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Abstract— This paper presents a dynamic routing guidance
system that optimizes route recommendations for individual
vehicles in an emerging transportation system while enhancing
travelers’ trip equity. We develop a framework to quantify trip
quality and equity in dynamic travel environments, providing
new insights into how routing guidance influences equity in
road transportation. Our approach enables real-time rout-
ing by incorporating both monitored and anticipated traffic
congestion. We provide conditions that ensure perfect trip
equity for all travelers in a free-flow network. Simulation
studies on 1,000 vehicles traversing an urban road network in
Boston demonstrate that our method improves trip equity by
approximately 11.4% compared to the shortest-route strategy.
In addition, the results reveal that our approach redistributes
travel costs across vehicle types through route optimization,
contributing to a more equitable transportation system.

I. INTRODUCTION

Transportation is a fundamental pillar of modern society,
enabling access to essential daily services and activities, such
as education, employment, healthcare, and social interac-
tions. Recent advancements in transportation technologies,
including shared mobility [1], electric vehicles [2], [3],
and automated driving systems [4], are transforming travel
patterns. Specifically, shared mobility reduces reliance on
private vehicle ownership, electric vehicles lower travel costs
while mitigating greenhouse gas emissions, and automated
driving enhances road safety and traffic efficiency. These
innovations hold great potential to shape a more efficient,
cost-effective, and sustainable transportation system.

Equity has been an important principle in transportation
to promote fairness and inclusivity [5]. It advocates for the
just distribution of transportation resources, services, and
infrastructure, ensuring that all individuals, regardless of their
socioeconomic status, race, gender, or geographic location,
have equal access to safe, affordable, and reliable mobility
options. Transportation solutions lacking access equity can
lead to unintended negative consequences [6]. As noted
in [7], low-income populations, who often rely on public
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transit, face substantial barriers when affordable and reliable
transportation options are limited. This inequity restricts their
access to essential services and opportunities, and reinforces
cycles of poverty and social exclusion. In addition, disparities
in transportation access can drive over-reliance on private
vehicles, exacerbating traffic congestion, increasing travel
costs, and contributing to environmental degradation.

Advancing equity in emerging transportation systems re-
quires developing routing guidance systems that address the
diverse needs of travelers, such as availability and afford-
ability, while prioritizing equity. Different from conventional
routing guidance services [8], which focus on optimizing
traffic efficiency through metrics such as shortest distance,
minimal time, or cost, equity-based routing guidance systems
integrate fairness into existing frameworks, delivering so-
cially optimal solutions for travelers despite their disparities.

Existing routing guidance systems fall into two categories:
static and dynamic systems [9]. Static routing guidance
systems (S-RGSs) rely on macroscopic approaches to gen-
erate flow-level route recommendations, offering uniform
guidance to all vehicles in the same flow. These systems
are less accurate in computing optimal routes as they fail to
incorporate real-time traffic information, such as congestion
or incidents, for updating routes. Moreover, since all vehicles
in the same flow are treated the same, static routing strategies
may shift congestion from one point to another rather than
effectively resolve it [10]. In contrast, dynamic routing
guidance systems (D-RGSs) leverage real-time traffic data
to continuously update route recommendations, resulting in
more accurate and adaptive routes [11], [12]. While dynamic
systems offer improved accuracy, studies on developing
effective D-RGSs are still scarce, particularly in the context
of enhancing mobility equity.

In this paper, we present a D-RGS designed to optimize
the route recommendations for individual vehicles in an
emerging transportation system with enhanced trip equity.
Unlike existing D-RGSs, our approach integrates equity con-
siderations into the decision-making process, ensuring that
the benefits of transportation advancements are distributed
fairly across diverse populations. The main contributions are
as follows: (i) We present a novel framework to measure
the quality and equity of trips in a dynamic emerging
transportation system through the notions of the dynamic
trip index and dynamic trip equity. (ii) Based on the proposed
metrics, we derive conditions for achieving perfect trip equity
in free-flow networks, which provide the upper bound for trip
equity attainable through route optimization. (iii) We propose
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a D-RGS that incorporates both monitored and estimated
traffic congestion in real-time route optimization and allows
for trip equity improvement. Finally, simulation studies on
1, 000 vehicles traversing an urban road network in Boston
demonstrate the effectiveness of the proposed framework.

II. PROBLEM FORMULATION

A. Road Network

We model the road network as a directed graph G(V, E),
where V is the set of nodes and E ⊂ V×V is the set of
edges. Each node v∈V is uniquely indexed, representing a
key intersection or an origin/destination node in the network,
while each edge (v, v′) ∈ E represents a road segment
connecting a pair of nodes. The weight of each edge, denoted
by τ(v, v′)∈R+, denotes the travel time to traverse the edge,
where R+ is the set of positive real numbers. We denote the
free-flow travel time on an edge (v, v′) by τ0(v, v

′).
Consider an emerging transportation system consisting

of diverse transport modes, such as private vehicles and
autonomous vehicles. At any time t, let N(t) ∈ N denote
the number of vehicles actively traveling in the network.
By “actively,” we refer to the vehicle taking at least one
traveler en route to a designated destination. For vehicle
i ∈ N (t) := {1, 2, . . . , N(t)} traveling from a node v1 to
node vn, a feasible route between v1 and vn is defined as

r1,n :=
{
(v1, v2), (v2, v3), . . . , (vn−1, vn)

}
, (1)

where (vk, vk+1) ∈ E , k=1, . . . , n−1. The set of all feasible
routes from v1 to vn is denoted by R1,n. In the routing
problem, each vehicle i is associated with a trip defined by
its origin-destination (OD) pair, denoted as (oi, di). Namely,
v1 in (1) is initialized as oi, and vn is fixed as di. The nodes
{vk}, k=1, . . . , n−1, in the feasible route are defined as a
sequence of Decision-Making Points (DMPs). At each DMP
vk, the vehicle’s route from vk to di is optimized based on
its location and real-time traffic conditions. This iterative
process enables routing solutions to dynamically adapt to
vehicle movements and evolving network dynamics.

B. Vehicle Dynamics

To describe vehicle movements between DMPs, we in-
troduce the following dynamic model. For each vehicle i∈
N (t), let aik and aik+1 be its arrival times at two consecutive
DMPs vk and vk+1, respectively. The dynamics of vehicle i
is depicted as

aik+1 = aik + τ ik,k+1, (2)

where τ ik,k+1 is the travel time of vehicle i to traverse edge
(vk, vk+1), which can be modeled using the widely adopted
Bureau of Public Road (BPR) function [13]. The BPR model
captures the impact of traffic congestion by describing how
travel time increases as traffic demand approaches or exceeds
road capacity. Specifically, τ ik,k+1 is of the form

τ ik,k+1 = τ0k,k+1

(
1+α

(
f i
k,k+1

ck,k+1

)β)
, (3)

where τ0k,k+1 denotes the free-flow travel time on (vk, vk+1),
f i
k,k+1 denotes the traffic flow on the edge when vehicle i

passes through, and ck,k+1 is the road capacity. The param-
eters α and β characterize the sensitivity of travel time to
traffic flow, with typical values of α=0.15 and β=4.

In a dynamic system, f i
k,k+1 varies over time, depending

on the number of vehicles traveling on (vk, vk+1) within the
same time interval. Next, we present appropriate monitoring
and estimation approaches to characterize the traffic flow.

C. Traffic Flow Monitoring & Estimation

At a DMP vk, the traffic flow on each edge forming the
potential feasible routes from vk to di needs to be monitored
or estimated for optimal routing. To this end, we compute
the traffic flow in two phases: (i) monitoring the traffic flow
on adjacent edges, which are directly adjacent to vk, and (ii)
estimating the traffic flow on future edges, which are edges
further along the feasible routes to the destination.

1) Flow Monitoring for Adjacent Edges: Let (vk, vk+1)
be an adjacent edge along the feasible route rk,di from vk
to di, where vk+1 ∈ Vk+1 may not be unique with Vk+1

denoting the set of alternative nodes for vk+1. Given the
arrival time aik, a time window for monitoring the traffic
flow on (vk, vk+1) is defined as

M
(
aik,∆t

)
:=
[
aik−∆t, aik+∆t

]
, (4)

where ∆t > 0 denotes the size of the monitoring window.
Accounting for other vehicles j∈N (t)\{i} entering the same
edge within this window, we define the indicator function

1aj
k,k+1

:=

{
1, if ajk,k+1∈M

(
aik,∆t

)
,

0, otherwise,
(5)

where ajk,k+1 denotes the time when vehicle j arrives at vk
and enters (vk, vk+1), satisfying ajk,k+1 = ajk. As such, the
traffic flow on each adjacent edge upon vehicle i’s arrival
can be monitored and computed by

f̃ i
k,k+1 =

∑
j∈N (t)\{i}1aj

k,k+1
+1

2∆t
, (6)

including vehicle i itself. The total length of the monitoring
time window is 2∆t, as defined in (4).

2) Flow Estimation for Future Edges: For future edges
(vs, vs+1) ∈ rk,di , s ̸= k, the traffic flow at arrival time ais
cannot be directly observed at time aik. However, by leverag-
ing the route plans of other vehicles j∈N (t)\{i}, the traffic
flow can be anticipated, enabling congestion estimation and
route optimization for vehicle i at each of its DMPs.

To proceed, let r∗k′,dj
(aik) be the optimal route plan of

vehicle j∈N (t)\{i} at time aik for completing its remaining
trip, where k′ indicates that the route plan was made at DMP
vk′ . For each future edge (vs, vs+1)∈rk,di

, s ̸=k, the arrival
time of vehicle i at vs can be estimated by (2), i.e.,

âis =

{
aik + τ̃ ik,k+1, if s=k+1,
âis−1 + τ̂ is−1,s, otherwise,

(7)
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where τ̃ ik,k+1 representing the time for vehicle i to traverse
edge (vk, vk+1) is computed by integrating the monitored
traffic flow f̃ i

k,k+1 in (3). Additionally, τ̂ is−1,s in (7) denotes
the estimated travel time for vehicle i to traverse the edge
(vs−1, vs). Using the estimated arrival time âis, the traffic
flow on the future edge (vs, vs+1) can be estimated by

f̂ i
s,s+1=

∑
(vs,vs+1)∈r∗

k′,dj
(ai

k),j∈N (t)\{i}1âj
s,s+1

+1

2∆t
, (8)

where âjs,s+1 denotes the estimated time when vehicle j
arrives at vs and enters (vs, vs+1), which is determined by
the dynamic model of vehicle j considering nominal travel
times along r∗k′,dj

(aik). Similar to (5), the indicator function
1âj

s,s+1
in (8) is defined as

1âj
s,s+1

:=

{
1, if âjs,s+1∈M

(
âis,∆t

)
,

0, otherwise.
(9)

Integrating f̂ i
s,s+1 into (3), the estimated travel time τ̂ is,s+1

and arrival time âis+1 can be obtained accordingly. Note that
for each future edge (vs, vs+1)∈ rk,di , s ̸= k, the estimated
traffic flow f̂ i

s,s+1, travel time τ̂ is,s+1, and the resulting
estimated arrival time âis+1 are computed iteratively.
D. Routing Problem

In our exposition, we consider an emerging transporta-
tion system integrating (1) private vehicles, (2) autonomous
vehicles, and (3) ride-hailing vehicles. The sets of vehicles
in each category are denoted by Np(t), Na(t), Nh(t), with
N (t) = Np(t)∪Na(t)∪Nh(t). For simplicity, we assume
travelers taking ride-hailing vehicles share the same OD pairs
and split costs equally, while private and autonomous vehi-
cles serve only one traveler at a time. Owing to automation
technology, autonomous vehicles have a lower per-mile cost
than that of private vehicles.

While individuals select their travel modes based on fac-
tors such as income, accessibility, and reliability, the quality
of their trips should remain comparable to ensure equitable
access to transportation resources and services. This paper
aims to develop a D-RGS guide each vehicle i ∈ N (t) in
selecting an optimal route r∗k,di

∈ Rk,di
at each DMP vk

while enhancing trip equity across all travelers.

III. DYNAMIC TRIP INDEX AND TRIP EQUITY

This section presents a framework to evaluate the qual-
ity of each trip and the equity of all trips in a dynamic
transportation system. The framework is built upon two key
concepts: the dynamic trip index and dynamic trip equity that
we introduce next.

A. Dynamic Trip Index

The trip index quantifies the quality of a trip in terms of
its efficiency (i.e., travel time), cost, and convenience, which
are key factors in the evaluation of transport quality. In a
dynamic transportation system, the trip index is influenced
by factors such as the travel mode selected, the vehicle’s
routing, and the schedules and routes of other vehicles. For

any traveler taking a vehicle i∈N (t) for the trip (oi, di), the
Dynamic Trip indeX (DTX) evaluated at time t is defined as

DTXi(t) := ξ1
τ imin

τi(t)
+ ξ2

ϕi
min

ϕi(t)
+ ξ3

qimin

qi
, (10)

where the three terms represent the evaluations of efficiency,
cost, and convenience of the trip, respectively. Specifically,
ξ1, ξ2, ξ3 ∈ R+ are positive constants serving as weighting
coefficients to balance the contribution of each factor in
DTXi(t). These parameters satisfy the convex combination
condition ξ1 + ξ2 + ξ3 = 1, ensuring that the weights are
normalized and appropriately distributed across the evaluated
factors. In (10), τ imin, ϕi

min, and qimin denote the minimum
values of travel time, cost, and inconvenience achievable
for completing the trip (oi, di) among all alternative trans-
portation modes under ideal traffic conditions (i.e., without
congestion), which are computed by

τ imin ∈ arg min
r∈Roi,di

∑
(vℓ,vℓ+1)∈r

τ0ℓ,ℓ+1, (11a)

ϕi
min = ϵiminτ

i
min, (11b)

qimin =
T i
w,min

T i
d,max

, (11c)

where, as defined earlier, Roi,di is the set of all feasible
routes from oi to di and ϵimin :=min

{
ϵp, ϵa, ϵh

}
represents

the minimum transportation cost per traveler per unit of
travel time, with ϵp, ϵa, ϵh denoting the cost for private,
autonomous, and ride-hailing vehicles, respectively. In (11c),
the best convenience of the trip (i.e., minimum inconve-
nience) is denoted by qimin, where

T i
w,min= min

{
Tw,p, Tw,a, Tw,h

}
, (12a)

T i
d,max= max

{
Td,p, Td,a, Td,h

}
. (12b)

We use Tw,p, Tw,a, Tw,h to denote the average waiting times
to access a private, autonomous, and ride-hailing vehicle,
respectively. Here, Tw,p accounts for the additional time
required to park and retrieve a private vehicle, Tw,a cap-
tures the potential delays due to scheduling and operational
constraints of an autonomous vehicle, and Tw,h reflects the
average waiting time to dispatch a ride-hailing vehicle. In
(12b), Td,p, Td,a, Td,h denote the feasible departure time
windows (in hours per day) for each vehicle type.

The dynamic values of trip time, cost, and convenience
are denoted by τi(t), ϕi(t), and qi in (10), respectively. Let
r∗i (t) be the optimal route plan for vehicle i at time t from
its origin to the destination, which can be represented as

r∗i (t) = roi,k(t) ∪ r∗k,di
(t), (13)

where t ∈ [aik, a
i
k+1) and roi,k(t) denotes the experienced

route of vehicle i at time t. The optimal route planning for
completing the rest of the trip is denoted as r∗k,di

(t), which
remains unchanged until the vehicle reaches its next DMP
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vk+1. In light of (13), we have

τi(t) =
∑

(vℓ,vℓ+1)∈roi,k(t)

τ iℓ,ℓ+1+ τ̃ ik,k+1 +
∑

(vs,vs+1)∈r∗k,di
(t)

τ̂ is,s+1, (14a)

ϕi(t) = ϵiτi(t), (14b)

qi =
Tw,i

Td,i
, (14c)

where (vk, vk+1)∈r∗k,di
(t) and s ̸= k in (14a). The estimated

travel times τ̃ ik,k+1 and τ̂ is,s+1 are computed using the mon-
itored and estimated traffic flow given in (6) and (8), respec-
tively. In addition, ϵi∈{ϵp, ϵa, ϵh}, Tw,i∈{Tw,p, Tw,a, Tw,h}
and Td,i∈{Td,p, Td,a, Td,h}, relying on the type of vehicle i.

B. Dynamic Trip Equity

Dynamic Trip Equity (DTE) assesses how equitably the
transportation resources and services are distributed among
all travelers. In a dynamic transportation system, vehicles
with overlapping edges in routes compete for road resources,
leading to potential congestion. To capture the impact of
competing vehicles on traffic conditions and routing deci-
sions, we define the Road Resource Competitors (RRCs) for
vehicle i∈N (t) at time t∈ [aik, a

i
k+1) as

Ci(t) :=
{
j∈N (t)

∣∣r∗k′,dj
(t) ∩ rk,di ̸=∅, rk,di∈Rk,di

}
, (15)

where r∗k′,dj
(t) denotes the optimal route plan of vehicle j at

time t to complete the rest of its trip. Vehicles whose routes
do not share any overlapping edges with the feasible route
of vehicle i are not directly competing for the same road
resources and, thus, are not included in Ci(t).

Instead of evaluating the DTE among all travelers in N (t),
which can be computationally inefficient, we propose the
DTE defined within the RRCs for each vehicle based on their
route plans, ignoring indirect couplings between vehicles. Let
Ci,p(t), Ci,a(t), Ci,h(t) be the sets of private, autonomous,
and ride-hailing vehicles in Ci(t), i.e., Ci(t) = Ci,p(t) ∪
Ci,a(t) ∪ Ci,h(t). We employ the Gini Coefficient [14],
an effective measure of inequity in economics and social
sciences, to quantify the DTX distribution among travelers.
By definition, the DTE for the traveler in vehicle i and those
in the RRCs of vehicle i at t is defined as

DTEi(t) :=1−
∑

j∈Si(t)

∑
j′∈Si(t)

∣∣DTXj(t)−DTXj′(t)
∣∣

2|Si(t)|2DTXi,mean(t)
,

(16)

where

Si(t) =
(
Ci,p(t) ∪ Ci,a(t)

)
⊎ Ci,h(t) · · · ⊎ Ci,h(t)︸ ︷︷ ︸

m

, (17a)

DTXi,mean(t) =
1

|Si(t)|
∑

j∈Si(t)

DTXj(t). (17b)

We assume each ride-hailing vehicle serves m travelers,
i.e., each vehicle trip represents m traveler trips. In (17a),
Si(t) denotes a multiset, representing all traveler trips for
vehicles in Ci(t), with ⊎ denoting the multiset sum operation.
In (17b), DTXi,mean(t) is the mean DTX value, where

DTXj(t) is computed via (10). By definition, DTEi(t)=1
indicates perfect equity, meaning that DTXj(t) is identical
for all travelers in Si(t), whereas DTEi(t)=0 indicates the
maximum inequity.

C. Dynamic Trip Equity in Free-Flow Networks

This subsection discusses the DTE in a free-flow road
network. In scenarios where the infrastructure is sufficient
or the number of vehicles in the system is well below the
road capacity, congestion is not a concern in route planning.
In these cases, vehicles can freely choose the shortest routes
for their trips. Let DTXi,0 be the DTX for vehicle i∈N (t)
traversing a free-flow network. Since τi(t) = τ imin, by (10),
(11b), and (14b), we have

DTXi,0 = ξ1+ ξ2
ϵimin

ϵi
+ ξ3

qimin

qi
, (18)

which is independent of time t. In line with the DTE
presented above, the following result holds.

Proposition 1: For any vehicle i ∈ N (t) traveling in a
free-flow road network on the trip (oi, di), the best DTE can
be achieved between the traveler in vehicle i and those in its
RRCs, denoted as Ci,0(t), if it satisfies

DTXp
j,0=DTXa

j,0=DTXh
j,0, ∀j∈Ci,0(t), (19)

where

DTXp
j,0 = ξ1+ ξ2

ϵjmin

ϵj
+ ξ3, j∈Cp

i,0(t), (20a)

DTXa
j,0 = ξ1+ ξ2+ ξ3

qjmin

qj
, j∈Ca

i,0(t), (20b)

DTXh
j,0 = ξ1+ ξ2

ϵjmin

ϵj
+ ξ3

qjmin

qj
, j∈Ch

i,0(t). (20c)

Here, Cp
i,0(t), Ca

i,0(t), Ch
i,0(t) represent the sets of private,

autonomous, and ride-hailing vehicles in Ci,0(t), respectively,
with Ci,0(t) = Cp

i,0∪Ca
i,0(t)∪Ch

i,0(t). Similar to (15), for t∈
[aik, a

i
k+1), Ci,0(t) is of the form

Ci,0(t) =
{
j∈N (t)

∣∣ rk′,dj
(t) ∩ rk,di

̸=∅
}
,

where rk′,dj
(t) denotes the shortest route for vehicle j to

complete its remaining trip and rk,di
is the shortest route

from vk to di, considering free-flow travel times on edges.
Proof: As indicated by (16), achieving the best DTE

requires that DTEi(t) = 1. As |Si(t)| ≥ 1 by (17a)
and DTXi(t) ∈ (0, 1] by (10), this condition implies that
DTXj(t) = DTXj′(t), ∀j, j′ ∈ Si(t). In a free-flow road
network, each vehicle j follows the shortest route with
the minimum nominal travel time between (oj , dj). Thus,
DTXj(t)=DTXj,0 for j∈Ci,0(t). Moreover, since private
vehicles offer the highest convenience and autonomous ve-
hicles typically provide the most economical transportation
mode, we have qjmin = qj for j ∈ Cp

i,0(t) and ϵjmin = ϵj for
j∈Ca

i,0(t). Substituting these into (18), the result follows. ■
Proposition 1 reveals the conditions for maximizing trip

equity in a free-flow road network. These conditions impose
constraints on road infrastructure, transportation costs, and
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vehicle scheduling, which collectively determine the achiev-
able DTX for each vehicle. Note that meeting these con-
ditions ensures that the upper bound of the DTE attainable
through route optimization is 1. In other words, the D-RGS
can improve trip equity only through balancing the DTX
via reducing traffic congestion. However, it cannot mitigate
inequities caused by other factors, such as travel costs or
limitations inherent to certain vehicle types.

IV. ROUTING GUIDANCE SYSTEM DESIGN WITH
IMPROVED DTE

This section proposes a D-RGS that optimally recom-
mends vehicle routes to enhance DTEi(t). Let aioi be the
departure time of vehicle i∈N (t) from its origin. For vehicle
i arriving at a DMP vk at time t=aik, the D-RGS provides an
optimal route recommendation to the vehicle by addressing

max
rk,di

∈Rk,di

DTEi(a
i
k) (21)

subject to the constraints

âik+1=aik+ τ̃ ik,k+1, (vk,vk+1)∈rk,di , (22a)

âis+1= âis+ τ̂ is,s+1, (vs,vs+1)∈rk,di , s ̸=k, (22b)

ajk,k+1=ajk, j∈Ci(aik), j ̸= i, (22c)

âjh,h+1= âjh, j∈Ci(aik), j ̸= i, h ̸=k, (22d)

âjh+1= âjh+τ0h,h+1, (vh,vh+1)∈r∗k′,dj
(aik), (22e)

j∈Ci(aik), j ̸= i,

(3)−(6), (8)−(17).

In the optimization problem formulated above, the target is
to maximize DTEi(t), as defined in (15)-(17), by optimally
selecting a route rk,di from the set of all feasible routes
Rk,di . Constraints (22a) and (22b) provide estimated dynam-
ics for vehicle i, while (22c)-(22e) describe the estimated
dynamics for vehicles j∈Ci(aik), j ̸= i. Travel times τ̃ ik,k+1

and τ̂ is,s+1, derived from the monitored and estimated traffic
flow, are computed by (3)-(6), (8) and (9). The computation
of the DTX is based on the constraints (10)-(14).

The problem (21) subject to (22) can be addressed by
dynamic programming [15], [16] each time a vehicle reaches
a DMP, and the optimal solution is denoted as r∗k,di

. Note
that, if vehicle i has no RRCs at vk, i.e., |Ci(aik)|= 1, the
D-RGS provides the shortest route for it, as DTEi(a

i
k)=1

naturally holds in this case. Unlike one-time optimization,
the D-RGS continuously optimizes and updates the route
recommendation at each MDP by maximizing the dynamic
trip equity DTEi(a

i
k). This facilitates incorporating real-

time traffic data and coping with environmental uncertainties.
Remark 1: The computational complexity for solving (21)

subject to (22) is determined by |Rk,di
| and |Ci(aik)|. To

achieve a trade-off between the control performance and the
computational efficiency, Yen’s algorithm [17] is employed
to construct Rk,di at each DMP, which selects the L shortest
routes from vk to di instead of using all feasible routes.
Notice that both |Rk,di

| and |Ci(aik)| decrease as the vehi-
cle approaches its destination, which further enhances the
computational efficiency of our method.

TABLE I
PARAMETER SETTINGS OF EACH VEHICLE TYPE

Vehicle type ξ1 ξ2 ξ3 ϵi[$/min] Tw,i[min] Td,i[h]

i∈Np(t) 0.4 0.4 0.2 0.27 2 24

i∈Na(t) 0.4 0.4 0.2 0.1485 15 18

i∈Nh(t) 0.4 0.4 0.2 0.1536 6 12

Fig. 1. Comparison of the DTX. The results show that DTXs in our method
cluster more closely around the average value.

Remark 2: The D-RGS provides socially optimal route
recommendations to individual vehicles that enhance trip
equity across travelers. In practice, vehicles may deviate from
the recommended routes based on their own optimization
metric or preference [18], such as minimizing travel time or
selecting routes with better road conditions. Our follow-up
work [19] focuses on effective incentive design to improve
route compliance and social optimality.

V. SIMULATION STUDIES

We consider an urban road network in Boston comprising
45 road intersections, 8 origin nodes, and 5 destination
nodes. The simulation involves 1, 000 vehicles with random
departure times between 08:00-10:00, including 500 private
vehicles, 300 autonomous vehicles, and 200 ride-hailing
vehicles, where each ride-hailing vehicle serves two travelers
(i.e., m=2 in (17a)). The OD pairs are randomly selected
from the origin and destination sets. We assume all vehicles
travel at a free-flow speed of 27 km/h, and the nominal travel
time on each edge is obtained from OpenStreetMap [20].
The maximum traffic flow is set as 5 vehicles per minute per
lane. The parameter settings for each vehicle type, satisfying
the conditions in Proposition 1, are provided in Table I.
To enhance computational efficiency, Yen’s algorithm is
employed to generate 7 shortest routes from a DMP vk to
the destination di when forming the feasible route set Rk,di

.

A. Results and Analysis

We compare the proposed method with the pre-planned
and dynamic shortest-route strategies, where the pre-planned
shortest-route (P-SR) strategy minimizes the trip time based
on the nominal travel time, while the dynamic shortest-route
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Fig. 2. Comparison of the average trip time.

(D-SR) strategy incorporates the monitored and estimated
traffic flow information to optimize the trip time dynamically.
Traffic congestion is monitored in real-time at intervals of
∆t=60 seconds. The DTX of each vehicle, integrating the
actual travel time in (10) under the three strategies, is shown
in Fig. 1. The DTEs for all completed trips in P-SR, D-SR,
and our methods are 0.734, 0.777, and 0.818, respectively.
As we observe, the P-SR strategy results in a wide spread of
DTX values, indicating large inequity across individual trips.
The D-SR strategy improves performance by increasing the
median DTX, but still exhibits considerable variability, with
a substantial number of vehicles experiencing low trip equity.
In contrast, our proposed method achieves a more centralized
distribution of DTX across all vehicle types, showing a more
consistent and balanced trip equity.

Fig. 2 compares the average trip time in the three strate-
gies. As is shown, the proposed method significantly re-
duces the average trip time for private, ride-hailing, and
autonomous vehicles by approximately 30%, 33%, and 42%,
respectively, leading to per-trip savings of about $5.7, $2.7,
and $3.6 for each vehicle type. Compared to the D-SR
strategy, our method increases the average trip time for
private vehicles by 3.1 minutes, while reducing trip times for
both ride-hailing and autonomous vehicles by approximately
8.8% and 14.7%, respectively. This outcome aligns with real-
world expectations, where private vehicle owners typically
belong to higher-income groups, and a slight increase in
their travel time as well as travel costs leads to equity
enhancement for other travelers. These results demonstrate
that our method effectively redistributes travel costs across
vehicle types through route optimization, contributing to a
more equitable and efficient transportation system.

VI. CONCLUSION

In this paper, we presented a framework to quantify trip
quality and equity in a dynamic emerging transportation
system, integrating trip time, cost, and convenience. We de-
veloped a routing guidance system to optimize vehicle route
recommendations, incorporating real-time and anticipated
traffic congestion while improving trip equity. In addition,
we established conditions that ensured perfect trip equity in
free-flow networks. Our simulation studies on a Boston road

network demonstrated that the proposed approach increased
trip equity from 0.734 to 0.818 compared to the pre-planned
shortest-route strategy, leading to 11.4% improvement and
a more equitable transportation system. Future work will
focus on learning the compliance rate and designing effective
incentive mechanisms to enhance drivers’ alignment with
routing recommendations.
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scale multi-fleet platoon coordination: A dynamic programming ap-
proach,” IEEE Transactions on Intelligent Transportation Systems,
vol. 24, no. 12, pp. 14 427–14 442, 2023.

[17] E. Q. Martins and M. M. Pascoal, “A new implementation of Yen’s
ranking loopless paths algorithm,” Quarterly Journal of the Belgian,
French and Italian Operations Research Societies, vol. 1, no. 2, pp.
121–133, 2003.

[18] G. Xu, T. Bai, A. A. Malikopoulos, and T. Parisini, “Deviation be-
tween team-optimal solution and nash equilibrium in flow assignment
problems,” in 64th IEEE Conference on Decision and Control (CDC),
arXiv preprint arXiv: 2503.23991, 2025.

[19] A. Li, T. Bai, Y. Chen, C. G. Cassandras, and A. A. Malikopoulos, “A
cooperative compliance control framework for socially optimal mixed
traffic routing,” in 64th IEEE Conference on Decision and Control
(CDC), arXiv preprint arXiv:2503.22837, 2025.

[20] OpenStreetMap, https://www.openstreetmap.org, Accessed: 2025.

1173


