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Q Context Q Optimization of Routes Q Baseline Simulation Statistics
« Dallas Fort Worth International Airport (DFW) operates approximately 200 shuttle buses across various « For a specified day of week and time of day data is collected that characterizes passenger mobility + 11895 GGE used on average per week, average waiting time of 5.7 minutes for a bus.
service operations. 55 of those serve the rental car center moving passengers between terminals demand and road network travel times. Q Optimized Routes Examples
A,B,C,D,E and a rental car center (R). « Passenger experience parameters are specified by user, namely max in-vehicle travel time (ivtt) and bus * In the first example below max in-vehicle travel time and bus headway are chosen to be very
« The rental car shuttle fleet consumes 693,817 gasoline gallons equivalent (GGE) of fuel per year and headways (hw). stringent. We see the optimal routes are the most direct routes between terminals and the rental car
generates 5,700 tons of CO, each year. + AMILP model instance is then constructed and solved. center. Additionally, we see high numbers of buses on each route throughout the day. Finally, we

see the the distribution of passenger waiting times is very close to the baseline case. We note that
in this case the average waiting time for a bus is 4.6 minute and on average uses 51% more GGE
per week than our baseline simulation.

In the second example below the max in-vehicle travel time and bus headways were less stringent.

Day Inputs
Network

12AM
mmmmmmd  Congestion and Outputs As a result, less buses were used on the routes throughout the day, and the optimal routes visited
Travel times FUSIRBGTES multiple terminals before returning the rental car center. The histogram of passenger waiting times
4AM including Size has a larger tail than the baseline case, and the average waiting time for a bus is 14.8 minutes.
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Customer Oriented: The selection of routes can consider passenger experience constraints, namely bus = Base
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Q Optimization Model headway and max in-vehicle travel time for passengers along the route.
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Solves the dispatching problem /. =it S ime created and solved using the + Fleet Oriented: Different bus types and sizes can be considered for each route. Hoeeo
to minimize hourly energy Available shuttle types input parameters Q Limitations o 1 800 A - 7.00 P 7:00 P - Mnight
i Number of all d route . . . . 0 10 20 30 40 50 60,
consumption by the bus fleet umber of allowed routes « Averages: Uses average travel times, passenger arrival rates, and dwell times, which do not capture the Waiting Time (min)
+ Provides a set of shuttle routes variance that occurs between different loops performed by the buses. aE c i P Waiting Ti #SD-1
* Assigns a bus size for each Routes from optimization « Perfect Spacing: Assumes perfect spacing of the buses along a route which unlikely to be achieved in nergy GConsumption vs. Passenger Waiting Time 15000

route model are post processed| practice. « The two heat maps below illustrate how the average
Determines the number of and prepared for simulation i GGEs used per week and the average time a 16000

buses serving each route passenger waits for a bus are changed by using 14000
routes optimized against different headway and max
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« Tests the performance of the Evaluation Metrics. « To show the trade-off present between the GGEs
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routing solution provided by the Passenger wait times S“;"ﬂ: a";e"gz:';‘;i: a’;\‘lées Q Airport Shuttle Planning and Improved Routing Event-Driven Simulation (ASPIRES): used per week and the average passenger waiting
optimization model in a [Fleet energy consumption, environment + To test the performance of the solutions by the optimization model an op event- time we have plotted these quantities against one 8000
stochastic environment driven simulator, ASPIRES, was developed. another for each hw and ivtt combination (18 points).
« Uses stochastic dwell times, . ASFIRES was developed as a Python module to simulate and evaluate the current as well as We have also drawn the trade-off frontier in red. 6000 .
travel times, and arrival rates. optimized airport shuttle operations. 4 6 & 10 12 14 16 18

ASPIRES takes the output of the optimization model and simulates airport shuttle operations using Mean waiting time (min)

empirical probability distributions of travel times, dwell times, and passenger arrivals. Mean Walting Time with # SD = L 16 Average One-week Eneray Consumed with # S0 - 1 I

DA A + The ASPIRES module addresses calibration issues faced by most traffic simulation packages by FRCERUIGTEES 17.2 minutes 17.2 minutes 3 o L B <

carrying out event-driven simulations based on empirical distributions of real-world data. PPN | . inutes 18.6 minutes 162 % [ERZEEREY 5522 GGE | 5.609GGE 16000§

Q Controller Area Network (CAN) Bus Data « ASPIRES is highly optimized and can simulate a day of airport shuttle operations in a second. ELl - i 1€ To 7116GGE 5678 GGE 5,660 GGE =
. . . g 5

+ DFW allowed NREL researchers to collect CAN bus data from the airport rental car shuttles using vehicle RIS 14.8 minutes 16.0 minutes| - 2 2., 7ss766E se71GeE eoorcee NS
data loggers resulting in approximately 100,000 miles of 1Hz data from 14 buses over a period of one month - = En 7 i ’ 12000 £
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« DFW allowed NREL access to their SPOT database. SPOT data uses commercial hardware to capture aL Scale Optimization Model R T B 2 R -8000 &
information pertaining to shuttle operations. Some noteworthy functionalities of SPOT data are: i) providin, arge Scale Optimization Model Runs 4.6 minutes 7.3 minutes 8.1 minutes 62 o 13,255 GGE 13,171 GGE 2
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boarding and alighting data; ii) calculating bus arrival predictions and assessing on-time performance of the . " 2 Time of D: 12am-8am,8am-7pm, 7pm-12am K]

. © o passenger travel experience (i.e., passenger wait times), AT I 15 20 25 1s 20 2 2

shuttles; iii) managing vehicle headways and viewing shuttle schedules. - h ‘Arrivals Standard Deviation [ Max in-vehicle travel time (minutes) Max in-vehicle travel time (minutes) e

shuttle route optimization runs for all permutations of the 15,2025
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U Data Used for the Optimization Model and the Discrete-event Simulator g . [ —
+ SPOT data combined with CAN data provided the information required to estimate various model parameters in the table were carried out on NREL HPC 5
parameters and construct empirical distributions for simulation purposes. system Eagle, leading to a total of 2,268 model runs. 43 passenger, 14 and 43 passenger CO L U S I 0
« Travel time data was supplemented with travel time data from a SUMO model of the DFW road network. Q Evaluation Using ASPIRES
— Boardings Each Hour « Using the optimized routes from the 2,268 model runs Q Insights Gained
o & & £ - L.t . we were able to construct a weeklong schedule of + Simulation of routes in a stochastic environment proved to be a useful way to understand the trade-offs
i AT ze SR ° . . ° routes for each combination of maximum in-vehicle » betwegn energy consumption ar\_d passenger waiting tir'n_es, . . o
- - = - — . travel time, headway, arrivals standard deviation, and . g flegt er)ergy cor , and waiting time are competing objectives, where a
| oo “ available bus types. This led to 108 distinct weeklong < trade-off frontier is present.
&8 24 239 s N schedules of optimized bus routes. 2, + Route combinations exist where average weekly energy consumption is reduced by 20-25% while
W Dally 07 3049 w72 065 H . Ce. « The 108 weeklong schedules were simulated in a % only increasi_ng the average waiting time fo(_a bu§ from 5.7 minutes to 7.7 minutes. )
4 . stochastic environment using ASPIRES for four g + Route combinations where the average waiting time for a bus was reduced below the baseline value of
wa a1 a1 43 H consecutive weeks. H A 5.7 minutes all resulted in at least a 50% increase in energy consumption.
s . QO Baseline Case + Even without changing routes there are opportunities at DFW to reduce energy consumption by 20%
== - 23 2 e . . + To provide a point of comparison a baseline 2 by taking a data driven approach to assigning the number of buses to routes depending on the
" R s lw L simulation was constructed to create the most demand for a given time of the week.
" o o e . * . ° accurate represemation of current bus operatiops 1D K}:z!;:";;:z:: K, Kelly K, Berger S. Shuttle Operations. of the 33rd Electric Vehicle 2020 Sep 13.
:..‘;'.'y"."";'&’: L a62% 157% 149 T T - rs 5 using the data sources mentioned and information 2. hitps:/iithub.comNREL/ATHENA-bUS h
Hour from conversations with bus operations staff at DFW. 3. hiips:/igithub.com/NREL/ATHENA-aspires
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