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Abstract: The transition of the vehicle fleet to incorporate AV will be a long and complex process. AVs
will gradually form a larger and larger share of the fleet mix, offering opportunities and challenges
for improved efficiency and safety. At any given point during this transition a portion of the AV fleet
will be consuming roadway capacity while deadheading, which means operating without passengers.
Should these unoccupied vehicles simply utilize the shortest paths to their next destination, they
will contribute to congestion for the rest of the roadway users without providing any benefit to
human passengers. There is an opportunity to develop routing strategies for deadheading AVs that
mitigate or eliminate their contribution to congestion while still serving the mobility needs of AV
owners or passengers. Some of the AV fleet will be privately owned, while some will be part of a
shared AV fleet. In the former, some AVs will be owned by households that are lower-income and
benefit from the ability to have fewer vehicles to serve the mobility needs of the household. In these
cases, it is especially important that deadheading AVs can meet household mobility needs while also
limiting the contribution to roadway congestion. The aim of this study is to develop and evaluate
routing strategies for deadheading autonomous vehicles (AVs) that balance the reduction of roadway
congestion and the mobility needs of households. By proposing and testing a bi-objective program,
this study seeks to identify effective methodologies for routing unoccupied AVs in a manner that
mitigates their negative impact on traffic while still fulfilling essential transportation requirements
of the household. Three strategies are proposed to deploy AV deadheading methodology to route
deadheading vehicles on longer paths, reducing congestion for occupied vehicles, while still meeting
the trip-making needs of households. Case studies on two transportation networks are presented
alongside their practical implications and computational requirements.

Keywords: AV routing; mixed traffic assignment; unoccupied AVs; AV policy

1. Introduction

Autonomous vehicles (AVs) have the potential to revolutionize transportation. They
could make our roads safer, reduce traffic congestion, improve air quality and increase
economic activity [1]. Research indicates that automated vehicles can substantially alleviate
traffic congestion, with potential reductions of up to 75%. Additionally, average travel
speeds can increase by as much as 300% compared to human-driven vehicles. These
benefits are evident even when AVs represent a relatively small portion of the overall
vehicle population [2].

The Federal Highway Administration (FHWA) has led communication and outreach
efforts with highway stakeholders, including state departments of transportation (DOTs),
public agencies and industry groups, to build understanding of the potential impacts of AVs
on transportation, society and the economy [3]. The current research aligns with the Federal
Highway Administration’s (FHWA) research priorities for future planning of connected
and automated vehicles [4]. Although the transition to a complete autonomous fleet is
in the distant future, the integration of human-driven and AVs is a critical scenario and
requires careful planning and coordination. As more and more vehicles become automated,
there will be a growing number of vehicles deadheading (empty AVs enroute to next
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passenger pickup) consuming capacity and contributing to congestion [5]. The routing
strategy for these unoccupied AVs, whether they are shared or privately owned, should not
be the same as an occupied vehicle. Deadheading AVs need not always be on the shortest
route to their destination. In the case of a privately owned AV, the unoccupied vehicle need
only serve the autonomous vehicle owner for the next household trip. Therefore, as long
as the vehicle reaches the next departure point in time, the unoccupied vehicle does not
necessarily need to travel on the quickest return path. The travel needs of occupied vehicles
(AVs and human-driven vehicles) should be prioritized with unoccupied AVs rerouted to
minimize their impact on occupied vehicles.

However, if deadheading AVs are assigned a route that is too circuitous the AV may
not be able to meet a household’s trip-making needs and additional vehicles for that
household may be required, thus eliminating the household cost savings of owning an AV.
This work proposes a differential route assignment for occupied vehicles and deadheading
vehicles by prioritizing occupied vehicles. However, this methodology allows for flexibility
for the deadheading AV to be on the shortest path in the case of the AV not meeting the
household trip-making needs. This assumes that the availability of a personal AV in a
household may allow for fewer vehicles at considerable cost savings, as the trips needed
for multiple household members can be satisfied by a single AV.

2. Research Background

Research into the various impacts of AV implementation has grown significantly with
the efforts analyzing the impacts from a wide array of viewpoints. Most literature has
focused on population surveys regarding adoption rates, technology comfort and willing-
ness to pay. A majority of the studies on AVs present them as a shared autonomous fleet,
which replicates current rideshare systems. The likely impacts of shared AVs on household
vehicle ownership were studied and it was found that shared AVs have the potential to
significantly reduce household vehicle ownership [6]. A stated preference survey was
conducted and the socio-economic characteristics that affect choosing a shared versus
private AV were examined [7]. The study found that households with older household
members and higher levels of income, education, household size and urbanization are
more likely to choose a shared AV.

The factors that influence the public’s acceptance of private autonomous vehicles
(AVs) were investigated and perceived value of time, perceived risk, willingness to use time
more efficiently and perceived AV motion sickness are concluded to be the most important
factors in willingness to use private AVs [8]. The literature demonstrates that when AVs are
on the market, a significant portion of the AV fleet will be owned by private households [9].
These studies suggest a persistent preference for private ownership, which the current
study addresses by developing strategies that cater to the needs and behaviors of private
AV owners, ensuring a balance of reducing traffic congestion.

Using data from the US 2009 National Household Travel Survey, a 43% reduction
in the vehicle fleet and a reduction in personal vehicle use from 2.1 to 1.2 per household
were observed through eliminating existing trip overlap [10]. A similar study examined
the possible reduction in vehicle ownership from households switching to private AVs.
This study concluded that there would be a 9.5% reduction of private vehicles in the study
region due to the household efficiency gains realized by AVs’ ability to serve multiple
household trips. This study also noted that nearly 30 unoccupied vehicle miles traveled
(VMT) will be induced per day per reduced vehicle [11]. The usage of private AVs was
investigated for parcel delivery, which can significantly reduce the number of vehicles on
the road to reduce traffic congestion and improve air quality [12]. The impact of private
AVs was investigated on the miles traveled near activity destinations. The results show that
private AV owners traveled an extra 0.11 to 1.51 miles compared to a conventional private
vehicle owner. The increase in VMT implied that planners must develop policies to reduce
the AV deadheading miles near activity locations by redirecting them to less congested
roads to reduce their burden on traffic [13]. These findings are foundational to the current
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research, as they highlight the significant impact that more efficient vehicle usage, enabled
by private AVs, could have on reducing the number of vehicles per household.

Numerous studies have explored the impact of empty autonomous vehicles (AVs)
on traffic congestion, emphasizing the rerouting of unoccupied vehicles as they navigate
between passenger pickups and drop [14-17]. The repositioning (relocation) of these
unoccupied AV trips resulted in the reduction of congestion on the downtown Austin
network [15]. This study utilized a genetic algorithm for repositioning unoccupied AVs
by modeling the choice of parking location when AVs move away from the travelers’
destination and adjusting the parking costs based on zones to encourage AVs to park at
cheaper locations. The impact of city-wide AV fleets on traffic congestion was studied using
a multiagent simulation of Berlin, revealing that while AVs could reduce congestion by
increasing road capacity, they may exacerbate congestion if road capacity does not improve,
despite making travel more convenient and affordable [18]. The outcome of this study
suggested that the revised parking fees resulted in a reduction in congestion caused by
unoccupied AVs [19]. An optimization-based strategy was proposed for repositioning of
shared autonomous vehicles (SAVs) to improve wait times and service levels [20]. SAVs
are proposed to reshape travel patterns with potential benefits of reduced car ownership,
increased accessibility, enhanced productivity and reduced transportation costs [21].

The impact of using fine-grained (smaller areas) vs. coarse-grained (larger areas)
forecasts was examined for repositioning empty vehicles to meet future demand [22]. They
found that the accuracy of demand forecasts decreases with increased spatial resolution,
and using more granular forecasts improves the operational efficiency of the SAV fleet.
Potential equity impacts of AVs and the policies that have been proposed to address these
impacts were explored by identifying three main categories of AV-related policies with
equity implications: access and inclusion, multimodal transportation and community well-
being [23]. A system of SAVs combined with park-and-rides was proposed in residential
areas to which the deadheading AV was assumed to return to its initial point until the next
request was made [24]. The potential impact of AVs on parking choices was examined
and the results suggest that there would be an increase in distance traveled by AVs and
reduced travel anxiety. This study also discusses policy interventions to manage parking
demand and encourage sustainable AV use like parking pricing strategies and land use
planning [25].

The current study expands on these concepts by proposing routing strategies that not
only optimize parking choices but also guide AVs to less congested routes during their
unoccupied phases, thereby reducing their overall impact on traffic flow as well as the
reduction of household ownership. The hypothesis is that a deadheading routing strategy
can alleviate congestion caused by empty Avs by using more circuitous routes and retain
the benefit of reduced household vehicle ownership provided the deadheading vehicle
reaches its destination on time for the next pickup.

Research into competition and cooperative traffic assignment was pioneered in 1985 [26].
A mixed equilibrium model was proposed in a study where certain areas of the road
network are dedicated to AVs [27]. A mixed behavior network equilibrium model was
formulated as variational inequalities (VIs) that simultaneously describe the routing behav-
iors of user equilibrium (UE), system optimum (SO) and counter Nash (CN) players [28]. A
UE-SO mixed equilibrium strategy was proposed where the connected vehicles act as SO
users and the conventional vehicles act as UE users in the network. A mathematical formu-
lation for the UE-SO mixed traffic assignment has also been proposed [29]. A multiclass
traffic assignment model was proposed with mixed flow of human-driven vehicles and
AVs where the route choice of each class of users used a cross-nested logit (CNL) model
and user equilibrium (UE) model, respectively [30].

A mixed equilibrium assignment was conducted and concluded that optimal flow can
be achieved with as little as 13% and as many as 54% of agents in compliance [31]. A bi-
level programming model was proposed to compute the worst-case equilibrium flow and
network performance in a mixed traffic network of human-driven vehicles and AVs [32].
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A mixed fleet (including both human-driven and AVs) is used in a study to note that AVs
are controllable and thus could be instructed to choose suboptimal routes, which would
improve the travel time of human-driven vehicles [33]. They adopted the framework that
human-driven vehicles will behave in a user equilibrium (UE) manner in which they choose
the shortest path, and AVs could choose a system optimal (SO) strategy that minimizes the
total travel time for all users [34,35].

This current research builds on this framework of studies to present a bi-level model
with the upper-level problem assigning occupied vehicles using UE assignment and the
lower level applying SO for deadheading vehicles using a mixed equilibrium framework.
Travel time restrictions of deadheading vehicles are incorporated in the solution method
so that they can meet other household needs by limiting the divergence of unoccupied
vehicles from the shortest path and ensuring they can make the next household pickup.

3. Problem Statement

Consider the simple example in Figure 1 in which 15 occupied vehicles wish to travel
from location A to location B on three possible paths. If they follow a user equilibrium (UE)
assignment, x; = 10, x, =5, x3 =0 and #; = t, = t3 = 20. If four vehicles are unoccupied, then
the unoccupied vehicles can follow path 3 and decrease the travel times of the occupied
vehicles. The resultis x; =8, x, =3, x3 =4 and #; = t, = 18 and t3 = 24. This would reduce
the total system travel time (x1 1 + X3 # + x3 f3) from 300 to 294. However, the AV may
need to return to pick up another household member for another trip. If the time window
for two vehicles is 22 units and that for two vehicles is 30 units, then this assignment
scheme would result in some household(s) absorbing the cost of a missed trip or utilizing
other transportation services. This paper proposes a methodology to reroute unoccupied
vehicles to a longer route while considering the time constraint of the household. If two
unoccupied vehicles that are experiencing delay are rerouted to UE assignment and the
other two unoccupied vehicles follow path 3, the resultisx; =9, x, =4, x3=2and t; =t, =19
and t3 = 22. This would reduce the total system travel time from 300 to 291 units without
causing delays to the AV owner.

;=10 +x;

Figure 1. Example network.

4. Contribution

The contribution of this paper is a strategy of rerouting deadheading AVs to minimize
their impact on occupied vehicles without increasing travel times to the extent that the
deadheading AVs cannot meet the household trip-making needs. This study proposes
differential route assignment for occupied versus unoccupied vehicles while considering
the impacts of unoccupied AV route choice on AV owners.

The remainder of this paper is organized as follows. The proposed methodology is
described and three solution strategies are presented in the first section. In the next section,
numerical experiments with results are presented for the three strategies to study the
system’s performance with the proposed methodologies. Finally, the last section concludes
the paper with a summary of significant results, limitations and ideas for future research.
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5. Methodology

Consider a transportation network G (N, A) with N nodes and A arcs. During the
transition to a fully autonomous fleet, two classes of vehicles are using the network:
occupied vehicles and unoccupied (deadheading) vehicles. The former is assigned to
follow a user equilibrium (UE) traffic assignment whereas deadheading vehicles follow a
system optimum (SO) traffic assignment. In a static UE assignment, each user chooses a
route that minimizes their own travel time, which tends to better reflect human behavior. A
static SO assignment is a model in which the total system travel time is minimized—since
the deadheading vehicles are not carrying any passengers this goal places a priority on the
persons utilizing the roadway over the AVs.

The objective of the deadheading vehicles is restricted by a return window ensuring
the AV owner’s household travel needs are met. The time window is defined as the vehicle
delay threshold (f). The model in this paper was adopted from a previous study and
was modified to accommodate delay in the deadheading vehicles [33]. Should delay in
deadheading vehicles exceed a certain threshold, these vehicles are then treated as occupied
vehicles. The rationale behind treating delayed deadheading vehicles as occupied vehicles
is to balance the AV owner’s travel needs while optimizing system performance. This
accommodation was performed using a heuristic approach. Three different strategies were
proposed in this study in the application of the threshold 6.

Strategy 1: Mixed equilibrium assignment with no vehicle delay threshold for the
deadheading vehicles.

Strategy 2: Mixed equilibrium assignment with no vehicle delay of more than the 95th
percentile for all vehicles.

Strategy 3: Mixed equilibrium assignment with fixed vehicle delay threshold.

6. Model Formulation

The adopted model is a recontextualization of the model found in a previous study
for mixed equilibrium assignment by augmenting the model in rerouting the deadheading
vehicles to UE that are delayed more than the allocated threshold. The model for UE and
SO follows traditional formulations with modifications incorporating the segregation of
occupied and deadheading vehicles [36]. In this study, we utilized the Bureau of Public
Roads (BPR) travel time function to model traffic congestion and travel time variations
within the transportation network [37]. BPR function is based on theoretical principles
derived from traffic flow theory and offers quick estimations of urban setting parameters.
Calibration of the parameters for specific geographical areas is recommended.

The upper-level objective function is:

@énzl(X) = Z/O% [ta(x0 + x4)]dx 1)

The lower-level objective function is:

minzy(x) = ;[ta(xo +%a) (%o + xq)] 2)

These are constrained by path flow constraints requiring the flows across all paths

k € K between origin r € R and destination s € S satisfy demand between origin and

destination. It is assumed that the demand between an OD pair remains constant and the

demand is uniformly distributed between occupied and deadheading vehicles according
to the value of e in the ten scenarios evaluated in this work.

Y 7 =48 +ay ks (3)
k

Y f° =g k1,5 4)
k
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w=LELA ®

The mapping (5) produces arc flows x, using the path flows f; and the binary indicator
677, which takes the value 1 if the link is 2 on path k between origin r and destination s.
This indicator can also be used to compute path travel time on an arc.

ka(rl’s,) = q’I'S/V(r’,s’) : t,‘j (st _ t]lclE ("3 < 9 wherer’ C 1,5 C s (6)

Constraint (6) is used to ensure deadheading vehicle travel times are falling below
the necessary time windows for the household owners of the AVs. If the deadheading
vehicles experience delays beyond 6, the model adapts to treat them as occupied to fulfill
the requirements of the AV owners. For the OD pairs that are experiencing a delay which
is indicated as ' and s’, the total demand is considered occupied and follows a user
equilibrium assignment. This accommodation is performed using a heuristic approach to
stratify vehicle assignment for the lower-level problem. BARON 22.2.12 solver is used in
solving the nonlinear SO program in the lower-level problem [38]. The methodology is
implemented using three different strategies, shown in the following flowchart given in
Figure 2 and Algorithm 1.

Step 1: All or nothing assignment (UE)
Input: q,° ta, ¥ =%, A=0.0001
Output: ¢t,, x, on each arc

v

v
Step 2: Line search
Input: x,. t,
Output: f~°, x%, tax

v

Step 3: NLP solver (SO)
Input: q;°.t,

P

1

Step 4: Gap calculation
Input: t,, Xa, Xgx» tax
Output: TSTT, SPTT, y

Output: xg, tg,

Update v, t,

Ify>2

Update ¢5°, g ATS> 0

Output-t,, x,, T: =) prs

Figure 2. Flow of the Strategy.
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Algorithm 1. Strategy Algorithm

Initialization: q;° = exq™, q)° = (1—e)*q"*, y=coand A=0.0001,it=1, ¥=0, x, = 0; A™ =00, T;'® rs) -
Yata 65y from UE assignment, A,*= oo,

0 = o in Strategy 1

6 = A;® in Strategy 2

0 =fixed threshold in Strategy 3

Begin:

for (r,s):reRandseS

While: y> A do # While gap is greater than the accuracy

for (r,s):reRandseS

. = qo° #All or nothing assignment

for a € A

X = 2rXsfii Saks

Xo|= ax + (1 — a)x,

ifi=1[
a=1

else:

zl(x(a)) = zl((l —a)x + af), a € (0,1) # Line search method

end
4
tg =ty + [1 + 0.15 (z—") ] # Updating travel times

end
end
minz,(x) = Yalte (x, + x,)(x, + x,)]  # System optimum assignment
Xu

for(r,s):reRandseS
p s __ 7S
ke pTs fi© = 4q
fora € A
Xa Zrzs Zk fkr's 6;:i
Xy+xo

4
tg =to+ [1 +0.15 (c_) ] # Updating travel times again

a
Xg = Xg + X,
end

end

TSTT = Y, x,t,
SPTT|= Y Xixtix
i=iH1
end

" Y = Sata 8
ATS = tltci (rs) _ t}i/E (G
If A" < 8, # Check for delay in occupied vehicles
end
else,
q,° = q™° and qy° = 0 # Updating the demand for delayed vehicles to reroute

7. Design of the Experiments

The algorithm was scripted and implemented in Python 3.10 on a 24 GB RAM
computer. Two transportation networks—Sioux Falls [39] (Figure 3) and Eastern Mas-
sachusetts [40]—were used to conduct the experiments. The Sioux Falls network has
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24 nodes, 76 links, and 528 origin—destination pairs. Eastern Massachusetts has 74 nodes,
258 links and 5402 OD pairs.

Y » 73 T?(}

=, =
39 75

Figure 3. Sioux Falls Network, Sioux Falls, North Dakota, USA (with permission from Taylor and
Francis).

In this paper, e varies from 0 to 100 in increments of ten. For example, if e = 10, 10% of
all vehicles are deadheading. The market penetration of AVs is taken into account by using
the % of unoccupied vehicles from e = 10 to 90%. An assumption is made that the demand
for an OD pair remains the same after the introduction of AVs. As long as deadheading
vehicles reach their next destination on time, their value of time is considered zero since
there is no human time to consider. Unoccupied vehicles that face considerable delays
due to the SO routing will be rerouted in strategies 2 and 3 to avoid delays impacting
their ability to serve the subsequent household trip. After the execution of the initial
mixed equilibrium assignment, the delay of the unoccupied vehicles compared to occupied
is examined.

Travel delays are restricted by a 95th percentile threshold in strategy 2 and a fixed
threshold in strategy 3. This indicates that the unoccupied vehicle can take a longer route
as long as it is not delayed by more than the threshold () compared to the route that would
be chosen in a user equilibrium traffic assignment. The fixed threshold is derived from the
results of strategy 1 (Figure 4), indicating the distribution of the delay in this application
of the deadheading vehicles has stabilized at 5 min. This value could change in different
applications. The rationale behind these choices comes from the need to explore different
scenarios and evaluate the impact of the parameter of the delay threshold on the overall
system performance. The 95th percentile values give insights into the performance under
conditions that exceed most instances. The fixed delay threshold, for instance, allows
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for an examination of scenarios where extended delay is tolerated, capturing real-world
conditions.

—— Delay Density function

Sth 25th 95th Percentile

Frequency

—4 —2 0 2 4 6 8 10
Delay of the Deadheading Vehicles at e = 0.1(Minutes)

Figure 4. Distribution of the delay of the deadheading vehicles at e = 0.1.

8. Results and Discussion

The three strategies were implemented on two transportation networks (Sioux Falls
and Eastern Massachusetts) and the results are analyzed for the total system travel time and
travel time for the occupied vehicles. As expected, restricting a portion of the vehicle fleet
to an SO assignment results in progressively lower total system travel time as e increases
from 10 to 90. This suggests that increase in penetration of AVs in the market would lead to
an increase in the number of deadheading vehicles traveling back to their original location,
potentially saving time for the owners of such vehicles. This result is in alignment with
the results of the previous study where the total system travel time decreases with an
increase in the percentage of vehicles that are controlled by a central system [33]. The
spatial distribution of the demand is an important factor to consider in traffic management
strategies. However, this methodology involves the travel time calculations that consider
network congestion, serving as an indirect indicator of the spatial distribution of demand.

Both Sioux Falls and Eastern Massachusetts networks indicate that adopting these
strategies reduces total system travel time and mitigates delay impacts from the deadhead-
ing vehicles.

9. Sioux Falls Network
9.1. Strategy 1

Occupied vehicles are assigned according to the principles of UE assignment and
deadheading vehicles are assigned using SO where 8 = oo, which is, in effect, no threshold.
With this mixed equilibrium assignment, 57 to 65% of the occupied vehicles have faster
travel times compared to the UE routing assignment. The average delay of the occupied
vehicles is negative, which indicates that occupied vehicles saw a reduction in travel time
overall due to the rerouting of the unoccupied vehicles (Figure 5). Even for vehicles that
experienced a delay, the maximum delay is 3 min. The 95th percentile of the delay is 2 min.
Some deadheading vehicles did experience a delay; however, as long as the deadheading
vehicle reached the destination in the time window, the value of time of the unoccupied
vehicle was zero. The maximum delay with e = 0.9 was 10.23 min.
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Occupied Vehicles (%)

Occupied Vehicles (%)

g

B Dccrease in Travel Time
Increase in Travel Time

Average Delay (Minutes)

% Deadheading Vehicles (e)

60 50 40 30 20 10

% Deadheading Vehicles (¢) B Occupied Vehicles MDeadheading vehicles

Figure 5. Delay ("*) of the OVs and UVs—Strategy 1.
9.2. Strategy 2

Deadheading vehicles that have a delay of more than A}® are removed from the
SO assignment and rerouted according to UE with occupied vehicles. The values of A}
ranged from 0.5 to 2 min. Additionally, 53 to 63% of the occupied vehicles have faster
travel times compared to the user equilibrium routing assignment. The average delay of
occupied vehicles is negative which indicates that most of the occupied vehicles have a
faster travel time. The maximum delay of occupied vehicles is 2.8 min. The maximum
delay for unoccupied vehicles is 2.1 min with e = 0.9 (Figure 6).

EE Deccrease in Travel Time
Increase in Travel Time

0.8
2 0.6
g o4
€ 02
-

& 00
A
= 02
o0
S _04
(]
>

% _0.6 |®Occupied Vehicles mDeadheading Vehicles

A

60 50 40 30 20 10
-0.8

% Deadheading Vehicles (¢) % Deadheading Vehicles (e)

Figure 6. Delay (") of the OVs and UVs—Strategy 2.

9.3. Strategy 3

Restricting the deadheading vehicles’ delay to a fixed threshold of 5 min, the average
delay of occupied vehicles is negative which indicates that most of the occupied vehicles
have a faster travel time. In this case, 49 to 59% of the occupied vehicles have faster
travel times compared to the user equilibrium routing assignment. The maximum delay
of occupied vehicles is 3.3 min. The maximum delay for unoccupied vehicles at e = 0.7 is
3.2 min (Figure 7).
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Occupied Vehicles (%)

B Deccrease in Travel time
B Increase in Travel time

1.5
%\ ® Occupied Vehicles  mDeadheading Vehicles
E
g
=
N
>
=~
[

A
(V]
o0
s
[}
=—0.
<
9 8 70 60 S0 40 30 2 10

% Deadheading Vehicles (€) % Deadheading Vehicles (e)

Figure 7. Delay (') of the OVs and UVs—Strategy 3.

9.4. Total System Travel Time Savings

In all three strategies, the TSTT improved compared to the UE traffic assignment.
The total time savings is attributed to the rerouting of the deadheading vehicles. As the
percentage of deadheading vehicles increases, the savings also increase. This indicates that
a higher market penetration of AVs would result in an increased number of unoccupied
vehicles returning to their point of origin, leading to potential time savings for owners of
these vehicles.

Strategy 1 has the highest amount of savings as there is no delay threshold for the
deadheading vehicles. However, to maintain the balance between system efficiency and
AV owner trip satisfaction, strategies 2 and 3 are considered. Strategy 3 exhibits better
performance compared to strategy 2. This improved efficiency is attributable to the fixed
delay threshold employed in strategy 3, contrasting with the variable threshold ranging
from 0.5 to 2 min in strategy 2. A direct correlation exists between increasing the delay
threshold and maximizing savings (Figure 8).

Total System Travel Time

W Strategy 1, 6 = infinity
mmm  Strategy 2, 0=95th %
20 M Strategy 3, 0 =5 Minutes
g
S 15
r=
i
v
&0
E 10
-
o
v
[
=)
=
0.5
0.0
90 80 70 60 50 40 30 20 10

% Unoccupied vehicles (€)

Figure 8. Total System Travel Time Savings.
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10. Algorithm Convergence

The methodology is converging towards the objective of mixed equilibrium with a
decrease in the observed gap over iterations. The total system travel time of occupied and
deadheading vehicles increases to reach convergence over iterations (Figure 9).

6

x10
1.0 n;
|
\
0.8 1 {
i
\
0619 |
Q.. |
[+]
Qo
0.4 1
0.2 4
0.0 T —— oL
0 50 100 150 200 0 50 100 150 200
Iterations Iterations
x10°
7

-
!

TSTT: Occupied Vehicles

TSTT: Deadheading Vehicles

0 -
(I) SIO I(I)O ISIO 2(;0 6 Sb l(')O lSIO 2(;0
Iterations Iterations
e=90 e=060 e=40 e=20
e=80 e=150 e=30 e=10
e=70

Figure 9. Algorithm Convergence for Strategy 1—Sioux Falls Network.

11. Eastern Massachusetts Network
11.1. Strategy 1

Occupied vehicles are assigned according to the principles of UE and deadheading
vehicles are assigned using SO. In this case, 57 to 73% of occupied vehicles saw a reduction
in travel time due to the rerouting of deadheading vehicles (Figure 10). Some unoccupied
vehicles experienced delayed, however, as long as the vehicle reached the destination in

the time window, the value of time of the empty vehicle is considered to be zero. The
maximum delay, in the case of e = 0.2, is 12 min.
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Occupied Vehicles (%)

Occupied Vehicles (%)

B Decrease in Travel Time

B Increase in Travel Time
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® Occupied Vehicles mDeadheading Vehicles
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0.4
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-0.2
-0.4

Average Delay (Minutes)
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% Deadheading Vehicles (e)

Figure 10. Delay (') of the OVs and UVs—Strategy 1.
11.2. Strategy 2

Deadheading vehicles that have a delay of more than A}® are removed from the
deadheading assignment and rerouted according to UE with occupied vehicles. The
average delay of occupied vehicles is negative which indicates that most of the occupied
vehicles have a reduction in travel time. In this case, 40 to 58% of the occupied vehicles
have a faster travel time compared to user equilibrium assignment. The values of A}®
ranged from 1.5 to 2.5 min. Hence, the maximum delay of occupied vehicles is 2.3 min at
e =0.9. The maximum delay for unoccupied vehicles is 2.4 min at e = 0.1 (Figure 11).

B Decrease in Travel Time
B Increase in Travel Time

9 8 70 60 S50 40 30 20 10
% Deadheading Vehicles (e)

® Occupied Vehicles mDeadheading Vehicles

Average Delay (Minutes)

% Deadheading Vehicles (e)

Figure 11. Delay (') of the OVs and—Strategy 2.

11.3. Strategy 3

Restricting the deadheading vehicles’ delay threshold to 5 min, 57 to 72% of the
vehicles have faster travel times. The maximum delay of occupied vehicles was still 2.6 min
at e =0.8. The average delay of occupied vehicles is negative which indicates that most of
the occupied vehicles have a reduction in travel time (Figure 12).
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Figure 12. Delay (u'*°) of the OVs and—Strategy 3.

11.4. Total System Travel Time Savings

In all three strategies, the TSTT improved compared to the UE traffic assignment.
The total time savings is attributed to the rerouting of the deadheading vehicles. As the
percentage of deadheading vehicles increases, the savings also increase. This indicates that
a higher market penetration of AVs would result in an increased number of unoccupied
vehicles returning to their point of origin, leading to potential time savings for owners of
these vehicles. Strategy 1 has the highest amount of savings as there is no delay threshold
for the deadheading vehicles. However, to maintain the balance between system efficiency
and AV owner trip satisfaction, strategies 2 and 3 are considered. Strategy 3 exhibits better
performance compared to strategy 2. This improved efficiency is attributable to the fixed
delay threshold employed in strategy 3, contrasting with the variable threshold ranging
from 1.5 to 2.5 min in strategy 2. A direct correlation exists between increasing the delay
threshold and maximizing savings (Figure 13).
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Figure 13. Total System Travel Time Plots.
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Most occupied vehicles faced shorter travel times compared to the regular user equi-
librium traffic assignment. None of the AV owners faced any significant delays when 6 was
enforced. Another important aspect of this study is confirmation that AV owners would
be able to accommodate multiple trips and thus potentially own fewer vehicles. These
research findings align with the results of the existing research, supporting the idea that
cooperative routing strategies can significantly improve overall traffic efficiency, in the
context of mixed traffic conditions [41,42].

The computational time of the algorithm is higher for Eastern Massachusetts than
Sioux Falls network as the complexity of the network is greater. A comparison of results
for both the networks is presented in Table 1. The computational times provided were
calculated using a computer equipped with 24 GB memory.

Table 1. Comparison of results for Sioux Falls and Eastern Massachusetts.

Performance Metric Sioux Falls Eastern Massachusetts
TSTT (10° min) 7.19-7.43 1.66-1.68
Strategy 1 Delay A" (min) —0.1-0.15 0.01-0.6
Computational time (h) 0.75-0.95 6.5-8.25
TSTT (10° min) 7.19-7.43 1.66-1.68
Strategy 2 Delay A" (min) 0.11-0.63 —0.25-0.27
Computational time (h) 0.75-1.25 12.5-19.25
TSTT (10° min) 7.19-7.43 1.66-1.68
Strategy 3 Delay A" (min) 0.16-1.11 0.08-0.44
Computational time (h) 5.0-7.5 6.5-12.5

12. Sensitivity Analysis

A sensitivity analysis is conducted on the parameter delay threshold (') using 90th,
95th, and 99th percentiles to analyze the TSTT savings in the Sioux Falls network. The
findings suggest that the influence of the vehicle delay threshold parameter becomes more
pronounced up to a threshold of e = 40% (Figure 14).

Total System Travel Time
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Figure 14. Sensitivity Analysis of TSTT.
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13. Conclusions

When AVs are a significant part of the vehicle fleet, unoccupied AVs will contribute
significantly to traffic congestion and its cost in human time. To reduce the impact of the
deadheading vehicles on occupied vehicles, a route assignment is implemented considering
time constraints of privately owned deadheading vehicles. User equilibrium routing of
occupied vehicles is followed by SO assignment of deadheading AVs in a mixed equilibrium
assignment framework. Deadheading AVs that experience considerable delays due to
rerouting are reconsidered as part of the UE fleet.

This study proposed a bi-objective program to evaluate and balance trade-offs between
congestion reduction and the trip-making needs of households. This study examined three
approaches for routing deadheading autonomous vehicles (AVs): in the first strategy,
occupied vehicles are assigned to user equilibrium, while deadheading AVs are assigned
to a system optimum with no consideration for the circuitousness of the rerouting. This
resulted in significant savings in total system travel time, particularly with a higher number
of deadheading AVs.

In the second strategy, 95th percentile values of delay were utilized to identify rerout-
ing strategies that were too circuitous. The delay threshold values varied between 0.5 to
1.5 min in the Sioux Falls network and 1.5 to 2.5 min in the Eastern Massachusetts network.
While the system has lower TSTT than user equilibrium assignment in both of the networks,
the total travel time savings were lower compared to strategy 1 due to a larger number
of deadheading vehicles opting for a selfish path. In the third strategy, with a fixed delay
threshold of 5 min, the total system travel time savings were higher compared to strategy 2
but still less than strategy 1. This variation in strategies highlights the trade-offs between
optimizing delay thresholds and overall system efficiency. A sensitivity analysis was also
performed to observe the impact of the delay threshold parameter on the system efficiency.
The major findings were:

(@) Most occupied vehicles experienced shorter travel times compared to UE assignment
of deadheading vehicles.

(b) None of the AV owners faced significant delays when 0 was enforced.

(c) The benefits of the method are more apparent when AV penetration is higher and
there are a larger number of deadheading vehicles in the system.

(d) Confirmation that AV owners can accommodate multiple trips with a single AV and
thus potentially own fewer vehicles.

14. Limitations and Future Work

An underlying assumption in this work is that the AV immediately proceeds to its next
pickup location after completing a household trip and any waiting time is accumulated
at that pickup point. Intermediate points for vehicle storage while waiting for the next
pickup are not considered in this analysis. It is also assumed that AVs operate similarly to
human-driven vehicles regarding headway and platooning behavior.

Future research should consider intermediate points for vehicle storage and utilize
pickup tolerance time windows from travel surveys paired with field traffic performance
data. The heuristic used to apply the delay threshold 6 can be improved through the usage
of exact methods, such as Lagrangian relaxation or Bender’s decomposition. Even larger-
scale implementations will be beneficial in future study for understanding the transferability
of these results and highlighting new potential benefits and detriments of the method.
Future research should prioritize the integration of traffic flow models. This approach
will allow for a deeper understanding of how AV-specific behaviors, like platooning,
interact with mixed traffic environments and inform more effective traffic management
solutions. Considering the interconnected nature of the routing challenge for unoccupied
autonomous vehicles (AVs), the dynamic traffic conditions on the road network and the
spatial distribution of demand, future studies should explore the incorporation of dynamic
user equilibrium (DUE) and dynamic system optimum (DSO) into their research endeavors.
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15. Practical Applications

Reduced Fleet: This study confirms AV owners can accommodate multiple trips with
a single AV and thus potentially own fewer vehicles.

Traffic Optimization: AV relocation can be used to redirect the empty AVs to less con-
gested routes. This can reduce congestion for occupied vehicles and improve system efficiency.

Fleet Management: When there is a central system to monitor AV fleets, this study can
be used to distribute the vehicles to manage areas with high demand.
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Abbreviations

The following symbols are used in this paper:

N Nodes
A Arcs
Xg Flow on arc a
Xo Flow on arc of occupied vehicles
X4 Flow on arc of deadheading vehicles
to Arec travel time of occupied vehicles
ty Arc travel time of deadheading vehicles
k* € K" Pathsetk fromrtos
r€R Origins
ses Destinations
(r,s) Origin—destination pair with delay
e Flow on path k between origin r and destination s
k*s Shortest travel time path from r to s [43]
g Demand between origin r and destination s
e Percentage demand of deadheading vehicles
g’ Deadheading vehicle demand between origin r and destination s = ¢ * 4"
q5° Occupied vehicle demand between origin r and destination s = (1 —e) * g™*
prs Optimal number of paths in the system optimum assignment in the increasing order

of travel time = {k1, ko, k3, kg ... ..kp}
1 Binary variable indicating if arc a is on path k between origin » and destination.

5 1if arc ais on path k between r and s
ak 0if arc ais on path k between r and s
to Free flow travel time on the arc a
Ca Capacity of arca
4
ty Travel time function on arc a: t; = tg + {1 + 0.15(%) ] [37]
X Flow on arc a on the shortest path k*

t Travel time on arc a on the shortest path k*
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TSTT Total system travel time = }_ x,f,
a
SPTT Shortest path travel time = ) xt; on the shortest path k*
a
Y Relative gap; gﬁ% —
A Accuracy
Z1 Lower-level objective function of occupied vehicles
Z Upper-level objective function of deadheading vehicles
JUE (1) Travel time on path k between origin  and destination s in user equilibrium
k traffic assignment

tl'f (rs) Travel time on path k between origin r and destination s of deadheading vehicles

s Delay of the deadheading vehicles compared to user equilibrium traffic assignment;
A d (r,5) UE (r,s)

A

e Delay of the vehicle compared to user equilibrium traffic assignment for each OD pair
0 Delay threshold for the deadheading vehicle
AT 95th percentile of the A™* delay of the deadheading vehicles with e as % of the demand

¢ of deadheading vehicles
h Deadheading vehicle delay threshold in strategy 3
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