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Abstract: In this paper, we design a safe and efficient cruise control for the connected
automated vehicle with access to motion information from multiple vehicles ahead via vehicle-
to-vehicle (V2V) communication. Position and velocity data collected from a chain of human-
driven vehicles are systematically leveraged to design a connected cruise controller that smoothly
responds to traffic perturbations while maximizing energy efficiency. A safety filter derived from
a control barrier function provides the safety guarantee. We investigate the proposed control
design’s energy performance against real traffic datasets and quantify the safety filter’s energy
impact. It is shown that optimally utilizing V2V connectivity reduces energy consumption
by more than 10% compared to standard non-connected adaptive cruise control. Meanwhile,
interesting interplays between safety filter and energy efficiency design are highlighted, revealing
future research directions.
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1. INTRODUCTION

Energy efficiency of vehicles is a critical metric in the
automotive industry, since improving energy efficiency can
bring great financial and societal benefits Sciarretta and
Vahidi (2020). While improving vehicle powertrain designs
provides fundamental energy efficiency improvement Ulsoy
et al. (2012), vehicle operations also play an important
role in the energy consumption, and the large variations in
driving behavior by human drivers could greatly compro-
mise the energy efficiency Zarkadoula et al. (2007). Vehicle
automation eliminates such variation, and extensive re-
search has focused on optimizing the control input (pedal,
brake, and gear shift) to achieve the most efficient driving
profile Sciarretta and Vahidi (2020); He et al. (2016). Most
of these studies assume no or ideal traffic conditions due
to the lack of access to accurate and real-time traffic data
that allows prediction and control.

Vehicle-to-vehicle (V2V) communication can potentially
resolve this problem He et al. (2020): Peer-to-peer com-
munication enables connected vehicles to share informa-
tion for prediction and control, and facilitates coopera-
tion among vehicles in traffic. Cooperative adaptive cruise
control (CACC) is a heavily researched design Wang
et al. (2018) that leverages connectivity. Some seek to
synchronize the speed of the platoon, guaranteeing string
stability and maintaining desirable headway Ploeg et al.
(2014); Zheng et al. (2018), while others design predictive
controllers that have access to the future motion plans of
leading vehicles, thereby optimizing for energy optimal be-
haviors Guanetti et al. (2018); Hoef et al. (2019). Despite
the great benefit, the requirement for high penetration of
both connectivity and automation will not be obtainable
in the near future.

Connected Cruise Control (CCC) Orosz (2016), which
focuses on using connectivity to benefit a single vehicle,
requires a low penetration rate of automation, making it an
appealing near-term solution. Theoretical and experimen-
tal results have shown great potential of CCC in improving
energy efficiency Ge et al. (2018); He et al. (2020); Shen
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et al. (2023). One main gap in the application is that the
existing energy-efficient CCC design does not enjoy any
safety guarantees. The emerging control barrier function
Ames et al. (2019); Alan et al. (2023) provides a flexible
and effective tool to certify and guarantee safety for exist-
ing controller design He and Orosz (2018). In this work, we
seek to establish a real-time implementable framework for
the efficient CCC design with rigorous safety guarantees.
More importantly, we aim to establish an implementable,
energy-efficient CCC framework and quantify its robust-
ness, as well as study the energy impact of the safety
guarantee. Thus, our main contributions are

(1) Proposed an implementable, data-driven, safe, and ef-
ficient cruise control for connected automated vehicles

(2) Established safety guarantees for energy-efficient con-
nected cruise control design using control barrier
function

(3) Present a reality check on the energy-saving perfor-
mance while safety guarantee is enforced, analyze the
robustness and impact of safety on energy efficiency

2. DESIGN OVERVIEW

In this work, we focus on longitudinal controller design for
a vehicle that travels on a straight, flat, single-lane high-
way section with dense and dynamic traffic; See Fig. 1(a).
We assume the ego vehicle of interest (i.e., the black car
at the end of the vehicle chain) is a connected automated
vehicle (CAV) that can fuse the sensing results of vehicle
ahead with standard sensors, with the information ac-
quired from multiple vehicles ahead through connectivity
on their position, speed, and acceleration. This allows
us to collect data on traffic history. In Fig. 1(b), a 500-
second sample is shown, where according to the velocity
of three consecutive vehicles ahead of the CAV, the chain
of vehicles has gone through multiple stop-and-go events,
a typical scenario in daily driving.

We present a data-driven, energy-efficient longitudinal
design with a safety guarantee, which is summarized in
Fig. 1(c,d). Detailed in Section 3, the core connected cruise
control (CCC) is a feedback controller that gives desired
longitudinal acceleration and is parameterized with pn. To
guarantee safety, a safety filter based on the control safety
function is presented in Section 4 to certify safety and
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Fig. 1. Design overview of the proposed data-driven safe and efficient connected cruise control framework. (a) Scenario of interest. (b) Traffic
history samples acquired from V2V communication. (c) A longitudinal controller that operates continuously with a safety guarantee.
(d) Event-triggered data-driven optimization on the connected cruise controller.

intervene if necessary. Using a nominal model of vehicle
dynamics, the lower-level command u controls the CAV.
The optimization of the CCC controller parameter pn is
formulated as one driven by collected traffic history data,
which is also detailed in Section 3. Our design features
two modules that operate on different schedules: the data-
driven optimization of pn is event-triggered and only
executed when a data distribution shift occurs; the core
CCC controller and the safety filter run continuously to
ensure efficiency and safety. We evaluate the energy and
safety performance of the proposed design using real-world
datasets in Section 5.

3. DATA-DRIVEN EFFICIENT CONNECTED
CRUISE CONTROL DESIGN

In this section, we describe the data-driven, energy-
efficient cruise control design that uses V2V information
to control the longitudinal motion of the CAV.

We describe the longitudinal motion of the connected
vehicle in the state space format as

Ḋ = v1 − v , v̇ = −f(v) + sat(u, v) , (1)

where D = s1−s−l is the distance headway, s, v and s1, v1
denote the longitudinal position and speed of the CAV and
its immediate predecessor, l being the length of the CAV.
f(·) is derived from longitudinal dynamics

f(v) =
1

meff

(
mgζ + kv2

)
. (2)

where g denotes the gravitational constant, ζ denotes
the rolling resistance coefficient, and k denotes the air
resistance coefficient. We model the powertrain to take a
control command u in the scale of acceleration originating
from the powertrain torque (engine/motor) and the brake.
Saturation function sat(·, ·) represents powertrain limits in
power/torque and braking capabilities:

sat(u, v) = min {max{u, us,min}, ũs,max(v)} , (3a)

ũs,max(v) = min {us,max,m1v + b1,m2v + b2} , (3b)

as illustrated in Fig. 2(a) and (b). In (3), us,min represents
the minimum acceleration (i.e., maximum deceleration)
due to the braking capability, and us,max, m1, m2, b1, b2
are parameters determined by engine/motor power and
torque limits.

To achieve a desired acceleration ad, a lower-level con-
troller compensates the resistance force f̃ with a nominal
model and delivers the final control u to the vehicle (1)

u = f̃(v) + ad . (4)

We remark that the compensation term may not be
fully achieved because the saturation function (3a) cannot
provide perfect compensation. This fact is accounted for
in our simulation study.

Energy consumption is the main performance metric of
the longitudinal control design in this work. It is evaluated
with energy consumption per unit mass

w =

∫ tf

t0

v(t)g
(
v̇(t) + f(v(t))

)
dt , (5)

where g(x) = max{x, 0} implies that braking does not
consume or recover energy. Note that the effects of energy
recovery systems can be included by choosing different g
functions, but this is beyond the scope of this work.

We apply a connected cruise control (CCC) design to
determine the desired acceleration of the CAV He et al.
(2020); Shen et al. (2023). CCC design is inspired by
the optimal velocity model (OVM), which determines the
desired acceleration ad to follow the vehicle immediately
ahead, but extends to incorporate up to n−1 vehicles that
are beyond its line of sight:

aCCC = α
(
V (D)− v

)
+

n∑
i=1

βi

(
W (vi)− v

)
. (6)

When n = 1, the connected cruise control design is re-
duced to a standard non-connected adaptive cruise control
(ACC) design. The range policy V (D) determines the
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Fig. 2. Nonlinear functions in the vehicle dynamics and CCC
controller. (a) Saturation function (3a). (b) Acceleration lim-
its (3b). (c) Range policy (7). (d) Speed policy (8).

desired velocity for the distance headway D. The speed
policy W (v) = min{vmax, v} prevents the ego vehicle from
speeding. We choose the range policy as

V (D) = min {vmax,max{0, κ(D − dst)}} . (7)

As is shown in Fig. 2(c), when the distance headway is less
than the stopping distance dst, the ego vehicle tends to
stay still, while when the distance headway is larger than
d+τdvmax, the ego vehicle intends to travel with maximum
speed vmax without being influenced by the preceding
vehicle. The desired velocity grows with constant gradient
1/τd where τd is referred to as time headway, which may
be set differently to the trade-off between safety and traffic
efficiency. The speed policy

W (v1) = min
{
vmax, v1

}
(8)

is used to prevent the CAV from speeding when the
preceding vehicle goes faster than vmax; see Fig. 2(d).

Given controller (6), our design goal is to find the optimal
controller parameters (e.g., pn = [α, κ, β1, . . . , βn]) such
that the response generated by (1) minimizes the energy
consumption (5). Building on our prior work He et al.
(2020), we optimize the parameter pn by leveraging traffic
history data collected from V2V. Given a series of data
vi(t), where t ∈ [t0, tf ] with resolution of ∆t, the velocity
perturbation of vehicle i can be described using the m ≤
tf−t0
2∆t leading Fourier components

ṽi(t) =

m∑
j=1

ρi,j sin(ωjt+ ϕi,j) , (9)

where we discretized frequency ωj = j∆ω, with ∆ω =
2π/(tf − t0). Moreover, ρi,j = ρi(ωj) and ϕi,j = ϕi(ωj)
are the amplitude and phase angle of speed oscillations at
frequency ωj for car i.

We use the linearized model of (1,6) around the equilib-
rium given by the average speed of the traffic history data

v(t) ≡ vi(t) ≡ v∗, D(t) ≡ D∗, v∗ = V (D∗) , (10)

for i = 1, . . . , n; cf. (7) and Fig. 2(c). We define ṽi,
i = 1, . . . , n as the perturbations about the equilibrium
velocities. Assuming that the influence of the physical
effects f(v) can be negated by f̃(v), the steady state
response of the CAV in reaction to the historical traffic
data can be expressed as

Ṽ (λ) =

n∑
i=1

Γi(λ;pn)Ṽi(λ) , (11)

where Ṽi(λ) is the Laplace transform of the velocity
perturbation ṽi(t). The link transfer function from the i-th
vehicle to the CAV can be written as

Γ1(λ;pn) =
ακ+ λβ1

λ2 + (α+
∑n

k=1 βk)λ+ ακ
,

Γi(λ;pn) =
λβi

λ2 + (α+
∑n

k=1 βk)λ+ ακ
,

(12)

for i = 2, . . . , n. Based on (9,11,12), the steady-state
oscillation of the CAV vehicle can be expressed as

ṽ(t) =

m∑
j=1

χj(pn) sin
(
ωjt+ θj(pn)

)
, (13)

where the magnitude χj and phase angle θj can be derived
using (12) and therefore depend on pn. To attenuate the
transient response, we require the linearized dynamics to
be plant stable Orosz (2016), which is achieved when all
roots of the characteristic equation in (12) are located in
the left half complex plane, leading to an admissible set
for parameters P = {pn | α+

∑n
i=1 βi > 0, α > 0, κ > 0}.

Instead of using formulae (12,13) to construct the steady
state response of the CAV to the signals given in (9) and
directly calculate the energy consumption using formula
(5), we draw insights from our prior work He et al. (2020);
Shen et al. (2023) and acquire the CCC parameter by
solving the following optimization problem

Minimize Jn(pn) =

m∑
j=1

ω2
jχ

2
j (pn) s.t.pn ∈ P . (14)

This analytical, yet data-driven approach has a theoret-
ical link to the original energy function (5), and allows
us to achieve robust energy-efficient performance against
changes in traffic scenarios. We note that the computa-
tional demand of such minimization is very low, as the cost
function in (14) does not require the reconstruction of the
steady-state response in the time domain. The summarized
optimization process has been visualized in Fig. 1(b,d) and
will be further explained mathematically from (6) - (14).

4. SAFETY GUARANTEE WITH SAFETY FILTER

In this section, we derive the safety filter used to provide
a safety guarantee for the energy-efficient cruise control
design (6). We will briefly review the control barrier
function techniques and outline the safety filter design,
referring to Alan et al. (2023) for more details.

Consider the nonlinear control-affine system:
ẋ = f(x) + g(x)u, (15)

with state x ∈ Rn, input u ∈ Rm, and continuous func-
tions f : Rn → Rn and g : Rn → Rn×m. The input u is
specified via a state-feedback controller k : Rn → Rm,
yielding the closed-loop system dynamics:

ẋ = f(x) + g(x)kn(x). (16)
Such a controller, referred to as nominal controller, meets
some performance requirement, but not necessarily the
safety requirements. The system to which our data-driven
CCC design introduced in Section 3 applies to, if assuming
perfect compensation of f(v), can be expressed in the
format of (15) with

x = [v1, D, v]T, u = sat(u, v)

f(x) = [a1, v1 − v, 0]T,g(x) = [0, 0, 1]T
(17)

We note that (17) considers only the vehicle immediately
ahead, which is the safety-critical one. The velocity of



this vehicle is considered a state and its acceleration a1
is assumed to be an external signal, which could be time
varying but is measurable and lower bounded: a1 ≥ a1.
The nominal controller kn(x) is given by (3, 4, 6).

Consider a set C ⊂ Rn defined as the 0-superlevel set of a
continuously differentiable function D : Rn → R, yielding:
C = {x ∈ Rn : h(x) ≥ 0} , ∂C = {x ∈ Rn : h(x) =
0}, Int(C) = {x ∈ Rn : h(x) > 0} where ∂C and Int(C)
are the boundary and interior, respectively, of the set C.
C is referred to as the safe set, which we seek to stay
forward invariant with respect to (15). While the nominal
controller kn may not be able to achieve such a goal,
control barrier functions (CBFs) may be used to enhance
kn and provide a safety guarantee.
Definition 1 (Control Barrier Function, Ames et al.
(2017)). Let C ⊂ Rn be the 0-superlevel set of a contin-
uously differentiable function h : Rn → R. The function h
is a Control Barrier Function (CBF) for the system (15)
on C if there exists σ ∈ Ke

∞
2 such that for all x ∈ Rn:

sup
u∈U

[ ḣ(x,u)︷ ︸︸ ︷
∂h

∂x
(x)f(x)︸ ︷︷ ︸
Lfh(x)

+
∂h

∂x
(x)g(x)︸ ︷︷ ︸
Lgh(x)

u

]
> −σ(h(x)) . (18)

Given a CBF h for (15) on C and a corresponding
function σ ∈ Ke

∞, we can consider the point-wise set of
all control values that satisfy (18): KCBF(x) = {u ∈
U

∣∣∣ ḣ(x,u) ≥ −σ(h(x))}. Given a valid CBF function, the

goal of maintaining the performance of the nominal con-
troller kn while ensuring the safety of the system (16) with
respect to the set C can be achieved by an optimization-
based safety-critical controller kQP : Rn → Rm defined as:

kQP(x) = argmin
u∈U

1

2
∥u− kn(x)∥22 (19)

s.t. Lfh(x) + Lgh(x)u ≥ −σ(h(x)).

This controller takes the same value as the nominal con-
troller if the nominal controller meets the requirements
for safety specified by the CBF h, i.e., kQP(x) = kn(x)
if kn(x) ∈ KCBF(x). If the nominal controller does not
meet the safety requirements, i.e., kn(x) /∈ KCBF(x), the
input is chosen to meet the safety requirement with the
smallest deviation from the value of kn. Specifically, our
prior work Alan et al. (2023) has proven that for a single
input (m = 1), if Lgh(x) < 0 for a particular x ∈ Rn, the
controller (19) can be expressed in closed form as:

kQP(x) = min

{
kn(x),−

Lfh(x) + σ(h(x))

Lgh(x)

}
. (20)

Similar cases may be derived for Lgh(x) > 0 cases and
Lgh(x), with kQP(x) = kn(x) when Lgh(x) = 0.

For our data-driven CCC design, we set the safety re-
quirement as staying above a minimum time headway:
D − vτ > 0. Based on minimal stopping distance under
safety critical cases, i.e., ad = a and a1 = a1, we synthesize
the following CBF:

h(D, v, v1) = D −B(v, v1) ≥ 0, (21)

where B is defined as follows. If a ≤ a1 then

if a≤a
1

B(v, v1) =

{
vτ, if v1 ≥ f1(v),

vτ +
(v−aτ)2

2a − v2
1

2a
1
, if v1 < f1(v),

(22)

2 A continuous function α : R → R is said to belong to extended
class K∞ (α ∈ Ke

∞) if α(0) = 0, α is strictly increasing, and
limr→∞ α(r) = ∞ and limr→−∞ α(r) = −∞.

if a>a
1

B(v, v1) =


vτ, if v1 ≥ f2(v),

vτ +
(v−aτ−v1)

2

2(a−a
1
) , if f2(v) < v1 < f3(v),

vτ +
(v−aτ)2

2a − v2
1

2a
1
, if v1 ≥ f3(v),

where

f1(v) =

√
a1
a
(v − aτ), f2(v) = v − aτ, f3(v) =

a1
a
(v − aτ). (23)

The detailed derivation may be found in Ames et al.
(2017); He and Orosz (2018). Having different cases cor-
responds to the fact that the minimal distance headway
may appear at different phases of the braking event: right
at the moment when both vehicles launch the emergency
brake, during the deceleration phase of the following ve-
hicle, and at the end when the following vehicle stops. By
construction, (21) is a valid control barrier function, and
h ≥ B(v, v1) implies that D ≥ vτ , which fulfills the safety
requirement. We remark that (21) admits a composition
structure of 2 or 3 continuously differentiable functions,
making it still satisfy the CBF definition Xu et al. (2017).

It can be verified that Lgh = −∂B/∂v < 0 for all
branches of B, thus, the safety filter that solves (19) can
be summarized according to (20) as

asafe = min{an, acbf}, (24)

where an is a nominal longitudinal acceleration before the
safety filter (e.g. aCCC (3, 4, 6)) while

acbf = acbf(D, v, v1, a1)

=

(
∂B

∂v

)−1(
v1 − v − ∂B

∂v1
a1 + γ

(
D −B(v, v1)

))
,
(25)

with γ > 0 such that function as σ(x) = γx ∈ Ke
∞.

5. CASE STUDY

In this section, we consider the driving scenario shown
in Fig. 1(a) and apply the proposed safe and efficient
connected cruise control design summarized in Fig. 1(c,d)
to a passenger vehicle. Through simulation, we evaluate
the effectiveness of the proposed connected cruise control
over non-connected cases.

We have recordings of six 500-second datasets with similar
stop-and-go behavior by the human-driven vehicles (cf.
Fig. 1(b)). For the details of how the data were collected,
see Ge et al. (2018). We use the following event-trigger
schedule to evaluate the proposed design: optimize the pn
based on one dataset and test the performance over the
other 5 datasets, making up six test runs of the proposed
design. In each test run, we acquire the corresponding
optimal CCC design pCCC

n based on one historical data
set of n vehicles ahead. To access the optimality gap, for
each dataset, we also conduct a brute-force search among
all the pn (with a resolution of 0.1 [1/s] for each parameter
in [0, 2.0][1/s]) and find the p∗

n that minimize (5), i.e., the
global optimal parameter for each dataset. Correspond-
ingly, we can acquire the baselines pACC

1 and p∗
1 for non-

connected cases using the information immediately ahead
(c.f., v1 in Fig. 1). As a the case study we fixed α and κ and
optimize parameters of 3 vehicles ahead p3 = [β1, β2, β3].
The parameter used and code can be found online 3 .

5.1 Benefit of Connectivity

We summarize the performance of the proposed design
over the six different test runs in Fig. 3. The 5 bars
in each group in Fig. 3(a) correspond to the energy
performance (5) when testing against datasets the design is

3 https://github.com/CHELabUB/safe resillent CCC
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Fig. 3. Summary on the Energy Performance (a) Energy Consumption w comparison among different test runs.(b) w reduction percentage
of data-driven CCC design pCCC

n over the data-driven ACC design pACC
1 . Please note that pCCC

n and pACC
1 generated from different

dataset can be the same (e.g. those for 3,4,5 ) due to the discrete search with step 0.1 [1/s].

not based on. Each bar shows four energy metric brought
by the data-driven ACC design pACC

1 (red), the global
optimal ACC design p∗

1 (light red), the data-driven CCC
design pCCC

n (blue) and the global optimal CCC design
p∗
n (light blue). In all six test runs, the proposed data-

driven CCC pCCC
n , which leverages beyond-line-of-sight

information acquired from connectivity, can achieve better
performance than the non-connected ACC design pACC

1
and the percentage of reduction is summarized in Fig. 3(a).
Furthermore, pCCC

n gives consistent improvement over
global optimal ACC p∗

1, and the gaps to the global optimal
CCC p∗

3 are small. Note that p∗
3 and p∗

1 are not achievable
in practice as they are acquired through brute force search.

To reveal the reason for energy efficiency improvement,
we plot the distance headway, speed, and ad Fig. 4 for
ACC (red dotted curves in the left column) and CCC
(blue dash-dotted curves in the right column), respectively.
In both cases, the CAV is following the vehicles ahead,
traveling with profiles shown in Fig. 1(a). The connectivity
leads to minor variations in acceleration and deceleration,
thereby resulting in milder speed variations. On the other
hand, the distance headway is maintained in similar ranges
between the ACC and CCC designs, showing comparable
car-following performance.
5.2 Impact of Safety Filter on Energy Efficiency
As the safety filter (24) always leads to a a desired acceler-
ation smaller than the original CCC controller suggested,
we are interested to see the energy-saving impact of the
safety filter if any, i.e., whether it is improving the en-
ergy efficiency by mostly requesting milder acceleration,
or hurting energy efficiency by demanding heavier brake.
We further define the following metrics: 1) Energy wasted
by using the brake:

wbrake =

∫ tf

t0

v(t)g
(
− v̇(t)− f(v(t))

)
dt ; (26)

2) The time percentage of h = D−B(v, v1) < 0; 3) Safety
violation margin

hmargin =

∫ tf

t0

g
(
B(v, v1)−D

)
dt , (27)

(w/o (24)) / (w/ (24)) ACC CCC
p3 = [β1, β2, β3] [0.6, 0.0, 0.0] [0.0, 0.3, 0.7]

w [kJ/kg] 5.7425 / 5.5728 4.2125/4.2430
wbrake [kJ/kg] 3.7738 / 3.6096 2.3419/2.3658

h < 0 percentage [%] 10.52 / 0.00 15.78 / 0.00
hmargin [m] 0.5004/0.000 0.7818/0.0000

Table 1. Energy impact by Safety Filter

where g(x) = max{x, 0} for both cases.

We found that while safety filters generally improve energy
efficiency while providing a safety guarantee for ACC
designs, the impact on CCC designs is mixed: safety filters
do not always improve energy efficiency. We report the
extreme case in our study where the energy efficiency of
CCC was compromised the most with the safety filter,
and summarize the metrics in Table 1. The corresponding
profiles for runs without safety filter (24) are shown as
black solid curves in Fig. 4. While safety filter guarantees
the safety (cf., h < 0 percentage and hmargin drops to zero),
it leads to less brake usage for the ACC design but more
for the CCC design (c.f., an increase in wbrake). According
to the ad profile, the acceleration demand by CCC design
encounters more intervention by the safety filter than that
by the ACC design, indicating that better coordination
between the CCC controller (6) and safety filter (24) may
be attempted to increase energy efficiency further.

6. CONCLUSIONS

In this paper, we designed a safe and efficient cruise control
for the CAV that has access to motion information from
multiple vehicles ahead via V2V communication. Position
and velocity data collected from a chain of human-driven
vehicles are systematically leveraged to design a connected
cruise controller that smoothly responds to traffic per-
turbations while maximizing energy efficiency. A safety
guarantee is achieved using a safety filter derived using
the control barrier function. We investigated the perfor-
mance impact on real traffic data sets and quantified the
safety filter’s energy impact. It was shown that optimally
utilizing V2V connectivity leads to more than 10% en-
ergy consumption reduction compared to standard non-
connected adaptive cruise control. Meanwhile, interesting
interplays between safety filter and energy efficiency design



Fig. 4. Profile comparison ((a) distance headway and (b) speed) between without Safety filter (black solid curves) and with safety filter for
data-driven ACC (red dotted curve) and CCC (blue dash-dotted curves) designs. (c) Acceleration demand profile before (black) and
after the safety filter for runs with the safety filter.

are highlighted, revealing future research directions. For
future work, we are investigating how to incorporate a
speed profile preview into the safety filter design to allow
more proactive intervention tailored to improve energy
efficiency. We are also working on schedule design for CCC
parameter optimization and extending the system with
delay and a more dynamic communication structure.
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