

o(vs) = — @)

Meff
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Fig. 2. Nonlinear functions in the vehicle dynamics. (a) Saturation func-
tion (5a). (b) Acceleration limits (5b).

Thus, for the vehicle to apply a desired acceleration a4, one
needs to send a control command us that compensates the
resistance force, i.e.,

us(t) = o(vs(t)) + aalt). (8)

However, the compensation term Q(Us (t)) will also be delayed
by ¢ and thus cannot provide perfect compensation. This fact
is accounted for in our simulations.

D. Cut-in Vehicle Decision Model

We model the cut-in vehicle as an interactive agent that
makes decisions accounting for the surrounding vehicles’ reac-
tions (including the ego vehicle). We assume that it takes high-
level actions from a finite set to maximize a cumulative reward
over a horizon based on its prediction of traffic dynamics.

1) Action space: We assume that vehicles take high-level
actions from the following set A:

e Maintain: maintain current speed and lateral position.

o Mildly accelerate: maintain the current lateral position
and accelerate at Aapjq while staying below velocity
upper limit vyax.

e Mildly decelerate: maintain the current lateral position
and decelerate at —Aay,;q While staying above velocity
lower limit vpy,.

e Hard accelerate: maintain the current lateral position
and accelerate at Aaparq, With Adnarg > Aamig, while
staying below velocity upper limit vy,x.

o Hard decelerate: maintain the current lateral position and
decelerate at —Aapa,q While staying above velocity lower
limit vpip.

o Steer to left: move towards left with lateral velocity of
v = W‘; where Wiane 1s the lane width.

o Steer to right: move towards right with lateral velocity of
vy

_ Wiane
ane

Based on the above actions, a continuous lane change/cut-in
takes 2 seconds to complete.
2) Reward: The reward function is given as

R(X, uself7 U

€))

contains reward terms and w € Rﬁ_ is
the vector of weights; u*°'f is the action taken by the vehicle
itself (e.g., the ego vehicle), while u°*"°" is the action taken by
the vehicle that it is interacting with (e.g., the cut-in vehicle).
The reward terms are defined as follows:

other) _ UJTI',

where r = [ry,...,76] "
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o 71 € {—1,0} is an indicator for vehicle collisions. Each
vehicle is represented by a rectangle bounding box. If
the ego vehicle’s bounding box, defined by the length
and width of the vehicle, Loy, X Weyen, overlaps with
that of any other vehicle in the traffic, then 1 = —1, and
r1 = 0 otherwise. The weight wy for r; is chosen to be
large enough to prioritize collision avoidance.

e 79 € {—1,0} indicates if the vehicle is getting too close
to its preceding vehicles

, {1 if hSEIf < v;elf Tdesired s
5 =

10
0 otherwise, (19)

where h*ff = sP — ¢%°!f — [, is the distance headway

to the preceding vehicle, vzelf is the longitudinal speed,
and Tgesired 18 the desired time headway.

e r3 = s defines distance liveness, which gives the moti-
vation for performing a lane change/cut-in: the vehicle
chooses to change lanes if it leads to traveling a longer
distance gver a certain time window.

o 7y = “—= defines speed liveness, which gives the
incentive to reach the maximum speed if possible.

o 75 = — |I°M 41000 | defines lateral liveness, which gives
the incentive to complete a lane change.

o 76 penalizes control effort and is equal to the negative of
the norm of u*°'f.

During a lane change, the preceding vehicle changes. The
preceding vehicle is determined by the following rule:

P € argmin s' — goelf Leyen,
i€T

Y

st 8= Lo >0,
|ll - lself| S erh:

where the index ¢ iterates through Z which is the set of all
surrounding vehicles whose longitudinal and lateral positions
are s and [*, respectively.

We assume that the cut-in vehicle plans its motion using
a receding-horizon optimization approach: At each time ¢,
the vehicle calculates an optimal control sequence u*(t) =
{u*(t),u*(t +1),...,u™(t + N — 1)} that maximizes the
cumulative reward over the planning horizon, i.e.,

wt () € arg max

N—-1
S AERGx(h 4+ 1), (k) w ),
k=0

where A € (0, 1] is a discount factor. Note that such a decision
process by the cut-in vehicle requires prediction of the inter-
acting vehicle’s (i.e., the ego vehicle’s) actions, uOther(t). We
use a game-theoretic approach for this prediction, introduced
in Section III.

III. LEADER-FOLLOWER GAME-THEORETIC MODEL FOR
INTERACTIVE CUT-IN VEHICLES

During a cut-in process, the vehicle performing the lane
change, referred to as the cut-in vehicle, interacts with the



vehicle driving in the target lane, which may yield to the cut-
in vehicle or proceed without regard to the cut-in vehicle’s
intention. In this work, we consider a leader-follower game-
theoretic model to represent the drivers’ interaction inten-
tions and the resulting vehicle behaviors. In this model, a
driver/vehicle can take a leader or a follower role which will
lead to different decision strategies: a follower considers all
possible behaviors by the leader and makes the best decision
against worst-case outcomes, while a leader makes the best
decision assuming the other using the follower’s decision
strategy. This leader-follower game-theoretic model has shown
promise in modeling various vehicle interaction scenarios,
including intersections [18], highway forced merge [19], and
highway overtaking [20].

Consider a pair of self and other vehicles to be a pair
of leader and follower, and rewrite the cumulative reward in
(12) as

R (x(t), w(t), us(t))

N-1
k (13)
N Ry (x(k + 1]t), w(k|t), ue(k|t)),
k=0
where w(t) = {w(k|t)}hy' € Uy = AN and w(t) =
{ug(k|t) 2\7;01 € U; = A" denote the action se-

quences of the leader and the follower, the subscript o €
{leader(1), follower(f)} represents the role in the game, and
Ry(+,-,+) is the single-step reward defined in (9), with sub-
script o implying that the reward is calculated for vehicle of
different roles.

The leader and the follower both attempt to maximize
their cumulative rewards but follow different strategies:
The follower maximizes the worst-case reward due to uncertain
leader’s actions, i.e., it takes the following “max-min” strategy:

ll?(t) € argmax Qf(x(t)7uf)a (143)
ur€Uy
where B
Qf(X(t), 1If) = min Rf(X(f), up, Uf). (14b)

u €U,

This strategy represents a “cautious” or “conservative” driving
strategy, or an intention to yield [19]. In contrast, the leader
assumes that the other vehicle is a follower and hence uses the
above “max-min” strategy. Therefore, the leader can predict
the follower’s actions and takes its own actions according to:

uy () € argmax Q(x(t), w), (15a)
w ey,
where
Q(x(t),u)) = ufeglf*i(r;(t)) Ri(x(t),ay, uy), (15b)
Ui (x(t) = {ur € Ur : Qe(x(t),ur) > Qe(x(t), uf),
Vu; € Us}. (15¢)

This strategy represents a driver/vehicle that assumes the
other vehicle will yield and hence decides to proceed more
aggressively [19].
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The leader-follower game-theoretic model is suitable for
modeling a cut-in vehicle’s interactive behavior for two rea-
sons: First, the asymmetry between the leader’s and the
follower’s decision processes (14) and (15) can be used to
model different cut-in behaviors — for example, a cut-in in
front of the ego vehicle versus behind the ego vehicle, or
directly cut-in versus cut-in after speed up. Second, the optimal
decisions depend on the traffic state — the optimal action
sequences change as the ego vehicle’s behavior changes.

IV. ECcO-DRIVING CONTROLLER THAT ACCOUNTS FOR
CUT-IN VEHICLES

In this section, we describe the eco-driving controller that
accounts for cut-in vehicles.

A. MPC-based Eco-driving Controller

We assume that the ego vehicle does not change lanes and
maintains its lateral position [Y(#) constant. Denote the ego
vehicle’s longitudinal state at time  as x°(t) = [s%(¢),v(¢)] "
and its preceding vehicle’s longitudinal state at time t as
2P(t) = [sP(t),vT(#)]". The eco-driving controller deter-

mines control input based on the following optimization
problem:

mn B { / " (2 00), 5 0, o201 df} ,

s.t. Gdynamics (370 (ﬂt) ) a’g (ﬂt)> = 0’

Gsaturation (IO (ﬂt) s ag (~‘t)) S 07
P { Guarery (2° ({11),37 ({11) ) < 0,¥F € (0, 7]} > 1 -1,
16)
where 20(t|t) = 2°(t) is the ego vehicle’s current state,

and ad(ft) = al(t + ¢ — 1) for £ € [0,.) due to the
powertrain delay. The eco-driving controller aims to minimize
the cumulative cost over the time horizon [0,7] subject to
vehicle dynamics constraints G'qynamics, POWertrain saturation
constraints Gaturation, and certain safety constraints Giatety
based on predictions of the ego vehicle’s state x° (ﬂt) and
the preceding vehicle’s state ¥ (ﬂt). In particular, the cost
function ¢ is designed for the vehicle to track a desired
speed-dependent car-following distance, given in (17), while
penalizing energy consumption due to control effort:

H®Y) =d+ m°, (17)

where 7 represents a desired constant time headway. We
consider minimizing the expected value of the cumulative
cost and enforcing the safety constraints up to a prescribed
probability level 1—n. This is because due to the cut-in vehicle,
the preceding vehicle may change, according to (11), and
hence the preceding vehicle’s state & (f|t) over the horizon
is uncertain. Therefore, we consider stochastic predictions,
ie., @F (t~|t) is random and follows a certain distribution. We
will elaborate on the stochastic prediction of ZF (ﬂt) later in
this section.

We convert and solve the optimization problem (16) in
discrete time. The vehicle dynamics constraints Gaynamics



in discrete time are given by (1), the powertrain saturation
constraints Ggaturation are defined according to (3)—(5), plus a
saturation on longitudinal speed that prevents the vehicle from
speeding:

0 < v2(k|t) < Vmaxs (18)

for k=1,..., N.
We define the safety constraints Gyagety to enforce the
predicted car-following distance,

RO (k|t) = 87 (k|t) — s°(K|t) — Lyen, (19)
to be greater than a minimum distance,
Hmin (Ug) = dmin + Txninvga (20)

to guarantee collision avoidance. Specifically, to compensate
for prediction inaccuracy, we impose an additional safety
margin dmargin (k) at each time k over the prediction horizon.
This leads to the following safety constraints:

hO(k|t) — Hupin (v2(K[t)) — dmargin(k) >0, (21)

for k =1,..., N. The safety margin dyargin(k) is elaborated
in [12] and for a given confidence level its value depends on &
and is independent of the state 2°(k|t).

We now explain how the preceding vehicle’s state over the
horizon, &¥ (k|t), relates to the cut-in vehicle’s leader/follower
role in its interaction with the ego vehicle. Recall that ac-
cording to our leader-follower game-theoretic model, for a
certain role of the cut-in vehicle, either leader or follower,
we can predict its actions deterministically using (14) or (15).
If it is predicted that this vehicle will cut in front of the
ego vehicle, this cut-in vehicle will become the preceding
vehicle according to (11). Correspondingly, 2¥ (k[t) will be
determined by the state of the cut-in vehicle. That is, if the
role of the cut-in vehicle is given, we can predict &% (k|t)
deterministically (the procedure of which will be elaborated
in Section IV-C). However, in a real-world cut-in scenario,
the role of the cut-in vehicle is typically not known a priori.
Instead, we assume we know a probability distribution of
its role: 0 € {l,f}, ¢ ~ P(o). Then, the distribution of
the preceding vehicle’s state #F(k|t) is determined by the
probability distribution of the leader/follower role, o ~ P(o).
We will describe how to estimate the distribution o ~ P(o)
using online data in Section IV-B.

In summary, the eco-driving controller solves the following
discrete-time optimization problem to determine control:

N 2
wﬁm{%ZXW@W‘HMwWU

min
al(0lt),
ad(N-1+qlt) No1
2
b S (@) }
k=0

1
st. 2k +1t) = so(k\t)+v8(k|t)At+§a2(k;|t)At2,
2k + 1]t) = v2(k|t) +al (k[t) At,
Vk=0,...,N—1,
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0 < v (k[t) < Umax

Upin < ag(k+q|t),

al(k + qlt) < myvd(k + qlt) + by,

al(k + q|t) 209 (k + qlt) + bs,
Vk=0,...,N —1,

hO(k|t) = 87 (k[t) — s°(Klt) — Lyen,

P{Bo(kz\t) — Hunin (v2(K|)) — duargin (k) > 0,

Vk=1,...,N,

<m
<m

VIC:l,...,N}Zlfn,

P (k|t) = 85 (k|t), o ~P(0),
s°(0[t) = s°(t), v (0[t) = vQ(t),
aQ(klt) = al(t+k—q), a= 5.
Vk=0,...,q—1.

(22)
At time t, eco-driving controller solves (22) for sequence
{a2(0[t), ..., ad(N — 1 + q|t)}, and apply ag(t) = al(q|t)
to (6) using (8) to compensate powertrain delay ¢.

B. Estimation of Cut-in Vehicle’s Intention

Here we describe the method for estimating the cut-in ve-
hicle’s intended role. From the perspective of the ego vehicle,
the traffic dynamics (2) evolve with the cut-in vehicle 1 taking
actions according to either (14) or (15). To account for errors
of the models (14) and (15) from real-world drivers as well as
other disturbances, we add a Gaussian noise in (2), leading to:

x(t+1) = (x(t), u’(t), u"" (x(1))) +w, w~N(O,W).
(23)
The cut-in vehicle’s action is given by

W (x()) = ul (x(1)), o€ T = {11},

with u; (x(t)) (resp., uf (x(¢))) being the first action of
the optimal action sequence of the leader, u; (t) (resp., of
the follower, uf(t)), determined by (15) (resp., (14)). The
o € T = {1,f} is a latent variable representing the actual
role of the cut-in vehicle in the game, which is unknown to
the ego vehicle.

We assume that the ego vehicle has a prior belief on o,
P(o = €&(t — 1)). Define the observation history £(t) as

£(t) = {x(0),...,x(t—1),x(t),u’(0),...,u’(t—1)}, (25)

where x(-) are observed traffic states and u°(-) are the actions
taken by the ego vehicle at previous times. Then, under the
assumption that the cut-in vehicle’s role o does not change
over time, the ego vehicle can compute a posterior belief on o
according to Bayesian filtering [21] as follows:

P(o = €lé(t)) o< P(x(t)|o = €, u’(t — 1))P(0 = elé(t — 1)),

(26)
where o indicates “proportional to,” and the “likelihood”
function P(x(t)|o = €,u’(t — 1)) is given as

P(x(t)|o = e,u’(t — 1)) = N(r(t|e),0, W),

(24)

@7



in which N(-,0,) denotes the probability density function
of the multivariate normal distribution with zero mean and
covariance W evaluated at (-), and r(t|e) is the residual
between observed state and predicted state assuming the cut-in
vehicle’s role is o = ¢, given as

r(tle) = x(t)—f (x(t — 1), u’(t — 1), ul™ (x(t — 1))). (28)

At each time ¢, the eco-driving controller uses the computed
posterior belief P(o = ¢€|£(t)) as the probability distribution
of o, P(0), in the optimization problem (22). In particular,
for each role ¢ € T = {I,f}, we use either (14) or (15)
to determine an action sequence of the cut-in vehicle (c),
uS(t) = {uS(klt)}, ' and then can use the dynamics
model (1) and u&(¢) to obtain a deterministic prediction of the
cut-in vehicle’s states X (k|t) over the horizon k = 1,..., N.
This way, the distribution of predicted states X¢ (k|¢) is entirely
determined by the distribution of o, i.e.,

X (k|t) ~ P(o = €el€(t)),

C. Prediction on Preceding Vehicles that Accounts for Cut-in
Vehicles

The eco-driving controller (22) uses the prediction of the
motion of preceding vehicles. Besides the prediction on the
preceding vehicle, with the game-theoretic model for the cut-
in vehicle, we also get the prediction of its motion. We need
to fuse the predictions properly before we can solve (22) for
the eco-driving control.

For the current non-cut-in (nc) preceding vehicle, we as-
sume it maintains its current speed and lane position in the
future [6]:

)A(Ilc(k_'_ 1|t) — ( Ilc(k|t
= X" (klt),

k=1,...,N. (29

[0.01"
k:l’ )

), k=0,.
N.

aN_]-v

(30)
This prediction is deterministic.

For the cut-in vehicle (c¢), based on the estimation of its
intended role, we can get the prediction with probabilities (29).
However, the cut-in intention can be to cut in front of or
behind the ego vehicle. If the cut-in intention is to go behind
the ego vehicle, the ego vehicle does not need to react
to this cut-in vehicle, especially from an energy efficiency
perspective. To differentiate these two cases, the proposed eco-
driving controller first solves (22) assuming no cut-in (nc)
with the prediction of the current preceding vehicle (30), and
get the ego’s planned position s%7¢(k|t) and [97¢(k|t). For
each prediction of the cut-in vehicle associated with o € T,
calculate the crossing step kUM as the first step when the
cut-in vehicle crosses the lane boundary, that is,

llg(k‘lt) — lo(k|t)| > ﬂ’ Vk < kg_ut-in.‘
’ (€2
Wlane .
llc (k?lt) lo(k:|t)| < == 5 k= k.gut—m.

With the crossing step identified for each future, a subset
of o, denoted as ¥ C Y is computed, which is defined as

2 = {o]sS(k[t) — s (k|t) > §s, Tk > kL. (32)
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Algorithm 1: Eco-driving controller that accounts for
cut-in vehicles

1 for t =0 to ty do

2 Acquire prediction of the current non-cut-in
preceding vehicle §"°(k|t), d2°(k|t) using (30)
Solve (22) with prediction of non-cut-in preceding
vehicle and get ego’s planned position s%"¢(k|t),
19¢(k|t), and desired acceleration a)"(q|t);

3 Observe the traffic states and estimate the role of
the potential cut-in vehicle in the leader-follower
game using (26);

4 Acquire prediction of the potential cut-in vehicle
5°(klt), o (k|t) using (29);

5 Calculate kg‘“ in“according to (31) for each o € T,
then compute X using (32);

6 if ¥ = O then

7 Skip the cut-in vehicle and set
0,nc
aq(t) = ag (qlt);
8 else
9 With o € ¥ and fused prediction (33), solve

(22) for planned desued acceleration ad “(qlt),
and set aq(t) = ad “(q]t);
end
Apply desired acceleration aq(t) with
compensation (8) and update ego’s states with (1);

10
11

12 end

Here > corresponds to the subset of cut-in vehicle’s roles
with futures where the cut-in vehicle will cut in front of the
ego vehicle if the ego maintains the eco-driving action in
reaction to the current preceding vehicle. Particularly, s is a
tuning parameter on how conservative one wants to consider
a potential cut-in vehicle. If ¥ = @, then in all predicted
futures the cut-in vehicle will cut behind the ego vehicle. In
this case, the ego vehicle will skip this cut-in vehicle and apply
the control action calculated for the current preceding vehicle.
If ¥ # (), then the cut-in vehicle may cut in front of the
ego vehicle. Then for each o € ¥, we acquire the following
prediction on the preceding vehicle

<2 (klr) = {’ﬁ‘“(“)

if ko < keutin,

if k> kgrn, &9

Xg (|t) ~ P(o = €[€(t))

where kUi is the crossing step defined by (31). Note that at
k= kf,”"i“, there will be a sudden change on %P from the one
that corresponds to the original preceding vehicle to one that
corresponds to the cut-in vehicle.

Combining all the steps in this section, the eco-driving con-
troller proposed in this paper is summarized in Algorithm 1.

V. SIMULATION CASE STUDY

In this section, we present a simulation case study for the
scenario illustrated in Fig. 1 to demonstrate the effectiveness
of the proposed eco-driving controller when handling cut-in
vehicles. We introduce the setup with the parameters used,



the energy consumption metric, and the baselines used before
we present the simulation results.

A. Simulation Setup

For the traffic condition visualized in Fig. 1, we consider
parameter values and initial values summarized in Table III,
and vary the initial position of the cut-in vehicle s1(0).

For the leader-follower model on the cut-in vehicle, the
parameter values are summarized in Table IV and we apply a
few simplification steps. Firstly, consider subsets of the action
sequence based on the interactive nature of the cut-in game.
For traveling straight actions, consider mild actions only:
Astraight ={Maintain, Mildly accelerate, Mildly decelerate}
to mimic a natural mild approaching to slow the preceding
vehicle. For lane change, we consider hard actions only:
u € A Z{Maintain, Hard accelerate, Hard decelerate, Steer
fo right}, with consecutive lateral actions that finish the cut-in
motions. For lane change abort sequence, we consider only
hard decelerate actions Aj. ={Maintain, Hard decelerate,
Steer to left} and consecutive lateral actions that move the
vehicle back to its original lane. Secondly, while the time
horizon 7' is the same for both the leader-follower game-
theoretic model of the cut-in vehicle and the eco-driving
controller for the ego, we use a time step At = 1[s], larger
than the simulation step, for the leader-follower game-theoretic
model to reduce the decision space size. Thirdly, once the
cut-in vehicle reaches the target lane with [l — liarget| < 01,
it is considered that the cut-in is finished, and the cut-in
vehicle will start using a car-following model (36) (introduced
later) to determine its acceleration when following its new
preceding vehicle. With these simplifications, we reduced the
computation complexity for (14) and (15). The game-theoretic
model by the cut-in vehicle is run at a frequency of 2Hz, and
the action between runs is determined by a zero-order hold.

For the proposed eco-driving controller in Algorithm 1,
the parameter values used are summarized in Table V. The
parameter values are selected based on typical values used in
the literature, e.g., [12], [18]. The optimization problem (22)
is implemented in MATLAB 2023a using YALMIP [22] and
solved with Gurobi [23].

B. Energy Consumption Metric

To account for different powertrain configurations (e.g.,
internal combustion engine or electric motor), we can use the
following metrics, energy consumption per unit mass,

w= [ w0o(a) +ew@)u, o8

to
where g(-) = max{-,0} implies that braking does not con-
sume or recover energy. We remark that the effects of energy-
recovering systems can be included by choosing different g
functions. In simulations, the nonlinear physical term o in (6)
and (34) is set to

o(vs) = 0.0147 +2.75 x 10~ 02, (35
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Fig. 3. Nonlinear functions in the optimal velocity model (OVM). (a) Range
policy (37). (b) Speed policy (38).

which is acquired for a standard passenger vehicle [12]. Note
in (22) to generate a convex quadratic objective function, we
choose to optimize the desired acceleration a rather than the
energy metrics (34) by dropping the nonlinear term p in (34).
As shown in the simulation results in this paper, such an
approximation is suitable for eco-driving controllers to balance
optimality and computation efficiency.

C. Baselines

We use two baselines for the proposed eco-driving con-
troller: one car-following model and one eco-driving controller
that does not account for cut-in vehicles.

The first baseline uses the optimal velocity model (OVM)
which yields the following desired acceleration [17]:

a™ = a(V(h) —v.) + B(W(W]) —v,).

Here v, and v! is the longitudinal speed of the ego vehicle
and its preceding vehicle in the same lane. V'(h) is the range
policy that determines the desired velocity as a function of the
distance headway h = s¥ — s — Lyen with s and st being the
long