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1 INTRODUCTION
2 Transportation system models allow policy makers to forecast the impacts of new policies or new
3  facilities on the performance of a transportation system. Usual performance metrics for a transportation
4  system are time delays (level of service) and emissions associated with congestion. Energy consumption
5  considerations are on the other hand rarely incorporated into the traditional decision making process.
6 However, most of the users of the network move around on or in a vehicle: motorbike, car, bus, truck,
7  train, etc. and those vehicles consume energy and contribute to harmful emissions. The main source of
8 energy for transportation (personal, commercial or transit) is currently liquid petroleum fuel, either
9  gasoline or diesel fuel. However, it is reasonable to assume that other sources will play a significant role
10 in the future, such as grid electricity through pure electric vehicles (EV) or plug-in hybrid electric vehicles
11 (PHEV), natural gas, or hydrogen used by fuel cell vehicles. As a result there is a growing push to develop
12 and introduce new technologies that would lead to cleaner vehicles and more efficient use of the
13 transportation system to reduce overall energy consumption, and a subsequent need for forecasting
14  models to be able to predict changes in energy use from the potential adoption of such technologies.
15
16 Research in the vehicle technology field often relies on powertrain models; they allow to predict the
17  energy consumed by a vehicle with any given combination of technologies under different conditions
18 and for different drive cycles. It is therefore possible to predict the energy efficiency of a vehicle well
19 before it is actually built. Most of the research in the area of transportation systems modeling is
20  targeted on reducing congestion and improving travel time. Similarly, researchers in vehicle systems
21  focus on improving energy efficiency on standardized cycles. However, it has not been possible so far to
22 assess global energy performance in a real-world transportation network scenario. The proposed
23 integrated framework would bridge this gap and would greatly help to quantify the relationship
24 between the way the network is used and the energy consumed by vehicles in it.
25
26  We describe a new software framework that allows the estimation of energy consumption not by a
27  single vehicle but rather the entire transportation system. In such an integrated model, the vehicle is
28 modeled in the context of an urban region and its transportation network with congestion, traffic
29 signals, stop signs, alternative transportation modes, etc. Therefore, the framework includes a
30 microscopic traffic and demand model, and computes the energy consumption of every trip. The
31 POLARIS integrated transportation system simulation framework for evaluating travel behavior, network
32 operations and ITS forms the basis of the approach. The output of the integrated transportation system
33 model are the trajectories of the vehicles on the transportation network. Those trajectories are results
34  of an evolved behavior of agents in a complex system. The decision made by agents on travel activities,
35 routes, departure times are effected by other agents and the management strategies implemented
36  through the ITS infrastructure. The individual mesoscopically simulated trips are then converted to
37 detailed second-by-second speed profiles through a Markov-Chain Monte Carlo estimation process for
38 use in the vehicle simulation model. The energy impact of specific management strategy is then
39  assessed using the Autonomie model, which allows for the estimation of the energy consumed by a
40  vehicle following a given detailed speed profile.
41
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1  This paper demonstrates how a powertrain simulation software that is usually applied to study a given
2 vehicle technology on a predefined drive cycle can be used to study realistic complex transportation
3  systems, through application to a case study involving Variable Message Signs (VMS) in the Chicago
4  central business district as part of an Advanced Traveler Information System (ATIS). We demonstrate
5 that an energy impact associated with ATIS can be estimated though simulation and that energy should
6 be one of the metrics that is applied to studying ITS technologies by looking at each individual vehicle in
7 a context of a complex system. It is possible to study impacts of ITS technologies on transportation
8  systems not only by using aggregate measures such as vehicle miles traveled but by doing more precise
9 microscopic simulation, which is sensitive to many parameters that cannot be represented in a
10  framework that relies on VMT.
11
12 2. LITERATURE REVIEW
13 In the transportation research field, energy is often approached as part of a broader effort to model
14  emissions from road vehicles. There is a variety of approaches, differing by the spatio-temporal scale of
15 the problem and the model accuracy. One approach is to use the certification fuel consumption (“Sticker
16 MPG”) and distance (Pendyala, 2014). More accurate predictions at the scale of an entire urban area
17 require the use of a macroscopic or mesoscopic traffic model, in which the elementary unit is a road
18 link, characterized by average speed and flow. One example is given in (Borge et al., 2012) , where the
19 emissions (incl. CO2, a proxy for energy) for the entire city of Madrid are computed using HBEFA
20 (INFRAS, n.d.) and COPERT (Emisia SA, n.d.; Ntziachristos et al., 2009; Zachariadis & Samaras, 1999), two
21 macroscopic binning models. In this kind of model, emissions/energy are estimated for a limited number
22 of “driving situations” or bins, each described by a typical range of values for certain variables (e.g.
23 average speed between 20 and 30 mph). In North America, EMFAC is used in California (California Air
24 Resource Board, n.d.), but rarely outside due to its inaccuracy, and there are examples of using MOBILE
25 (Armstrong & Khan, 2004; Hao et al, 2010; US EPA, n.d.), where average speed is also the only variable.
26 Macroscopic binning models can be computationally efficient but must be built from real-world
27 measurements or physical models, so their accuracy is highly dependent on that data, and further
28  limited by the very small number of variables taken into account.
29
30 Another class of transportation modeling is microscopic, in which each individual vehicle is modeled
31 resulting in second-to-second speed profiles. Usually a microscopic model of a small geographic area is
32 combined with vehicle energy models (Abou-Senna & Radwan, 2013; Boriboonsomsin & Barth, 2008;
33 Stevanovic, et al., 2009; Xie et al., 2012). In the USA, MOVES (US EPA, n.d.-c) and CMEM (University of
34  California, Riverside, n.d.) have been often used. MOVES uses the binning approach mentioned earlier,
35 while CMEM is a physical model which computes engine speed, torque and fuel rate from the VSP using
36  simple equations calibrated on real-world measurements. There are also some “curve-fit” models such
37 as VT-CPFM (Rakha et al., 2011; Rakha et al., 2012). The latter is essentially a second order polynomial in
38 vehicle specific power (VSP) whose coefficients are obtained through matching total fuel consumption
39 figures on a handful of driving cycles, and thus of very low accuracy.
40
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1 In applied automotive research and development, much higher fidelity tools are used for energy
2 consumption and performance. Examples include GT-Drive (Ciesla et al., 2000; Gamma Technologies,
3 n.d.) , AVL Cruise (AVL), Autonomie (Rousseau et al 2010), GEM (US EPA, b), ALPHA (US EPA, a).
4  However, these models are hardly ever used in the context of a transportation system, with the
5  exception of Autonomie which was used with POLARIS to study the impact of dedicated lanes and
6 platooning in (Sokolov et al., 2014). These models are preferable when accurately estimating energy
7 consumption is critical. For example it was shown in (Kwon et al., 2007) that the MOVES binning
8  approach may lead to up to 20% difference in fuel consumption compared to the forward-looking tool
9 PSAT, a predecessor to Autonomie. Existing energy models used in transportation cannot properly
10 model vehicles with advanced controls such as HEVs, and suffer from being not up-to-date and/or with
11  ceased development. CMEM was last updated in 2006, while the data for energy consumption behind
12 MOVES still dates from 2004, and has been adjusted since solely using corporate average fuel economy
13 figures. It would be a significant undertaking to update these models.
14
15  This paper is a continuation of the integrated simulation approach for modeling travel demand and
16  traffic flow at the region-level linked to individual vehicle energy use simulations using the Autonomie
17 platform. The goal is to develop a more fundamental model of vehicle energy consumption at the
18 regional level which is sensitive to various policy, network operations and technology deployment
19 scenarios. The framework is intended to provide more realistic forecasts which could account
20  simultaneously for travel behavior and travel demand changes along with the impact of various vehicle
21 technologies (i.e. advanced powertrains, hybridization/electrification). In the remainder of the paper,
22 the activity-based travel demand model, vehicle energy use model, and demand-energy model
23 integration are discussed, and then demonstrated through a case study involving ATIS response to
24 highway traffic incidents, where the energy use benefits of the ATIS deployment are demonstrated.
25
26 3.METHODOLOGY
27 3.1 Polaris Activity Based Travel Demand and Traffic Simulation Model
28  The POLARIS activity-based travel demand simulation model is a fully-integrated simulation of both
29 person travel and intelligent transportation system operations that has been developed using an agent-
30 based modeling framework (Auld et al 2015). The model consists of a series of agents which implement
31 typical components found in travel demand, network simulation and operations models. At the center
32 of the model is a person-agent which represents the travelers in the system and their activity and travel
33 planning behavior. The person agents operate in an environment represented by the transportation
34 network agents to handle movements through the system. A set of ITS components and an automated
35  Traffic Management Center (TMC) agent controls the ITS system and monitors the network agents. The
36 following subsections give an overview of the POLARIS transportation system model framework, for
37 more detail see about individual model components, see Auld et al 2015).
38
39  3.1.1. Activity-Based Travel Demand Modeling
40 POLARIS includes an activity-based demand model which is implemented as a series of actions and
41 behaviors that traveler agents engage in during the simulation process for meeting activity-travel needs,
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1  similar to ALBATROSS (Arentze and Timmermans 2000), TASHA (Miller et al 2003), FAMOS (Pendyala et
2 al. 2005). The demand behaviors in POLARIS, however, are focused on modeling include time-dependent
3 activity generation, dynamic activity attribute planning and re-planning, and an activity scheduling
4 process which resolves schedule conflicts and maintains a consistent daily schedule. The demand
5 components are also responsive to network and traffic management events, which can result in agent
6 re-planning. The demand components implemented in the POLARIS demonstration model derive from
7 previous work in modeling activity-planning and scheduling behaviors found in the development of the
8  ADAPTS (Agent-based Dynamic Activity Planning and Travel Scheduling) model (Auld and Mohammadian
9  2009). The demand model is an activity-based computational process model, which simulates the
10 underlying activity and travel planning and scheduling processes (Auld and Mohammadian 2009). Similar
11  to the SIMTRAVEL framework (Pendyala et al 2012), the model continuously integrates with traffic
12 simulation. In other words the generation, planning and scheduling of activities occurs in continuous
13 time and are co-simulated with the time-dependent traffic state.
14
15  3.1.2. Traveler Information and Decision Making
16  Traveler decision making is represented in POLARIS as a set of route choice and route re-planning
17 behaviors. The route choice model describes traveler agents’ dynamic route choice decisions with
18 response to pre-trip and en-route traffic information. All travelers are assumed to be able to access
19 prevailing traffic information prior to departure. Equipped travelers can access real-time traffic
20  information during their trip through their equipped devices with navigation services using real-time
21  traffic information. Unequipped travelers can access real-time traffic information disseminated from a
22 TMC through ATIS dissemination infrastructures such as VMS and Radio to respond to both recurrent
23 and non-recurrent traffic congestions. A bounded rationality en-route switching model (Mahmassani
24 and Stephan, 1988; Jayakrishnan et al. 1994) is used to realistically address the en-route switching
25 behavior of traveler agents. This route choice modeling framework also incorporates traveler agents’
26  dynamic route choice decisions with response to experienced traffic by comparing experienced route
27  travel time to the expected travel time as each network node is traversed (i.e. if the current route is
28 performing poorly the bounded rationality switching model is triggered), and by implementing a look-
29  ahead function in which the real-time travel time for the next link is evaluated. This allows traveler
30 routes to evolve and respond to congestion even in the absence of ATIS. Route switching is also
31 triggered through interaction with VMS or radio by comparing messages against the links in the current
32 trip, and evaluating the travel route incorporating the message information. In the route choice model
33 for each traveler agent, we implement a weighted A-Star shortest path algorithm. This implementation
34  allows the parallelization of route calculations by each individual, and enables heterogeneous route cost
35  functions to be utilized.
36
37  3.1.3. Traffic Simulation
38 The traffic simulation model involves solving a set of partial differential equations for the Newell’s
39 Simplified Kinematic Waves Traffic Flow model (Newell, 1993), which is a link-based solution method
40 and has been recently recognized as an efficient and effective method for large-scale networks (Zhou et.
41 al, 2012) and dynamic traffic assignment formulations (Zhang et al., 2013). A notable implementation of
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1  this model is DTALite (2012). The traffic simulation model includes a set of agents for intersections, links,
2 and traffic controls. Given as input a set of travelers with route decisions and the traffic operation and
3 control strategies in the network, the network simulation model agent simulates traffic operations and
4 controls to provide capacities and driving rules on links and turn movements at intersections. With these
5  capacity and driving rule constraints, link and intersection agents simulate the traffic flows using
6  cumulative departures and arrivals as decision variables based on the Newell’s Simplified model, which
7 then determines the network performance for the route choice model, the demand model, and the ITS
8 model in the integrated framework. The traffic simulation model produces a set of individual vehicle
9  trajectories, including each link traversed, the average travel speed, and stop time at each intersection.
10
11 3.1.4.ITS Infrastructure and Traffic Management Simulation
12 Traffic management is simulated in POLARIS through the Event Manager, ITS Infrastructure and Traffic
13 Manager agents. The Event Manager provides information about network events, such as accidents,
14  weather conditions, special events, etc. The ITS Infrastructure agents include simulations of various
15 sensors and technologies such as VMS, VSS, advisory radio, etc. along with a Sensor Model that imitates
16  sensor readings by adding noise to the ground truth speed data calculated in the Traffic Simulation
17 Model. The locations and sensor types are specified in the input data that is stored in ITS Infrastructure
18 object. The job of the Traffic Manager agent is to infer new network events (congestion, delays, etc.)
19  and make decisions based on the inferred events, current network state as well as events provided by
20  the Event Manager (model inputs). An automated Traffic Management agent models the response to
21  the observed network events, by controlling the state of the ITS Infrastructure. The goal of the
22 automated TMC agent is to monitor the status of the transportation network (speed, travel times, etc.)
23 as well as network-related events (weather, incidents, etc.) and decide on a response that would allow
24 to mitigate unusual congestion level on the network.
25
26  3.2.Vehicle Energy Use Modeling with Autonomie
27 Energy consumption is predicted using Autonomie vehicle models. Developed at Argonne National
28 Laboratory, Autonomie (Rousseau et al 2010) is a modeling environment for vehicle powertrains that
29 has a focus on energy consumption and performance. It allows a user to quickly build a powertrain
30 model from individual configuration files, plant models, and controllers and to simulate it in a broad
31 range of predefined processes (e.g., standard drive cycles). Autonomie includes dozens of ready-to-run
32  advanced powertrain models for hybrids, plug-in hybrids, electric vehicles, fuel cell vehicles, etc. Many
33 component and vehicle models have been validated using test data from Argonne’s Advance Powertrain
34 Research Facility (APRF). Typical use cases involve running one or several vehicles on predefined
35 deterministic drive cycles (such as the U.S. Environmental Protection Agency’s urban drive cycles). The
36 POLARIS travel demand model, however, provides an unlimited number of stochastic speed profiles for
37 a given itinerary. By running a fleet of representative vehicles on a large number of stochastic speed
38 profiles, we can analyze energy consumption or other operations on a broad range of trips, for
39 evaluating the energy impact of various policies of forecast scenarios.
40
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1 3.3. Markov-Chain Monte-Carlo Process for Generating Vehicle Speed Profiles
2 Second-by-second speed profiles required for estimating vehicle energy use by Autonomie. A process
3 was needed to convert the meso-level vehicle trajectories generated by POLARIS. The POLARIS simulator
4  generates vehicle starts and stops on each link, along with average experienced travel speed, stop time
5 at intersections and queue length at stopping. These inputs align with previous research on estimating
6  detailed speed profiles from link-by-link profiles using NOKIA/HERE ADAS-RP data (Karbowski et al.
7  2014). The fundamental aspect of the approach is that vehicle speed can be modeled as a Markov
8 chain: the next state only depends on the current state, and not on the sequence of past events. This
9  translates into P;j, the time-independent probability of the random variable being in state j at time

10 t + 1 knowing it is in state i at time t:

11

Py =PX(t+1) = jIX(®) = )
12

13  To model vehicle speed, the random variable can simply be the vehicle speed, or the tuple (speed,
14 acceleration), which we use in our model. Given that acceleration at time t also depends on the speed at
15 timet — 1, the vehicle speed at a given time step depends of the state at the previous two time steps.
16  The collection of transition probabilities in matrix form is the Transition Probability Matrix (TPM). The
17 TPM is built from real-world observations, i.e., by counting all of the state transitions in the real-world
18 data. The data was obtained from the Chicago Metropolitan Agency for Planning as part of a
19  comprehensive travel survey for the greater Chicago area (CMAP n.d.). GPS loggers were provided to a
20 subset of the 267 surveyed households that participated in the data collection, mostly for more than
21 week. Close to 10,000 vehicle trips were recorded, for a total of 6 million data points. The data was
22 filtered and then used to generate the speed TPM.

23

24 Speed profiles are generated as follows. Starting from an initial state, a random number is generated
25 and the following state is computed using the TPM; this is continued until a stopping condition is
26 reached (e.g., when the speed reaches zero after being strictly positive). Though our model is an
27  accurate representation of real-world driving, it cannot be linked to a particular itinerary. Fortunately,
28 however, there is also a deterministic aspect to speed prediction, in that there are stops, speed limits,
29  and average speeds on all links of the trips. There will be of course stochastic variations of speed around
30 those determined conditions. To combine those two aspects, we created an algorithm that consists of
31  generating stochastic speed profiles until a result with characteristics “close enough” to the
32 deterministic prediction emerges.

33

34 In a first loop, the Markov chain generation is stopped when the current distance is higher than, or close
35 to the target distance and the speed is close to the target final speed (or equal to it if a stop is requested
36 at the end of the segment). Once the candidate stochastic speed profile is generated, we check whether
37 it satisfies a stopping criterion that depends on the target trip. If it does not, the algorithm computes a
38 new vehicle speed profile.

39
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1  The stopping criterion considers average speed, number of stops, excessive speed, and distance. It is

2 given by the Performance Value (PV):

3

PV =w, Vavg = Vigel w, Nstop + ws max ((V () — Vi), 0)2 + W4M
Vege d t=T;..T, dege

4  where

5 o (wq,w,, w3, w,) are constants;

6 ®  Vavg, Nstop, d and V are explanatory variables for the generated speed profile: V4 is the

7 average speed, Ny, is the number of stops, d is the distance, and V(t) is the speed at time t;

8 and

9 ®  Vigts Viim, @and d 4, are the constraints: V4, is the target average speed, V;,is the speed limit,
10 and d. 4, is the desired distance of the section.
11

12 This PV measures the capability of the generated speed profile to fit some constraints corresponding to
13 the target trip: the average speed must be close to the experienced speed, the vehicle should avoid
14  stopping for no reason (although we still allow unplanned stops), speed should not be higher than the
15 speed limit, and the distance of the trip must be very close to the target distance. Once the loop is
16  exited and there is a speed profile that matches the stopping criteria, the synthesized speed profile does
17 not match the target distance exactly. We use an algorithm that “stretches” or “shrinks” the vehicle
18 speed profile accordingly, mainly by adding or removing bits of constant speed segments.

19

20 4.CASE STUDY ANALYSIS
21 4.1. Chicago CBD ATIS Case Study

22 In order to demonstrate the energy use evaluation process, a case study was conducted for the Chicago
23 metropolitan area. In this case study the model was used to analyze the energy impacts of a simple ATIS
24 deployment. In this section we present the setup of the case study and the results that have been
25  obtained. The case study is extracted from a larger regional model developed for the Chicago area,
26  which includes 10 million individuals making 27 million trips. The various component models of the
27 POLARIS ABM have been estimated using Chicago travel survey data, and initial calibration has been
28 performed for each model component against observed data. Details of this validation of individual
29 activity-based model components can be found in Auld and Mohammadian (2013). The study area has
30 around 5,000 links, 3,000 intersections, 6,500 activity locations, and 400,000 travelers. The simulated
31 ATIS infrastructure includes 20 VMS (Variable Message Sign) located along the expressways throughout
32 the area. Three scenarios were studied, including a normal day scenario, a scenario with incidents but
33 with the ATIS infrastructure disabled, and a scenario with incidents and the ATIS infrastructure enabled.
34  The incidents in the case study include ten accident events which have been extracted from a database
35  of historical incidents in the area for a representative day in June 2013. The CBD network, VMS and
36 incident locations are shown in Figure 1. The impact of the accident events to the network traffic was
37 modeled by the reduction of link capacity and free-flow speed per the rules introduced in the FHWA
38  guidebook (FHWA 2013). The ATIS responses include notifications about accident events displayed on
39  VMS signs which drivers are able to observe to trigger re-routing.
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Figure 1. (a) Vehicle Incident locations and times, and (b) Variable Message Sign locations

Finally, the fleet distribution used to estimate the energy consumption is shown in Table 1. During

simulation in Autonomie, the vehicle types are randomly drawn from the distribution defined by market

shares and assigned to individual trajectories. Autonomie, given the combination of vehicle type and

second-by-second speed profile, is then able to estimate the energy consumption for a particular

combination.

The energy consumption distributions for each scenario can then be compared to
evaluate impacts of ATIS.

Table 1. Vehicle Type Distribution

Vehicle Class
Compact
Midsize
Small SUV
Midsize SUV
Pickup
Compact
Midsize
Small SUV
Midsize SUV
Pickup

Powertrain
Conventional
Conventional
Conventional
Conventional
Conventional
HEV

HEV

HEV

HEV

HEV

TRB 2016 Annual Meeting

Share (%)
27.0%
29.0%
17.0%
9.0%
15.0%
2.0%
0.5%
0.3%
0.1%
0.2%
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1 4.2.Results
2  The three case studies have been analyzed using the combination of POLARIS and Autonomie. The
3 models have been run in a deterministic mode, which allows a direct comparison for specific travelers
4  between cases. This allows the benefits of ATIS to be evaluated at both the system-level and for affected
5 travelers only. In the following results, the benefits are shown for affected travelers only, which are
6  defined as travelers in the no-information (unmanaged) case who are directly impacted by the traffic
7 incident — a total of about 21,000 individuals. The same set of travelers are then tracked in the ATIS
8 deployment (managed) case, and changes in mobility and energy use are evaluated.
9
10 In terms of mobility, the deployment of ATIS assets for responding to traffic incidents has a clear benefit
11 to the affected users as seen in Figure 2. The figure shows the total hours of delay experience by all
12  affected travelers during each five-minute interval throughout the day, as well as the incident times for
13 comparison purposes. The impact of the incidents on excess delay can clearly be seen as peaks in the
14  figure, with the peaks being substantially lower in the managed case, indicating that the same travelers
15  who are affected by the incident in the unmanaged case are finding better routes when informed by the
16 ATIS. Overall experienced delay for informed travelers is reduced from 5,567 hours to 5,049 hours
17
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18
19  Figure 2. Vehicle Hours of Delay for Affected Travelers (per 5-minute interval)
20

21 Overall, the figure demonstrates that in the unmanaged (no-ATIS) case, affected travelers spend a
22 substantial proportion of overall travel time (50.8%) moving at very low speed (<20% of free flow), due
23 to being stuck in congestion with few alternate routes as expected. Alternatively, in the managed case
24 (with-ATIS), travelers spend less of the overall travel time (48.3%) on highly congested links and more
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1  time traveler near free flow speed (22.4% vs. 20.9% for unmanaged case). This can also be seen in Table
2 2 which shows the hours and miles traveled, average speeds and experienced delay for the unmanaged
3 and managed cases for affected travelers and for the system as a whole. The results show a statistically
4 significant increase in average travel speed in the managed case of 4.5%, and a decrease in hours
5 traveled of 6.3% and delay of 9.3%.
6
Table 2. Aggregate Travel Characteristics for Affected Travelers and All Travelers
Affected travelers All travelers
No ATIS ATIS % change No ATIS ATIS % change
VHT 8,189 7,673 -6.3%* 198,892 198,287 -0.3%*
VMT 108,229 107,852 -0.3% 5,451,218 5,450,853 0.0%
Avg. speed (by time) 18.1 18.9 4.5%* 31.8 319 0.3%*
Delay 5,567 5,049 -9.3%* 67,010 66,383 -0.9%*
* differences statistically significant at p=0.05
7

8  The impacts shown above can also be seen at the overall system level, which is important as it is

9 possible that improving the situation for informed travelers could be detrimental to the system as a
10  whole, for example by pushing more travelers onto congested arterial streets when routing around
11 incidents. However, the results in Table 2 show this to not be the case. In fact, there is minor, though
12 significant, improvement at the system-wide level, with the delay reduced approximately 100 hours
13 beyond the reduction for affected travelers alone, and average speed increasing from 31.8 to 31.9 mph,
14  which affects the overall energy consumption, and no significant change in the miles traveled.

15

16  The primary purpose of the proposed modeling effort is on estimating the energy impacts of
17  transportation policies and system investments (i.e. ATIS deployment in this case) as these policies
18 interact with various vehicle technologies. Previous research has shown that there are complex
19 interaction effects between transportation policies and vehicle powertrain technologies which can
20 either multiply or inhibit the expected benefits from either in isolation, as in the case of heavy vehicle
21 hybridization and managed lane deployment (Sokolov et al 2014). The results of the vehicle simulation
22 using the generated speed profiles demonstrate this to an extent. The overall distribution of fuel
23 consumption for affected travelers in each case is shown in Figure 3, where fuel consumption is
24 measured in kilograms of gasoline. The results show that the deployment of ATIS to travelers does
25 result in a fuel consumption savings of approximately 2.5% in terms of the overall weight of fuel used by
26  affected travelers. There is a clear reduction in trips using more than 0.6 kg of fuel, which are shifted
27 closer to the 0.2-0.4 kg range in the managed case. This is likely due to improved performance in long-
28 distance, highway trips coming into the CBD, which subsequently route around the traffic incidents
29  using local streets.
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1  Thisresult can clearly be seen in Figure 4. There is very little difference in fuel consumption between the
2 managed and unmanaged cases for short distance trips (0-5 km) as the local trips in the CBD largely
3  avoid the affected highway segments. However, in the unmanaged case there is a large cluster of trips
4 inthe 5-15 km range which have very high fuel usage, in the 0.6-1.6 kg range, which are largely reduced,
5 as previously observed. The trend lines in the figure clearly show the improvement in fuel consumption
6  with increasing distance as expected. The variability in fuel consumption for a given distance is a result
7 of the combination of various vehicle technologies as specified by the fleet mix and differing drive
8 patterns (i.e. highway vs. arterial where variability due to traffic signals is introduced. However, it is
9  clear that this variability is reduced in the managed case, where highly congested travel segments are
10 mostly eliminated.
11
12 5. DISCUSSION AND CONCLUSIONS
13  This case study has demonstrated how multiple levels of model integration, i.e. connection between
14 travel demand, traffic flow and network operations for POLARIS, and between POLARIS outputs and
15 Autonomie, can be leveraged to assess the energy use impacts of transportation system policies and
16 operations. The model process made use of a new methodology for extracting detailed second-by-
17  second speed profiles from aggregated link performance measures which are generated by the POLARIS
18 model. The speed profile generation process is guided by the constraints imposed by the POLARIS link
19 performance measures, but is estimated using real-world travel data obtained from the Chicago GPS
20  travel tracker survey. In other words, the speed profiles are synthesized statistically, but in such a way
21  that the replicate observed driving cycles and behavior to an acceptable degree (Karbowski et al. 2014).
22 The process stands in for detailed traffic flow microsimulation when such is either infeasible due to
23 scale, data limitations, etc., or when such detail is unnecessary.
24
25  The ATIS deployment analyzed in this case was a fairly simplistic example, but a clear benefit was
26  identified, both in terms of mobility and energy use. Users who are affected by the traffic incidents save
27  approximately 500 hours of excess delay when they are informed of incidents via the ATIS system as
28  compared to the case where they are not informed. Their average travel speed increases from 18.1 to
29 18.9 mph, primarily due to a reduction in time spent in highly congested links. The results in terms of
30 energy usage are more mixed. While there was a reduction in overall fuel consumed of 2.5%, which is
31 smaller than the travel time savings and speed increase. This is most likely due to increases in non-
32 highway driving, stopping at intersections, and interfering with existing surface street traffic. This result,
33 however, is clearly dependent on context, i.e. the mix of long-distance vs. local trips, the time of day, the
34  location of the ATIS infrastructure, and the availability of suitable alternatives. The availability of such a
35 wide range of complex and interacting effects indicates the importance of this type of integrated
36 modeling when planning for such deployment scenarios.
37
38 The process demonstrated in this work is extensible to more complex scenarios, especially those
39 pertaining to future connected and autonomous vehicle technologies and the intersection with such
40  technologies with advanced vehicle powertrains (Sokolov et al 2014), which complicates the analysis
41 even further. Future work in this area will include more detailed analysis of fleet characteristics and
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1 forecasting of fleet vehicle technology market penetration. The addition of individual level vehicle
2 choice models, rather than assigning vehicle technologies randomly to trajectories, will add another
3  dimension of interest to the work. Finally, comparisons of the speed profile disaggregation approach
4  with both real world data on speed and energy use, as well as alternative traffic microsimulation
5  approaches will be undertaken.
6
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