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Abstract— Emerging mobility systems are an example of
Cyber-Physical Systems (CPSs) in which multiple autonomous
agents (vehicles) interact with each other as well as with the
infrastructure resources (road side units, traffic lights, etc).
Control-theoretic and optimization methods provide a rich
framework for managing these complex mixed-traffic socio-
economic multi-agent systems. Given the complexity involved and
the abundance of data now available, it is essential to integrate
learning-based methods not only to design optimal controllers
with safety guarantees, but to also gain an understanding
of human driving behavior, as well as user preferences for
the mobility options that intelligent transportation systems
provide. The three objectives of this tutorial paper are: (1)
Set the stage for emerging mobility systems consisting of both
autonomous and human-driven vehicles in a mixed traffic
environment by formulating basic optimal control problems for
autonomous vehicles that seek to jointly optimize travel time,
energy, and comfort while ensuring that safety constraints are
always satisfied. (2) Present methods for solving the formulated
problems using a combination of optimization techniques and
Control Barrier Functions (CBFs) that provide safety guarantees,
as well as state of the art learning-based methods to design
effective controllers for mixed traffic transportation systems.
(3) Address the societal issues accompanying emerging mobility
systems, including new metrics that incorporate accessibility
and fairness in a transportation network consisting of both
autonomous and human-driven vehicles.

I. INTRODUCTION

Emerging mobility systems are an example of Cyber-
Physical Systems (CPSs) in which multiple autonomous
agents (vehicles) interact with each other as well as with
the infrastructure resources (road side units, traffic lights,
etc). What makes these systems particularly exciting is the
proliferation of Autonomous Vehicles (AVs) that can operate
at different automation levels, from limited driver assistance
to full self-driving capabilities. When such AVs are equipped
with the ability to communicate with each other (V2V)
or with the infrastructure (V2I), they are referred to as
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Connected Autonomous Vehicles (CAVs) and the resulting
network as the “internet of vehicles.” Since a portion of
vehicles are still human-driven (HDVs), we are faced with a
multi-agent system where some agents cooperate with each
other (the CAVs) while others (the HDVs) are potentially
non-cooperative, giving rise to an interesting game setting
where subsets of the CAVs may form cooperative coalitions
interacting with non-cooperative HDVs which they may
induce to behave in accordance to certain objectives while also
ensuring system-wide safe operation. Identifying the proper
optimization objectives has thus far mostly focused on the
operational efficiency of the transportation network without
considering how humans perceive the mobility options and
features at their disposal when, for instance, they are asked to
comply with specific recommendations on route selection
or speed limits. Addressing such societal issues remains
largely uncharted territory as we seek to achieve a “socially
optimal” mobility system. It is clear that control-theoretic
and optimization methods provide a rich framework for
managing these complex mixed-traffic socio-economic multi-
agent mobility systems. Given the complexity involved and
the abundance of data now available, it is essential to integrate
learning-based methods not only to design optimal controllers
with safety guarantees, but to also gain an understanding
of human driving behavior, as well as user preferences for
the mobility options that intelligent transportation systems
provide.

The paper is organized as follows. In Section II, we set
the stage for emerging mobility systems consisting of both
autonomous and human-driven vehicles in a mixed traffic
environment. This involves the basic optimal control problem
formulations for autonomous vehicles that seek to jointly
optimize travel time, energy, and comfort while ensuring
that safety constraints are always satisfied. In Section III, we
discuss methods for solving the formulated problems using
a combination of decentralized optimization techniques and
Control Barrier Functions (CBFs) that have the property of
providing safety guarantees at all times. Section IV extends
these methods to mixed traffic settings where CAVs must
safely interact with Human Driven Vehicles (HDVs). Sec-
tion V discusses how CAVs can act as both observers of the
state of traffic and as actuators. We highlight the state of the
art in learning-based methods to design effective controllers
for mixed traffic transportation systems. We also show how
simple controllers using the estimated and predicted traffic
status can dissipate congestion in a given area. Section VI
addresses the societal issues accompanying emerging mobility
systems, including new metrics that incorporate accessibility
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and fairness in a transportation network consisting of both
autonomous and human-driven vehicles.

II. OPTIMAL CONTROL OF AUTONOMOUS VEHICLES

The most significant effect that the control and coordination
of CAVs can have in a transportation system arises at critical
conflict areas such as merging points (usually, highway on-
ramps), roundabouts and intersections. We refer to any such
conflict area as a Control Zone (CZ) since it is where the best
opportunity for cooperative control and optimization exists to
efficiently resolve conflicts while ensuring safe interactions
among CAVs. Clearly, decentralized control mechanisms
are preferable, since all computation is performed on board
each vehicle and shared only with a small number of other
vehicles that are affected by it. Optimal control problem
formulations are used in some of these approaches, while
Model Predictive Control (MPC) techniques are employed as
an alternative, primarily to account for additional constraints
and to compensate for disturbances by re-evaluating optimal
actions [1], [2]. An alternative to MPC is provided by the
use of CBFs [3] exploiting their property to guarantee safety
constraints which, in the case of CAVs, is the most crucial
requirement for the acceptance and viability of long-awaited
self-driving vehicles.

In this section, we set up the basic decentralized optimal
control problem that each CAV faces in a CZ. Technical
details are limited to one CZ type which, however, captures
the key features of the problem. We first consider the case
when all vehicles are CAVs. This provides a baseline showing
the best (performance upper bound) one can achieve through
full cooperation among vehicles before considering the mixed
traffic case.

A. Traffic Merging as on Optimal Control Problem

We consider the problem of coordinating CAVs merging
from roads, which are generally curved, with the goal of
jointly minimizing their travel time and energy consumption
as well as passenger discomfort resulting from centrifugal
forces experienced at higher speeds during the merging
process. The safety constraints include maintaining a speed-
dependent safe distance for collision avoidance at the merging
point and everywhere throughout the approaching area. The
lateral rollover avoidance constraint is obtained through the
Zero Moment Point (ZMP) [4] method that is usually used
in balancing legged robots.

The case of CAVs traveling and merging along straight
roads was analyzed in [5] as an optimal control problem
assuming simple linear dynamics for all CAVs. In this case.
explicit analytical solutions can be derived, even when all
constraints become active. The price to pay for such a
complete analytical solution is the computational cost which
can range from under 0.1 sec to several seconds whenever
multiple constraints become active, in which case one has
to derive optimal controls for all constrained arcs along an
optimal trajectory. In the case of curved roads, such analytical
solutions become intractable, giving us the opportunity to
describe an approach where optimal control and CBFs are

combined, referred to as Optimal Control with CBFs (OCBF).
In particular, we first derive an optimal solution when no
constraints become active in the optimal control problem.
Then, we employ the OCBF framework to optimally track
this solution while also guaranteeing the satisfaction of all
constraints.

The merging problem arises when traffic must be joined
from two different roads, usually associated with a main lane
and a merging lane as shown in Fig. 1. We consider the
case where all traffic consists of CAVs randomly arriving at
the two curved roads joined at the Merging Point (MP) M
where a lateral collision may occur. Each segment from the
origin O or O’ to the merging point M has a length L for
both roads and radii 7,4in > 0, "merg > 0 for the main and
merging roads, respectively. These two segments over which
CAVs may communicate with each other and exchange state
information is what we referred to earlier as the CZ. CAVs
do not overtake each other in the CZ, as each road consists of
a single lane. A multi-lane merging problem has been studied
in [6] (without road curvatures), in which case overtaking
is included. Thus, the problem here can be extended to one
with multiple lanes in each road along similar lines.

A coordinator is associated with the MP whose function
is to maintain a First-In-First-Out (FIFO) queue of CAVs
based on their arrival time at the CZ and to enable real-time
communication with the CAVs that are in the CZ, including
the last one leaving the CZ. The FIFO assumption, imposed
so that CAVs cross the MP in their order of arrival, is made
for simplicity and often to ensure fairness, but can be relaxed
through dynamic resequencing schemes (e.g., [7]).

Merging Point

CAVs exit

Fig. 1: The merging problem for roads with curvature

Let F'(t) be the set of FIFO-ordered (acccording to arrival
times at O or O') indices of all CAVs located in the CZ at
time ¢; this includes the CAV (whose index is 0 as shown in
Figure 1) that has just left the CZ. Let N(¢) be the cardinality
of F(t). Thus, if a CAV arrives at O or O’ at time ¢, it is
assigned the index N (¢). All CAV indices in F'(t) decrease
by one when a CAV passes over the MP and the vehicle
whose index is —1 is dropped.

The vehicle dynamics for each CAV i € F(t) along the
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lane to which it belongs take the form
;(t) = vi(t), i (t) = wi(t), ey

where z;(t) denotes the distance to the origin O (O’) along
the main (merging) lane if the vehicle ¢ is located in the main
(merging) lane, v;(t) denotes the velocity, and wu;(t) denotes
the control input (acceleration). We consider three objectives
for each CAV subject to four constraints, as detailed next.

Objective 1 (Minimizing travel time): Let Y and ¢t
denote the time that CAV i € F(t) arrives at the origin
O or O’ and the merging point M, respectively. We wish to
minimize the travel time 7" — ¢Y for CAV i.

Objective 2 (Minimizing energy consumption): We also
wish to minimize energy consumption for each ¢ € F(t):

ti"
min/ Ci(u;(t))dt, )
u;(t) J0
where C;(+) is a strictly increasing function of its argument,
and it usually takes the quadratic form: C;(u;(t)) = u?(t).
More detailed energy consumption models are possible (e.g.,
[8]) and are considered in [9].

Objective 3 (Maximizing centrifugal comfort): In order
to minimize the centrifugal discomfort (or maximize the
comfort), we wish to minimize the centrifugal acceleration

ti"

min / (s (802 (D)t 3)

ui(t) J49
where x : R — R20 is the curvature of the road at position
x;. The curvature k(z;) has a sign which is determined by
FEAE where r : R — R is the radius of the road at ;. Since
we just wish to minimize the centrifugal acceleration, we
ignore the sign and set x(x;) > 0 in what follows.

Constraint 1 (Safety constraints): Let 4, denote the index
of the CAV which physically immediately precedes ¢ in the
CZ (if one is present). We require that the distance z; ;, (1) :=
x;,(t) — x;(t) be constrained by the speed v;(t) of CAV
i € F(t) so that

24, (t) = pui(t) + 6, Vt e [t], ], )

where ¢ denotes the reaction time (as a rule, ¢ = 1.8s is
used, e.g., [10]). If we define 2;;, to be the distance from
the center of CAV i to the center of CAV i, then § is a
constant determined by the length of these two CAVs (taken
to be a constant over all CAVs for simplicity).

Constraint 2 (Safe merging): There should be enough safe
space at the MP M for a CAV (which eventually becomes
CAV 1, as shown in Figure 1) to cut in, i.e.,

21_’0(1;7171) 2 YU (t;n) + 0. (5)

Constraint 3 (Vehicle limitations): There are constraints
on the speed and acceleration for each i € F(t):

Ui,min S Uz(t) S vi,maam Vt € [to tmL

1771

Umin S uz(t) S Umax s Vt S [to tm]v

1771

(©)

where v; ymaz > 0 and v; i, > 0 denote the maximum
and minimum speed allowed in the CZ, while u,,;, < 0

and ;e > 0 denote the minimum and maximum control,
respectively.

Constraint 4 (Lateral safety constraint): Finally, there is
a constraint on the centrifugal acceleration to avoid lateral
rollover for each i € F'(t):

’%(xi(t))”?(t) < --g, Vte [t?vt;n]v 7
K3

where wf > (0 denotes the half-width of the vehicle, h; > 0
denotes the height of the center of gravity with respect to
the ground, and g is the gravity constant. The above lateral
safety constraint is obtained through the Zero Moment Point
(ZMP) [4] method (assuming the road lateral slope is zero)
that balances the CAV considering both gravity and inertia.
Problem Formulation. Our goal is to determine a control
law to achieve objectives 1-3 subject to constraints 1-4 for
each i € F(t) governed by the dynamics (1). We first choose
C;(ui(t)) = 2u?(t) in (2), noting that the OCBF method
allows for more elaborate fuel consumption models, e.g., as
in [8]; in what follows, we shall limit ourselves to this model.
Normalizing each objective, and combining objectives 1, 2
and 3 with a; € [0,1], 22 € [0,1 — ay], we formulate the

following optimal control problem for each CAV:

[ oo 0120

? "imaxvmax

min
U4 (t)ﬁzn
1,2
su;(t
+(1—0¢1—0¢2) 21 12( )
1,2
2 “lim
subject to (1), (4), (27), (6), (7), the initial and terminal
position conditions z;(t?) = 0, z;(t!) = L, and given
9. 0) (where v{ denotes the initial speed), and ujy, =
max{u2 ., u2; }. Observe that the merging time ¢ is a
decision variable in this problem. Finally, the weight factor
a1 > 0,a2 > 0 can be adjusted to penalize travel time and
comfort relative to the energy cost.

Multiplying (8) by m and letting

Jdt, (8

2
Q2Ujim

(1 — Q1 — a?)ffmax'uxznax

aluﬁm
2(1 — Q] — Oéz) ’

B = B2 = 5 ©)

we have a simplified and normalized version of (8):

m
: ! ] 2 1,
uir(rz)l,rtlyl -/t? {ﬁl + Bar(zi(t))v; (t) + 5 Ui (t)| dt. (10)

B. Decentralized Online Control

Note that (10) can be locally solved by each CAV ¢
provided that there is some information sharing with only two
other CAVs: CAV 14, which physically immediately precedes
¢ and is needed in (4) and CAV ¢ — 1 so that 7 can determine
whether this CAV is located in the same road or not. With
this information, CAV ¢ can determine which of two possible
cases applies: (i) i, =i — 1, i.e., i, is the CAV immediately
preceding ¢ in the FIFO queue (e.g., i = 3,%, = 2 in Fig. 1),
and (it) i, < ¢ — 1, which implies that CAV ¢ — 1 is in a
different road from i (e.g., ¢ = 4,4, = 1,4 — 1 = 3 in Fig.
1). It is now clear that we can solve problem (10) for any
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i € F(t) in a decentralized way in the sense that CAV i needs
only its own local state information and state information
from ¢ —1, as well as from i, in case (i) above. Observe that
if ¢, =4 — 1, then (27) is a redundant constraint; otherwise,
we need to separately consider (4) and (27). Therefore, we
will analyze each of these two cases in what follows.

Assumption 1: The safety constraint (4), state constraints
(6), and lateral safety constraint (7) are not active at t?.

Since CAVs arrive randomly, this assumption cannot
always be enforced. However, we can handle violations of
Assumption 1 by foregoing optimality and simply controlling
a CAV that violates it until all constraints become feasible
within the CZ using the CBF method [9]. Under Assumption
1, we will start by analyzing the case of no active constraints.
The analysis of the cases where one or more constraints
become active is similar to the straight road merging problem
studied in [5]. However, the computational time significantly
increases with constrained optimal solutions.

1) Unconstrained Optimal Control: Let X;(t) :=
(z;(t),v;(t)) be the state vector of CAV 4 and \;(t) :=
(AZ(t), AY(t)) be the costate vector (for simplicity, in the
sequel we omit explicit time dependence when no ambiguity
arises). The Hamiltonian associated with (10) with the state
constraint, control constraint and safety constraint adjoined is

1
Hi(X, Xy w) =5+ Bar(@i)vf + Nfvs + Au;

+ /J“;,l (ul _uma:r) + Ng(umzn - uz)
+ 15 (Vi = Vmaz) + 1 (Vmin — vi) (1)
+ 5 (x5 + v + 6 — x5)

f s wp
+ il (k(zi)o? = Shg)+ By,

The Lagrange multipliers u2, u?, u¢, u?, ué, ud are positive
when the constraints are active and become O when the
corresponding inequalities are strict. Note that when the safety
constraint (4) becomes active, i.e., uf > 0, the expression
above involves x; (t). When i = 1, the optimal trajectory
is obtained without this term, since (4) is inactive over all
[t9,¢7]. Thus, once the solution for i = 1 is obtained (based
on the analysis that follows), =7 is a given function of time
and available to ¢ = 2. Based on this information, the optimal
trajectory of ¢ = 2 is obtained. Similarly, all subsequent
optimal trajectories for ¢ > 2 can be recursively obtained
based on z; (t) with i, =i — 1.

An optimal control solution can now be obtained using
standard Hamiltonian analysis [11]. We omit details which
can be found in [3] and show the final result:

Ul (t) = /2Bak(bieVPRRE — e VERRY L (12)
VE(E) = beVTPRt | VIRt _ B (3
262%
1 = = a;
*t _ bl \/Qﬁzliti i —/2B2kt _ 1 t dl
0= o e ) T Shg *(1’4)

where a;, b;, ¢;, d; are integration constants to be evaluated
along with the optimal merging time ¢]*. Omitting details,

these are obtained from the following five nonlinear algebraic
equations to get a;, b;, c;,d; and "

bi€\/2,821%t? + Cief\/wzétg _ aiA =9,
262/‘6

1 ~,0 ~,0 a;

b, V2B2kt; . —V2B2Rt;\ _ 1 tO d = 07
252%( i€ ce ) T + d;
1 =, m, ~ m a;

h.eV2P2Rt" _ o omV2P2RETY Y ym g =1L,
262%( “ “e T

V2Baii(bieY PR — e VIRRET) =
By + Baie(bieV PRy e VITRET _ 0L y2

2062k
+ai(bieVPERE e VIR Ty g
Qﬁgli
(15)

Note that when 83 — 0 the optimal control (12) degener-
ates to the case without any comfort consideration. In other
words, the optimal control (12) is in a simple linear form as
in [5].

The equations in (15) are usually hard to solve as there
are too many exponential terms (it usually takes about one
second using solve in Matlab). This motivates us to use a
computationally efficient solution which is omitted here but
can be found in [3].

2) Constrained Optimal Control: When one or more
constraints in the merging problem becomes active, we can
use the standard interior point analysis [11] for determining
all constrained arcs in an optimal trajectory and the time
instants they start, similar to the straight-road merging case
with no comfort constraints shown in [5]. This leads to
a complete constrained optimal control solution. However,
this solution can become complicated when two or more
constraints become active in an optimal trajectory and very
time-consuming to obtain, hence possibly prohibitive for real-
time implementation. It is for this reason that we resort to the
CBF method to guarantee the satisfaction of all constraints
while sacrificing some performance if some constraints
become active.

IITI. JOINT OPTIMAL CONTROL AND CONTROL BARRIER
FuncTIiOoNS (OCBF)

We briefly review the OCBF approach detailed in [9] as
it applies to our merging problem. The OCBF controller
aims to track the OC solution (12)-(14) while satisfying all
constraints (4), (27), and (6) without solving the original
constrained problem. This is accomplished by replacing each
of the constraints (4), (27), (6) and (7) by a simpler one
enforced by a CBF as explained next.

Consider an affine control system of the general form

& = f(z) +g9(z)u (16)

where x € X C R"™, where X is a closed state constraint set,
f:R" = R"™ and g : R™ — R™*? are Lipschitz continuous,

and u € U C RY is a closed control constraint set defined as
U:={ueR?: upin <u < Upaz}- a7

with Upin, UWmaz € R? and the inequalities are interpreted
componentwise.
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Given a constraint b(x) > 0, the function b is a Control
Barrier Function (CBF) if there exists a class K function aq
(i.e., it is strictly increasing and «a/(0) = 0) such that for all
zeC:={xecR":bx) >0},

sug[Lfb(a:) + Lyb(x)u + aq(b(x))] > 0,

(18)

where Ly, L, denote the Lie derivatives of b(x) along f and
g respectively. It has been established (e.g., [3], [12]), that
if (0) € C, then any Lipschitz continuous controller w(t)
that satisfies (18) for all ¢t > 0 renders C' forward invariant
for system (16). In simple terms, any control satisfying (18)
is guaranteed to satisfy the original constraint b(x) > 0.
The above holds under the assumption that L,b(x) # 0
when b(x) = 0. If this condition does not hold, we extend the
definition of a CBF to that of a High Order Control Barrier
Function (HOCBF) as follows. For a constraint b(z) > 0
with relative degree m, b : R™ — R, and ¢y (x) := b(x), we
define a sequence of functions ¢; : R™ — R,i € {1,...,m}:

’L/}l(ili) = 1/.}1‘,1(13) + Oéi(wifl(il,‘)),i S {1, - ,m},

where o;(-), i € {1,...,m}, denotes a (m — i)** order
differentiable class K function. We further define a sequence
of sets Cy, ¢ € {1,...,m}, associated with (19) in the form:

19)

C; = {SE e X: 1/)1‘,1(:12) > O},i S {1, - 7m}. (20)

Then, a function b : R™ — R is a HOCBF of relative degree
m for system (16) if there exist (m —i)*" order differentiable
class IC functions «a;,7 € {1,...,m — 1} and a class K
function «,,, such that

sup[L'b(@) + Ly L}~ "b(@)u + R(b(@)) + am (Ym—1(@))] > 0
uclU

(21
for all * € CyNn,...,NC,,. where it is assumed that
Ly L~ 'b(x) # 0 when b(z) = 0.

In addition, a Control Lyapunov Function (CLF) is a
continuously differentiable function V' : R™ — R for system
(16) if there exist constants ¢; > 0,cy > 0,c3 > 0 such that
for all z € R™, ¢1||z||*> < V(z) < ea||z||?,

[LiV(x)+ L,V (z)u+ csV(x)] <O0. (22)

inf
uclU
It is common to combine CBFs for systems with relative
degree one with quadratic costs to form optimization problems.
A solution to such problems can be obtained by discretizing
time and a Quadratic Program (QP) is solved at each time
step subject to constraints of the form (21). If convergence
to a state is desired, then a CLF constraint of the form (22)
is added to the QP. The optimal control obtained by solving
each QP is applied at the current time step and held constant
for the whole interval. The state is updated using dynamics
(16), and the procedure is repeated.
Along these lines, the OCBF controller solves the following
problem:

. i 1
im0, 0)= (B0 50 —wes )
(23)

subject to the CBF constraints, each obtained by applying
(18) or (21) that enforce (4), (6), (27), and (7), and to the CLF
constraint for tracking. Here, 5 > 0 and e;(t) is a relaxation
variable in the CLF constraint. The obvious selection for
the control (acceleration) reference signal is s (t) = u}(¢)
given by (12). However, we can improve the tracking process
using z (t) from (14) by selecting instead:
x(t
s ) = T3 1),
Alternative choices of u,¢y(t) are also possible as shown in
[13], [9].

Deriving the CBF constraint for the safe merging constraint
(27) poses a technical challenge due to the fact that it only
applies at a certain time ¢*, whereas a CBF is required
to be in a continuously differentiable form. To tackle this
problem, a technique used in [3] is applied to convert (27)
to a continuous differentiable form as follows:

(24)

Zi (1) = D(zi(O)vi(t) =0 20, Vit € [t],£]],

1971

(25)

where i. is the index of the CAV that conflicts with ¢
determined by some sequencing policy, the simplest case
being FIFO as in the previous section (i.e., . = ¢ — 1). The
function ® : R — R may be chosen to be any continuously
differentiable function as long as it is strictly increasing
and satisfies the boundary conditions ®(x;(t?)) = 0 and
O(z;(t")) = . In this case, a linear function can satisfy
both conditions: ®(z;(t)) = gp“T(t) where L is the length of
road traveled by the CAV from its entry to the CZ to the MP
of interest in (27).

We refer to the resulting control u;(¢) in (23) as the “OCBF
control”. The solution to (23) is obtained through the method
outlined above: we discretize the time interval [t?, "] with
time steps of length A and solve (23) over [t? + kA, 0 +
(k+1)A], k=0,1,..., with u;(¢), e;(t) as decision variables
held constant over each such interval. Consequently, each
such problem is a QP since we have a quadratic cost and a
number of linear constraints on the decision variables at the
beginning of each interval. The solution of each such problem
gives u}(t? + kA), k = 0,1,..., allowing us to update (1)
in the k*" time interval. This process is repeated until CAV
1 leaves the CZ.

A. Simulation Results for Traffic Merging Control

To illustrate the OCBF approach, we have selected a
merging configuration that occurs in the US interstate highway
I-90 (known as the Massachusetts Turnpike) in the Boston
area, which is similar to Fig. 1. An exact map and details
can be found in [3]. Here, we provide a summary of the
results in Table I to compare the preformance of the OCBF
controller to a baseline consisting entirely of human-driven
vehicles based on the Vissim microscopic multi-model traffic
flow simulation tool employing a standard car-following
model [14] that simulates human psycho-physiological driving
behavior. Since we choose different o, @y parameters for
the main and merging roads, we list the metrics separately
in this table.

4748

Authorized licensed use limited to: KTH Royal Institute of Technology. Downloaded on April 22,2026 at 14:28:18 UTC from IEEE Xplore. Restrictions apply.



TABLE I: Objective function comparison

have enough space for CAV i to safely merge ahead of i,
ie.,

zi- i (t") — pvi- (£") = 6 = 0. (28)

This new constraint ensures that the trailing HDV (if present)

has enough space to avoid any collision; otherwise, CAV

1 cannot merge ahead of it and must yield. Note that if

i~ € F(t) this constraint is rendered redundant as CAV ¢

is already a safe merging constraint for CAV :~. Similar to

Rate(CAVs/h) Main:500, Merg.:500 Main:500, Merg.:800
Method Vissim [ OCBF [ DR Vissim [ OCBF [ DR
Main time (s) 22.27 13.35 12.49 22.43 15.57 13.30
Main comfort 9.07 15.75 16.71 9.03 13.46 15.72
Main %uf(t) 1.21 10.93 10.42 1.23 12.86 14.35
Main ob;j. 92.76 7242 | 69.22 93.37 81.43 | 75.63
Merg. time (s) 26.71 15.92 15.94 39.02 16.40 16.32
Merg. comfort 35.89 50.77 | 50.73 30.61 49.50 | 49.75
Merg. ZuZ(t) | 1378 0.05 1.13 13.29 1.79 3.20
Merg. obj. 301.3 238.4 | 239.6 606.6 241.0 | 2423

(27), we transform this constraint to obtain:

When the traffic rates in the main and merging roads
are equal at 500 CAVs/h, the overall objective function of
CAVs in the main road improves about 22% with the OCBF
method (using FIFO) compared with Vissim, and it further
improves about 4% with the OCBF method when a dynamic
resequencing method (see [15]) is used as an alternative to
FIFO. Observe that when the traffic arrival rate increases
to 1000 CAVs/h for both the main and merging roads, the
human driven vehicles in the merging road will cause a heavy
traffic congestion in Vissim, while the OCBF method can
successfully manage the traffic without any congestion at all

IV. OPTIMAL CONTROL OF AUTONOMOUS VEHICLES IN
MIXED TRAFFIC WITH SAFETY GUARANTEES

In mixed traffic, CAVs must co-exist with Human Driven
Vehicles (HDVs) whose behavior is unpredictable and pos-
sibly uncooperative. Still, however, a CAV must operate so
as to guarantee safety, i.e., satisfy the same constraints as in
the previous section.

We begin by partitioning the index set of all vehicles
F(t) by defining: F(t) containing the indices associated
with CAVs in the CZ, and F'y(t) containing the indices of
HDVs in the CZ at time t (i.e., Fo(t) U Fy(t) = F(t)).
Similarly, let F(t) and F5(¢) be the sets of indices of all
vehicles inside the CZ at time ¢ in roads 1, 2 respectively
(i.e. F1(t) U Fy(t) = F(t)). Along with the cardinality N (t)
f F(t), we define Ny (t), No(t), N1(t) and Na(t) to be the
cardinalities of F(t), Fe(t), Fi(t) and Fy(t) respectively.

The safe merging constraint in (27) is rewritten as

zi+ (8) — pui(t*) — 6 2 0, (26)

where ™ € F(t) is the index of the vehicle (CAV or HDV)
that may collide with CAV ¢ at the MP. The determination of
it depends on the driving behavior of HDVs and the policy
adopted for sequencing CAVs through the CZ. In order to
express this in a continuously differentiable form amenable
to a CBF constraint, we use the same technique as in (25)
and write

Zii+ (8) = @(xi(1))vs(t) = 6 2 0, 27)

Mixed traffic requires an additional safe merging constraint
due to uncooperative HDVs. In particular, let i~ be the vehicle
that CAV ¢ has to merge ahead of. Therefore, there has to

zi— i (t) — @ (23 (t))vi- (£) — 6 > 0. (29)

A. Safe Sequencing

Although First In First Out (FIFO) is a popular sequencing
policy that performs well in symmetric merging with 100%
CAV traffic, such fixed policies may fail in mixed traffic since
HDVs are not guaranteed to conform to such a policy. The
Shortest Distance First (SDF) policy is used to find candidates
for it and i~ introduced earlier. They are called “candidates”
since the unpredictability of HDV behavior cannot ensure
safe merging under this policy. The purpose of an upper-
level controller, before using a lower-level motion controller
for each CAV, is to derive instead a Safe Sequencing (SS)
policy derived from SDF. At every time step ¢, the coordinator
determines a safe (precisely defined below) merging sequence
in a centralized manner. This is accomplished in the following
steps.

Step 1: Generate the SDF sequence. The SDF sequence is
defined at ¢, denoted by s°(t) (¢ will be henceforth omitted
for simplicity), as the sequence of vehicles such that all
i,j € F(t) satisfy L —z;(t) < L —x;(t) & s°(i) < s°(j),
where s%(i) denotes the position of i in the sequence and
L — x,(t) is the remaining distance of car ¢ from the MP. For
any i € s°, one can identify it and i~ for 7 as in (26), (28)
and, for the SDF sequence, denote these by 7T and 7. Let
ind[s°(7)] denote the index of the vehicle at position s°(7)
in s:

iT = min{ind[so(i)+ j]} s.t.i € F, = ind[s°(i)+j] € Fr

3>0

(30)

it = min {ind[so(i)—j]} s.t.i € F,, = ind [so(i)—j] € Fr
3>0

(3D

Step 2: Generate safe sequences. In the presence of
HDVs, the SDF sequencing policy can lead to safety issues:
(i) there is no assumption on the HDV behavior which may
not be cooperative, and (i7) even if cooperation is assumed,
there is no way to ensure the vehicles follow the SDF policy
since they are on different roads and may not detect each
other. Therefore, one way to prevent this problem is for
CAV 1 to always merge ahead of another CAV, i.e., set
i~ € Fe(t). However, this may be overly conservative since
there are cases when i~ € Fg(t) but the relative distance
from the MP between the HDV and CAV is positive and
large. In this case, yielding to make room for the HDV at
the MP is excessively conservative. This can be avoided by
incorporating a distance threshold in the determination of ¢~
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and i+, The feasible set for T,i~ therefore can be extended
to {CAV,HDV, 0} for all i € FS#(t) where {0} signifies
that there is no vehicle within the preset threshold; in other
words, if i~ = (), then CAV 1 is unconstrained in planning
an optimal merging trajectory and needs to only consider i*.
This is formalized as follows.

Merging pair determination: Recalling the safe merging
constraints (27), (29), one can define A; (j) = z;(t) —
25(t) — ®(a; (1), (1) — & and AF(j) = (1) — 2,(t) -
®(;(t))vi(t) — 6. As long as A7 (j) <0, we use i~ from
(30) as i~ ; otherwise i~ = (). The same applies to i and
we have:

_ {%— if A7(17) <0,

L[t it AFGET) <o,
1 =
() otherwise,

() otherwise,
(32)

We can now define a Safe sequence to be a merging
sequence of i if i~ € {C AV, ()} for all i € FSZ(t). Thus, in
a safe sequence, if a CAV that merges ahead of another CAV
their mutual cooperation ensures safe merging; if i~ = (),
then any vehicle following ¢ is located further than the preset
threshold (32) and (27) can be satisfied to ensure safe merging.
Using this definition, at the conclusion of Step 2 a set safe
sequences Sg is generated.

Step 3: Generate minimally disruptive safe sequences.
It is likely that the set Sg contains multiple safe sequences. In
order to differentiate among them, the concept of disruption,
can be introduced as follows:

N(t)
D(s,s%) = Z 1[s(i) # s°(3)],

i=1

(33)

where D(s, s”) measures the disruption caused by a safe
sequence s relative to the SDF sequence s” as one with
the least number of changes in indices compared to s°
(#(-) is the indicator function). Thus, the subset of safe
sequences with minimal disruption is determined by Sp =
argmin, s D(s, s°).

Step 4: Determine the optimal safe sequence sp. If
|So| = 1, the optimal safe sequence is obtained in Step 3.
If |So| > 1, then the sequence sy is chosen such that gives
higher priority to vehicles located on road r € {1,2} with
higher average velocity. Let r; be the road with a higher
average velocity, the optimal safe sequence is as follows:

sFZargmin<Zi— Z;)

s€So ; ;
1€ Fy, JEFr

Two properties can be established for the safe sequences: (i)
The optimal safe sequence sy satisfies all original rear-end
safety constraints. (i) There always exists a safe sequence
ss, ss = {s%it,im FPZ iFS7 Y.

Once a safe sequence is determined, the optimal motion
control can be carried out exactly as in Section III simply
using the value of i, in (25) which is obtained through the
safe sequence whose construction was described above.

The concept of a safe sequence can be extended to all
CZs in a traffic network. In some cases, it can be shown (see

(34)

[16] that such a safe sequence is actually optimal (compared
to a CAV merging ahead of a HDV rather than another
CAV) which renders the unpredictable human driver irrelevant.
More generally, a mixed traffic environment can be viewed
as a multi-player game where some players (CAVs) are
cooperative and others (HDVs) are not. Depending on the
situation, a set of cooperative players can form a coalition
that induces one or more uncooperative players to behave in
a manner that optimizes a given system-wide objective. In
[16], this is shown for the problem of highway lane changing
where two CAVs (one in the fast and the other in the slow
lane) to cooperate to allow one to optimally change lanes
with guaranteed safety.

While mixed traffic environments present significant chal-
lenges to traffic control compared to the 100% CAV setting,
they also offer some novel opportunities as discussed in the
next section.

V. LEARNING-BASED CONTROL OF MIXED-AUTONOMY
TRAFFIC

In the previous section, we saw how cooperation among
CAVs in mixed traffic provides opportunities to induce
desirable behavior for HDVs and ensure safety in conflict
areas. More broadly, the presence of CAVs enables new traffic
control paradigms. Classical traffic control is often based on
sensors fixed in the road infrastructure to measure vehicle
densities and flows with control actuation implemented
through digital speed signs [17], [18]. Mobile communication
technology allows CAVs to act as probe vehicles observing
the state of traffic in their surroundings. At the same time,
CAVs can also act as actuators as their velocity can be
automatically regulated in the future. In this section, we
first outline the control architecture for such a traffic control
paradigm, which was recently introduced in the literature.
The method of estimating the traffic state from probe vehicle
data is then described followed by an illustration of a control
law to dissipate traffic congestion.

A. Lagrangian Traffic Control Architecture

A traffic control architecture based on CAV mobile sensing
and actuation is detailed in Fig. 2. The control objective is to
reduce traffic congestion by smoothing the vehicle flow. Flow
and density measurements from a few CAVs (red vehicles) are
used to learn a traffic model for the rest of the vehicles (blue).
One such classical model is the Lighthill-Whitham-Richards
(LWR) PDE

Opla,t) | OV (pla. )l )
ot ox

which describes how the vehicle density p = p(x,t) varies

over space x and time ¢ [19], [20]. Here, V (p) represents how

traffic flow depends on density. The velocity of individual
CAVs can be modeled by the ODEs

where N is the number of CAVs considered in a given
scenario. The traffic system to be controlled is consequently
governed by a coupled system of PDEs and ODEs, which

:0’

i=1,...,N,
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Connected and Autonomous Vehicles

Fig. 2: Lagrangian traffic control architecture. CAVs are used
to gather traffic state information and to implement control
actions. The controller is based on a machine learning model
enabling the prediction of the future traffic state, which is
utilized by the control law. Illustration adopted from [23].

pose significant mathematical challenges [21], [22]. Because
the traffic control is based on mobile sensors and actuators, it
is sometimes referred to as Lagrangian traffic control because
of the similarity to Lagrange’s model of fluid.

The traffic model learned from CAV data is used to
reconstruct the traffic state throughout the considered road
segment, also for portions where no CAVs have been driving.
The model and reconstructed state form the basis of the
traffic state prediction. Like the scenario in Fig. 2, this can
mean predicting the evolution of the high-density area to the
right. Based on the prediction, the controller computes the
receding-horizon control actions for the CAVs to mitigate the
congestion by potentially slightly slowing down some of the
CAVs.

B. Learning-based Traffic State Estimation

Let us next discuss in some more detail how the above
traffic model can be learned using physics-informed neural
networks [24] as proposed in [25], [26].

We modify the original LWR model by adding the second-
order term v20%p/0x? to the right-hand side, obtaining a
“diffusively corrected” LWR. This model is learned using
sampled measurements {z;(t), p;(t), Vi(t)} from probe ve-
hicles ¢ = 1,..., N. The goal is to obtain a model for the
density * = argmin, [ [|o(t,-) — (¢, -)||2dt. We do that
by using feedforward neural networks to represent the maps
pe, = pe,(t,x) and Vo, = Vo, (p), where ©, and Oy
denote the parameters of the networks. To tune the parameters,
the following optimization problem is considered

N

T
i 52 [ {0 o

+ Vo, (pi(0) ~ Vi)

o e, , WVeylbe,)pe, _ 50%e,
ot Oz 02
o,

— )| =0,
)|

where the constraints impose the desired physical properties
of the traffic model. Through Lagrangian relaxation, we obtain

the optimization problem

N T
min max 1;/0 {|ﬁ@,,(t,lﬂi(t)) —pi(t)

®p7@V >\p7)\V N

+ Vo (1) — Vi) | dt

dpe Ve, (po,)beo

+ A // 2 (v v L 2 (v

" J oo, | Ot ) Ox )

9*pe
- 8x2p( )|dv
1,2 » 2
Ve,

+Av /0 o9 (p)| dp

=: @IRi@IIV ){?%\5‘(/ 'CA,;,AV (@p, @v)
This problem can be solved numerically by primal-dual
gradient descent iterations based on the primal problem

6:7()‘1))3 GT/(AV) = arg min ‘C)\p,)\v (@/)7 @V)
0,,9v
and the dual problem
/\;(@p), AV (Oy) = arg max Ly, (0,,0v).

pHINV

See [25] for further details on the implementation.

Fig. 3 shows how the density p depends on ¢ and x for
a scenario simulated in SUMO [27]. Seven minutes over
two and a half kilometers are presented. Fig. 3(a) illustrates
how the vehicle density varies between high (red) and low
(blue) with black curves indicating how individual CAVs
drive through the road segment. Note that when the density is
lower the CAVs drive faster, and when the CAVs experience
congestion they drive slower, as expected from the traffic
model. Based on samples obtained by CAVs in Fig. 3(a),
Fig. 3(b) shows the reconstructed traffic state using the
physics-informed machine learning approach described above.
Despite the sparse sampling of the spatial-temporal domain
by the CAVs, the estimated traffic density in Fig. 3(b) is
close to the true one in Fig. 3(a).

C. Vehicle Control to Dissipate Traffic Congestion

Vehicles moving slower than the average traffic act as
moving bottlenecks slowing other vehicles [22], [28]-[30].
By actively controlling the CAVs it is thus possible to slightly
reduce or increase the traffic flow, and thereby influence traffic
congestion downstream. Fig. 4 shows this situation, where a
car accident happens at 50 km at time ¢(. The accident gives
rise to high density (yellow area), propagating backward in
space. In Fig. 4(a), the red curve indicates a CAV driving at
constant speed (straight line) until it reaches the congested
area (yellow) when it slows down. After the congested area,
it continues with a higher constant speed again. The size of
the congested area corresponds to the severity of the accident
in the sense of how much it influences the travel time for
general traffic. Using the estimated and predicted traffic status,
it is possible to slow down the CAV to reduce the congested
area. Fig. 4(b) shows a situation where the controller does
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(a)

(b)

Fig. 3: (a) Simulated traffic over a 2.5 km road segment. The
color indicates vehicle density, for instance, the red areas have
high density. The black curves are the trajectories of CAVs.
(b) Estimated densities based on collected CAV data using
the described physics-informed machine learning approach.
The estimated density agree quite well with the true density.
Numerical results of [25].

that, as follows from the fact that the slope of the red curve
is slightly larger. Note that the slowdown of the CAV leads to
that the density behind the CAV is slightly higher in Fig. 4(b)
compared to Fig. 4(a), and as a consequence the (yellow)
congested area is reduced in Fig. 4(b). It can be shown that
the overall vehicle travel time in this scenario is significantly
reduced thanks to CAV control [29], [31], so CAV traffic
control provides societal benefits.

VI. MOBILITY EQUITY IN EMERGING MOBILITY
SYSTEMS

The preceding sections have focused on the optimization
and control of emerging mobility systems, addressing objec-
tives such as minimizing travel time, maximizing energy
efficiency, and ensuring safety in both autonomous and
mixed traffic environments. While these efforts contribute
significantly to the operational effectiveness of intelligent

Without control

~

al

to

[km)]

(@)
With control

(b)

Fig. 4: (a) A CAV (red curve) driving through a highly
congested area indicated by the yellow region. (b) By
controlling the velocity of the CAV, it is possible to reduce
the traffic flow into the congested area and thereby mititage
the influece of the congestion on the total travel time for all
the vehicles driving through the considered road segment.
Numerical results of [29].

transportation systems, they often overlook the broader
societal implications—particularly the equitable distribution
of mobility benefits across diverse populations.

Emerging mobility systems, including CAVs, shared mobil-
ity services, and on-demand platforms, offer the potential to
alleviate congestion, reduce transportation costs, and improve
sustainability. At the vehicle level, extensive research has
demonstrated energy efficiency gains in various traffic scenar-
ios, such as on-ramp merging [32], signalized [33], [34] and
unsignalized intersections [35]-[38], adjacent intersections
[39], [40], roundabouts [41], and urban corridors [42]-[44].
At the network level, control frameworks integrating routing
and coordination have also been explored [45], [46].

Despite these advances, strategies that address societal
challenges—particularly mobility equity—remain underde-
veloped [47]. Although equity considerations have received
attention in public transit systems, their integration into
emerging intelligent transportation networks is still in its
infancy. Much of the prior work has centered on quantifying

4752
Authorized licensed use limited to: KTH Royal Institute of Technology. Downloaded on April 22,2026 at 14:28:18 UTC from IEEE Xplore. Restrictions apply.



access to employment opportunities for various demographic
groups, using either simple distance-based measures or
more sophisticated formulations that incorporate travel times.
Isochronic accessibility metrics [48]-[52] estimate the number
of opportunities reachable within fixed time thresholds. To
better reflect user experience, Mavoa et al. [53] proposed an
index incorporating walking and waiting times. Alternatively,
gravity-based approaches model travel time as a disutility,
evaluating accessibility based on the ease of reaching services
across the network [54]-[56]. El-Geneidy et al. [57] further
demonstrated that including monetary costs in these models
more accurately reflects mobility constraints faced by low-
income individuals.

To address these gaps, we introduce a comprehensive
Mobility Equity Metric (MEM) [58]-[60] for evaluating equity
in emerging mobility systems. Central to this framework
is a node-level Mobility Index (MI) that quantifies accessi-
bility to essential services—such as health care, education,
food, and finance—via multiple transportation modes. The
MI incorporates travel times, mode-specific costs, service
importance, and demographic sensitivity to cost. Accessibility
is calculated using isochrone and point-of-interest (POI)
data from public sources [61], enabling large-scale, low-cost
evaluations. Equity is assessed by applying a population-
weighted Gini coefficient to the distribution of MI values,
resulting in a unified, interpretable metric that captures
disparities in access across a transportation network.

A. The Mobility Equity Metric

We model the transportation network as a directed graph
G = (V,&), where V is the set of nodes and £ the set of
edges. The set M denotes available transportation modes
(e.g., public transit, shared mobility, private vehicles, cycling,
walking), and S represents types of accessible services.
To assess mobility equity, we focus on travel to essential
services—such as medical facilities, groceries, schools, and
financial services—though the service set can be adapted for
specific applications.

Each mode m € M has an associated cost per passenger
mile ¢,,,, and each service type s € S has a priority weight
(B°, emphasizing essential over non-essential services. The
time threshold 7, specifies the acceptable travel time for
mode m, and o7, (7,,) denotes the number of accessible
services of type s from node ¢ within 7,,.

The MI at node i is defined as

€ = Z e e Zﬁs&im(ﬂn) )

meM seS

(35)

where k; captures price sensitivity, and &7, () is the

normalized count of accessible services:
S

~ Ui,m(Tm)

s _
Fim(Tm) = maxyey 035, (Tin)

(36)

Normalization mitigates bias toward abundant services (e.g.,
restaurants) and ensures a balanced evaluation across service
types, even with differing priority weights. The MI integrates
travel time, user cost, price sensitivity, transportation modes,

and service types into a unified measure of accessibility for
each node ¢ € V. By weighing services according to priority,
the MI remains robust to variations in included services or
travel purposes. We allow the price sensitivity x; to vary
across nodes to reflect demographic differences in ability
to pay, recognizing that each node typically represents a
distinct neighborhood. Thus, «; captures the trade-off between
travel time and cost differently for each region. For instance,
travelers from low-income neighborhoods may exhibit higher
k; values, emphasizing lower-cost transportation modes such
as public transit over private vehicles. Consequently, the
MI serves as a measure of the ability to move for travelers
originating from node ¢ € V.

To evaluate the MI for any node ¢ € )V within a
transportation network, we must first compute the number of
accessible services O'f,m(T»,n) of each type s € S using each
mode m € M. To achieve this, we leverage publicly available
isochrone data. Each isochrone is a polygon surrounding a
node ¢ that captures the boundary of the geographic area that
can be accessed using mode m within a time threshold 7,,.

We utilize a publicly available POI dataset to collect the
numbers of services of various types within different regions.
Each POI datum contains the geographic location of a specific
service and its service type. By superimposing this data
onto the isochrones, we can count the number of accessible
services from a node ¢ € V within specific time frames. Figure
5 visualizes the distribution of essential and non-essential
services within an isochrone for each mode of transportation.
The points represent different service locations, with color
variations indicating the types of services. Essential services,
such as medical facilities and schools, are marked in distinct
colors, emphasizing their significance in evaluating mobility
equity.

While the MI quantifies accessibility and mobility costs at
each network node, evaluating equity requires assessing the
distribution of MI values across nodes. We define the MEM
using a Gini coefficient modified to account for population.
Given the MI for each node ¢ € V of graph G, the MEM is

Ziev Zjev pipj lei — &5l
2(Ziev pi) (Ziev pzfi) ’
where p; denotes the population at node 1.

The MEM value lies in [0,1], where MEM(G) = 1
indicates perfect equity, i.e., identical MI values across all
nodes. Lower values reflect greater disparities in accessibility.
By incorporating node populations, the metric ensures that
equity is measured with respect to travelers rather than
spatial regions, mitigating biases due to uneven population
distributions.

While travel demand could replace population to assess
mobility equity per traveler rather than per capita, doing so
introduces challenges related to data collection and biases,
as current demand patterns may reflect existing mobility
constraints rather than actual needs. Future advancements
in mobility services and infrastructure could mitigate these
limitations by enabling more accurate demand measurement.
We can compute MEM using average traffic conditions and

MEM(G) = 1 — (37)

4753

Authorized licensed use limited to: KTH Royal Institute of Technology. Downloaded on April 22,2026 at 14:28:18 UTC from IEEE Xplore. Restrictions apply.



() ()

Fig. 5: Ilustration of accessible services within the isochrone
for each mode of transportation: (a) walking, (b) bicycle, (c)
public transit, (d) driving.

TABLE II: Priority level of services

Service Type B8 Service Type J¢]

Cafe 1/23 Restaurant 2/23
Fitness 2/23 School 3/23
Hospital 3/23 Stadium 1723
Market 3/23 Theater 1/23
Park 2/23 Place of Worship 2/23
Pharmacy 3/23 - -

static coefficients to highlight structural inequities. However,
the framework can be extended to incorporate temporal varia-
tions. When time-specific isochrone data are available, MEM
can be evaluated separately across different periods (e.g.,
peak hours, off-peak hours, weekends) to capture temporal
dynamics. Additionally, time-varying price sensitivities could
be incorporated. Such extensions would reveal how mobility
inequities evolve throughout the day and week.

B. Implementation of the Mobility Equity Metric

In this subsection, we demonstrate the applicability of the
proposed MEM through an analysis of mobility equity across
12 major U.S. cities. Each city is divided into communities
based on census tract data [62]. Using demographic informa-
tion, we evaluate the MI for each community by considering
accessibility to eleven essential services from the centroid
of each community and accounting for residents’ average
income levels.

We collect POI data using the TOMTOM API [63]
to geolocate services and generate isochrones from each
community centroid for walking, bicycling, public transit,
and passenger cars under approximate traffic conditions via
the Geoapify Isoline API [64]. Mode-specific travel costs

2 ) & 2 el 0 o 0

S $ 0 (P O S S5 °° ) <° @%\%}\ &
O T TP I FSAY o° = O PR

2 o' X 5 QS 2 ~\ ‘1 o

ks NS {\\ﬁ\i(,x & 7L 6\ (,x \9 &

S S
$©
(@) (b)

Fig. 6: MEM values of 12 major cities in the United States:
(a) considering all services and (b) only considering essential
services

¢, are determined using service fares, vehicle maintenance
estimates, or, in the case of walking, assumed as $0. Price
sensitivity x; is scaled based on each community’s income
relative to the city’s maximum income, normalizing for cost-
of-living differences.

Figure 6a presents MEM results across the 12 cities
based on all services in Table II, showing MEM values
ranging from 0.577 (Chicago, IL) to 0.737 (Phoenix, AZ).
Figure 6b contrasts these with MEM values computed using
only essential services (hospitals, pharmacies, schools, and
markets), yielding a narrower range from 0.554 (San Antonio,
TX) to 0.685 (Phoenix, AZ).

Notably, cities such as Chicago and Philadelphia exhibit
improved MEM scores when focusing solely on essential
services, reflecting a relatively balanced distribution of critical
amenities. Conversely, cities like Los Angeles show decreased
essential MEM, suggesting concentrated distributions of vital
services. Overall, the comparison reveals that cities with
strong reputations for public transit, such as Chicago, may
still exhibit significant mobility inequities.

VII. CONCLUSIONS

The purpose of this paper has been to make the case
for the importance of control, learning, and optimization
methods in emerging mobility systems. We have shown how
standard optimal control methods provide a natural setting
to formulate problems aiming to jointly minimize the three
primary objectives in a transportation system: minimize travel
times and energy consumption while maximizing passenger
comfort, along with guaranteed safety constraints in the
operation of CAVs. Since solutions to these problems can
become intractable for real-time control, we have also shown
how to incorporate Control Barrier Functions (CBFs) to
replace complex hard safety constraints by ones that are linear
in the control and guarantee the satisfaction of the original
constraints as sufficient conditions, thereby introducing a
trade-off between safety and performance optimality that can
be systematically adjusted. This can be further enhanced
through the use of Reinforcement Learning techniques which
are the topic of ongoing research [65]. We have also shown
how these methods can be extended to mixed traffic where

4754

Authorized licensed use limited to: KTH Royal Institute of Technology. Downloaded on April 22,2026 at 14:28:18 UTC from IEEE Xplore. Restrictions apply.



CAVs must safely interact with HDVs. More broadly, even
a partial presence of CAVs can enable new traffic control
paradigms. We have discussed how CAVs can act as sensors
observing the state of traffic in their vicinity and ultimately
also act as actuators to dissipate, for example, traffic con-
gestion. This research direction involves a physics-informed
machine learning approach to reconstruct the traffic state
needed in designing such controllers. Finally, we have also
addressed the societal issues accompanying emerging mobility
systems, including new metrics that incorporate accessibility
and fairness in a transportation network consisting of both
autonomous and human-driven vehicles. In particular, we
have introduced a comprehensive Mobility Equity Metric
(MEM) based on a node-level Mobility Index (MI) that
quantifies accessibility to essential services for travelers from
different origin points and captures access disparities across
a transportation network.
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