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Abstract— Autonomous driving relies on perception systems
to understand the environment and guide decision-making.
Advanced perception systems often use black-box Deep Neural
Networks (DNNs) for human-like comprehension, but their
unpredictability and lack of interpretability can limit their use
in safety-critical settings. This paper introduces an Ensemble
of DNN regressors (Deep Ensemble) to provide predictions
with quantified uncertainties. In the context of Adaptive Cruise
Control (ACC), the Deep Ensemble estimates the distance
headway to the lead vehicle from RGB images, allowing the
downstream controller to account for uncertainty. An adaptive
cruise controller is developed using Stochastic Model Predictive
Control (MPC) with chance constraints to ensure probabilistic
safety. Our ACC algorithm is evaluated using a high-fidelity
traffic simulator and a real-world traffic dataset, demonstrating
effective speed tracking and safe car following. The approach
is also tested in out-of-distribution scenarios.

I. INTRODUCTION

Autonomous driving algorithms are typically pipelines of
individual modules: the perception module gathers environ-
mental information, and the decision-making module uses
this information to make maneuver decisions. Advances in
Deep Neural Networks (DNNs) have enabled human-like
perception capabilities, effectively extracting environmental
information. For example, research has been focusing on in-
tegrating DNN-based perception functions, such as localiza-
tion [1] and mapping [2], into autonomous driving systems.
However, a major drawback of DNN-based perception is its
lack of interpretability, and the ability of DNNs to generalize
can be limited by the coverage of the training data.

Although Neural Networks are universal function ap-
proximators [3], they have approximation errors. Their per-
formance becomes even more unpredictable with Out-Of-
Distribution (OOD) observations, which follow a different
statistical distribution than the training data [4]. This un-
certainty in perception can also affect downstream decision-
making. In this paper, we consider Adaptive Cruise Control
(ACC) leveraging camera sensors. The controller needs to
track driver-set speed while maintaining a safe distance from
the lead vehicle. In such safety-critical scenarios, accounting
for perception uncertainty is crucial for decision-making and
control design to ensure system-level safety.
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Various methods have been developed to quantify DNN
uncertainties. Bayesian Neural Networks [5] have been inves-
tigated to represent the uncertainties in DNN predictions via
probabilistic modeling of the DNN parameters. To reduce the
computational burden, the Monte Carlo Dropout technique
has been explored for Bayesian NNs [6]. To improve robust-
ness against adversarial attacks, ensemble methods that use
a diverse set of DNNs for a single task have been proposed
[7]. Other approaches, such as Laplace Approximation [8],
have also been introduced to quantify DNN uncertainties.

In addition, control co-designs have also been studied,
under the assumption of bounded DNN errors, to track
trajectories [9] and ensure system-level safety [10]. However,
these approaches are limited to in-distribution settings [9]. In
contrast, this work uses Deep Ensembles [7] for quantifying
uncertainty in DNN-based perception, noted for their effec-
tiveness in OOD scenarios. We investigate the downstream
control co-design that accounts for perception uncertainty,
specifically applied to ACC using camera sensors. The
proposed algorithms offer the following properties:

o The Deep Ensemble employs a heterogeneous set of
DNNss, that both generate distance headway estimation
and quantify the estimation uncertainties, from RGB
images of the lead vehicle.

o Leveraging the Deep Ensemble results, the Stochastic
MPC is utilized for ACC, guaranteeing probabilistic
safety through the integration of chance constraints.

e The proposed ACC algorithm achieves good perfor-
mance in car-following and speed-tracking tasks, ensur-
ing safety in both in-distribution and OOD scenarios, as
verified using a high-fidelity simulator.

This paper is organized as follows: In Sec. II, we introduce
the ACC problem. We also outline the assumptions made
regarding vehicle kinematics and the ACC design objectives.
In Sec. III, we present our Deep Ensemble development that
estimates the distance headway which informs the subse-
quent Stochastic MPC to control the acceleration of the ego
vehicle. In Sec. IV, we demonstrate the Deep Ensemble’s
ability to provide estimations and quantify estimation un-
certainties. Furthermore, we validate the proposed adaptive
cruise controller, using a high-fidelity simulator and a real-
world traffic dataset. Finally, Sec. V provides conclusions.

II. PROBLEM FORMULATION

In this paper, we focus on control design with visual
perception (i.e., cameras) in the loop. As shown in Fig. 1, the
ego vehicle observes the lead vehicle in the front via camera
sensors, installed to the left and right of the ego vehicle’s
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front window. Using the RGB images from the cameras, the
ego vehicle estimates its distance headway to the lead vehicle
and, subsequently, commands its acceleration and braking to
keep a safe distance headway and track a desired speed.

PEE—— T——
follower (ego)
= & Sensor %m‘ it
lead vehicle (Cameras) = .l B
Plant | — —

user-set speed —1

Adaptive Cruise Controller

acceleration RGB images

/braking

Fig. 1: A schematic diagram of the Adaptive Cruise Control
(ACC) scenario: The follower (ego vehicle) maintains a safe
distance from the lead vehicle using camera sensors.

We use the following discrete-time model to represent the
vehicle kinematics,

1
Tht1 = Tk + v At + iakAtQ,

)

Vg1 = Uk + apAt,

where x, v, and aj are the longitudinal position, velocity,
and acceleration at time instance ¢y, respectively; At > 0 is
the time in second elapsed between discrete time instances
ti and ty1. Since we focus on car-following development,
we only consider the longitudinal kinematics in Eq. (1) while
neglecting the lateral ones. Namely, we assume both ego and
lead vehicles follow this dynamics model, do longitudinal
acceleration or braking maneuvers, and keep the current lane.
In the sequel, we use variables with superscripts x,(f), v,(f) to
represent the states of the lead vehicle while those without
(e.g., r, vk, and ax) denote the ego vehicle states. We use
the following models to represent the camera measurements,

I, = (Il(xkaxg))v I, = qr(xk,wff)), 2

where the measurements Iy ;, I, € R3%224x224 are RGB
images of 3 color channels and size 224 x 224 acquired
from the left and right cameras, respectively.

In this work, we consider the development of an adaptive
cruise controller that adopts the following form

ar = KT, Ir ry vs), 3

where vg is the driver-set ACC speed. The controller K
computes the acceleration/deceleration command for the ego
vehicle based on a pair of RGB images while incorporating
the following control objectives and constraints:

o safety: keep an adequate distance headway dj, defined
as the vehicle bumper-to-bumper distance, to the lead
vehicle to prevent potential collisions.

o fuel economy: minimize the accumulated acceleration
effort Zf\;l |agt;| over a horizon of length N.

e driving comfort: minimize the rate of change in the
acceleration trajectory (aj;)Y "

o speed tracking: track the driver-set speed v;.

o speed and acceleration limits: the speed v; and the
acceleration aj within the interval [Upmin,Umax] and
[@min, Gmax)» TESpEctively.

This problem is challenging due to the high dimensionality
of the image space, which can induce unpredictable behavior
of the controller and, subsequently, raise safety concerns.

III. METHOD

We propose a modularized ACC development approach
to enhance the safety guarantees. As shown in Fig. 2b, a
Deep Ensemble estimates the distance headway dj as a
Gaussian distribution and the variance quantifies the esti-
mation uncertainty in Sec. III-A. Subsequently, a Stochastic
MPC is utilized to optimize the acceleration trajectory to
realize the aforementioned design objectives while ensuring
probabilistic safety in Sec. III-B.

A. Deep Neural Network Ensemble

We implement a Deep Ensemble to estimate the distance
headway dj, (dx € R, di > 0) to the lead vehicle given a
pair of RGB images I, ;, I, from on-board cameras. In this
regression problem, the estimates admit the following form,

di = Uk, Iuy) + (L, Iy, 4)

where p(Iy,I) is the distance headway estimate and
e(Ig1, Ir,r) is the estimation error that depends on the cur-
rent image observations. Typical approaches in the literature
focus on learning an accurate mapping p(Iy ;, I ») that mini-
mizes |dx, — p(Ix,1, Ik, )| without characterizing the behavior
of the error e(Iy;, I ). The high dimensionality of image
space necessitates complex Convolutional Neural Networks
(CNNs) as image encoders, resulting in more unpredictable
error dynamics e(ly , I, ). Therefore, our work focuses on
further modeling and characterizing this error.

Inspired by [11], we assume the error e(Iy, I ,) is
zero-mean Gaussian. We develop DNNs that can simulta-
neously generate an estimate of p(lj;, I ) and quantify
the estimation uncertainties by predicting the variance of the
error e(Iy;, I ). As shown in Fig. 2a, the individual ith
DNN comprises two blocks: the CNN backbone takes two
images Iy, I, and embeds them into vectors 2y, 2x» €
R1280 ysing two identical CNN image encoders with shared
parameters (i.e., 2k, = fcnn(-[k,l|®i), 2k = fcnn(Ik,r 91)»
and ©; is the shared parameters in the CNN image encoders);
the subsequent Multi-Layer Perceptron (MLP) computes two
outputs p;, oiz from input vectors z;, 2, according to,

1T, 21 = oreu Wiz0 + bi1) .

[pi o]" = 2,

where Wi)1 S R2560X512,Wi,2 € R512%2 and bi71 S
R%2 b, 5 € R? are the network parameters; ogeLy(z) =
max {0, z} is an element-wise ReLU activation function.
The ith DNN produces estimate p; (I, I ) of the actual
distance headway dj. It also computes an estimate of the
variance o7 (I 1, It») of the error e(Iy 1, I )

Given a training trajectory D = (di, I, Irr) ),
the parameter © of the ¢th DNN, ie., O =

_ (T T
ZO_[zk,l Zhor

5
22 = Wi 221 + by 2, ©)
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Fig. 2: Schematic diagrams of adaptive cruise controller design: (a) Each DNN, differing in the CNN architecture of the
image encoder, estimates the distribution of the distance headway from input RGB images. (b) An ensemble of DNNs, with
heterogeneous CNN architectures, collectively estimates the distance headway as a Gaussian mixture. A Stochastic MPC
then uses the estimated headway mean and variance to compute the acceleration/deceleration command for the ego vehicle.

{©i, Wi 1, W; 2,b;1,b; 2}, is optimized using the following
proposition:

Proposition 1. Given a training trajectory
D = (dk,Ik,l,Ik’,«),yzl, assuming each data point
(dk, I i, Ixr) € D is independently collected, and
the error is zero-mean Gaussian, i.e., e(Iy;, I ;) ~
N (0,0%(Ix, Ix,)), the optimal parameter is attained
accordmg to the following likelihood maximization,

©* = argmax P (D|0O), (6)
©
and it is equivalent to the following optimization,
©* = argmin £ (D|©) = argmin 224:1
S} S} @)

IOgO"Z([kl Ikr‘®) + (dkfpi(fk,z,fk,r|@))2] )

o (Ik,1,1k,r|©)

In the case of a large dataset D, we note that an iterative
training algorithm based on Monte Carlo Sampling can
be applied, i.e., batch Stochastic Gradient Descent (SGD),
where a mini-batch dataset D’ C D is sampled to update
the parameter ©* according to Eq. (7) at each iteration. The
proof is presented as follows:

Proof. The likelihood in (7) can be rewritten according to
M
P(D|©) = ITk=

=TI, —————exp—1
k=1 o',i(Ik’l,Ik,r,-‘G)\/Qﬂ' 2

where the first equality is derived from the independence
assumption, and the second equality is due to the zero mean
Gaussian assumption of e(I, ;, I; »). Then, the maximization
in Eq. (6) is equivalent to the following minimization,
argmin ( — logP (D|O)), where this minimization of the

P (di|Ixi, Ik, ©)

2
Ak =pi (.1, 1k.r|©)
oi(Ix,1,1k,|O)

negative log-likelihood is equivalent to that in Eq. (7). O

Furthermore, we adopt the idea of Deep Ensemble [7] to
improve the robustness of the distance headway estimation in
OOD scenarios. The Deep Ensemble comprises n different
DNNs of various CNN architectures as the image encoders
(see Fig. 2). Individually, the ith DNN in the Deep Ensemble
is trained to generate predictions p; (1.1, Ix ), 02 (Ix 1, Ir.r)s
where the actual distance headway dj follows a Gaussian

distribution N(pi(lk)l, L), 02 Ik, I;w)) according to as-
sumptions in Proposition 1. Collectively, n DNNs in the
Deep Ensemble form a Gaussian mixture, and produce the
final distance headway estimates according to,

%Zpi(fk,l,fk,r),
*Z

where here and in the sequel we drop the dependence of
pk,oi on (I, I,) to simplify the notations. Eventually,
the actual distance headway follows a Gaussian distribution
derived from the Gaussian mixture, i.e., d ~ N (pg, a,%).

Pk =
(3)

g]%: [k],]kr)“i’pz([k/vlkr))7p%:a

B. Adaptive Cruise Control

At current time tj, we assume that previous acceleration
ak—1 and the distance headway estimates py_1,0%_,, Pk, 0p
generated from the Deep Ensemble are known. Note that
the actual distance headway, i.e., dx_1 and dg, is unknown
to the algorithm, but the following results hold, dj ~
N(pk,02), dg—1 ~ N(pr—1,0%_,). Then, we can predict
the distributions of future distance headway for a variable
acceleration trajectory using the following proposition:

Proposition 2. Given ay_1, an acceleration trajectory
(ak+i)£\;61 of length N, and distribution parameters pj_1,
0% |, Pk, O, such that the unknown distance headway
obeys dy, ~ N (p,03), di—1 ~ N(pk—1,0%_,), and if the
lead vehicle has a constant speed, then, the variables dj.;,

Avgiq, 1 =0,..., N are Gaussian distributed,

diri ~ N (Pryis Ohis)s

Averi ~ Ny 02), i=0,...,N ©)

where Avgy; = v,(gl}rz — Vi is the speed difference between
the lead and ego vehicles. Furthermore, the distribution
parameters pyii, 04, and pj_ ;0% can be recursively
derived using the following results,

P = ﬁ(pk — Pr—1) — %akflAta Jk2 A1t2 (Jk +% 1)

pk+z+1 = Pg+i t+ P%HAt CLk+7 At
2
Uk+2+12 = Uk+z + At Uk+w pk+z+1 = karz

2 2
0k+z+1 AzZOk+i T Uk+7,> 1=0,.

ak-&-iAta
SN —1

b
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o / ;
where the distribution ]iyeims Pk+is Dy linearly depend
on the variables (a4;);—y ', and variances oy ;, 012, ; are
constants, for all 1 =0,..., N.

Proof. Assuming the lead vehicle maintains a constant
speed, the proposition above can be derived from the follow-
ing equalities, Avy, = ﬁ(dk —dg—1)— %ak,lAt, driiv1 =
diyi + Avpi At — Lap AP, Avgyivr = 27 (dpgisr —
diti) — 3ap4iAt, i =0,..., N — 1. Based on Propostion 2,
we establish the prediction of future distance headway dj.;
and speed difference Avy; as Gaussian distributions with
the means being the linear functions of the acceleration
trajectory (aj4:)," and constant variances. O

Hence, treating (akﬂ-)f\:ol as decision variables, we for-

mulate a Stochastic MPC problem that predicts the distribu-
tions of the future distance headway and speed difference

for different (axi;),' and optimizes (agi;)l," while
incorporating the objectives in Sec. II according to,
N—-1
argmin E [ Z ragy; + 2y — appio)?
Akti—1,Vk+isPh+i, —
Phyis i=1,0,N =0
N
+ Z @1 (Vi — vs)? + quv,%H] (10a)
i=1
subject to:
P (dgti > ds + Tsvgsi) > 1 —€;, (10b)
djti ~ N<pk+ival%+i)> Akari ~ N(p;chzﬁ O;c%rz’)7 (10c)
1
Phti = Phtim1 + Dppi1 At — 5ak+i71At2, (10d)
Phyi = Phpi1 — Grgi-1At,  (10e)
Umin S Vk+i S Umaxy Amin S Ak+i—1 S Amax; (10f)
Vi = Vgpio1 + apri—1AL, i =1,..., N, (10g)
where N is the prediction horizon; ¢; € (0,1],i=1,..., N

are tunable positive constants; vs is the driver-set target
speed; ds, Ts are the adjustable ACC stopping distance,
and constant time headway, respectively. Meanwhile, Propo-
sition 2 implies larger variances o7 s a;fﬂ for prediction
horizon 7 further in the future. We set the constants ¢;
to satisfy the following inequality, €; < --- < ey, such
that the chance constraints (10b) are relaxed more further
along the horizon. The variables rq,73,q1,q2 are tunable
weights that balance the minimization of control effort, the
reduction of the rate of changes in control, speed tracking,
and lead vehicle-following, respectively. Furthermore, we
use the chance constraints in Eq. (10b), (10c) to enforce a
sufficient distance headway in probability, and the equalities
(10d), (10e) propagate the distribution means based on the
results from Proposition 2.

Note that the Gaussian-distributed random variables dg ;,
Avg,; and chance constraints render the MPC problem (10)
stochastic. To make the problem machine solvable, we tran-
script the Stochastic MPC into a deterministic one using the
following result:

Proposition 3. Under the condition that 6; = 0 for all
i=1,...,N, solving the following Quadratic Programming
problem recovers the solution of the Stochastic MPC problem
(10),

N-1
. 2 2
argmin E 71054 ; + 12(kgs — Qppio1)
Ak+i—1Vk+i>Pk+i, o
SirPhpsr 1=1,sN 1T
N
2 /2
+ E @1 (Vkgs — Us)° + @2p)y; + pdi  (11a)
=1

subject to:

Phti = ds 4 Tsvppi + /207 et~ (1 — 2¢;) — 6; (11b)
(10d), (10e), (10f), (10g), 6; =0, : =1,..., N, (1lc)

where erf ™! is the inverse image of the Gauss error func-
tion, non-negative variables d;, i = 1,..., N are used to
relax the constraints (11b) ensuring recursive feasibility and
the weight p is adjusted to penalize the violations of soft
constraints (11b) due to the introduction of 0;.

Proof. We consider the condition that 6; = 0 for all
i = 1,...,N. The only random variables in Eq. (10a)
are Avgy; ~ N(pl,,;,0/,), therefore, the other terms
can be moved out of the expectation. Moreover, we can
establish the following equality, E[Av, ;] = o2, +
E[Avii]® = o2 + pi2,;» which combined with o2,
being a constant from the results in Proposition 2 proves
that argmin ZivzlE [CDAUI%—H] = argmin Ef\;l ©PE;
Namely, the optimization objectives of (10) and (11) are
equivalent. Furthermore, the chance constraints (10b), (10c)

are equivalent to Eq. (11b). O

Eventually, provided with the estimated distributions from
Deep Ensemble, we formulate a Deterministic MPC that
is recursively feasible, predicts the future distance head-
way distributions, and computes an acceleration trajectory
(ap+i)N-5" ensuring probabilistic safety. We also note that
the introduction of slack variables §; ensures the recursive
feasibility of the optimization problem (11) by relaxing the
probabilistic safety guarantee in (10b). A more detailed
discussed is available in [12].

IV. CASE STUDIES

Here, we demonstrate the effectiveness of the proposed
ACC algorithm. The Deep Ensemble is trained and evaluated
using a high-fidelity simulation environment in Sec. IV-A.
We showcase the proposed ACC algorithm that integrates
the Deep Ensemble with the Stochastic MPC in a sim-
ulation example in Sec. IV-B, and report the quantitative
results in Sec. IV-C leveraging a high-fidelity simulator
and real-world vehicle trajectories. Finally, in comparison
with the in-distribution example provided in Sec. IV-B, the
performance of the proposed algorithm is demonstrated in
OOD scenarios in Sec. IV-D. The demonstration videos
are available in https://xiaolisean.github.io/
publication/2024-12-16-CDC2024.
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A. Deep Ensemble for Distance Headway Estimation
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Fig. 3: Distance headway estimates pj (blue lines) with
uncertainty quantification using lo, 20, and 30 intervals
(purple bands) versus the actual dj (red lines). (a) The
results, pi(Ik,hIk’,r)aUg(lk,hlk,r)’ i = 1,...,6, of each
DNN visualized in overlap. (b) Deep Ensemble estimation.

In the Deep Ensemble, we integrate 6 DNNGs, i.e., n = 6,
with each of them employing a different CNN architec-
ture as the image encoder. We utilize the following CNNs
due to their outstanding performance as image encoders
in solving image classification problems: ResNet50 [13],
GoogleNet [14], AlexNet [15], MobileNetV2 [16], Effi-
cientNet [17], and VGG16 [18]. We also note that other
network architectures can be employed, provided the ar-
chitectures within the Deep Ensemble are diverse. The
goal is to train individual DNNs to predict the dis-
tribution parameters p;(Ix 1, It ), 02(Ix1, Ix,) given the
corresponding RGB images Iy, i, such that d ~
N (pi(Tias Ier), 02 (Tias Iir)) -

We use the Carla simulator [19] to collect datasets
and test our developments. We collect a dataset D =
(dk,Ik’l,Ikyr)%Oj{)G of 20706 data triplets. The data points
are collected in the map Town06 in Carla. To simplify the
exposition of the approach, we fix the model of the lead
vehicle to vehicle.lincoln.mkz_2020 (2020 Lincoln
MKZ Sedan) and set the weather to ClearNoon (good
lighting conditions, no rain, and no objects casting shadow).
The distance headway in the dataset ranges from 1 to 25
m, where data points with d; > 25 m are neglected due to
cameras’ resolution limitations. We note that scenarios where
d, > 25 m do not affect the ACC algorithm’s performance
in ensuring safety in the near term.

We use Python with Pytorch [20] to train the DNN. The
training process is set to 100 epochs using Batch SGD with
momentum and the loss function (7) defined among the
mini-batch dataset. The mini-batch sizes are set to 60, 105,
500, 65, 60, and 75 (maximum batch size capability of a
Nvidia GeForce RTX 4080 GPU with 16 GB memory) for
ResNet50, GoogleNet, AlexNet, MobileNetV2, EfficientNet,
and VGG16, respectively. We set the learning rate and
momentum to 0.001 and 0.9, respectively. Each time we
train a different DNN, we randomly select 80% data points
for training and 20% data points for validation, while the
DNN initial parameters © are also randomly initialized. All
images input to the DNN are normalized using the following

function in the torchvision package,

transforms.Normalize

(10.485,0.456, 0.406], [0.229, 0.224, 0.225)).

Meanwhile, to ensure numerical stability with the logarithm
in the loss function (7), we enforce the positiveness of the
output variance o2 (Ij, Ix,) without significantly altering
its value, using the following assignment,

U?(Ik,hjk,r) +— e+ log (1 + exp O'Z-Q(I;Ql,fk’r)) s

where a small € > 0 is chosen, e.g., € = 106,

To evaluate the performance of each DNN and the
Deep Ensemble, we separately collect a testing trajectory
(di, I 1, [k',r){cw:,1 of 20 seconds, and the results are reported
in Fig. 3. The 1o band in the Deep Ensemble results, i.e.,
pr £ op, contains the actual distance headway dj which
demonstrates the effectiveness of our method in both provid-
ing accurate estimates and quantifying the estimation uncer-
tainties. Moreover, we also note that results from individual
DNNs differ from each other significantly when the distance
headway is large. This is due to the resolution limitation
of the RGB images, where the lead vehicle vanishes as a
black pixel when the distance headway is larger than 20
m. However, the Deep Ensemble can reflect this uncertainty
using a larger variance in the estimation results.

B. Adaptive Cruise Control in Carla Simulation

Using the Carla simulator [19], we create car-following
scenarios where the ego vehicle, controlled by our algorithm,
follows a lead vehicle. In the sequel, we leverage a natural-
istic traffic trajectory dataset, named High-D dataset [21],
to configure realistic car-following scenarios. The High-D
dataset records real-world vehicle trajectories in German
freeways. The statistics visualized in Fig. 4 are obtained from
data of 110,500 vehicles driven over 44,500 kilometers.

a) x106
1.5

104 — [

o
o
<)
<)
o]
=
o
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Speed difference Av [m/s]

Distance headway dix [m]

Fig. 4: Histogram of vehicle driving statistics in High-D
dataset: (a) longitudinal acceleration/deceleration (y-axis in
log scale); (b) distance headway and (c) speed difference
between lead and follower vehicles; (d) 2D histogram com-
bining statistics in (b) and (c).

The lower speed limit is set to vy, = 0 m/s while the
upper speed limit of the dataset is vUmax = 34 m/s. As
shown in Fig. 4, the majority of longitudinal accelerations
and decelerations of High-D vehicles are within the range
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of [@min, @max] = [—6,6] m/s%. The Stochastic MPC has
a prediction horizon of 3 sec, i.e., N = 3 and At =
1 sec. Furthermore, the Stochastic MPC operates in an
asynchronous updating scheme and recomputes ay every 0.5
sec. Other parameters are set using the following values:
ds =15 m, Ty = 0 sec, [r1,72,q1,92,p] = [1,5,5,1,50],
and €123 = 0.2, 0.4, 0.6, respectively. Provided with dis-
tributions diyi ~ N (Prti, 0y s)s Avpgi ~ N (D), 01205)5
from the Deep Ensemble, the MPC problem (11) is solved
using PyDrake [22].
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Fig. 5: ACC simulation example in which the ego vehicle
follows the lead vehicle given its speed smaller than vy =
20 m/s: (a) distance headway estimation from the Deep
Ensemble; (b) ACC algorithm regulating the ego out of the
unsafe region; (c) speed trajectories of the lead and ego
vehicles; (d) acceleration commands.

When the lead vehicle’s speed is below v, = 20 m/s, our
algorithm performs car-following as both promoted by the
term pr in (11a) and enforced by the constraints in (11b).
As shown in Fig. 5b, our ACC algorithm effectively decel-
erates the ego vehicle to maintain a safe distance headway.
Subsequently, the introduction of the term (vjy; — v,)? in
(11a) prompts the algorithm to command the ego vehicle to
accelerate and track the driver-set speed v,. The control effort
remains moderate, and the rate of change in acceleration
is small due to the inclusion of terms a?,; and (ap4; —
ak+i,1)2 in (11a) (see Fig. 5c). More animation examples
are available in https://xiaolisean.github.io/
publication/2024-12-16-CDC2024.

C. Adaptive Cruise Control with Real-World Trajectories

We inherit parameters and ACC configurations from the
previous section and use the High-D dataset [21] to quan-
titatively evaluate the performance of our algorithm. We
construct 56 car-following test cases using the Carla sim-
ulator [19]. In those cases, the speed trajectories (vk)szl
of the lead vehicles are sampled from the High-D dataset
(see Fig. 6) with standard deviations larger than 4 m/s. We
remove speed trajectories where the lead vehicles take fewer
acceleration/braking actions to be able to test our algorithm

in more challenging but realistic cases. In the sequel, we
use (vg)x to denote (vg)E | given the length of the speed
trajectory K is variable.

56 speed trajectories

a) S
of std( (vk)k ) = 4 m/s

Standard deviation
10 of (Vi) [m/s]

10?2
0 5

-
o

Vehicle speed v
[m/s]
N
o

o

Time [sec]

Fig. 6: Sampling of lead vehicles’ speed trajectories from
the High-D dataset: (a) histogram of the standard deviation
std((vg)x) of the High-D vehicle speed trajectory (vy)x (y-
axis in log scale); (b) 56 speed trajectories (vg) are chosen
with their standard deviation larger than 4 m/s.

Moreover, as shown in Fig. 4, the majority of the follower
vehicles in the High-D dataset have a distance headway
larger than 5 m and a relative speed difference within an
interval of [—5,5] m/s. Hence, we initialize the follower
vehicle with an initial distance headway dr = 5 m and
an initial speed 5 m/s larger than the lead vehicle, i.e.,
Avr, = —5 m/s. These initial conditions yield the initial
distance headway which is unsafe; this allows us to examine
the ability of the algorithm to handle emergency conditions.
Finally, in each test case, the ACC target speed vy is set
to be the average speed of the sampled lead vehicle’s speed
trajectory (v )g. Subsequently, the speed of the lead vehicle
fluctuates near v, and we can test both the speed-tracking
and car-following functionalities in one test case.

x103  Time to Collision [sec] a) x10! Time to Safety [sec] b)
1
O
0+ 0 Il T T T
0 2 4 6 8 10 0 2 4 6 8 10
x10% Acceleration [m/s2] Q) %102 Jerk [m/s3] d)
5 [
5 L—
0 T 0-
-6 -4 -2 0 2 4 6 0 2 4 6 8

Fig. 7: Statistics from the 56 test cases where each data point
corresponds to a frame in the simulation where the frame rate
is 100 Hz: (a) Time to Collision (ToC) is calculated as the
time required for the follower and lead vehicles to collide
assuming they travel at the current speed. (Infinite ToC
values when the lead vehicle is faster than the follower are
neglected) (b) Time to Safety is defined as the time elapsed
from ¢ = 0 to the time instance t; when dj > dg+ Tsvk. (€)
Acceleration commands from the ACC algorithm. (d) Jerk.

As shown in Fig. 7, our algorithm can ensure a sufficient
Time-to-Collsion (ToC) that is larger than 4 seconds at most
of the simulation time. We also note that the majority of the
time when the ToC < 2 sec is due to the test cases being
initialized with a small distance headway and large velocity
difference. Meanwhile, our algorithm can also regulate the
ego vehicle back to a safe distance headway within 4 seconds
(see Fig. 7b) while the acceleration/deceleration effort is
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moderate and the jerk values are kept smaller than 2 m/s3
for a comfortable driving experience.

D. ACC in Out-Of-Distribution Scenarios

+30 a)
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Acceleration

|
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8 Time [sec] 12 16 20

Fig. 8: ACC example in an OOD scenario.

We note that the previous case studies are conducted
using the same weather settings and the same lead ve-
hicle model as in the training dataset (see Sec. IV-
A). To further explore the capability of the algorithm
in OOD scenarios, we change the lead vehicle model
from a small 2020 Lincoln MKZ sedan (in black) to a
large firetruck (in red). Moreover, we also change the
weather from ClearNoon to HardRainSunset where
the lighting condition is worse, objects cast shadows on
the road and raindrops block the camera views. The ani-
mation is available in https://xiaolisean.github.
io/publication/2024-12-16-CDhC2024. To com-
pare with the in-distribution scenario, we use the same
initial distance headway, initial speed difference, and speed
profile of the lead vehicle as in the example presented in
Fig. 5. The results are reported in Fig. 8. We note that
the Deep Ensemble can capture the out-of-distribution and
yield predictions with large variance. Then, Stochastic MPC
commands the vehicle to take conservative maneuvers and
decelerate to a speed lower than the set speed vs.

V. CONCLUSION

In this paper, we introduced a Deep Ensemble-based
distance headway estimator using RGB images of the lead
vehicle. This estimator provides both mean and variance of
the headway distance. A Stochastic MPC based controller
is then designed to enable adaptive cruise control with
probabilistic safety. Using a high-fidelity simulator and real-
world traffic dataset, we demonstrated the effectiveness of
our proposed approach in speed tracking and car following,
ensuring safety in both in-distribution and out-of-distribution
scenarios. Future investigations will encompass experiments
on a wider range of OOD scenarios and extensions to real-
world applications.
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