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ABSTRACT

The goal of this study is to improve the operational performance of shared-use automated vehicle (AV)
mobility services (SAMSs) via combining less frequent mid-term demand forecasts and vehicle
repositioning (i.e. 1-3 hour look-ahead every 15 minutes) with short-term demand forecasts and vehicle
repositioning (i.e. 15 minute look-ahead every 30 seconds). The short-term forecasts help the fleet
controller reposition vehicles to handle small spatial discrepancies in vehicle supply and travel demand, in
the near term over a limited spatial scale. Incorporating mid-term forecasts allows the fleet controller to
reposition vehicles to overcome larger systemic spatio-temporal demand imbalances that exist over large
spatial distances in the service region (e.g. the regional airport and the central business district). This
study proposes a new math programming formulation for the mid-term repositioning policy, in addition to
an existing joint user-vehicle assignment and short-term repositioning policy. To test the ability of the
mid-term forecast and repositioning strategy to improve the SAMS’s operational performance, this study
employs an agent-based simulation model and runs a variety of scenarios using taxi data from Manhattan,
NY and transportation network company data from Chicago, IL. The results indicate that incorporating
mid-term repositioning strategies substantially improves the SAMS fleet performance. Without the mid-
term repositioning strategy, many vehicles become stuck in low-demand areas over the course of the 7-
day simulations resulting in the fleet serving less than 40% of requests; whereas, the dual-horizon
approach serves 90% of requests with the same fleet size, at the expense of more empty vehicle miles.

Keywords: Autonomous Vehicles, Mobility Service, Autonomous Mobility On-Demand, Demand
Forecasting, Fleet Operations
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INTRODUCTION

The emergence and growth of shared-use vehicle-based mobility service providers (MSPs) like Uber,
Lyft, and Didi as well as the expected advent of fully-automated vehicles (AVs) has motivated significant
research related to shared-use AV-enabled mobility services (SAMSs), including at the fleet operations
level. Several studies aim to maximize the operational efficiency of SAMS fleets via proposing and
comparing operational strategies (1-9). These studies focus on the online matching or dynamic
assignment of vehicles to user requests and some also incorporate empty vehicle repositioning strategies.
However, as far as the authors are aware, no SAMS fleet operational strategy exists in the literature that
includes multiple time horizons for forecasting demand and repositioning empty vehicles. This study aims
to fill this gap and improve upon the state-of-the-art SAMS fleet operational strategies. Although
Mitrovic-Minic et al. (10) propose a double horizon approach to dynamically operate a vehicle fleet, their
approach applies to the dynamic courier delivery problem which is quite different from operating a
SAMS fleet serving on-demand passenger requests without shared rides.

Like most firms, managerial decisions for MSPs can be separated into different time scales. At the
longest term scale (annually to quarterly), the MSP must decide what type(s) of services to offer and how
to price the services. At the second longest term scale (monthly to weekly), the MSP must determine the
appropriate fleet size, assuming the MSP owns and operates its own vehicles (13-15). At the third longest
term scale (weekly to daily), the MSP must decide when and where to perform maintenance and vehicle
recharging/refueling. At the mid-term scale (hourly), the MSP must consider repositioning vehicles, long
distances, to decrease systemic imbalances arising from uneven spatio-temporal demand distributions.
Finally, at the short-term scale (minutes to seconds), the MSP must assign AVs to user requests and
reposition AVs to adjust for small imbalances between supply and demand. The decisions made at each of
these time scales are highly inter-related.

In theory, making current decisions in order to optimize an objective function considering both
current and future rewards within a time horizon can be addressed by (approximate) dynamic
programming (11, 12). However, the scale of problems created by existing mobility services and
complicated demand-supply interactions require approximations in order to allow real-time performant
algorithms.

Maciejewski et al. (2) and Hyland and Mahmassani (1) present several strategies to assign vehicles to
user requests. Other research focuses on pooled services where multiple users share a ride at the same
time (8, 16). Research also shows that the SAMS service design can constrain the vehicle-user assignment
optimization potential (5). Even the time that the operator and users need to make decisions affects the
fleet performance (6).

These vehicle-user assignment strategies involve solving static optimization problems periodically.
Since new requests are revealed over time, the available information changes over time and suboptimal
decisions of a previous optimization period can lead to better system states over the course of time. This
is the dynamic nature of the SAMS operation problem (17, 18). In order to make decisions that are
beneficial for the near future, waiting strategies can be applied to save empty vehicle miles traveled
(VMT) in case users are not very time sensitive (19, 20). Another approach to address the dynamic nature
of the SAMS operation problem and improve myopic vehicle-user assignments is to utilize short-term
demand forecasts and jointly assign vehicles to users and reposition tasks (9, 21).
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Dandl et al. (21) argue that choosing spatial forecast resolutions should consider fleet performance
rather than just forecast errors and that forecast accuracy significantly impacts performance at high spatial
resolutions. Wen et al. (22) discuss more generally about the value of demand information and conclude
from simulations that aggregate demand information are valuable to SAMS operators. Sayarshad and
Chow (23) survey common short term demand forecast methods. Moreira-Matias et al. (24) use online
streaming data to improve the forecast quality of a historic average model.

Finally, there are studies that separate the repositioning problem from the user-assignment problem
altogether (7, 25, 26). These approaches typically solve an optimization problem to determine the number
of vehicles that should reposition from one area to another. However, these mid-term reposition strategies
do not affect current assignments and do not consider the uncertainty of real demand forecasts.

The main contribution of this research involves using a dual-horizon (short-term and mid-term)
demand forecasting and AV repositioning strategy to improve the operational efficiency of SAMS fleets
via anticipating and responding to (i) local and short-term fluctuations in the vehicle supply and traveler
demand and (ii) systemic spatio-temporal demand imbalances across the service region. The motivation
for the dual-horizon approach is summarized in FIGURE 1.

The following section defines the research problem and hypothesizes why incorporating mid-term
forecasts and repositioning should improve the efficiency of SAMS fleets. The next section presents the
research methodology. The following section presents the experiments designed to test the operational
policy. The penultimate section presents computational results and the final section concludes the paper
with a summary and list of potential extensions.
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a) Myopic policy: the closest vehicle (A) is assigned to
a user request. The vehicle deficit within the short-term
time horizon (orange hatched field in the top) and the
vehicle deficit within the longer time horizon (red fields
in the bottom left) do not influence the operator
decisions.

¢
H
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b) Policy with only short-term time horizon: to decrease
VMT and average user wait time, vehicle B is assigned
to the user request while vehicle A travels to a nearby
zone with a near-future vehicle deficiency (orange
hatched field).

P
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¢) Policy with only mid-term time horizon: the near-
future deficiency might not be recognized due to a large
time resolution. All vehicles not assigned to a user are
sent to the bottom left corner. The number of served
requests might be similar, but more empty VMT was
created and the service level in the less frequented zones
is unnecessarily reduced.
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d) Policy with both short-term and mid-term time
horizon: potentially, benefits from both short-term and
mid-term repositioning strategies might be exploited.

FIGURE 1 Motivation for dual time-horizon approach for SAMS fleet operation.
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SERVICE DESCRIPTION AND PROBLEM DEFINITION

SAMSs can have many different service specifications regarding user-operator interaction (who
accepts/rejects, communication response times, and communicated information) and service
considerations (pricing, ridepooling and vehicle capacity, waiting and detour time limitations, and ability
to re-assign). The concept of operations and the underlying operational problem for the SAMS in this
study is described as follows:

The fleet controller continuously receives new on-demand requests from users. An incoming request
r = (o, d,, T,) at time 7, contains the origin o, and the destination d,. of a user. These users are not
willing to share their ride and only accept wait times smaller than T%"™%*; moreover, the operator must
accept or decline a user request within one minute. The price of the SAMS in this study is exogenous and
solely distance based; a user must pay f° per kilometer between her origin and destination d2¢. In the
envisioned SAMS, the operator can re-assign a user to another vehicle up to three minutes before this
user’s currently communicated pick-up time. After that, the vehicle-user assignment is locked and cannot
be changed anymore. Additionally, this study assumes an environment in which users, whose request is
rejected, are unforgiving and unwilling to use the service in the future. This expected future loss is
modeled by a large assignment reward ¢.

The objective of the studied SAMS is to maximize the sum of profit and additional reward for
satisfying the wishes of served users r € RS, in Eqn. 1.

0bj=(z €+fD'd$d>—ZCD'dv (1)

T€ERS veV
To maximize the objective function, the SAMS fleet controller can dynamically assign

vehicles at each decision period: to new requests, to reposition to nearby zones, or reposition to
far away zones, or remain in their current location.

RESEARCH METHODOLOGY

Vehicle-User Assignment

An operator only needs to consider the set of active requests R4 consisting of new requests and the ones
with unlocked vehicle-user assignments. The operator re-optimizes vehicle assignments every T2 = 30
seconds, the short-term decision time step. Requests that were received within the last optimization period
are either accepted or rejected in order to keep the response time within the limit.

The operator checks the availability of its vehicles. Vehicle availability refers to the position pg¥ and
time t2¥ at which vehicle v can be assigned to new tasks. When a vehicle has locked tasks, these are the
position at the end of the vehicle’s final task and the expected arrival time there. Idle vehicles in the set
V!, and vehicles without locked assignment constitute the set V4 of vehicles available right away at their
current position.

At time t, the operator can compute the estimated waiting time for a hypothetical vehicle-user
assignment of vehicle v with user request r by

tor = t[pgv - Or] + tgv -t (2)
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where t[p2¥ — o,] denotes the travel time from p2? to o,. We define d,,,- to be the distance associated
with that path and create a decision variable x,,,. if t,,, < T"™%* the defining property of the set V(r) of
vehicles capable of serving request r. New user assignments are rewarded with the sum of the revenue of
a user trip and the assignment reward ¢. Rejecting a previously assigned user is practically unacceptable
and is penalized by a very large value of Z. This study defines y, to be & for new and Z for previously
assigned user requests r. The vehicle-user profit optimization then reads:

max DD (et (0 - D) ey, @
" rERAVEV(T)
Xpr <1 vr € R4 (3b)
vev(r)
Z Xpr <1 YveV (3¢)
rERA
X, € {0,1} Vv EV,Vr € R4 (3d)

The constraints limit the number of assignments for each request to one (3b) and the number of
unlocked assignments per vehicle to one (3c).

Combined Vehicle-User and Short-Term Reposition Assignment

An operator can use short-term demand forecasts to make decisions considering current and expected
future demand within a time horizon T#5. In the following, a superscript s/m will denote short-term/mid-
term variables, respectively. The additional demand information can affect vehicle-user assignments as
illustrated in FIGURE 1b. In order to make predictions about demand, the operator typically divides the
operating area into a set A of disjoint areas a. When the operator needs to make decisions at time ¢, it
predicts the number of trip requests originating from an area a between t and t + TS, which we denote
by A5. For TH:S in the range of the average trip duration, the vehicle supply can be predicted well by the
vehicle availability constrained by current assignments. For each zone, we count the number of vehicles
that will be available before the time horizon ends (t3” <t; + T"S). We define the short-term
imbalance of zone a as the difference between supply and demand:

(

IS = Z 1]=2s Va € A @)
v:pFlea

tgvsTH,s
We divide the operating area A into three disjoint subsets: A3, A, and A%, where the subscript
indicates vehicle surplus (+), deficit (-) or balanced supply and demand (0). Due to uncertainty in
forecasts, it is reasonable to define the balanced interval to be bigger than just zero, which can be done by
introducing a vehicle-imbalance buffer BS (for short-term strategy):

A5 ={a€A:l; > B%} (5a)

AS ={a € A:[; < —B*} (5b)
While it makes sense to assign a new user request to a vehicle currently en-route to drop off a user in
order to make an accept/reject decision, it is unnecessary to consider these vehicles for repositioning at
the current decision time step.
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Since the demand forecast does not extend beyond the time horizon, it is possible that a zone showing
vehicle deficit within TS no longer is a deficit zone thereafter. Hence, it only makes sense to assign a
vehicle reposition when vehicle v would arrive in zone a before the time horizon ends, i.e. set the
decision variable z,,, to zero if the vehicle would arrive after the time horizon:

Zyg =0 Vv € VA Va € A:t,, = t[p%’ - a] > THS (6)

Furthermore, the set of decision variables z,, can be reduced by acknowledging that vehicle
repositioning should be from surplus areas o € A3 to deficit areas a € AS.. Therefore, we denote the set of
currently available vehicles within all surplus areas by V£ and a specific surplus area a, by Va‘j . Not
moving more vehicles to/from an area than there is vehicle deficit/surplus (including the buffer) generates
additional constraints, namely equations (7d/e). Finally, the reward for an assignment is set to the sum of
& and the expected profit from the additional trip, which we approximate with the average profit
generated by a user trip P4%9. Finally, we introduce a discount factor y* € [0,1] to weigh future rewards
against current rewards of actual request assignments and costs of driving.

Equations (7a-f) display the joint AV-user assignment and short-term repositioning problem:

max Z Z Uy " Xy T+ Z Z (y*(& + P9) — Cdea)Zva (7a)
XvrZva

reRAVEV(r) vevy aeAs
Xor <1 Vr € R4 (7b)
vev(r)
Z Xpr + Z Zya =1 Vv EV (70)
r€RA a€EAS
_ (1S _ DnS
D 7oa <~ = B) Va € A3 (7d)
vEV{f1

S _ ns

2, 2, sl va, € 43 (7¢)

yEV&4+ a€cAs

X, € {0,1}, 2,4 € {0,1} Vv eV, r e R4,ae€ S (7f)
where u,,, denotes the reward/cost associated with x,,,- from the user-assignment problem equation (3a)
and d,,, the distance between vehicle v and area a. Equation (7b) limits the number of assignments per
user to one, while equation (7c¢) constrains the number of unlocked assignments, which can be either a
user-assignment or a reposition-assignment to another zone, to one.

In this study, we randomly assign a node within area a as the destination for a reposition assignment
to a and use the average distance of the fastest paths from the vehicle position to each node in a to
approximate d,,, (the same method is used to determine t,,).

Mid-Term Reposition Assignments

Short-term repositioning uses a time horizon T#- in the range of average trip duration, which allows a
very good prediction of the supply side since the current assignments determine vehicle availability very
well. However, the short-time horizon limits the capability of balancing the fleet over larger operating
areas. Vehicles will not reach distant areas in time and equation (6) will prohibit repositions.
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Considering a longer time horizon, called the mid-term time horizon, TH™ will allow vehicles to
reach distant areas; however, future predictions are less reliable. While the quality of the prediction of
future requests per area depends on the underlying demand patterns and could potentially even become
better (which usually it does not), the troublesome part is the prediction of vehicle supply throughout that
time horizon. Vehicles will be able to serve multiple trip requests during the longer time horizon and their
current availability at t is not very valuable as a long-term supply forecast (i.e. at ¢t + 30 minutes). The
availability of vehicles at a future point in time is also dependent on all decisions between the present and
then, which becomes infeasible to predict. An approximation to determine the imbalance inside an area
a € A is to predict the number of requests A%* and the number of vehicle arrivals (at destinations of user-
trips) w2t within the time horizon: I7* = u* — AT

Since serving current demand should be prioritized over possible future rewards, we separate the mid-
term repositioning problem from the short-term problem. As the forecasts of supply and demand over this
longer time horizon are not prone to change every 30 seconds, it is sufficient to solve mid-term reposition
problems less frequently. We denote the mid-term interval as T?™. We introduce a discount factor y™ €
[0,1], which generally should be smaller than y$ because possible rewards are even further in the future.

Moreover, we define sets for surplus, balanced, and deficit areas AT, AJ', A™, respectively. Even
though the formal definition of the areas is the same (replacing s — m in equations (5a) and (5b)), the
buffer B™ to account for forecast uncertainty should scale with the size of the forecasted values. The
scale of the buffer should also reflect the current utilization of the fleet: if there are hardly any idle
vehicles, the buffer should prohibit extensive repositioning. We choose a simple linear function to

account for both effects:
BM =q- LZ m 4 am M (8)
214] L Fe e T
aci

The second factor scales the buffer with the average forecast value of both requests and arrivals and
the third factor is the inverse share of idle vehicles. The hyper-parameter a determines the
“aggressiveness” of the repositioning strategy: a large value expects higher uncertainty in the forecasts
and therefore generates less reposition assignments.

In order to reduce computational complexity, we propose an area-based optimization problem instead
of a vehicle-based optimization problem. The number of repositions from an area o are constrained either
by the number of idle vehicles within this area or by the expected vehicle surplus. We define the
constraining condition for zone o € AT by

Cy = min(|V&|, 1" — B™) Vo € AT 9)
The number of vehicles n,, that will be repositioned from area o € AT to area d € A™ should not be
rewarded equally for each missing or surplus vehicle. Instead, the reward should depend on the magnitude
of the vehicle imbalances in o and d. We propose to include the following surplus (F,;") and deficit (F;)
share factors in the reward formulation:

Fr=1+C5 / Z Ca Vo € AT (10a)

m
a€cA;
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F,;:1+(Bm—1gl)/ z Bm — m vd € Am (10b)

aeAm
Linear Model

With these definitions, we formulate the linear mid-term repositioning model:

max Z Z Y™+ P9 Fjf - Fg — cPdog)nog (11a)
" oeam deam
Moq < €5 Vo € AT (11b)
deAm
Z Nog < B™ —Ig' vd € A™ (11c)
0eAT
Npg =0 Yo € AT, d € AM:t,q > TH™ (11d)
Noq € NE Vo € AT, Vd € A™ (11e)

Constraint (11b) limits the number of repositions originating from an area, equation (11c) constrains
the number of repositioning vehicles ending in an area, constraint (11d) only allows repositioning a
vehicle if it arrives at the destination area within the time horizon. The travel distance d,; and time ¢t,,4
are approximated by the average of the values of the respective fastest path from nodes in area o to nodes
inaread.

Adding a repositioning trip between two areas trades off the reward and the distance-related costs in
the objective function (11a). Due to the surplus and deficit share factors, the areas with the largest
imbalances and vehicle stock are prioritized. The form of the factors in equation (11a) and (11b) is chosen
such that the factor remains in the scale ~1 in order to keep the balance between total rewards and
distance costs rather constant. FIGURE 2a) illustrates the effect of the buffer and the deficit share factors
on the marginal reward of vehicle repositioning.

As a final step, the operator needs to assign the repositioning trips to vehicles. We use a greedy
algorithm that sequentially chooses a random single trip from o € AT to d € A™ from the solution to
(11a-e) and assigns it to the idle vehicle in o, which has the shortest distance to region d. These mid-term
assignments are locked in order to keep them from being changed during the next short-term decision
process.

Non-linear model

Even with the surplus and deficit share factors, the linear model cannot consider how many trips have
already been assigned to a deficit area as long as there is still a deficit and all trips between an origin and
a destination are rewarded the same. It makes sense to value the first assignments to a deficit area stronger
than the following ones, i.e. make the marginal reward of an additional hypothetical assignment
dependent on other assignments to this area, as shown in FIGURE 2b). For this reason, we replace the
deficit share factor with the term g(B™ — I]* — n,4), thereby generating a quadratic term in the objective
function.

10
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n;ax Z Z ™ + P9 - F;F - B(B™ — Ig" = noa) — CDdod)nod (12a)
" oeam deam
Z Moq < Cg Vo € A (12b)
deam
Z Moa < B™ — 17" vd € A™ (120)
0€eAT
Ngg =0 Yo € AT, d € A™:t,q > TH™ (12d)
Noq € N¢ Vo € AT, vd € A™ (12¢)

The meaning of the hyper-parameters, which helps to set an initial value and ultimately to control the
trade-offs between balancing the fleet and creating additional driving costs, becomes less interpretable
with the introduction of this nonlinearity. From a mathematical point of view, £ is not required if we
allow choosing y™ different from the linear model.

The constraints of the optimization problem remain the same as in the linear case.

11
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Marginal reward of each reposition ending in zone d

yM(PI + &) ——
mmmm Constant Reward Term
: Deficit-Buffer Approach with Constant Reward Term
N~ L Deficit-Buffer Approach with Deficit-Share Factor
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Expected vehicle deficit in zone d
Marginal reward of additional reposition ending in zone d
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Bm B™+1/8m

Expected remaining vehicle deficit in zone d

FIGURE 2 Marginal benefit of mid-term repositioning depending on the initial expected vehicle deficit of the
zone (top) and the remaining vehicle deficit depending on other repositioning assignments to that zone

(bottom).

Forecast Methodology

The previously described SAMS operator strategies require frequent demand forecasts for the time
horizon TS, and less frequent forecasts for number of requests and vehicle arrivals for time horizon

TH,‘m

In this study, we implement an online model correcting historic day-of-week period-of-day forecasts
and test the operating strategies with perfect forecasts to test the robustness of the fleet operator
algorithms. The perfect forecasts are generated by aggregating the trip request data. Averaging the
recorded trip numbers y of a period p for a weekday d of the past 6 weeks determines the historic data

forecast yy, 4 p:

12
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6
_ 1
Ywdp = gz Yw—j,dp (13)
=1

The online forecast aims to improve that value by comparing the day-of-week period-of-day forecast
() and recorded (y) trip data of the past few forecast periods. We assume an exponential decrease in
importance of previous periods and use the values of the last four forecast periods:

YWd,p—j _
— Ywap-j >0
n; = Yw,d,p-j W= (143)
1 yw,d,p—j =0
4
yw,d,p(ti) =Ywdp"® Zrlj e’ (14b)
=1

We expect that forecasts combining more advanced machine-learning methods and the inclusion
other data sources for event and weather data would improve the quality of forecasts tremendously.

Agent-Based Simulation Framework

Our model contains three classes of agents: users, the operator, and the vehicles that the operator controls.
A simulation starts at one second before 00:00 and runs for 24 hours in one-second time-steps. The initial
vehicle positions and open tasks from the simulation of the previous day are used such that the end-of-day
vehicle distribution matters.

FIGURE 3 displays the procedure of the simulation. In each time step, the system state is updated
based on the current assignments. Vehicles drive for one of four reasons: to drive an on-board user from
her origin to her destination, to pick-up a passenger, to perform a short-term repositioning trip, or to
perform a long-term repositioning trip. When a vehicle arrives at a pick-up or drop-off location, users can
start boarding or disembarking, respectively. The state update phase terminates with new users revealing
their trip requests to the operator.

These trip requests are batched until the next short-term decision time step (t%T?S = 0). Depending
on the studied SAMS strategy, the operator assigns requests and possibly short-term repositions to
vehicles, then the operator accepts a new user request if it was assigned or rejects it.

This framework assumes T?™ % TPS = 0 and possibly runs a mid-term decision time step after
short-term assignments in order to not block user-assignments by locked mid-term repositions.

After the final time step, the vehicle positions and unfinished vehicle assignments are recorded for the
simulation of the next day.

13
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Initialization Update State
t=-1 ¢ o tet+1 Short-Term Decisions
*  Vehicle positions » + Vehicles move t% TQD =07 *  Vehicle-User assignment [ = = m o o - i
= Open tasks from *  Users board/disembark Repositions within T.,H 1
previous day *  New user requests :
jr 1
n
End Simulation n‘/
*  Record vehicle positions t =T%my < t% T =07 *  Short-term
* Record open tasks y \ +  Mid-term
[
Y
4

Mid-Term Decisions
Repositions within T}

FIGURE 3 Flowchart describing the simulation framework.

EXPERIMENTAL DESIGN

We expect the benefit generated by the dual-horizon approach to be depending on the operating area
and the demand patterns therein. Hence, we conduct simulations in Chicago and Manhattan as
representatives of large cities with quite different spatial characteristics.

Chicago TNC and New York City Yellow Taxi Data

Demand forecasts and requests for the simulations are based on Chicago TNC data from 2019-02-01
to 2019-03-31 and New York City Taxi data from 2018-10-01 to 2018-11-30. The first six weeks of each
data set are solely used to create the historic forecasts y,, 4 ,. This study sets the period for forecasts to the
temporal accuracy of the Chicago TNC data, i.e. 15 minutes. The city of Chicago states privacy reasons
for the 15-minute aggregation intervals, while the New York City taxi data provide time stamps down to
seconds. We disaggregate the Chicago TNC data by random processes in order to get request times on the
second level as well. The average recorded trip duration is approximately 13 minutes in Manhattan and 16
minutes in Chicago.

The set A of areas covering the respective operating areas were chosen based on the trip record data
as well. Both cities publish user pick-up and drop-off locations not with GPS data, but on an area level,
once again for privacy reasons. In Chicago, most trips contain origin and destination information at the
census tract level. However, about 18% only have valid information on community area level and 12% do
not have any spatial information. Hence, we decided to use the community areas as set A for Chicago.
Furthermore, Chicago covers more than 600 km? and the division into 800 TAZ-level areas would likely
lead to computational problems during the optimization processes. We filtered the New York City data set
for trips originating and ending in Manhattan, thereby removing 16% of trips of the original data set. User
pick-up and drop-off points are recorded within Taxi zones, which are therefore used as the set A for
Manhattan. We applied two more filters to exclude possible trips with intermediary stops or even round
trips and probably false records by removing trips with speeds below 1 m/s and above 30 m/s. After
filtering, the trip data contain approximately 900k trips (2019-03-25 to 2019-03-31 in Chicago) and
1500k (2018-11-12 to 2018-11-18 in Manhattan) in the respective 1-week periods.

Both data sets show an imbalance between trip origins and destinations, as illustrated in FIGURE 4.
Trip origins and destinations were counted for the respective 1-week period. Coincidently, the scales of

14



Dandl et al.

imbalances after one, three, five and 7 days are similar in both cities. The highest imbalances in Chicago,
namely downtown in the east and the O’Hare airport in the northwest are more than 25 km apart; as a
comparison, the scales in Manhattan are much shorter with the width of Manhattan around Central Park
only being approximately 3 km.
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Chicago and Manhattan Street Network Data

This study employs OpenStreetMap network data for both study areas and removes links that cannot
be used by cars. Additionally, in Chicago, streets of type “living_street” and “residential” were removed
to keep the number of links manageable. After the link filters, Chicago and Manhattan networks contain
3963 nodes with 10059 unidirectional links and 4498 nodes with 9757 unidirectional links, respectively.
Since SAMS vehicles likely will not be allowed to pick-up or drop-off customers everywhere (e.g. on
motorways), the simulation model only allows boarding at nodes that are only connected to primary,
secondary, and tertiary streets in Chicago and additionally residential and living streets in Manhattan.
This process also excludes streets that are unclassified or have multiple entries. In order to derive free
flow travel times in the network, the speed limit is set at 30 mph (Chicago) and 25 mph (Manhattan) on
links without speed limit information. The nodes were projected onto the areas A of the respective study
area and the trip origins and destinations were randomly assigned to nodes within the recorded areas. In
order to approximate realistic travel times, the velocities in the network were adapted to match the
average velocities of trip records in 15-minute intervals.

After setting the origin and destination nodes, we evaluated the trip distance distribution. The average
trip distance is 6.7 km in Chicago, with quartiles of trip distance at 2.5 km, 4.6 km and 8.4 km; in
Manhattan, the average is 3.1 km and the quartiles are at 1.7 km, 2.6 km and 3.9 km respectively.

General Settings

Many parameters need to be set in the agent-based simulation model and additionally in the SAMS
operating strategy models. Requests are generated based on the spatially projected trip data, where the
request time is set to the start time of the original trip in Manhattan and randomly drawn from the start
time interval in Chicago. The fare for users is $0.5 per km on the fastest route between the user’s trip
origin and destination. The study assumes the actual costs of driving are $0.25 per km and the fixed
vehicle costs per day are $25. For simplicity, the average user-profit parameter P?*9 in the operator
strategies is set to the average trip distance multiplied by $0.25, thereby ignoring the costs of pick-up
trips. Its value is $1.68 in Chicago and $0.77 in Manhattan. This study assumes a very high user
dissatisfaction cost ¢ of $10, thereby modelling a system where users are likely not to use the system
again if they cannot be picked-up within 6 minutes.

Scenarios

This study conducts 7-day scenarios/simulations by sequentially simulating single days and using the
final vehicle positions and utilization as initial conditions for the simulations of the next day. Evaluating
the number of concurrent travelers allows estimating the range of reasonable fleet sizes. This study
compares the following operator strategies: “vehicle-user assignment only” (AO, equations 2a-d), “short-
term combined vehicle-user and reposition strategy” (ST, equations 6a-f), “short-term combined vehicle-
user strategy with mid-term linear optimization reposition” (ST-MTL, equations 6a-f and 10a-e) and
“short-term combined vehicle-user strategy with mid-term quadratic optimization reposition” (ST-MTQ,
equations 6a-f and 1la-e). Furthermore, the study compares different mid-term time-horizons and the
impact of forecast accuracy on the mid-term repositioning policies. In total, this study conducts 2-7-3 -
(2+2-3-2) =588 single-day simulations. All general and scenario-specific parameters are
summarized in TABLE 1.
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TABLE 1 Parameters for Simulation Scenarios

Parameter Math Values | Unit
Notation
General Parameter Settings
Simulation Period 00:00 — 24:00
Max. User Wait Time W max 6 | min
User Re-Assignment Limitation Before Pick-Up 3 | min
Distance-Based User Fare fP 0.50 | $/km
User Dissatisfaction Cost / Assignment Reward & 10 $
Daily Fixed Vehicle Cost Per Vehicle 25| $
Vehicle Operating Cost cP 0.25 | $/km
Short-Term Decision Time Step TD:s 0.5 | min
Short-Term Time Horizon THS 15 | min
Short-Term Discount Factor yS 0.5
Short-Term Vehicle-Imbalance Buffer B* 1| veh
Mid-Term Decision Time Step TDm 15 | min
Mid-Term Discount Factor y™ 0.25
Mid-Term Vehicle-Imbalance Buffer a 0.01
Coefficient
Scenario Definition Parameters
Study Area Chicago (C), Manhattan (M)
Simulated Days (Request Data Sets) 2019-03-[25 to 31] (C)
2018-11-[12 to 18] (M)
Fleet Size V] 2750, 3250, 3750 (C) | veh
4000, 4500, 5000 (M)
SAMS Operating Strategy AOQ: user assignment only
ST: AO + short-term reposition
ST-MTL: ST + mid-term linear reposition
ST-MTQ: ST + mid-term nonlinear reposition
Mid-Term Time Horizon THmM 1,2,3 | hour
Forecast Methodology online, perfect
RESULTS

This section briefly presents demand forecast results and then a detailed analysis and comparison of
SAMS fleet operational strategies.

Forecasting Results

The demand forecasting results indicate superiority of the online model predictions over simply using

historic data for both demand requests A3/™ and vehicle arrivals x5/™. The analysis employs the root
mean squared error per minute of the prediction time horizon (RSME/TH) rather than a relative error
measure as the latter measure over-emphasizes zone-time pairs with just a few predicted requests/vehicle
arrivals.

In Chicago, the RSME/TH over all time horizons is 0.42 for both the predictions of requests and
vehicle arrivals. In Manhattan, the RSME/TH over all time horizons is 0.62 for vehicle arrival predictions
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and 0.71 for request predictions. As expected, the advantage of the online model forecast over a historic
data forecast decreases with the length of the time horizon. The online correction improves the average
RMSE/TH of requests and arrivals from 0.90 to 0.60 in Manhattan and from 0.55 to 0.42 in Chicago for
15-minute time horizon. The RMSE/TH value only decreases from 0.73 to 0.58 in Manhattan and from
0.40 to 0.37 in Chicago for a 3-hour time horizon. The larger forecast errors and the bigger gap between
the historic data and the online forecast in Manhattan can partly be explained by a strong storm that
caused part of public transit system to stop service.

SAMS Fleet Operational Performance Results

Since the total values of the objective function are hard to interpret, this study uses the definition of
value of information (VOI) in Eqgn. 15, to measure the relative gain in the objective function of strategy x
using short/mid-term forecasts compared to the AO strategy (10, 22):

_ 0bj[x] - Obj[A0]
VoIlxl = =, bita0]

(15)

TABLE 2 displays the fleet performance results where fleet size is exogenous and only the best mid-
term horizon length results are shown. In both cities, the AO strategies struggle to serve demand; many
vehicles get stuck at the airport of Chicago and in the northeast part of Manhattan, which are outside of
the maximum waiting time range of demand centers. The addition of short-term repositioning minimally
impacts the results in Chicago, but more than doubles the rate of served requests in Manhattan while only
producing 2-3% more empty VMT. In Manhattan, the ST strategy has a VOI greater than 1.5. The smaller
benefit in Chicago relates to the airport being more than T away from the other demand centers.

TABLE 2 also indicates that the inclusion of a mid-term strategy significantly improves the objective
function in both cities by orders of magnitude. In Manhattan, the choice of time horizon has a minimal
impact on the VOI. However, in Chicago the linear model performs significantly better for a longer mid-
term time horizon, while the nonlinear model shows similar performance for all three tested time
horizons. Unfortunately, the large difference in the objective function comes at the cost of significant
increases in empty VMT. The MTL scenarios with a 60-minute time horizon that produce considerably
lower VMT are also the ones that serve many fewer requests. With the chosen hyper-parameters, the ST-
MTQ generally produces more empty VMT, but the solution quality with perfect forecasts is always at
least as good as the linear model. The operator should check whether a less sensitive MQT strategy, by
modification of the hyper-parameters, could produce pareto-improving results.

The analysis also compares the performance of the strategies under forecast uncertainty using online
forecasts and perfect forecasts. All key performance indicators of the ST-MTQ model show robust results
indicating the usefulness of the vehicle imbalance buffer B™. The empty VMT increases by TABLE
2approximately 1%, while serving a few more requests. A rather surprising result manifests for the ST-
MTL model, as the online forecasts scenarios with errors perform better than perfect forecast scenarios.
The inaccurate forecasts cause the operator to reposition more vehicles, which happens to improve the
overall fleet performance. The reason for this unexpected result is that the exact destination area
determined by the forecasts is not as important, as long as vehicles drive in the direction of the demand
centers.
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TABLE 2 Results of 7-Day Simulations for Selected Scenarios (Best Mid-Term Time Horizon of Strategy)
Study | Fleet SAMS Mid- Forecast | Value | Profit | Served | Empty | Average
Area Size | Operating | Term Method | of Info Requests | VMT Wait

Strategy | Horizon Time
[hours] $ [%] [%0] [min]
2750 AO - - 0 237k 33.3 6.4 5.1
ST - perfect 0.03 225k 34.4 8.5 5.1
ST-MTL 3 perfect 1.36 480k 78.7 17.0 4.7
3 online 1.48 533k 83.1 19.6 4.7
ST-MTQ 1 perfect 1.51 444K 85.2 23.5 4.4
1 online 1.50 416Kk 85.3 24.7 4.5
3250 AO - - 0 167k 34.8 6.5 5.1
o ST - perfect 0.05 165k 36.7 15.1 5.0
§ ST-MTL 3 perfect 1.54 500k 87.6 18.7 4.4

= 3 online 1.60 450k 90.4 21.5 4.3

© ST-MTQ 1 perfect 1.60 323k 91.5 25.9 4.1
1 online 1.60 314Kk 91.7 26.6 4.1

3750 AO - - 0 107k 37.0 6.6 5.1

ST - perfect 0.07 101k 39.8 8.8 5.1

ST-MTL 3 perfect 1.55 408Kk 92.7 20.3 4.1

3 online 1.58 339k 94.5 23.5 4.0

ST-MTQ 1 perfect 1.55 244k 94.4 26.5 3.8

1 online 1.53 195k 94.5 28.4 3.8

3500 AO - - 0 -370k 17.3 9.7 6.2

ST - perfect 1.81 -70k 42.3 12.6 6.4

ST-MTL 3 perfect 4.82 242k 84.7 15.9 5.8

3 online 5.13 255Kk 89.3 16.7 5.6

ST-MTQ 3 perfect 5.13 200k 89.6 20.1 5.7

3 online 5.17 189k 90.3 21.0 5.6

4000 AO - - 0 -421k 20.6 9.9 6.3

G ST - perfect 1.64 | -104k 47.7 12.6 6.3

f_—ﬁ“ ST-MTL 3 perfect | 4.34 | 190k | 93.9 16.8 5.3
= 3 online 451 187k 96.9 17.9 5.0
S ST-MTQ 3 perfect 4.47 114k 96.6 21.9 5.2

3 online 4.49 98k 97.1 22.9 5.2

4500 AO - - 0 -478k 23.6 10.0 6.4
ST - perfect 1.58 -133k 53.7 12.5 6.2

ST-MTL 3 perfect 3.84 104k 98.4 18.0 4.7

2 online 3.90 91k 99.6 19.1 4.4

ST-MTQ 1 perfect 3.87 22k 99.5 22.8 4.5

1 online 3.87 8k 99.6 23.5 4.5

FIGURE 5 illustrates the spatial distribution of the origins of unserved requests. The scale of the
colorbar reflects the absolute number of unserved requests and is much higher for AO and ST than ST-
MTL and ST-MTQ. The spatial distribution of unserved requests mirrors the demand imbalance in
FIGURE 4; however, the total number is much higher for the AO and ST strategies because the vehicles
are mostly stuck at the airport in Chicago and the northeast of Manhattan.
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The inclusion of short-term forecasts and repositioning in the ST strategy mitigates part of the AO
strategy problem. In Manhattan, T# is large enough to allow repositions from the northeast corner to the
some areas in the center, thereby providing a possibility to reduce the number of stuck vehicles.

FIGURE 6 displays fleet utilization over seven days for all four strategies in addition to the time-
dependent travel demand. MSP fleet operators can analyze the fleet utilization over time to determine
when to perform maintenance and recharging/refueling. Typically, the vehicle utilization rate will follow
the number of concurrent travelers in the system, which is the convolution of number of travel requests
and the trip duration of these requests. This quantity describes the number of AVs with on-board users
very well when service rates are high.

FIGURE 6b) depicts the very strong degradation of the AO strategy in Manhattan in the first two days
and the much slower degradation with ST repositioning. Both MT strategies generate very similar
utilization rates in Manhattan that start increasing before the demand peak due to the rolling time-horizon
approach. In comparison with the demand curve, the utilization plateaus because of vehicle repositions.
The demand in Chicago generates the classical two peaks per day in FIGURE 6a). Vehicle repositions
tend to take place in the time between these two peaks. The worse performance of the MTL model
becomes evident in the inability to serve demand in the afternoon/evening peak, as the vehicle utilization
does not even reach the level of the demand curve. The MTQ scenarios show very good results in this
case with the majority of unserved requests originating from the time on March 29, when the theoretic
demand even exceeded the fleet size.
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FIGURE 5 Not served requests in 7-day simulations with fleet size 3250 in Chicago and 4000 in Manhattan.
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CONCLUSISON

Summary

This study presents the idea of a dual-horizon forecast and reposition approach to improve the efficiency
of SAMS fleet operations. In order to trade off the costs generated by vehicles driving empty against the
rewards of moving vehicles from expected vehicle surplus to expected vehicle deficit areas, two new mid-
term repositioning problem formulations are introduced. The rewards in both the linear and the nonlinear
optimization problem take the strength of the deficit and the surplus into account, whereas the nonlinear
problem formulation even allows adapting the marginal reward of each additional vehicle sent to a deficit
area. The introduction of a buffer parameter prohibits the algorithm from being too sensitive to
uncertainties in demand forecasts.

7-day simulations based on taxi data in Manhattan and TNC data in Chicago show that by applying
this strategy an SAMS operator can balance the vehicle distribution in the operating area and thereby
serve demand much better. This study assumes a situation where the operator puts a lot of emphasis on
serving user requests, expressed in a large reward for an assignment or alternative penalty for a request
that cannot be served within 6 minutes. With this assumption, the total objective can be improved by
150% in Chicago and more than 350% in Manhattan with the dual-horizon repositioning approach.

Future Work

This study assumed a certain SAMS design with a high assignment reward value, which could represent a
situation where an operator needs to strengthen its market position and user satisfaction is more important
than immediate profitability. However, the methodology also must be tested for an operator having more
focus on the immediate profitability of the system. This change will affect the choice of hyper-parameters
of the reposition models, which control the balance of the tradeoff between driving costs and expected
future reward. This study suggests reasonable values, but a real operator would optimize them.

Finally, new reposition formulations that consider the spatio-temporal relations between areas rather than
just trying to balance demand and supply in each area, might be another interesting approach to tackle the
reposition problem.
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