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Congestion Reduction via Personalized Incentives

EXECUTIVE SUMMARY

Traffic congestion has become inescapable in large metropolitan areas across the world,
causing huge economic losses and severely damaging the quality of life. In addition, traffic
congestion leads to increased level of vehicle emissions which is the dominant source of air
pollution according to The Transportation Research Board (TRB Special Report 264). To reduce
traffic congestion, various strategies have been proposed in the past decades, ranging from
roadway extensions to transportation demand management programs. While many of these
solutions are not feasible due to limited infrastructure investment, with the projected road
demand increase, transportation planners must find ways to improve transportation conditions
in a cost-efficient manner.

Recently, with advances in sensors, communication and storage technologies, significant
advances have been made in the procurement and provision of real-time information that
would be required for the effective control of a transportation system. Yet, the efforts based on
the collected data, have had limited success to date addressing congestion in most urban cities.
In addition to improved data acquisition, public access to Geo-positional Systems (GPS)-enabled
mobile devices has significantly increased over the past decade. According to numerous market
research reports, the number of U.S. adults owning smartphones have increased to more than
70%. This number even increased to 94% for young adults (Mobile Fact Sheet Report 2019).
This significant user penetration level provides an opportunity to develop a platform (such as a
cellphone application) to communicate with drivers in order to find efficient routing to avoid
congestion. While such a platform cannot directly enforce the socially optimal routing strategy
on each driver, they can influence each driver’s decision by providing incentives to each driver.
Such incentives could be government subsidies or incentives provided by private businesses
such as giving users’ discounts to bring drivers to their business at certain times of the day. The
incentives could be offered to individuals through a communication device such as mobile
cellphones when a congestion is predicted to happen in the network.

In this research, we developed a real-time (distributed) algorithm for offering personalized
incentives to individual drivers to make socially optimal routing decisions. Our methodology
relies on online and historical traffic data collected from various sensors/devices as well as
individual preferences and routing options. Some of the key features considered in our
methodology are as follows: individual’s preferences and their (possible) responses to the
offered incentives; route preferences due to individual safety concerns; stochastic and
uncertain nature of each driver’s response to the offers made; and each individual’s preference
among the existing set of incentives. Furthermore, our method was able to avoid creation of
new congestions in other parts of the network. In our framework, there is no need for
participation of the entire population and only a fraction of drivers’ participation suffices. In
addition, our proposed distributed algorithm has theoretical convergence guarantee under a
mild set of assumptions that are verified with real data.
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Finally, we evaluated the performance of the proposed method using data from the Los Angeles
area. We used the University of Southern California (USC) Archived Data Management System
(ADMS) that collects, archives, and integrates a variety of transportation datasets from Los
Angeles, Orange, San Bernardino, Riverside, and Ventura Counties. ADMS includes access to
real-time traffic datasets from: i) 9,500 highway and arterial loop detectors providing data
approximately every 1 minute, and ii) 2,500 bus and train GPS location (AVL) data operating
throughout Los Angeles County. Our numerical evaluations on this data show that the proposed
framework can lead up to a 27% decrease in the total carbon emission of the system during

rush hour times.
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Introduction

According to the Transportation Statistics Annual Report of 2018, from 2000 to 2018, the total
number of registered vehicles increased by 19%, and vehicle-miles of travel increased by 15.6%
[1]. However, during the same period, total lane-miles only expanded by 6% and public road
and street mileage was merely augmented by 5.1% [1]. The combination of slow transportation
infrastructure expansion and the growth in the number of registered vehicles have led to
severe traffic congestion in urban areas. Today, traffic congestion is one of the most prevalent
issues in large metropolitan areas, resulting in lowered the quality of life for residents and
economic losses. According to INRIX, a company that provides traffic management services by
transportation data analysis, the United States’ economy suffered $88 billion in losses and
United States (U.S.) drivers lost 99 hours due to traffic congestion in 2019 [2]. For instance, in
Los Angeles, one of the most congested cities in the U.S., each driver lost $1,524 in addition to
103 hours in 2019 due to traffic congestion [3].

In addition to direct economic losses, traffic congestion can worsen air quality and adversely
affect health conditions. According to the Transportation Research Board, one of the seven
program units of the National Academies of Sciences, Engineering, and Medicine, vehicle
emissions are the main cause for air pollution [3]. The escalation of intensity and duration of
traffic congestion can raise emissions levels [5], and as a result, air pollution (specifically NO2)
increases with traffic congestion [6]. Based on the study by Hennessy and Wiesenthal, when
roads are congested, drivers show aggressive behaviors more often, and their stress level rises
[7]. This research shows that the Likert scale, a psychometric scale which ranges from 0 = “low
stress level” to 4 = “high stress level”, can increase by two times from 0.8 to 1.73 during high
levels of congestion. Thus, it can increase the number of accident occurrences [8].

As possible solutions to traffic congestion, Cambridge Systematics [9]—which works on
planning and policy, movement of people and goods, software design and development, and
effective partnerships and objective analysis—has proposed three categories of strategies:

1) Adding more capacity;
2) Transportation System Management and Operation (TSM&O); and
3) Demand management.

The first strategy includes expanding infrastructures, such as increasing the number of available
highway lanes and constructing new roads. While this strategy may result in reducing
congestion?, different reasons such as opposition from local and national groups, have made
this strategy very challenging in recent years. In TSM&O, the aim is to improve the efficiency of
the current transportation infrastructure and manage the short-term demand for the existing
network. Reversible commuter lanes, dynamic re-timing of traffic signals, providing information

1The increase in lane miles will increase the Vehicle Miles Traveled (VMT) [94]. Hence, in congested metropolitan
area, it is unlikely to have congestion improvement by increasing the lane miles [95]. Therefore, this study is not
verified based on VMT.
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about travel conditions to travelers, and converting streets to one-way operations are examples
of TSM&O strategies. Compared to the “adding more capacity" category, the cost of
implementation in TSM&O strategies is less. While the TSM&O strategies have shown to be
highly cost-effective, we cannot only rely on TSM&O strategies. The final category, Demand
Management includes Travel Demand Management (TDM), non-automotive travel modes, and
land use management. Travel demand management is focused on managing travel demand
instead of increasing transportation infrastructure. TDM includes putting more people into
fewer vehicles (e.g., ride-sharing), shifting the time of travel, and removing the need for travel
altogether (e.g., teleworking). The requirement that travelers drastically change their lifestyle is
one of the main obstacles of the TDM strategies. Another limitation of TDM is the inflexible
schedule of workers. Investing in non-automotive modes of travels such as pedestrian
infrastructure, bike-ways, and bus and rail transit systems is another strategy to decrease the
rate of travel by personal vehicles.

The above strategies can be divided into two groups: (a) expanding the transportation
infrastructure and (b) increasing the efficiency of the existing network. Strategies that are
based on expanding the roads need a long planning horizon before they can lessen congestion
[10]. According to the U.S. Census Bureau [10] estimate, the U.S. population will grow by 28
million by 2030. If low public support for tax increases (needed to expand the transportation
infrastructure) continues, innovative solutions to utilize the existing network more efficiently
becomes crucial. Thus, there is an urgent need to make the existing road network more
efficient.

In this research project, the focus is on changing drivers’ behavior by offering incentives in
order to reduce traffic congestion. More precisely, our solution lies in category 3 of the
Cambridge Systematics strategy framework: Demand Management. Perhaps the closest
strategy to our solution is pricing mechanisms in the literature. Road pricing policies, such as
assigning a fee or tax for driving on a highway/road, have been widely studied in theory and
practice. The work of [12] and [13] study the change in drivers’ behavior by imposing monetary
penalties on the drivers’ travel (see the book [14], Ph.D. thesis [15], and the references therein).
In this category, a decline in traffic congestion is expected as a result of discouraging people to
use congested roads. Such pricing mechanisms could be dependent on different factors such as
time [16], distance [17], or vehicle characteristics [18].

While pricing seems a legitimate solution from a market point of view, issues such as equity
barriers complicate the implementation of congestion pricing/taxation schemes [19]. In
particular, in some of the past implementations in Lyon, France; Mexico City, Mexico; and
Genoa, Italy; congestion pricing was tested, but they failed to achieve permanent
implementation due to low public acceptance [23]. In addition to equity concerns, complexity
and uncertainties in designing pricing mechanisms have prevented policymakers from
implementing advanced congestion pricing schemes [25]. To resolve such barriers, Gu et al. [26]
proposed pricing models for a barrier area, an area in which drivers can be charged in different
ways when they enter to meet efficiency and equity concerns. Their model is a joint distance
and time toll. Based on this model, if a driver travels on very long routes that are not congested,
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they do not contribute to the traffic congestion so only the amount of time spent in the traffic
jam is penalized.

Tradable credits (TCs) or tradable mobility permits (TPMs) are another token-based pricing
mechanism [27]. These schemes allow certain tokens/credits to be traded among drivers
through a market mechanism. The total amount of credits is typically considered constant and
puts a limit on the total number of vehicles in use—see [30] for a review article on this topic.
Various schemes, such as receiving free travel cards [31], have been proposed in this category.
In addition, many mathematical programming approaches, such as the ones in [32] and the
references therein, are proposed for the modeling and algorithms for such token-based
schemes. The theoretical advantages of such tradable credits have been shown in [33]. While
such cap-and-trade programs have been implemented in some economic sectors, such as
airport slot allocation [37], it has not been implemented for individual-level personal travels
and daily commutes [38] due to the design complexities of such token markets [39].

Lately, researchers have paid more attention to positive incentive policies. Based on the
psychological theory of reactance, rewarding desirable behavior could work better than
penalizing undesirable behavior [40]. Moreover, rewarding is a more popular policy than the
taxation approach [40]. While the effectiveness of rewarding in changing the individual’s
behavior have been shown in [42] and [43], there is a limited number of studies on the
effectiveness of rewarding policies in the transportation area. Among these studies, the
INSTANT project [44] has provided positive incentives to motivate commuters to avoid peak
times for their travel. Peak time or rush hours are the time of the day with maximum
congestion. The CAPRI project of Stanford [45] is another example of peak avoidance studies
using positive incentives. This study also encourages other commute modes such as walking
and biking; and they have shown the effectiveness of the rewarding policy in congestion
reduction. Another series of studies has been done in the Netherlands on the effectiveness of
monetary rewards to avoid rush hour driving [46]. They offered incentives to the drivers to
avoid rush hours (before and after the peak of the traffic in the morning), work from home, or
choose alternative travel modes such as cycling, carpooling, and public transport. Xianbao et al.
[49] offered different levels of incentives to alter the drivers’ departure and route choices. They
provided information about the travel time for each offered departure time, and alternative
time, so the driver does not depend on her experience in choosing the alternatives. Recently
[39] offered token form incentives for different travel choices such as route, travel modes, and
ride-sharing. The proposed model learns individuals’ decisions and adapts to their preferences
based on their travel history. For each request, a set of choices is generated for the user and
the more contribution to the network from an alternative, the more valuable incentive was
offered. While these policies were successful in short-term experiments, the effectiveness of
the rewarding policy in changing the behavior of individuals does not necessarily result in
permanent changes in the travelers’ behavior. For example, although the effectiveness of the
rewarding policy in changing the behavior of individuals was shown in [50], most of the
individuals returned to their previous behavior in the absence of incentives. In this study, we
use monetary incentives in our simulation model as the incentive. However, in practice,
different types of incentives such as tax credits or coupons can also be utilized to change the
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behavior of the drivers. Our incentives are offered online through the platform (e.g., a
cellphone app); hence, users who are not planning to use the road segments will not receive
incentives.

There have been different choices used as the incentive in transportation studies. Fuijii et al.
[51] used free bus tickets as an incentive to study the changes in the frequency of traveling by
bus. In a different project in Germany, to study the increase in commuting with bus, a pre-paid
bus ticket was offered to college students [52]. Also, in Australia, an early bird ticket program
was offered to relieve the problem of the rail overcrowding during peak hours [53]. Free WiFi
and discounted tickets fare have been effective for Beijing commuters to motivate them to
avoid the rush hours of the morning [54]. In the Tripod project [39], they offered token form
incentives. Earned tokens depend on energy savings, and can be redeemed for goods and
services at local businesses and agencies that have joined the project. In the CAPRI project [45],
users of the app collected points, and they could trade 100 points for $1 or use the points to
play a game in which they may lose points or gain money and points. Knockaert et al. [19]
provided smartphones to their users and users could receive money for their credits or keep
the smartphone after the project if they reached a sufficient amount of credits.

The preferences of the drivers can be considered by the incentive offering platform to give
personalized offers. Mohan et al. [55] divided effective factors on drivers’ decision into two
categories of static factors and dynamic factors. The static factors, which are fixed for each
person, include the number of available transportation options and the distance of nearby
transit. On the other hand, the dynamic factors, which changes from travel to travel, include
weather and travel purpose. They found the factors by interviews and surveys, and they
concluded that with a wide range of considered factors, personalizing can be advantageous for
travel assistance. Also, the drivers’ preferences can be learned through interaction with the
individual [[39], [56]]. Personalized incentives can be used to offer a unique alternative for each
individual. The goal is to make the offer close to the individual’s preferences and maximizes the
contribution to the network [39] or to minimize the cost of incentives by maximizing the
probability of acceptance of the alternative [56].

The rest of this report is organized as follows. Section “Problem Description” provides a
description of our problem in two steps of traffic prediction and offering personalized
incentives for congestion reduction. In Section “Incentive Offering Mechanism”, we model our
problem for two different scenarios: operating below and above the network capacity. Then to
solve the second model efficiently, we propose a distributed algorithm. Results of numerical
experiments for both models are presented in Section “Numerical Experiments” using data
from the Los Angeles area.

Problem Description

From a game-theoretic point of view, drivers are self-interested, and their decisions may
worsen traffic congestion. The goal of incentive providing mechanisms is to motivate drivers to
deviate from problematic decisions in favor of congestion reduction. In this research project,
we offer positive real-time personalized incentives to achieve this goal. We have two main
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steps in our methodology: In Step |, the traffic condition in the near future is predicted by
means of the historical traffic data, and the current traffic information. In Step Il, predictions
are used to provide personalized incentives to drivers to take alternative routes and to avoid
the creation of traffic congestion. The implementation of the proposed model could be through
a smartphone app where the traffic data can be used to offer online incentives to drivers. In
addition, smartphones will help the central planner to distribute the computational load for
finding the optimal incentive offering strategy.

Step I: Traffic Prediction. The prediction algorithm in Step | provides the required information
to distinguish between roads with probable congestion and highways with free flow in the near
future. Whether a reward should be assigned to a road and how much of a reward should be
considered is based on the remaining capacity in the road segments. This information comes
from a prediction algorithm with relatively high accuracy and reliability. There has been a wide
range of studies to predict traffic. To use the ad-hoc traffic prediction algorithms, both the
performance and the compatibility of the data need to be considered. The traffic data collected
by loop sensors [[57], [58]] and GPS devices [[59], [60]] has been used to predict future traffic
conditions. We will use data collected by loop detectors in this work; however, other types of
traffic data can be used as well. From a methodological point of view, the majority of the most
recent powerful traffic prediction algorithms are based on deep learning. Ma et al. [61] have
employed Convolutional Neural Network (CNN), Cui et al. [62] propose a graph convolution
LSTM, and Li et al. [57] have studied Graph Neural Network combined with Convolutional
Neural Network (DCRNN). In this project, we build on the DCRNN [57] framework due to its
reliable performance and compatibility with our data. We have made some modifications to the
algorithm in order to make prediction performance reliable across all road segments. In
particular, we changed the training procedure slightly by optimizing for more conservative risk
measures rather than just the average performance. The implementation of our algorithm can
be downloaded from [63]. The details of our approach are presented in the Appendix section
“Robust Traffic Flow Prediction”.

Step ll: Offering Personalized Incentives for Congestion Reduction. In Step Il in our framework,
we offer personalized incentives to the drivers to reduce congestion based on the predicted
available capacity of the road network in Step I. In particular, we propose a mathematical
model for the problem of offering personalized incentives to individual drivers to make socially
optimal routing decisions. Our methodology relies on individual preferences and routing
options which will be explained in the next section.

Incentive Offering Mechanisms

Given the current and historical data of traffic conditions and drivers’ past behavior, our goal is
to find the “optimal" strategy for offering incentives to individual drivers for reducing
congestion in the network. To mathematically state our problem, we start by introducing some
notation. A detailed example that explains our notations can be found in the Appendix section
“An Example of the Model and Notations”.
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Let us model the structure of the traffic network with a directed graph G = (V, £). Here V'is
the collection of all major intersections and ramps, which form the set of nodes in the graph.
We use the set of edges £ to capture the connectivity of the nodes in the graph. Two different
nodes are adjacent in the graph if it is possible to directly go from one to another without
passing over any other node. The direction of an edge between two nodes is based on the
direction of the road from which we can go from one point to another. We also use the
notation |€| to denote the total number of road segments/edges in our network (i.e., the
cardinality of the set £). A route is a collection of adjacent edges that starts from one node and
ends in another node in the graph. We use the one-hot encoding scheme to denote the routes.
In other words, a given route is represented by a vector r € {0,1}|g|. Here, the kth entry of
vector r is one if the kth edge is a part of route r and it is zero, otherwise.

Let T ={0,1, ..., T} denote the time horizon of interest assuming the system is currently at time
t = 0.Foranyt €T, we use the random vector v, € R'¢'to represent the traffic volume on
different road segments of the network at time t. More precisely, the kth entry of v; shows the
total number of vehicles of road segment k at time t. Clearly, v; is a stochastic vector and its
value depends on the incentives offered. Notice that the offered incentives can change the
drivers' behavior who are using the platform in the future and thus affecting the vector v;.

We use V" to denote the set of drivers that we can influence their behavior through offering
incentives. Drivers that are included in the set V" are currently in the system and have sent
their request to the central planner (e.g., the servers dedicated to the developed cellphone
application). For any drivern € V', let R,, © {0,1}|5| denote the set of possible route options
for going from its origin to its destination. Let J,, be the set of all incentives we can offer to
drivern € V.

We also use the binary variable sir’" € {0,1} to represent the offered incentives. For any driver
n € N and incentive i € J,,, the variable sir‘” = 1if incentive i is offered to driver n to take
route ; and s;"" = 0 otherwise.

We will also assume that we incentivize each driver with only one offer for one of their possible
routes, i.e., Yreg, Xies, s;™ = 1. Given any incentive offered to the drivers, we model the
decision of the drivers stochastically. In particular, we assume after offering incentives, each
driver n chooses route r with a certain probability. This probability depends on the amount of
incentive we offer, the route, and the driver's preferences, as described below.

The route preferences of drivers depend on different factors such as route travel time, gender,
age, and particularly the (monetary) incentive provided to the drivers in our context. Such
dependence can be easily learned using standard machine learning approaches in the presence
of data. For example, the work [64] models the preferences of the drivers by learning the utility
of the drivers and fitting the best possible model using real data. In this project, we rely on their
model for our preference modeling. We simplify their model by ignoring the less predictive
features and we only consider two major features which are the travel time and amount of
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incentive. In particular, we assume that, given incentive i € J,, to driver n, the driver chooses
route r with probability

pi" = P(T i), (1)

where T,. is the estimate of the travel time for route r provided by the incentive offering
platform. Notice that when drivers make their routing decisions, they do not know the exact
travel time T,. for route r, but instead they rely on the estimate T,. provided by the system.
Here, we make an underlying assumption that the drivers do not include their own judgement
about the travel time in their decision. However, if such individual biases for drivers exist, the
system can learn it over time using standard preference learning techniques.

In the next subsections, we present our model and formulation in more detail. For the
convenience of the reader, the list of notations defined here and later in the manuscript is
presented in the Appendix section “List of Notations”. We have also presented our notation in a
simple example in the Appendix section “An Example of the Model and Notations” that can
further illustrate our notation for the reader. We present our framework under two different
scenarios: First, we study the case where it is possible to bring traffic flow below the network
capacity (i.e., all the links operate below their capacity). As we will see, this problem leads to a
mixed integer linear programming (MILP) method which can be solved using standard
optimization solvers. Then, we study the high demand scenario where there is no feasible
strategy to bring the demand below the network capacity. In this case, while it is not feasible to
get rid of network congestion, we aim to optimize a certain utility of the system such as
reducing the expected carbon footprint of the network given the amount of available budget.
This scenario will lead to a more challenging optimization problem for which we propose a
distributed algorithm for solving.

Scenario I: Operating Below Network Capacity

Let us first for simplicity assume that there exists a solution that all road segments operate
below the capacity. Hence, for that solution, we can assume that the travel time of each driver
will be the free flow traffic. As we will see in this section, our assumption will result in a linear
programming optimization problem that can be solved efficiently using standard MILP solvers.
In the next section, we present a formulation which relaxes this assumption.

As explained in section “Problem Description”, we model the response of the drivers to the
offered incentives where the acceptance probability follows a Bernoulli random variable with
the preference probabilities parameter provided in equation (1). Hence, the volume vector v: is
a stochastic vector which depends on the response of the drivers to the offered incentives. The
expected value of this random vector is given by

Elv.] = Ynen Zieﬂﬂ Zreﬂzn Sir'npir'n rt (2)

where the vector §3,.; € R'El shows the probability of being at different links of the network at
timet € N \ 0, conditioned on the fact that driver n is on route r. The time dynamics and the
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projection of the location of each driver during the time horizon is captured by the vector 3, ;.
For more details about vector B, ,, please refer to [65] and the example provided in the
Appendix section “An Example of the Model and Notations”.

Our goal is to minimize the cost of offering incentives while keeping the volume below the road
segment capacity vector vo. More precisely,

D DD DI DA
8" eN reRn i€T,
s.t. vy <wvg, VteT, withhigh probability
Z Z ss"=1, YneWN,
reRy, 1€1,
s e{0,1}, VneN,VieI, VreR,
where q; is the cost of offering incentive i. Here, the term “with high probability” is used to
emphasize the random nature of vector v,. This constraint can mathematically be translated to
P(v; < vy, Vt € T) =, for some given confidence level {. To keep this optimization problem
tractable, we rely on the assumption of large number of vehicles in each road segment and

approximate the random quantity v, with its average E[v,] provided in equation (2). More
precisely, we aim at solving

: ' r.n
min 3 Y Y sy

{H‘l'.'il-}
7 neN reRy i€y

st SN Y S8, S vo, WET

?IE;"\/. i;EIJL I'ERH (3)

YD) S =1. VneN,

reRy i€l,
s;"e{0,1}, VneN.VieI,VreR,

which is a mixed-integer linear programming model and can be solved with standard
optimization software packages.

A natural alternative formulation in this scenario is to minimize a utility of the system subject to
budget and capacity constraints. For example, we can minimize the expected value of total
travel time of the drivers subject to budget and capacity constraints

lYNCST ;



HTED 3D S Db SRt

{' i } teT HE«\’ reRn i€y,

st S Y SB, <vo, ViET

neN i€, reR,

Z Z Z s;"ql < Q (4)

neN i€, reR,

Z Z ss"=1 VYneN

reR, €1,
" e {0,1} VYneN.Viel, VreR,

where @ € RIEl is the vector of free flow travel time of the links and Q is the total available
budget. Notice that the objective function is equal to

I‘H 1??
T SIS SELTED o

Lf ne’\f reRn, 1€l, teT

in which Y ;er Bl_t w is the expected travel time of driver n on route r.

Scenario ll: Operating Above Network Capacity

In this subsection, we study the scenario of operating above network capacity. In other words,
we assume that the demand is elevated, and thus, there is no incentive offering strategy that
will bring the traffic flow below the network capacity. In such a scenario, we still can “improve"
the congestion via providing incentives to individual drivers. Our goal is to optimize a utility of
the system as a criterion to compare the traffic condition after incentivizing. To make the
formulation more specific, we use an environmental factor, Carbon emission, as the utility
function to evaluate the improvement of traffic conditions. It is worth noting that while we use
this utility in our formulation, following our steps, one can use other utility functions as the
objective function.

To model and quantify the amount of emission, resulting from congestion, we rely on the
ARTEMIS research program [66] that provides emission functions for CO;, (Carbon dioxide), CO
(Carbon monoxide), HC (Hydrocarbons), PM (Exhaust particulate matter), NOx (Nitrogen Oxides)
[66]. We use CO, emissions as our criterion to quantify the adverse impact of congestion on the
environment because global warming by the late 21st century and beyond is mostly influenced
by CO; emissions [67]. In ARTEMIS research project, CO; emissions are estimated via a
polynomial function where the parameters and the order of the function depend on the fuel
type of the engine and the emission standard of the fuel. For example, if the drivers’ vehicles
have Euro IV petrol engine, we have the following emission function:

for(8) = 523.7 — (1654.4 x 1072) 8 + (26354 x 10™%) 8% — (17715 x 107°) §° +
(442.9 x 1078) 6%, (5)
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where § € R is the average speed in km/h of the link. The output of the function is the emission
factor in g/km. To compute the total CO, emissions at the link in grams, we need to multiply the
emission factor fce(.) by the length of the link in km, i.e.,

CO; emission in grams for one vehicle for traveling on a given link = f-z(8)L,

where L is the length of the link in km. Thus, one can estimate the total CO, emissions by a
vehicle in this scenario.?

To compute the total Carbon emission (CO,) of the system, we need to sum up the Carbon
emissions of all links over all time periods, i.e.,

&l |T|

Fop(v) =) b fer(de(¥))Le (6)

=1t=1

where 8, is the speed of link £ at time t (which itself is a function of the volume). Here, ¥ is
the vector of the volume of the links at different times in the horizon in which ¥, , is the

(]| x t + D" element of the vector ¥ representing the volume of the £" link at time t, and L,
is the length of the £t" link.

To understand the impact of our offered incentives to the total carbon emissions, we estimate
the drivers’ decision based on the provided incentives, which in turn results in estimating the
volume of the links in the horizon of interest. Given these estimated volume values, we
estimate the speed of the links as described below.

Speed value 6: The function f.5(-) takes the average speed of the link as the input argument
but we have access to the volume. There are different functions that capture the relation
between speed and volume. For example, the link congestion function developed by the
Bureau of Public Roads (BPR) [68] defines a nonlinear relation between the volume and travel
time of the road segments:

Farr(@) =t (1 +0.15 (%)4)

where fgpr(V) is the travel time of the drivers on the link given the assigned traffic volume v;
the parameter ¢, is the free flow travel time of the link; v is the assigned traffic volume of the
link; and w is the practical capacity of the link. We learn t, and w by using gradient descent and
historical traffic data. We can compute the speed by rewriting the BPR function as:

NN
sy=— & L 1+u.15(“)
fepPr(v) to w

2 Although we assume Euro IV petrol engine for all cars in the network here, one can personalize this to any
individual vehicle and use the specific vehicle properties to compute the carbon emission. In other words, we can
have a customized function for each car/driver in our model.
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So we can rewrite the function in (6) based on the speed function &(+) as:

l€| T
Fep(¥) =" tuifep(de)L
=1 t=1
7
€l 1) )
—ZzlfthE (vee)) L
“1t=1

Thus, in order to estimate the Carbon emissions of the system, we need to estimate the volume
vector ¥, which we discuss next.

Volume vector ¥: To compute the volume vector, we need to know the routing decision of the
drivers to be able to (approximately) estimate their location at different times. Clearly, the
drivers' decision is a function of the offered incentives. In other words, the location of a driver is
dependent on the incentive that we assign to them, because the likelihood of various decisions
changes with different incentives. Let us first explain our notation for the offered incentives:
For each driver, we have a one hot encoded vector describing which route has been
incentivized and how much reward has been assigned to it. Thus, for each driver we have a
binary vector s € {0,1}|R|'|7| in which only one element has a value of one and it corresponds to
the route and the incentive amount that we offer. As we need one vector for each driver, we
can aggregate all our incentivization strategy in a matrix S € {0,1}(|R|'|7|)X|N|. Naturally, routes
that are not relevant to that OD pair of a driver will get a value of zero in the corresponding
incentive vector (since we cannot offer those routes to the driver).

Using the above definition, the product S1isa (|R| - |7]) X 1 vector where (S1),; represents
the number of drivers receiving incentive i for choosing route r. To understand the drivers'
responses to our offered incentives, we need to estimate the probability of acceptance of
incentivized routes under different incentives including zero incentive (i.e, no incentive). To
model this probability, we use the utility function provided in [64] and compute the probability
of acceptance of each offered incentive (by using a Softmax function on top of the utility).
While the model in [64] takes many parameters (such as gender, age, length of the route,
education of the driver) as input, in our model and numerical experiments we only consider the
travel time and the reward value to generate the probability of acceptance of a given
incentive/reward?. Let P € [0,1]|R|X(|R|’|7D be a matrix encoding the information of probability
of picking different routes given the offered (route,incentive) pairs. Thus, the vector PS1 €
RIRIXI shows the expected number of vehicles in each route.

Given the number of vehicles in each route, the position of each driver for the next time
horizon can be modeled in a probabilistic fashion. In other words, one can model/compute the
probability of the presence of a vehicle in different road segments in the next time horizon. For
this purpose, we rely on the model developed in [65] where a specific matrix R €

3 Clearly, one can make the model more accurate and personalized by including parameters such as the gender,
age, and education of any individual driver.
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[0,1]U€MHTDXIRT s nroposed to estimate the probability of the presence of a driver in a given
road segment at a specific time in the future (assuming that the driver is picking a specific
route). Thus, the vector

? = RPS1 € RUEHTDx1

represents the expected number of vehicles in all the links at each time slot. Plugging in the
above volume vector in the function in (7), we get:
€] |T|

Fap(¥) = Z Z Ortfop(0t) Ly
€] |T

=" (AS1)y¢for (6((AS1)e)) Le

(=1 t=1
€] |T|

= Z Z(a;',Sl)f('E (0((agtS1)et)) Ly

=11=1

where a; . is the row of matrix A = RP which corresponds to link I at time t. Thus, in order to
minimize the total Carbon emission in the system via providing incentives to drivers, we need to
solve the following optimization problem:

€] ||

msin Z Z(ap!fSI)f(,'h‘ ((5((&(-.{81)(-‘1)) L

=1 t=1
s.it. ST1=1
c’S1 <0
DS1 =q
S € {0, 1}(|’RIIII)><W\

(8)

where ¢ € RlJr]Rl"”[I is the vector of cost of incentives assigned to each route, D € {0,1}}**19D js
the matrix of incentive assignments to the OD pairs, and q € R¥*1l s the vector of the number
of drivers for each OD pair. Here, K is the number of OD pairs. In what follows, we explain the
constraints in more details:

Constraint 1 (S'1 = 1): This constraint simply states that we only assign one incentive to each
driver.

Constraint 2 (¢ § 1 < Q): This is our budget constraint. We need a vector ¢ € RIRI!!l that
represents the cost of the different rewards assigned to each driver. Hence, given a matrix S,
the total cost of incentive strategy S can be computed as ¢'S1.

Constraint 3 (DS1 = q): This constraint makes the model aware of the number of drivers that
are traveling between each OD pair to make sure that we offer the correct number of rewards
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for the routes between each OD pair. Recall that S1 represents the (expected) number of
drivers that have been offered different routes given different rewards. We use matrix D to
sum up the number of drivers that have received the different reward offers for the routes
between the same OD pair so we get the vector of the number of drivers that are traveling
between each OD pair. q is the vector of the actual number of drivers that are travelling
between OD pairs and DS1 should be equal to q.

Constraint 4 (S € {0'1}(|7e||7|)><|1\r|): This constraint imposes binary structure on our decision
parameters. In other words, 0 is not choosing an incentive and 1 is selecting the incentive as
explained before.

To better understand our model, we provide an example in Appendix “An Example of the
Model and Notations”.

Algorithm for Offering Incentives and A Distributed Implementation

Optimization problem (8) is of large size while it needs to be solved in real time in the network.
However, due to the existence of binary variable S, solving this problem efficiently is difficult*.
In order to develop an efficient solver for (8), we first relax the binary constraint in (8) and
replace it with the relaxed convex constraint S € [0,1]IRIFDXIVI jeading to the relaxed
formulation:

€] |7
msin ZZ(af:tSUfCF. (6(arsS1)) Ly
' i=1t=1
. ST1 —
st. ST1=1 )
c’S1 < Q)
DS1 =q

S e [0, 1](RIZDx V]

The constraints in the above optimization problem are clearly convex. However, as we show in
Appendix “Convexity of the CO2 Emission Function”, the objective function is not necessarily
convex in general. Luckily, as we demonstrate in Appendix “Convexity of the CO2 Emission
Function” the above problem is convex for a wide range of problem instances and in particular
for the setting of our numerical experiments. This convexity will allow us to explore the use of
standard solvers such as CVX [69], a package for specifying and solving convex programs.
However, these solvers rely on methods such as interior point methods [70] which requires

0 (n®) number of iterations with n being the number of variables. This heavy computational
complexity prevents us from applying standard solvers. However, in our context, each driver is
equipped with a smartphone, and thus, we can distribute the computational burden of solving

4 We conjecture that problem (8) is NP-hard to solve since it is a special instance of polynomial optimization with
discrete variables and there seems to be no special structure in function f to reduce its complexity.
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(9) among the drivers. In what follows, we propose a simple reformulation of the problem
leading to a distributed algorithm for solving (9).

To present our algorithm, let us start by reformulating (9) as
& |T|
fy.u.S].]\]Ni].]I-I.z..-% g;% tfor ( (e, f))
st. Sl=u, WT1=1
Du=q. Au=vx (10)
H=S W=8S
clu+p5=0Q. >0

He {0. ]](|R|'\I|)X\M|

As we discuss in Appendix “Details of Alternating Direction Method of Multipliers (ADMM)”,
this formulation is amenable to the ADMM method [[71]—-[74]], which has a natural distributed
implementation. Thus, we rely on the ADMM algorithm for solving (9). The steps of this
algorithm are summarized in Algorithm 1 below and the details of the derivation of its steps is
provided in Appendix “Details of Alternating Direction Method of Multipliers (ADMM)”.

In Algorithm 1, T1(+) o 1] is the operator that projects each entry of the input matrix to the
interval [0,1]. Notice that in Algorithm 1, Steps 4, 5, and 7 are computationally cumbersome
due to the size of matrices W, S, and H. However, notice that each column of the matrices W, S,
and H corresponds to a single driver and hence the computation corresponding to each column
can be performed in parallel on the smartphone devices of the drivers. Moreover, in Step 7 of
Algorithm 1, we need to solve L X T single dimensional optimization problems (which we can
rely on methods such as bisection or Newton to solve). Moreover, since these optimization
problems are not coupled, they can be solved in parallel on the driver's smart devices. Theorem
1 guarantees the convergence of our ADMM algorithm.

Theorem 1 Let Fce(.) be as defined in (5). Then, Algorithm 1 finds an E-optimal solution of
problem (9) in O(1/E) iterations.

While Algorithm 1 returns the solution of the optimization problem (9), this problem is a
relaxation of the original problem (8). Hence, the obtained solution in Algorithm 1 must be
“rounded” to a feasible point in (8). For this step, we use the Quantized-Alternating Direction
Method of Multipliers (ADMM-Q), which has been tremendously successful in recent years for
training binarized neural networks [[75]-[84]] and has been shown to converge to a
“stationary” notion of the original problem in [85]. The details of this rounding process is
presented in Appendix “Details of Alternating Direction Method of Multipliers (ADMM)”.
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Algorithm 1 ADMM

: Input: Initial values: 47, S°, H°, WP, u®, 30, A € RIRIEI X)) e VDA A9 e RET A) €

RIEFT*1AD ¢ RIRIZIXVIAD e R, AD € RIFRIEXINT Dual update step: p, Number of iterations: 7.
2: fort=0,1,....,T do
3: u'tl = (pI 4 pDTD + pATA + peeT) 1AL + pS'1 — DTAL 4 pDTq — ATA, 4 pATy! —c(AL +

Bt — Q)

_ {
4 WHL = (p117 4 pI)~1(p11T + pS* — AL — 1A]T)
t41 _ t 1At

s HU=11(8' - LAY)

B 5
(0,1]
6: SHL = (puft1T + AL 4 pH + AL + pWIE — ATIT) (11T + 2p0) !
T forf:O.L...,|8|d0
8 fort=1,...,|T|do
9 v, i = argmin~y, ;for (5 (’m)) Le+ X (@0’ = v5) + §agut — v, )
ek '

10: end for

11: end for

122 Bl =TI (Q —cTutt! — l,\ﬂ)
! P 6 R+

13 AT = AL 4 p(sttlL - u't)

4 ALTE= AL+ p(WiFITT — 1)

15: )\;f: = AL+ p(Du't! — q)

16: A= AL + p(Auft — 4t

17: AL = AL 4 p(H!H! — St

18 AT = AL peTult! 4 gt - Q)

19:  ALTU = AL 4 p(WiFL — 8t

20: end for

21: Return: 8T

Numerical Experiments

We evaluate the performance of our method using data from the Los Angeles area. The Los
Angeles region is ideally suited for being the validation area because for various OD pairs, there
are a number of routes that connect them. Additionally, researchers at the University of
Southern California have developed the Archived Data Management System (ADMS) that
collects, archives, and integrates a variety of transportation datasets from Los Angeles, Orange,
San Bernardino, Riverside, and Ventura Counties. ADMS includes access to real-time traffic
datasets from 9500 highway and arterial loop detectors providing data approximately every 1
minute.

Due to a lack of access to all the drivers’ routing information, we need to estimate the origin-
destination (OD) matrix from the network flow information. Rows and columns of the OD
matrix correspond to the origin and destination points respectively. For instance, for OD matrix
A, the element A(i,j) is the number of drivers going from point i to point j. The fundamental
challenge of the OD matrix estimation problem is that it is severely under-determined [[86]—
[88]]. There are two categories of OD matrices; static and dynamic OD matrix and both have
been studied extensively (see the review article [89], and the references therein). In static
methods, the traffic flows are considered as time-independent and an average OD demand is
determined for long-term transportation planning and design purposes [89]. Dynamic OD
demand represents the number of travelers departing from an origin at a particular time
interval heading for a destination [65]. Due to the high resolution of our data, most of the
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existing dynamic OD estimation (DODE) methods become computationally inefficient. In
addition, we do not have prior data of the OD matrix which many studies consider as given data
[[90]-[93]] and we do not have access to prior observations of the OD matrix. Given these
barriers, we use the algorithm proposed by [65] which can handle the high-resolution data to
carry out the DODE without employing any prior OD matrix information as a ground-truth.

We use CO; emission as one criterion to evaluate the performance of our incentive offering
mechanism. We compare the performance of incentive offering mechanism to the “baseline”
mechanism where no rewards are offered to the drivers.

We make the following two assumptions about the vehicles in the traffic.

e Drivers’ vehicles have Petrol engine.

e The provided Petrol is Euro IV.

Based on these two assumptions, we have the following emission function:

fee(8) = 523.7 — (1654.4 x 1072) § + (2635.4 x 107%) 6% — (1771.5 x 1076) &3
+ (4429 x 1078) 54

where § € R is the average speed in km/h at the link.

Simulation Model

In our numerical experiments, we integrate different data sets and models to simulate our
provided optimization models. First, we extract the speed data, volume data, and sensor
information including the location of sensors from the Archived Data Management System
(ADMS). ADMS collects, archives, and integrates a variety of transportation datasets, and it
includes real-time traffic data (such as speed and volume) of arterial ways for every 1 minute.
We also use distance of sensors which is extracted from the location of sensors by using Google
Maps API. Using this distance data, we create the graph of the network. We created two sets of
graph networks for the University of Southern California (USC) neighborhood data with two
different sets of OD points which are depicted in Figure 1 and Figure 3. In the next step, the
speed data, volume data, and the network graph are used for estimating OD pairs by the
algorithm provided in [65]. The total number of estimated incoming drivers are presented in
Figure 2 and Figure 4. For each OD pair, we find up to four different routing options. In
particular, we start by the shortest path for each OD pair. Then, we remove the edges in this
path and go with the second shortest path, and we continue this process until we find 4
different routes between the origin and destination (or no other routes exist). We use the
model in [64] to compute the probability of accepting different offers on the different routes
for each individual driver. This model is based on a utility function that considers the travel time
of the path and the value of the offered incentive to predict the probability of its acceptance.
Notice that this model is “personalized” since different individuals respond differently to the
same incentive. In particular, features such as gender, salary, or level of education can influence
the individual’s response to the offered incentive [64]. Thus, this model includes individual
features such as the salary and education of the drivers to model their behavior. In our
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numerical experiments, however, due to lack of data about each individual’s features, we only
consider the travel time of the path and the value of the offered incentive. Moreover, in our
experiments, we assume that we have access to all the drivers that are currently in the system
and we can offer an incentive to each individual one. If we have access to a portion of drivers,
we can simply consider a zero value of incentive in our utility function and compute the
probability of different paths based on their total travel time.

Experiment |

In Experiment |, we check the performance of models (3) and (4) using the ADMS data for May,
5t of 2018 with the incentive set 7 = {$0, $1,$2, $5, $10,$1000}. The region considered in
our analysis is depicted in Figure 1. This region includes the data of 301 sensors. Based on the
ADMS data, we created a graph with 41 nodes and 139 links. OD points are located on
intersections and close to the ramp of the highways. The number of OD pairs is 1681 and there
are 4286 paths between them in total. The estimated total number of drivers incoming to the
system between 5 AM to 9 AM by the OD estimation algorithm is depicted in Figure 2. Results
of model (3) are presented in Table 1, Table 2, and Table 3; and the results of model (4) are
presented in Tables 4, 5, and 6.
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Figure 1. Region set
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Figure 2. Total estimated number of drivers entering the system (in 15-minute intervals)

Notice that these models may result in infeasible optimization problems. Hence, we included a
parameter « in our formulation as the multiplier of the allowed capacity. For instance, a = 2.0
means that the optimization model tries to keep all traffic flows beyond twice the nominal
capacity of the links. We only consider this multiplier during the computation of incentives;
however, during the computation of Carbon emission and total travel time we use the original
capacity. In this experiment, we use Google services to compute distances between various
nodes, we also pick the route with highest probability for each driver when no incentive is
offered (i.e., we assumed zero incentive in our probabilistic model for such drivers). To
compute the Carbon emission, we need the expected total travel time based on the expected
volume of the links after incentive assignments which is presented as total travel time in the
tables below. The “CO; decrease” column is the percentage of decrease of Carbon emission
compared to the scenario where no incentive is provided.

Table 1. Experiment | for model (3), traffic of 6-7 AM

Time: 6-7 AM
o parameter Cost ($) | CO, (gx10°) | CO, decrease| Total travel time
(hour)
a=15 Infeasible
a=2.0 306 | 2874 | 024% | 420.22
Table 2. Experiment | for model (3), traffic of 7-8 AM
Time: 7-8 AM
o parameter Cost (S) ‘ CO; (gx109) ’COZ decrease |Tota| travel time (hour)
a=15 Infeasible
a=2.0 952 | 4578 | 0.82% | 720.18
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Table 3. Experiment | for model (3), traffic of 8-9 AM

Time: 8-9 AM
o parameter Cost (S) ‘ CO; (gx109) ‘COZ decrease ‘Total travel time (hour)
a=10 Infeasible
a=15 4512 3.781 4.59% 538.18
a=2.0 422 3.925 0.96% 593.11

As can be seen in Tables 1, 2, and 3, the optimal choice of « is not clear before tuning and it
requires a line search to identify it. Due to the high traffic volume between 6 AM and 9 AM
(rush hours), traffic is beyond the capacity of the roads so with the original capacity of the road
(o = 1.0) or even higher capacity (@ = 1.5), we cannot satisfy the demand in all the road
segments. Hence, in model (3), we need to find out the reasonable capacity (by tuning a) in
which we do not have infeasibility.

Table 4. Experiment | for model (4), traffic of 6-7 AM

Time: 6-7 AM
Budget ($ x 103)
0 0.1 1 10 100
Cost ($ x 103) 0 100 1 10 99.35
CO; (g x109) 2.881 | 2.863 | 2.741 | 2.366 | 2.311
CO; decrease 0% 0.62% | 4.86% | 17.88% | 19.78%
Total travel time (hour) | 431.37 | 428.97 | 410.01 | 365.36 | 371.37

Table 5. Experiment | for model (4), traffic of 7-8 AM

Time: 7-8 AM
Budget ($ x 103)
0 0.1 1 10 100
Cost ($ x 103) 0 100 1 10 99.955
CO, (g x10°) 4.616 | 4.593 | 4.416 | 3.795 | 3.659
CO, decrease 0% 0.5% | 4.33% | 17.79% | 20.73%
Total travel time (hour) | 769.32 | 764.55 | 721.66 | 615.78 | 633.13

Table 6. Experiment | for model (4), traffic of 8-9 AM

Time: 8-9 AM
Budget ($ x 103)
0 0.1 1 10 100
Cost ($ x 103) 0 100 1 10 99.138
CO; (g x109) 3.963 | 3.939 | 3.783 | 3.222 3.134
CO; decrease 0% 0.61% | 4.54% | 18.70% | 20.92%
Total travel time (hour) | 615.60 | 610.86 | 582.12 | 492.95 | 507.13
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As can be seen in the above tables, when the available budget increases, the central planner
can reduce congestion further, which in turn results in lower CO; emissions and a decreased
total travel time. Moreover, we observe that there is a diminishing return when we increase the
budget. For example, in Table 5 and Table 6, when the budget is increased from $1000 to
$10,000, the CO; emission decrease is improved by almost a factor of 4. However, increasing
the budget further to $100,000 will only slightly improve the total CO, emissions of the system.

Experiment Il

In Experiment I, we evaluate the performance of our methods in a slightly different setting. In
this setting, the incentive set is {$0, $2, $10}. The region under analysis is similar to the region
in Experiment |, which is depicted in Figure 2. But in this region, we decreased the number of
OD points to 17 to shrink the size of the data. The number of OD pairs becomes 289 and there
are 672 paths between them in total. The estimated total number of drivers incoming to the
system between 5 AM to 9 AM by the OD estimation algorithm is depicted in Figure 4.
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Figure 3. Region set Il
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Figure 4. Total estimated number of drivers entering the system (in 15-minute intervals)

Table 7. Experiment Il for model (3), traffic of 6-7 AM

Time: 6-7 AM
a parameter Cost (S) | CO, (g x10°) |C02 decrease | Total travel time (hour)
a=2.0 Infeasible

Table 8. Experiment Il for model (3), traffic of 7-8 AM

Time: 7-8 AM
o parameter Cost (S) ‘ CO, (g x10°) ’COz decrease | Total travel time (hour)
a=20 Infeasible

Table 9. Experiment Il for model (3), traffic of 8-9 AM

Time: 8-9 AM
o parameter Cost (S) ‘ CO; (g x10°) ‘ CO; decrease | Total travel time (hour)
a=2.0 Infeasible

Table 10. Experiment Il for model (4), traffic of 6-7 AM

Time: 6-7 AM
Budget (S x 103)
0 0.1 1 10 100
Cost ($ x 103) 0 100 1 10 | 31.428
CO, (g x10°) 2.544 | 2.524 | 2.429 | 2.242 | 2.242
CO; decrease 0% 0.79% | 4.52% | 11.87% | 11.87%
Total travel time (hour) | 386.39 | 383.47 | 375.39 | 433.09 | 513.99
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Table 11. Experiment Il for model (4), traffic of 7-8 AM

Time: 7-8 AM
Budget ($ x 103)
0 0.1 1 10 100
Cost ($ x 103) 0 100 1 10 | 44.536
CO, (g x10°) 4.073 | 4.054 | 3.921 | 3.729 | 3.818
CO, decrease 0% 0.47% | 3.73% | 8.45% | 6.26%
Total travel time (hour) | 707.38 | 704.69 | 681.99 | 967.51 | 1281.26

Table 12. Experiment Il for model (4), traffic of 8-9 AM

Time: 8-9 AM
Budget ($ x 103)
0 0.1 1 10 100
Cost ($ x 103) 0 100 1 10 | 39.302
CO; (g x10°) 3.562 | 3.540 | 3.415 | 3.199 | 3.272
CO; decrease 0% 0.62% | 4.13% | 10.19% | 14%
Total travel time (hour) | 561.21 | 557.73 | 535.15 | 665.68 | 935.47

Again, we observe that increasing the budget will result in lower traffic volumes, lower CO;
emissions, and shorter total travel time. We also observe the diminishing return phenomenon
when increasing the budget, as described before.

Experiment Il

In Experiment Ill, we evaluate the performance of our methods in a similar setting as
Experiment | but for a different region. This region includes the highways of a portion of Los
Angeles county depicted in Figure 5. There are 25 OD points in this region with 625 OD pairs,
resulting in 1331 paths between them in total. The estimated number of drivers entering the
system between 5 AM to 9 AM is depicted in Figure 6.
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Table 13. Experiment lll for model (3), traffic of 6-7 AM

Time: 6-7 AM
o parameter Cost (S) ‘ CO; (g x10°) | CO; decrease | Total travel time (hour)
a=1.0 Infeasible
a=1.5 6866 57.390 3.73% 4324.12
a=2.0 2591 58.355 2.11% 4449.03

Table 14. Experiment lll for model (3), traffic of 7-8 AM

Time: 7-8 AM
o parameter Cost (S) ‘ CO; (g x10°) ‘ CO; decrease | Total travel time (hour)
a=1.0 Infeasible
a=1.5 5450 53.748 4.07% 3932.50
a=2.0 2308 54.508 2.71% 4035.53

Table 15. Experiment Il for model (3), traffic of 8-9 AM

Time: 8-9 AM
o parameter Cost (S) ‘ CO; (g x10°) ‘ CO; decrease | Total travel time (hour)
a=1.0 Infeasible
a=1.5 3936 48.64 4.04% 3406.33
a=2.0 1715 49.387 2.56% 3527.92
Table 16. Experiment lll for model (4), traffic of 6-7 AM
Time: 6-7 AM
Budget ($ x 103)
0 0.1 1 10 100
Cost ($ x 103) 0 100 1 10 99.11
CO2 (g x10°) 59.615 | 59.567 | 59.366 | 56.928 | 56.087
CO, decrease 0% 0.08% | 0.42% | 4.51% | 5.92%
Total travel time (hour) [5412.54|5403.76|5376.96|4640.98 | 5009.11
Table 17. Experiment lll for model (4), traffic of 7-8 AM
Time: 7-8 AM
Budget ($ x 103)
0 0.1 1 10 100
Cost ($ x 103) 0 100 1 10 99.33
CO: (g x10°) 56.028 | 55.982 | 55.625 | 52.836 | 51.738
CO; decrease 0% 0.08% | 0.72% | 5.70% | 7.66%
Total travel time (hour) |4834.51|4817.06|4737.40|4078.53| 4737.25
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Table 18. Experiment lll for model (4), traffic of 8-9 AM

Time: 8-9 AM
Budget ($ x 103)
0 0.1 1 10 100
Cost ($ x 103) 0 100 1 10 99.681
CO, (g x10°) 50.686 | 50.65 |50.276 | 47.533 | 46.105
CO; decrease 0% 0.07% | 0.81% | 6.22% | 9.04%
Total travel time (hour) |[4087.44|4078.89|4019.53|3482.51 {4172.35

Experiment IV

In Experiment IV, we evaluate the performance of our methods in a similar setting as
Experiment Il with the region being similar to the region in Experiment lll.

Table 19. Experiment lll for model (3), traffic of 6-7 AM

Time: 6-7 AM

a parameter

Cost (S) ‘ CO, (g x10°) ’COz decrease | Total travel time (hour)

a=1.0 Infeasible
a=1.5 6866 57.390 3.73% 4324.12
a=2.0 2591 58.355 2.11% 4449.03

Table 20. Experiment lll for model (3), traffic of 7-8 AM

Time: 7-8 AM

a parameter

Cost (S) ‘ CO, (g x10°) ‘COz decrease | Total travel time (hour)

a=1.0 Infeasible
a=15 5450 53.748 4.07% 3932.50
a=2.0 2308 54.508 2.71% 4035.53

Table 21. Experiment Il for model (3), traffic of 8-9 AM

Time: 8-9 AM

a parameter

Cost (S) ‘ CO, (g x10°) ‘COz decrease | Total travel time (hour)

a=1.0 Infeasible
a=1.5 3936 48.64 4.04% 3406.33
a=2.0 1715 49.387 2.56% 3527.92
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Table 22. Experiment lll for model (4), traffic of 6-7 AM

Time: 6-7 AM
Budget ($ x 103)
0 0.1 1 10 100
Cost ($ x 103) 0 100 1 10 99.11
CO, (g x10°) 59.615 | 59.567 | 59.366 | 56.928 | 56.087
CO, decrease 0% 0.08% | 0.42% | 4.51% | 5.92%
Total travel time (hour) |5412.54|5403.76|5376.96|4640.98 | 5009.11
Table 23. Experiment lll for model (4), traffic of 7-8 AM
Time: 7-8 AM
Budget ($ x 103)
0 0.1 1 10 100
Cost ($ x 103) 0 100 1 10 99.33
CO; (g x10°) 56.028 | 55.982 | 55.625 | 52.836 | 51.738
CO; decrease 0% 0.08% | 0.72% | 5.70% | 7.66%
Total travel time (hour) |4834.51|4817.06|4737.40|4078.53| 4737.25
Table 24. Experiment lll for model (4), traffic of 8-9 AM
Time: 8-9 AM
Budget ($ x 103)
0 0.1 1 10 100
Cost (S x 103) 0 100 1 10 99.681
CO; (g x10°) 50.686 | 50.65 |50.276 | 47.533 | 46.105
CO; decrease 0% 0.07% | 0.81% | 6.22% | 9.04%
Total travel time (hour) |[4087.44|4078.89|4019.53|3482.51 {4172.35

Table 25 summarizes the result of experiments | and Il and Table 26 summarizes the results of
experiments lll and IV for 7-9 AM (which can be considered as rush hour times in Los Angeles).
We observe that increasing the budget results in higher average amount of offered incentives,
higher percentage of drivers to whom we offered the incentive, and higher reduction in Carbon
emissions. The improvement in the reduction of Carbon emissions is by a factor of almost 4 and
2 in experiments | and Il respectively when the budget is increased. Also, the improvement in
the reduction of carbon emissions is by a factor of almost 8 in experiments Il and IV when the
budget is increased. For more details about the distribution of offered incentives to the drivers
at 7-8 AM and 8-9 AM in experiments |, II, lll, and IV, please see Table 30-Table 37 in the

Appendix.

lYNCST

26



Table 25. Comparison of $1k and $10k budget for 7-8 AM and 8-9 AM in experiment | and Il

N f
l;r:;\k/)::so Budeet Percentage of Average of Reduction in
entering the | (4 x 1gO3) drivers to whom we | the incentive Carbon
systegm offered incentive amount Emission
7-8 AM 2402 1 8.94% 1.51 4.33%
Exp. | 10 43.12% 3.13 17.79%
8-9 AM 6380 1 9.86% 1.59 4.54%
Exp. | 10 47.46% 3.30 18.70%
7.8 AM 4856 1 10.30% 2 3.73%
Exp. |l 10 79.08% 2.60 8.45%
8.9 AM 1308 1 11.61% 2 4.13%
Exp. Il 10 79.67% 2.91 10.19%

In addition, Table 25 shows that even offering incentives to 9% of the vehicles (with the average
of $1.5 monetary incentive per driver) can reduce the CO, emissions by 4%. If approximately
45% of the drivers are incentivized with the average of $2-$3 per driver, the CO2 emissions can
reduce by more than 20%. Moreover, we observe a diversity gain in Experiment | compared to
Experiment Il. More precisely, in Experiment | where the number of possible ODs is larger, we
obtain further improvement in congestion reduction by increasing the monetary budget.

Table 26. Comparison of $1k and $10k budget for 7-8 AM and 8-9 AM in experiment | and Il.

Number of Budeet Percentage of Average of Reduction in
drivers entering (S x 503) drivers to whom we | the incentive Carbon
the system offered incentive amount Emission
} 1 3.78% 1.75 0.72%
/-8 AM 15096
Exp. Il 10 21.91% 3.02 5.70%
. 1 2.91% 2.55 0.81%
89AM 13463
Exp. Il 10 23.35% 3.18 6.22%
_ 1 2.99% 2.21 0.69%
/-8 AM 15096
Exp. IV 10 21.30% 3.11 5.33%
) 1 2.93% 2.53 0.46%
89 AM 13463
Exp. IV 10 21.15% 3.51 5.56%
27
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Table 26 shows that offering incentives to 1.75% of the vehicles in the large portion of Los
Angeles county (with the average of $1.75 monetary incentive per driver) can reduce the CO;
emissions by 0.72%. If approximately 21.91% of the drivers are incentivized with the average of
S3 per driver, the CO, emissions can reduce by more than 5%. Although the percentage of
reduction in Experiment Il and IV is smaller than Experiment | and Il, we should consider that
Experiment lll and IV includes much larger area than Experiment | and Il and the scale of Carbon
reduction is different. Furthermore, we observe a diversity gain in Experiment Illl compared to
Experiment IV which was observed in Experiment Il and IV as well. For more details about the
distribution of offered incentives to drivers at 7-8 AM and 8-9 AM in experiment |, please see
Table 30-Table 37 in the Appendix.

Conclusion

In this project, we developed mathematical models and proposed algorithms for offering
personalized incentives to drivers to reduce congestion in the network. In this framework,
drivers share their origin-destination and routing information with a central planner. Based on
this information, the central planner then offers incentives to drivers to incentivize/enforce a
socially optimal routing strategy. The incentives are offered based on solving a large-scale
optimization problem in our framework. In our framework, we bring together prior works to
model the behavior of drivers in response to the offered incentives as well as the resulting
congestion reduction in the network. We consider different formulations such as optimizing a
utility of traffic flows subject to budget constraints; or minimizing the cost of offering incentives
subject to traffic flow constraints. We also pay special attention to minimizing the carbon
emission of the network and show that this problem leads to a convex optimization problem in
our data. In addition, we showed that this problem can be solved in a distributed fashion where
some of the computations are performed on individual drivers’ smart devices. Finally, we
evaluated the performance of some of our models and algorithms using the Archived Data
Management System (ADMS) data. Our experiments show that the proposed framework can
lead up to 27% decrease in the total carbon emission of the system during rush hour times.

In this work, the incentives are only offered to alter the routing decision of the drivers. As
future work, it is crucial to look at the effect of offering incentives to change the mode or time
of the drivers’ trips. These options will bring additional flexibility to the model, which in turn
will result in further congestion reduction.
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Data Management

Products of Research

Research products of this work will be submitted in peer-reviewed journal articles, book
chapters and/or conference proceedings targeted towards the transportation science research
community. All the resulting code for offering incentives are available through the Dryad data
repository (https://doi.org/10.5061/dryad.ncjsxkst8). In addition, the codes will be shared on
the PI’s repository (https://github.com/optimization-for-data-driven-science). Our goal is to
make the use of our algorithm and its implementation convenient to the transportation science
research community.

Data Format and Content

First, we imported the raw data from the ADMS. Next, we preprocessed the data based on our
criteria such the type of sensors, time interval of data, and region. Also, we extract the graph of
the network on Networkx. Finally, we use the data for OD estimation and to solve our
optimization model.

Our codes are in Python 2 and 3. Nine Python files have been produced in this project:

1. All_in_onel.py: This file generates two sets of files. It gets the preprocessed speed and
volume data in CSV format and its output is pickled Pandas DataFrame format of both
preprocessed data sets in separated files. Also, it gets the location data of sensors and
computes the distance of sensors. Next, it creates the graph network by Networkx
package and saves the file in pickled format. All the processes are in Python3 format.
Running this code needs APl key for Google Maps because we use Google service to find
the distances.

2. All_in_one2.py: Inputs and outputs are same as All_in_onel.py but in Python2 format.

3. base.py: It includes functions that are used as tools in other Python files. For example,
Path class is defined in this file.

4. data_loader.py: It consists of functions related to loading and saving data and their
format.

5. address.py: It includes functions that create the address of output files.

6. link_capacity.py: This file generates the free flow travel time, free flow speed, and the
capacity of links based on the BPR function by using Gradient Descent Method from
PyTorch package. It also generates a CSV file including the distance of links with their ID.
The input files are the speed data, volume data, and the graph of the network. This code
is compatible with Python 3.

7. OptModel_linearl.py: The inputs are a YAML configuration file, graph of the network,
free flow speed of links, capacity of links, free flow travel time of the links, distance of
links, OD estimation, decision probability matrices, and the matrix of location of drivers.
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The output is the optimized objective value of model (3) and total travel time and
Carbon emission. This code should be run Python 3.

OptModel_linear2.py: The inputs are a YAML configuration file, graph of the network,
free flow speed of links, capacity of links, free flow travel time of the links, distance of
links, OD estimation, decision probability matrices, and the matrix of location of drivers.
The output is the optimized objective value of model (4) and total travel time and
Carbon emission. This code should be run Python 3.

run.py: The inputs are a YAML configuration file, graph of the network, speed of links,
and volume of the links. The outputs are OD estimation, a matrix of travel time of each
link, decision probability matrices, and the matrix of location of drivers. This code should
be run on Linux and Python 2.

Here, we have provided a description of our data sets and we can share a sample of our run
upon a reasonable request.

YAML files are configuration files for each setting of optimization and OD estimation.
congestion_inventory(original).csv: the information of sensors

Mar2May_2018 new_5-22_link_capacity_region_x4_modified.csv: capacity of links in
CSV format

Mar2May_2018 new_5-22 link_capacity_region_x4 modified.pickle: capacity of links
in pickle format

Mar2May_2018 new_5-22 link_s_0 region_x4 modified.csv: free flow speed of links in
mile per hour in CSV format

Mar2May_2018 new_5-22 link_s_0 region_x4 modified.pickle: free flow speed of
links mile per hour in pickle format

Mar2May_2018 new_ 5-22 link_tt_0_hours_region_x4_modified.csv: free flow travel
time of links in hour in CSV format

Mar2May_2018 new_5-22 link_tt 0 _hours_region_x4 modified.pickle: free flow travel
time of links in hour in pickle format

Mar2May_2018 new_5-22 link_tt_0_minutes_region_x4 modified.csv: free flow travel
time of links in minutes in CSV format

Mar2May_2018 new_5-22_link_tt_O_minutes_region_x4_modified. pickle: free flow
travel time of links in minutes in pickle format

Mar2May_2018 new_5-22 path_tt_minutes_region_x4_modified.pickle: free flow
travel time of paths in minutes in pickle format

Mar2May_2018 new_5-22 sensor_capacity_region_x4_modified.csv: capacity of
sensors in CSV format
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e Mar2May 2018 new_5-22 sensor_capacity region_x4_ modified.pickle: capacity of
sensors in pickle format

e Mar2May_2018 new_5-22_sensor_s_0_region_x4_modified.csv: free flow speed of
links in mile per hour in CSV format

e Mar2May_2018 new_5-22_sensor_s_0_region_x4_modified.pickle: free flow speed of
links in mile per hour in pickle format

e AdjMatrix_region_x4_modified_original.csv: adjacency matrix of the network in CSV
format

e link_length_meter_region_x4_modified_original.csv: length of the links in meter in CSV
format

e link_length_meter_region_x4_modified_original.pickle: length of the links in meter in
pickle format

e link_length_mile_region_x4 _modified_original.csv: length of the links in mile in CSV
format

e link_length_mile_region_x4 modified_original.pickle: length of the links in mile in pickle
format

e my _graph_region_x4 modified_original.gpickle: graph of the network in pickle format
e my_ID_region_x4_ modified_original.csv: ID of links in CSV format
e my_ID _region_x4 modified_original.pickle: ID of links in pickle format

e my _od_list region x4 modified_original.pickle: list of OD points of Experiment | in
pickle format

e my_od_list_region_x4_modified_original_sub1l.pickle: list of OD points of Experiment |
in pickle format

e unique_sensors_region_x4_modified_original.pickle: list of sensors in pickle format

e AdjMatrix_region_x4 modified_original_Distance.csv: distance of links in miles in CSV
format

e AdjMatrix_region_x4 modified_original_Distance. pickle: distance of links in miles in
pickle format

e my_od_list region_x4_modified_original_subl.pickle: OD pairs of Experiment Il in pickle
format

e OD_list_region_x4_original_sub1l.csv: list of OD points of Experiment Il in CSV format
e 2018 Feb2Nov_location_table.csv: location of sensors in CSV format

e my_link_avg_count_data_AVG15min_5-10_region_x4_modified_pad.pickle: volume of
links for 15 minutes intervals from 5 AM to 10 PM of March, April, May of 2018 in pickle
format
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e my_link_avg_spd_data_AVG15min_5-10_region_x4_modified_pad.pickle: speed of links
for 15 minutes intervals from 5 AM to 10 PM of March, April, May of 2018 in pickle
format

e sorted_IDs_Mar2May_2018 new_5-10_region_x4_modified_pad.csv: list of ID of
sensors in CSV format

e speed_Mar2May 2018 new_5-10_region_x4_modified_pad.CSV: speed of sensors for 5
minutes intervals from 5 AM to 10 PM of March, April, May of 2018 in CSV format

e volume_Mar2May_2018 new_5-10 region_x4_modified_pad.csv: volume of sensors
for 5 minutes intervals from 5 AM to 10 PM of March, April, May of 2018 in CSV format

e Outputs of OD estimation are saved in P_matrix_opt, Q_vector, R_matrix, tt, X_vector,
and observe_index_N files. P_matrix_opt includes the decision probability matrices.
Q_vector contains OD estimations. R_matrix includes the matrices of probability of
location of drivers. X_vector includes lists of observed links from the network.
Observe_index_N has index files of each link for running OD estimation.

Data Access and Sharing

The codes are free to share and open to the public. In particular, the codes are available via the
Dryad data repository (https://doi.org/10.5061/dryad.ncjsxkst8). Moreover, the code are
available on the GitHub repository of the PI (https://github.com/optimization-for-data-driven-
science).

As input to our codes, we used Archived Data Management System (ADMS) that collects,
archives, and integrates a variety of transportation datasets from Los Angeles, Orange, San
Bernardino, Riverside, and Ventura Counties. ADMS includes access to real-time traffic datasets
from i) 9500 highway and arterial loop detectors providing data approximately every 1 minute,
and ii) 2500 bus and train GPS location (AVL) data operating throughout Los Angeles County.
We can share a sample of our run upon a reasonable request.

Reuse and Redistribution

USC’s policy is to encourage, wherever appropriate, research data to be shared with the general
public through internet access. This public access will be regulated by the university in order to
protect privacy and confidentiality concerns, as well to respect any proprietary or intellectual
property rights. Administrators will consult with the university’s legal office to address any
concerns on a case-by case basis, if necessary. Terms of use will include requirements of
attribution along with disclaimers of liability in connection with any use or distribution of the
research data, which may be conditioned under some circumstances.

Suggested citation:

Ghafelebashi Zarand, Seyed Ali; Razaviyayn, Meisam; Dessouky, Maged (2021), Congestion
reduction via personalized incentives, Dryad, Dataset,
https://doi.org/10.5061/dryad.ncjsxkst8
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Appendix

List of Notations

The following symbols are used in this report.

lYNCST

G: Directed graph of traffic network

V: Set of nodes of graph G which correspond to major intersections and ramps

E: Set of edges of graph G which correspond the set of road segments

e: An edge of graph G which corresponds to a road segments in the traffic network

|E|: Total number of road segments/edges in the network G (i.e., the cardinality of the
set E)

r: Route vector

T: Time horizon

|T|:Number of time units (i.e., the cardinality of T)

t: One unit of time

v,: Capacity vector of road segments

v;: Volume vector of road segments at time t

N: Set of drivers

|N|: Number of drivers (i.e., the cardinality of the set N)

R,,: Set of possible route options for driver n

I,: Set of possible incentives to offer to driver n

s;"": Decision parameter indicates whether incentive i is offered to driver n for route r
pir’n: The probability of acceptance of route r by driver n given incentive i

A~

T,.: The estimate of the travel time for route r provided by the incentive offering
platform

T,.: Travel time for route r

B, ¢: The vector of location of driver that is driving in route r at time t
qi: The cost of incentive i

f.:(.): Carbon emission function

L: Length of the link

S: Decision matrix

R: The matrix of location of a driver
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e P: Route choice probability matrix
e D: The matrix of incentive assignment to OD pairs
e (: The vector of number of drivers for each OD pair

e c: The vector of cost of incentives assigned to each route

Q: Budget

Robust Traffic Flow Prediction

In this section, we present the details of our speed prediction algorithm used as the input data
in our optimization model. The prediction algorithm is based on a fully connected Neural
Network with historical and real-time traffic data as input and the speed of next |T| times
ahead as output. The standard approach have been minimizing a loss function 1(.) to learn a set
of parameters w based on the observed data (x;,y;),i = 1,2, ...n:
n
mvén z (x5, y0), w).

i=1

For simplicity, we define f;(w): = l((xl-,yi), W) and re-write the above training procedure as

m‘}n i fi(w).

Previous studies such as [57] predict the traffic flow/speed based on the standard approach.
Although the average error in the previous studies is small, there is no guarantee to have a
small error for different road segments in the network. In fact, we observe that for some
particular road segments the predictions are far from the actual values. This could significantly
affect our next modeling steps by moving away or bringing a lot of drivers to those road
segments. To make the error in our predictions more reliable, we suggest the following
modification. Motivated by the concept of conditional-value-at-risk, we propose to minimize
the average of the k worst prediction errors in the set of predictions. In particular, we
formulate the problem as a min-max problem

n
min max ZT,- filw)
Wt
i=1
T

st Y ti=k, (11)

i=1
t, <1,vVi=1,2,....n,
t; >0 Vi=1,2,...,n.
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where w is the vector of weights of Neural Network and we want to minimize the loss function
by learning them and t € [0,1]% chooses the worst k predictions so we maximize the objective
function w.r.t. t. The constraint ;i t; = k imposes the number of worst predictions.

Details of Alternating Direction Method of Multipliers (ADMM)

Before explaining the steps of our proposed algorithm, let us first explain Alternating Direction

Method of Multipliers (ADMM), which is a main building block of our framework.

Review of ADMM

min h(w) + g(2) st. Aw + Bz =,

w,z

where w € R4,z € R%, c € R¥, A € R¥*% and B € R¥*?2, By forming the augmented
Lagrangian function

Llw,z,\) 2 h(w) +g(z) + (N, Aw + Bz — ¢) + %) Aw + Bz — ¢||3,

each iteration of ADMM applies alternating minimization to the primal variables and gradient
ascent to the dual variables. More precisely, at iteration r, ADMM uses the update rules:

Primal Update: wt = argmin L(w, 2", \"), (16)
u
2 =argmin L(w" 1, 2, )
Dual Update: N =\ 4 p (Au.'"“ + Bz — c)

This algorithm is well studied in the optimization literature (see [71] for a monograph on the us
of this algorithm in convex distributed optimization, [74] for its use in non-convex continuous
optimization, and [85] for its application in discrete optimization).
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ADMM for Solving (9)

Let

L(v.S;H W, u, 8) 23 fop(ver) + Tgjyamizyxn (H) + Tp+ (8)+ < A1, 81 —u > +

et
<A, WT1l >+ < A3.Du—q >+ <Ay, Au—v > +
<As; H-S > +X(cTu+ 35— Q)+ < A7, W -8 >+

LISt —ul? + Sl - S|2 + £l w1 - 1)+

] .

§||Du—q||2 LllAu -~ + (cTu+>’—uJ)2+
P 2

—||W — 8

CIIw 8|

be the augmented Lagrangian function of model (10) with the set of Lagrange multipliers
{AL, Ay, ..., A7} and p > 0 be the primal penalty parameter. Then, ADMM solves model (10) by
the following iterative scheme

= argmin . < ALST1—u> 4+ <AL, Du-—q>+ <A, Au—v >+

u
LIS 11 — u|? + 4]|Du — q|* + 5|Au — ~|?
WL = argmin < A5, WT —1 >+ < ALW — S > 5/ WT1 — 1|2+
3 2
§||W*Sf+]‘|2
H' = argmin Ijo ) (H)+ < AL, H—S™1 > +8|/H — ™12
H

SHl = argmin < Al.S1-—u'>+ <ALH -S>+ <ALW -S>
S
- GIIST — W[+ §IHC S| 4 §IW' - S ;
( ) B = argmin  T(3) + A (cTut + 3 - Q) + £ (cTu ™1 + 3 — Q)Q a7
ij
AT = )\f 4 p (ST — utt)
A= z +p (WHITL —1)
)\5*7' = 5 +p(Dutt! - q)
'XZH — 4 +p (Au”l f+1)
Ang] — AE_'_p(HH—I _ SH—])
/\EJFI — AI{) +{)(CTUH_1 +.‘3H—1 _ Q)

Ai‘_+1 — A?; +p (WH-'I o SH—I)
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The gradient of the differentiable part of Lagrangian function w.r.t. variables S, H, W, u, and 3
can be computed as:

dW
oH —
a8

ap

Je= A +DTA+ ATA +cAgp(u—S1) + pDT (Du — q) + pAT (Au — ) +
pec(cTu+ 5 —Q)
0L — 1IA] 4+ Ag+ pl (WT1—1)T + p(W — S)

(18)

Gi= As+pH-S)
= MIT=XA;—Ar+p(S1—u)lT+p(S—H)+p(S-W)

Then the updates for primal variables are described as follows:

t+1
Yei T

SH—'I —

91‘+1 —

zi+l —
HH—] —
Wi‘—H —

att! =

I.-SH»I —

ar%:t].in Veilce (5(7“‘)) Le+ ’\{1_“.{) (g ju’ —y,5) + Sayu —v,5)% VLVE
(=117 + AL + Al + pu'lT + pH' + pW')(117 + 21)~!

(I+cle'T)=H(=AL = ALe! + pul — pBle’ + pQet)

S (AL + pu)

(3 + o) 19
LI+117) (1A — Af + p117T +pSTH)

L3I+ DD + ATA) "' (A] = DA, — ATAL + Af — AL+ pS'™'1 + pDTq+
{JAT’YH—] +pu’+] -‘rﬂZH_])
11 (%(—/\'-{- — pc'Tu’ + pQ))

1
P
1
P

Ry

Q-ADMM for Rounding the Solution of (9)

The formulation of our ADMM-Q method can simply be derived from the formulation of model
(9) by adding two constraints for Q:

l€] T

'y.u,Sl.l\l?\ifl.ll-[.z.r! Z ZF}I(‘ffC‘E (5(7“‘)) Lf

=11t=1
st. S1=u, WT1=1

(20)
=0, 5>0

H e [0, 1](RIZDxNV]
Q =S.Q € {0, 1}IRIZDxV]
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Let
L(v,S,H,W,u,3,Q) £) " fer(ver) + L yortizxivt (H) + Ig+ (8) + L 1yarriznxin (Q)+

Ye,t
<ALSL—u>+ <A, WMl>+<A3,Du—q>+ <A, Au—~ >+
<A, H=S>+X(cTu+8-Q)+ <A, W-S>+<X,Q—-S >+

N ‘ N . y
LISt —ul? + Z|H - 8|2 + w1 — 12+

2

) ; ) ) )
.%”DU = qH“) + %||Au — fy“z + %(cTu+ B —w)+

P 5 il 2
2w - sI2+ 211 - S|
be the augmented Lagrangian function of model (20) with the set of Lagrange multipliers

{AL, Ay, ..., Ag} and p > 0 be the primal penalty parameter. Then, ADMM-Q solves model (20)
by an iterative scheme similar to (17) in which only update rule of S is different:

S =argmin - <Al S1T—u' >+ <ALH -S>+ <AL, W -S>+
S

) : ) . ‘ .
ClIST— w2+ L[ — 8|12+ /W' = 8|+ < A Q' = S > +5)Q" - S|

and we have an update rule for the new variable Q:

Q! =8-1‘%11iﬂ <Az, Q-S> +g\|Q = S|* + Lo 1ymrznxin (Q)

The gradient of the differentiable part of Lagrangian function w.r.t. variables H, W, u, and {3 are
similar to and the gradient w.r.t. S and Q can be computed as:

% = MIT—=XA5—=A7+pS1—u)lT+p(S—H)+p(S—W)—-Ag+p(S—Q)
9 — As+p(Q-S)
Then the updates for primal variables u, z, H, W, u, and 3 are similar to (19) and the updates of
S and Q are described as follows:
S = (AT AL+ AL+ puIT 4 pH' + pW' + AL+ pQ) (117 + 3T) 7!
Q= 11 (Sf—l—l — 1AL

i ){(].'l}(R‘IJXIJ\.’l

The steps of ADMM-Q algorithm are summarized in Algorithm 2.
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Algorithm 2 ADMM-Q

Input: Initial values: 4%, 8°, H?, W', u’, 5%, A} ¢ RIRIZIx1 Ad € RWIx1 X3 g L X0
RIEITX1 AQ ¢ RIRIZIXIVI \D € R, A9 € RIRIMZIXIVI| AQ e RIRIZIXIVI Dual update step: p,
Number of iterations: 7'.

2: fort =0,1,...,7T do

3

2
21:
2
2

[ ult! = (pI+ pDTD + pATA + pccT) (A} +pSt1 —DTAL + pDTq — ATA, + pAT~t —c(Ns +
gt — Q)
Wi = (p117 + pI) "1 (p117 + pSt — AL — 1AT)
H* =TI( S — 1Af
( p ">[<),1]

t+1 t+1 _ 1At
Q o (S pAS){(Llwm-ui)xw.\fl

StHl = (pult11T + AL + pH! + AL 4+ pWHHL — X117 (p117 + 3pI)~!
for(=0,1,...,|&| do

fort =1,...,|T| do

'Yﬁl = arg/;min YeifcE (5(’71:'.1')) Le + Afi.(e,i)(at,,iut —Yei) + §(aggu’ — v,9)°
et

end for
end for
B+l =1 (sz — cTutt! — iAz.)
/ 26

)‘ll-%—l — Atl +p(sl+11 _ uH—l)
AL = AL 4 p(WiHTL — 1)

A5 = Al + p(Du't! — q)

As—H — ALI +p(Au’+1 _ ,.Yl.—i—l)
Af_)—%—l s A!_) + p(H"+1 _ SI+1)
A6 =X+ p(cTutt + g1 — )
A%._H - A[T +p(wt+1 = St—H)
A;+1 — Aé +p(Qt+1 o SH—I)

: end for

: Return: ST

An Example of the Model and Notations

In this section, we provide a small example of a network to illustrate our model and notations.

Co

nsider the following network

€1

V1 V2 V3

Figure 7. Network example G,

where V = {v;,v,,V3} is the set of nodes and € = {e,, e, e3} is the set edges (roads). Details of
setting of links is represented in Table 28. The (origin, destination) pair is (v;, v3). There are two
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routes going from origin to destination so R = {r;, 7, }. Each route is represented as r = {0,1}3
where it" element corresponds to e;. Setting of routes is provided Table 14.

Table 27. Set of edges

Capacity | Length (Km) | Speed at free flow (Km/h) | Travel time at free flow (h)
ey 1 10 50 0.2
e, 1 5 50 0.1
es 2 5 50 0.1
Table 28. Set of routes
Links r Graph
0
et | wne | vl | @———>@——>®
1
€1
11
Route 2 e~ e; =10
[ 1. es

In this example, the time horizon setis T = {1,2,3}. The speed in all three times is equal to the
speed at free flow of the links. To estimate the location of drivers at each time, we need matrix
R € [0,1]°* as follows

to = 1,6
fz = l.ﬁz
to = 1,63
fz = 2, €1
R= t,=2¢
to = 2,63
ta = 3. €4
lo = 3,e9
ta = 3, €3

ti =1,r;

o = o

=]

0

(an]

t1 =1,rs

1
0

o = O

0
0

ti=2,r1 t1=2,r9 ti=3,1r 1t =319

0
0
0
0
1
0
0
0
1

0
0

o = O

o =

0 0
0 0
0 0
0 0
0 0
0 0
0 1
1 0
0 0

where t; is the entrance time of the driver and t, is the driver's arrival time at the road. In
model (3) and (4), the column vector f3,., corresponds to the columns of matrix R. For instance,
the first columniis B, + —1.
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Assume there are two drivers in the system and ' = {d,, d,}. We want to offer rewards from
the set 7 = {0, to control the traffic. To estimate the probability of choosing routes given an
offered incentive at a time, we use matrix P € [0,1]°%1? when incentive i is offered:

Noincentive $5 —r; $5 —

t=1r; , 0.63 063 098  0.05

t=1,ry 0.37 0.37 0.2 0.95

t=21 | 037 037 02 0.95

t= 3,1 0.63 0.63 0.98 0.05

t=3,1rs 0.37 0.37 0.2 0.95
P=[P, P, Py 21)

Probability matrices for all three times are equal because the speed is the same in all three
times. We compute the probability of choosing route k given that $i’ is offered for route j' by
the driver as follows:

exp (tt, x —0.086 4+ ¢’ x 0.7 x Ij—;)

P(r =k.i = ($i — route i')) =
(=i = (87— route 7)) = ity % —0.086 + 7 x 0.7) + 53y, exp (tt; X —0.086)

(22)

where tt; is the travel time of route j.

Notations in model (8):

’1::$0,I‘1 i:$0,1‘2 ’i:$5,1‘1 i:$5,r2
1 1

D= op1 ( 1 1 )
$U—>I‘1 0
ce S0—=ra [ O
$5%I‘1 5}

q vector is a scalar in this example and is equal to 2.

Convexity of the CO, Emission Function
The CO; emission function is:

fcoz(é‘):aO_a1'8+a2'82_a3'83+a4'84

where the value of the coefficients are in the following table:
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Table 29. Parameter values.

Parameter | a, aq a, as ay
Value 523.7 | 1654.4 x 1072 | 2635.4x 107% | 1771.5x 107° | 4429 x 10~8

In this project the input variable of the emission function is the output of the BPR function:

L L U4
90 = s = o (B +8(5))

where w is the capacity of the link, t, is the free flow travel time of the link in hour, L is the

-1

length of the link in km, v is the volume of the link as input, B, = 1, and $; = 0.15. ti is the
0

free flow speed of the link and we can rewrite the function as follows:

g) = co(Bo + B2vH) ™

where ¢, is the free flow speed of the link and 3, = % The output of function g(v) is the
speed of the link. § as input of CO, emission function is the output of the BPR function and we
can rewrite the Emission function as:

féo,W) =ag—a; - gw) +a,- gw)* —az - g)*+a, - gw)*

To compute the second order derivative of fo, (v) we need the first order and second order
derivative of g(v):

() = —4cyBv°

g = (Bo + Bov*)?

gn(v) — 4‘CO:BZU2 (5,821]4 - 3ﬁO)
(Bo + Bov*)3

Now, we can compute the first and second order derivatives of the function fc'oz (v):

féo, W) = ag + a;g(v) + a;vg’ (v) + a,9* (W) + 2a,vg(W)g' (W) + azg>(v) +
3azvg*(v)g' (v) + a,g(W)* + 4a,vg®(v)g' (v)

féo, @) = a;9" (W) + a9’ W) + ayvg" (V) + 2a,9(V)g' (v) + 2a,(vg' @) + g)) (W)
+ 2a,vg(v)g" (v) + 3azg(v)?g' W) + 3as(g(v)? + 2vg(w)g' (v))g' (v)
+3a3vg(v)?g" (V) + 4a,g® () g' W) + 4a,(g> () + 3vg*(W)g' (v))g' (v)
+ 4a,vg*(v)g" (v)

To plot fc'62 (v), we need two parameters: capacity of the link (w) and the free flow speed of
the link (Sc_0S). We consider the average of these two values from all the links sow = 29 and
co = 46.27 km/h. The second order derivative of the CO, emission function is depicted in
Figure 8 based on the average of the capacity of the links and average of the free flow speed of
the links sow = 29 and ¢, = 46.27 km/h. The plot shows the convexity of the function for v <
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64 which is more than two times of the average of the capacities. Therefore, for a < 2.0, on

average we have convexity for the defined CO; emission function.

25

— OQ(V)

y=0

20|
15|

S
ON 10 L
:, O

0 50 100 150 200
Volume

Figure 8. Second order derivative of CO, emission function

Details of the Numerical Results

Table 30. Distribution of the offered incentives in Experiment | for 7-8 AM

Experiment |, Time: 7-8 AM

Incentive
Budget
SO S1 S2 S5 S10 | S1000
$1,000 | 6740 | 324 | 338 0 0 0
$10,000 | 4210 | 275 | 1620 | 1297 0 0

Table 31. Distribution of the offered incentives in Experiment | for 8-9 AM

Experiment |, Time: 8-9 AM

Incentive
Budget
SO S1 S2 S5 S10 | $1000
$1,000 | 5751 | 258 | 371 0 0 0
$10,000 | 3352 | 199 | 1448 | 1381 9 0
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Table 32. Distribution of the offered incentives in Experiment Il for 7-8 AM

Experiment Il, Time: 7-8 AM

Incentive

Budget
SO S2 S10

$1,000 | 4356 | 500 0

$10,000 | 1016 | 3550 | 290

Table 33. Distribution of the offered incentives in Experiment Il for 8-9 AM

Experiment Il, Time: 8-9 AM

Incentive

Budget
S0 S2 $10

$1,000 | 3808 | 500 0

$10,000 | 876 | 3040 | 392

Table 34. Distribution of the offered incentives in Experiment lll for 7-8 AM

Experiment lll, Time: 7-8 AM

Incentive
Budget
SO S1 S2 S5 | $10 | S1000
$1,000 | 14525 | 349 | 153 69 0 0

$10,000 | 11789 | 945 | 1255 | 905 | 202 0

Table 35. Distribution of the offered incentives in Experiment lll for 8-9 AM

Experiment lll, Time: 8-9 AM

Incentive
Budget
SO S1 S2 S5 | S10 | S1000
$1,000 | 13071 | 135 | 140 | 117 0 0

$10,000 | 10319 | 785 | 1215 | 931 | 213 0
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Table 36. Distribution of the offered incentives in Experiment IV for 7-8 AM

Experiment IV, Time: 7-8 AM

Incentive
S0 S2 S10
$1,000 | 14641 | 440 12

Budget

$10,000 | 11877 | 2770 | 446

Table 37. Distribution of the offered incentives in Experiment IV for 8-9 AM

Experiment IV, Time: 8-9 AM

Incentive
SO S2 S10
$1,000 13077 355 29

Budget

$10,000 | 10609 | 2315 | 537
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