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Abstract

Rapid transit systems are critical components of urban public transportation networks in their impact, not only on personal
mobility but also on the energy and environmental costs associated with network operations. To facilitate effective planning
for current and future needs, a framework is required that provides important consumption metrics and also explains the
various contributors to energy consumption, along with their interactions. To address this gap, we estimated models that uti-
lized operational and ridership data for the Massachusetts Bay Transportation Authority’s rapid transit system, as well as
ambient temperature, to accurately predict system-wide electricity consumption. The models were trained with data from
2019 and tested with data from 2020. The estimated multiple linear regression (MLR) and random forest (RF) models
explained 93% and 95% of the variance in the data set, respectively. The MLR model provided predictions with a root mean
squared error (RMSE) of 2.7 MWh and mean absolute percentage error (MAPE) of 4.68%, while the RF model resulted in an
RMSE of 2.94 MWh and MAPE of 5.01%. We also investigated the impacts of COVID-19 on the transit system by exploring
the effects on ridership, energy consumption, cost, and train movement metrics before and during the pandemic. We find
that the models are robust and perform well, even with the significant disruptions associated with the COVID-19 pandemic.
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Urban rapid transit systems typically use electric trains to
move heavy and light rail vehicles with high passenger
capacity. Large transit systems use hundreds of gigawatt-
hours of electricity each year to carry millions of people.
The accurate prediction of the energy consumption of rail
vehicles is thus important for planning operations, manag-
ing fleets, making energy purchasing agreements, and
understanding the environmental impacts of a system.
Although it is well known that train speed and accelera-
tion, ridership, weather conditions, and several other fac-
tors can affect the energy consumption of trains, the
individual contributions of each of these factors is not fully
understood. Therefore, a model that accurately predicts
the energy consumption of rapid transit systems would be
valuable for managing transit operations so as to limit
energy-related expenditures while serving passenger needs.
As a case in point, the Massachusetts Bay
Transportation Authority (MBTA) operates the public
transportation network that serves the Boston

metropolitan area—the fourth busiest in the United
States by passenger ridership (/). It consists of a light rail
line (Green Line) and three heavy rail lines (Red,
Orange, and Blue Lines) as shown on the system map
Figure 1. The MBTA currently has meters at electric
substations throughout the system but no direct mea-
surements of electricity consumption by trains. The
energy consumption of the rapid transit system is signifi-
cant, with the MBTA spending an average of $38 million
on 422 GWh of electricity annually between 2009 and
2020. This includes demand for vehicle traction power,
signal systems, and station operations.
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Figure I.
study are: Red, Blue, Orange (heavy rail) and Green (light rail).

Image source: https://www.mbta.com/schedules/subway.

This paper thus addresses the gap in understanding
the factors that contribute to energy consumption in an
urban rapid transit system and how they interact. To this
end, this research investigates the system-level relation-
ship between energy consumption and train movement,
using the MBTA rail transit system as a case study, via
an interpretable modeling framework. During the course
of the study, the COVID-19 pandemic had a profound
impact on rapid transit ridership and operations, which

Schematic map of the rapid transit network of the Massachusetts Bay Transportation Authority. The lines considered for this

led to greater variation in ridership and train operations
than would normally be expected. These changes
prompted the added objective of evaluating the impact
of operations during the pandemic on system-wide
energy consumption.

The rest of the paper is organized as follows. First, we
provide a review of relevant research efforts in urban rail
energy modeling, highlighting key findings and current
gaps. Following this, we describe the case study network
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and data sources, providing an exploratory analysis of
energy consumption and operations data from the
MBTA along with general insights about temporal
trends and the relationships between the data. In the
Methods section, we describe the research framework,
which includes an automated process for constructing
detailed trajectories for each vehicle’s movement—speed
and acceleration—which are important determinants of
the energy required for tractive power. We also describe
the multiple linear regression (MLR) and random forest
(RF) models estimated to relate explanatory variables to
the system-wide energy consumption of the MBTA rapid
transit system. In the subsequent Results and Discussion
section, we analyzed these models to identify the factors
with the strongest effect on energy consumption. The
performance of the models was tested with training data
from 2019. The models were then used to make predic-
tions on observations from 2020. The performance
revealed the robustness of the models, as the COVID-19
pandemic led to significant reductions in rapid transit
ridership and train operations. Yet, the models were able
to accurately capture these effects on energy consump-
tion. We conclude the paper by summarizing our find-
ings, their implications, and future research directions.

Literature Review

Urban rail transit is most promising as a sustainable
mode of transportation, as it contributes the least to
transportation energy demand. Historically, several
efforts have aimed to accurately model the energy con-
sumption of train vehicles and proposed various
approaches for reducing consumption. Notably, Wang
and Rakha (2) created a train energy framework, which
takes instantaneous regenerative braking efficiency into
account, and demonstrated that a 20% reduction in
energy consumption was possible in the Chicago net-
work. Others have developed simulation, optimization,
or machine learning approaches to find energy reduction
pathways (3-9). In all of these instances, energy reduc-
tions were achieved by solving for optimal vehicle trajec-
tory patterns or schedule changes. In real-world cases,
however, these solutions are not often feasible to
implement.

A few other researchers have attempted to pinpoint
other sources of transit system-wide energy consumption
besides train operations themselves. For instance, Wang
et al. (10) demonstrated that lighting systems in under-
ground stations are a significant contributor to overall
energy consumption. Gonzalez-Gil et al. (/1) showed
that energy gains of over 25% are possible via a combi-
nation of efficient driving strategies, smart metering, and
power management, along with small-scale renewable
generation. Leung and Lee (/2) estimated a model that

indicated station design and weather as important fac-
tors for energy consumption in a rail transit system.

The physical characteristics of railroads and train
routes also have significant effects on energy consump-
tion. Some research efforts thus proposed models for
selecting the optimal vertical alignment or transit route
design to reduce system energy usage and associated
costs. Kang et al. (/3) developed an optimization model
for choosing the best train route. The selected route not
only maximized the net benefits but also satisfied geo-
metric design constraints. Comparisons and analysis of
different vertical alignment designs have been conducted
to find the most energy-efficient solution for railroads
(14, 15) and highways (/6). In this study, however, the
network geometry is fixed. Thus, the model for system-
wide energy consumption is estimated based on the
MBTA’s existing infrastructure.

These developments notwithstanding, there remains a
gap in the literature on system-wide models that are not
only highly interpretable and but also high-performing in
their predictive capability. Such models can be extremely
useful for planners in understanding how various aspects
of the transit system affect energy consumption, beyond
train movements, as well as in providing practical path-
ways to reduce energy consumption, and, consequently,
costs, both of which are of great importance. The
research presented in this paper addresses this gap by
estimating models based on the rail network that serves
the Boston area. We demonstrate that our approach is
readily deployable on transit systems to yield similarly
useful insights.

Data

The goal of the study is to determine the key factors
affecting system-wide energy consumption via an inter-
pretable model that can also reliably predict electricity
consumption based on readily observable factors. Thus,
we use data obtained for the MBTA rapid transit system
in Boston, Massachusetts, and surrounding communities
(Figure 1). The following subsections provide descrip-
tions of the data on energy consumption, energy costs,
ridership, train movements, and weather, all of which
were used in the modeling process.

Energy Consumption

Energy consumption data from 2008 to 2020 were
extracted from spreadsheets provided by MBTA.
Monthly energy use from these years is shown in Figure
2 via a boxplot. This figure reveals that the greatest
monthly energy consumption occurs consistently during
the winter months, presumably as a result of heating
needs. Peak usage is observed in January (average of
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Figure 2. Boxplot of Massachusetts Bay Transportation Authority rapid transit monthly energy usage, 2008-2020.
Note: The height of each box indicates the interquartile range of observations in that month. Horizontal lines in the boxes indicate the median.
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Figure 3. Boxplot of Massachusetts Bay Transportation Authority rapid transit hourly energy consumption.

43 GWh). From April through November, energy con-
sumption is visibly lower, presumably because of reduced
third-rail heating needs. A smaller peak, however, is
observed in July, which is typically the hottest month of
the year during which the demand for air conditioning is
greatest. Thus, weather appears to be a significant expla-
natory variable for energy consumption.

The hourly energy distribution, also based on observa-
tions from 2008 to 2020, is shown in Figure 3. The box-
plot indicates that the peak consumption period occurs
from 7 to 9a.m. and from 4 to 6 p.m., which are the
hours associated with the most frequent train operations.
For reference, the average hourly peak energy consump-
tion in 2019 was 53 MWh and average overnight hourly
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Figure 4. Time series plots of energy, ridership, vehicle-miles, vehicle-hours, and operating trains (at hour resolution) and average daily
temperature, from January 2019 through December 2020 for the Massachusetts Bay Transportation Authority (MBTA) rapid transit
system: (a) hourly energy consumption (MWh), (b) hourly system ridership, (c) hourly operating distance (vehicle-miles), (d) hourly
operating time (vehicle-hours), (e) hourly operating trains, and (f) average daily temperature (°F).

Data sources: (a)—(e) MBTA; (f) National Oceanic and Atmospheric Administration (https://www.noaa.gov/weather).

energy peak was 75 MWh. The “overnight” period corre-
sponds to the hours during which there is minimal train
movement and no ridership, as the MBTA rapid transit
system closes from a period after midnight until about
Sa.m. The lowest energy consumption occurs between 2
and 4a.m., when the system is closed, yet there is a base-
line average energy consumption of 34 MWh during this
period. The overall average hourly energy consumption
from 2008 to 2020 is 48 MWh.

The time series of hourly energy consumption for the
years 2019 and 2020 is shown in Figure 4a. Energy con-
sumption declined sharply in March 2020, coinciding
with the beginning of the pandemic and the associated
lockdown policies.

Ridership

System-wide hourly ridership data were obtained from
the MBTA Research Database for 2019 and 2020. The
time series is shown in Figure 45. The ridership is sourced
from farecard tap-in data that logs the location and time
that each passenger enters the system. These data provide
reliable counts of total ridership in aggregate. Since the
MBTA’s rapid transit vehicles are not equipped with
automated passenger counters (APC) and passengers do
not tap out of the system, the passenger loads on individ-
ual rapid transit lines or on specific vehicles can only be
inferred through analysis of patterns of farecard use and
vehicle tracking data through the MBTA’s Origin-
Destination-Transfer (ODX) model (/7). During 2019,
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ridership followed a typical trend with high values during
weekday peaks and lower values during off-peak hours
and on weekends. Beginning in March 2020 a steep
decline in ridership is detected as a result of the COVID-
19 pandemic and consequent lockdown policies. As of
the end of 2020, ridership had only begun to increase
again but remained well below pre-pandemic levels.

Train Location

Train location data were obtained from the MBTA
Research Database, which includes comprehensive
records of time-stamped locations of every vehicle in the
system. Because of the size of the tables, the data were
downloaded and processed for 2019 and 2020 only. The
number of unique trains running and operating distance
as well as operating time in each hour were calculated by
analyzing the sequences of observations for each train
ID. These measures are shown in Figure 4c—e. We
observe that these three measurements have a similar
trend from 2019 to 2020, decreasing as a result of tar-
geted service reductions in response to COVID-19 lock-
down policies starting in March 2020 and ending in July
2020.

Weather

Average daily temperatures in Boston for the years 2019
through 2020 were obtained from the National Oceanic
and Atmospheric Administration. Figure 4f shows the
time series of the temperatures from 2019 to 2020. As
expected, there is a clear seasonal pattern in the data.

The lowest temperatures are recorded in January (aver-
age: 34°F) and the highest in July (average: 77°F). In a
given year, we see that weather impacts on energy con-
sumption can be approximated by a quadratic effect.
This is because of the increased energy needs both for
cooling (as temperatures rise) and for heating (as tem-
peratures drop).

Methods

Trajectory Computation and Energy Modeling
Framework

We developed an integrated framework to (a) obtain and
process data from a variety of sources, (b) compute train
trajectories (distance, time, speed, and acceleration), (c)
generate model input variables at the hourly level, (d)
estimate planning metrics (such as energy per vehicle-
mile, energy per vehicle-hour), and (e) model and predict
hourly energy consumption. The framework is depicted
in Figure 5.

We queried the MBTA Research Database to obtain
heavy and light rail location data, along with tap-in
ridership data, for a given month and year. Location
data were used to compute trajectories and other train-
operation variables. We also obtained daily average tem-
perature data from the National Oceanic and
Atmospheric Administration (NOAA) and spreadsheets
for hourly energy consumption and monthly expendi-
tures on electricity from MBTA. All of these variables
were then integrated into a combined table and aggre-
gated at the desired temporal level (hourly). Using this
integrated table, we created a dashboard that depicts

Obtain energy
consumption

Compute
planning

data from
spreadsheets

Compute

metrics

Extract time-
stamped
locations from
MBTA database

Extract ridership
from MBTA
database

Obtain
temperature
data from NOAA

trajectories (time
interval, distance,
speed,
acceleration)

Compute
speed and
acceleration
bins

Aggregate at
hourly scale

Model system
energy
consumption

Figure 5. Flowchart of modeling framework indicating data inputs, processing, and model outputs.
Note: MBTA = Massachusetts Bay Transportation Authority; NOAA = National Oceanic and Atmospheric Administration.
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Figure 6. Trajectory dashboard of Green Line 10001 on April I, 2019 including: (a) time series and (b) histograms of vehicle distance
traveled, time interval, and calculated speed per time interval, and (c) map tracking the train location.

time trends and distributions of these data as well as the
trajectory per train line; see Figure 6. The metrics of
interest are: the distance traveled between observations,
the time interval between observations, as well as speeds
and accelerations inferred from the location and time
data. The dashboard provides a visualizing platform for
tracking train operation and helps us estimate the
metrics. In addition, these integrated tables were used to
compute planning metrics for energy, cost, and emis-
sions. We then used these metrics as training and valida-
tion data for the estimated system energy model.

The distance, time interval, speed, and acceleration
for each unique train in a given day were computed using
location data. Together, these measures constitute the
trajectory of a given train. An example of a trajectory
from the Green Line is shown in Figure 6. Based on the
coordinates in the raw trajectory table, the distance tra-
veled between each two time series records and the corre-
sponding time interval duration were computed. Using
these data, the speed, acceleration, cumulative distance,
and cumulative time could be calculated accordingly. All
of these measurements are visualized by time series in
Figure 6a. Figure 66 shows the distribution of distance,

time interval, speed, and acceleration observations in the
form of histograms. These distribution data are impor-
tant for verifying that all of the speed and acceleration
measurements are plausible for the corresponding line,
otherwise errors would need to be identified and
addressed. Finally, Figure 6¢ presents the sequence of
location (latitude, longitude) observations for a specific
train on a map. The color of each point corresponds to
the time of day to indicate the direction that observed
trains traveled over the course of the entire day. The tra-
jectory in Figure 6¢ is traveling from west to east because
the earlier times start with red and later times end with
blue.

Speed and Acceleration Binning

The energy consumption of trains fundamentally
depends not only on their mass, but also on their speeds
and rates of speed change (i.e., acceleration). Given the
high-level system model objective, we can capture the
contribution of train movement to energy consumption
by observing how much time is spent at various speeds
and accelerations. This allows for fewer variables
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Table I. Speed and Acceleration Bins

Percentile Speed Acceleration
Bin number range (mph) (m/s?)
I [0, 16.7) [0, 3.8) [-5.0, —0.4)
2 [16.7,33.3) [3.8, 11.0) [-0.4,0)
3 [33.3, 50) [11.0, 15.5) [-0.1,0)
4 [50, 66.7) [15.5, 22.6) [0, 0.1)
5 [66.7, 88.3) [22.6, 30.1) [0.1,0.7)
6 [88.3, 100] [30.1, 104] [0.7,5.0]

(depending on how many intervals are used) and, there-
fore, less uncertainty in the model parameters.

To facilitate this estimation, we created equal-
probability (quantile) bins for speed and acceleration.
We tested the efficacy of different bin numbers, with the
objectives of parsimony and interpretability. Ultimately,
we selected six bins for both speed and acceleration.
These bins are summarized in Table 1. Each bin is ini-
tially used as an indicator variable (1 or 0) for each train
trajectory observation. Each indicator variable is then
multiplied by the time duration of the corresponding
interval in which it is observed and summed up to repre-
sent the total duration of time in a given bin.

Based on the fundamental physics of train energy con-
sumption (2), both the speed and acceleration of a vehicle
are contributors to the energy demand. Thus, we further
compute speed—acceleration bin-time variables using
each of the bins. This results in 36 combinations of speed
and acceleration bins. Each interval observation is then
assigned an indicator corresponding to the matching
speed—acceleration bin it represents. When the data are
aggregated at the hour level, the results of the speed—
acceleration interaction variables denote the total time
(vehicle-hours) collectively spent at a given speed inter-
val, acceleration interval, or joint speed—acceleration
interval.

For convenience, we use the notation “S[X]A[Y]” to
represent the speed—acceleration interaction time vari-
able. For example, S1Al represents the speed—

acceleration interaction time for speed bin 1 [0, 3.8 mph)
and acceleration bin 1 [—5.0, —0.4m/s).

Summary of Variables

Following the data processing and speed—acceleration
binning, the interval observations in the data set were
aggregated at the hour level to reduce the number of
observations. To determine how each of these variables
interacts and affects energy consumption, we estimated
two models based on the observations. The set of vari-
ables considered are summarized in Table 2.

Multiple Linear Regression

An MLR approach was used to predict hourly energy
consumption as a function of the before mentioned
explanatory variables. MLR has the advantage of being
highly interpretable because of its simplicity, without
sacrificing performance. First, we used the Lasso tech-
nique to extract the most relevant variables. The Lasso
performs this based on a regularization approach that
shrinks irrelevant coefficients to zero. Following this, we
then estimated a few MLR models based on variable
subsets obtained by removing further correlated vari-
ables. Multicollinearity was identified via correlation
coefficients and variable inflation factors. The training
set consisted of 80% of the hourly observations in 2019,
while the remaining 20% was reserved for validation.
The final MLR model was selected by considering fitness
and validation statistics, namely, adjusted coefficient of
variation (R?), root mean squared error (RMSE) and
mean absolute percentage error (MAPE). Observations
from the year 2020 were used to test the performance of
the final model, in addition to analyzing the impacts of
COVID-19.

Random Forests

We also used an RF model to predict energy consump-
tion. RF is an ensemble learning approach that estimates

Table 2. Explanatory Variables Considered for Hourly Energy Modeling

Variable (units)

Description (in given hour)

A[Y] (hours)

Average hourly speed (mph)
Monthly dummy

Number of trains

Operating distance (vehicle-miles)
Operating time (vehicle-hours)
Ridership

S[X] (h)

S[X]A[Y] (hours)

Temperature (°F)

Total operating time spent in equal-probability acceleration bin Y

Average of operating train speeds

Month-specific indicators

Unique operating vehicle count

Sum of distances covered by operating vehicles

Sum of total moving time of operating vehicles

Tap-in ridership counts

Total operating time in an equal-probability speed bin X

Total operating time jointly spent in speed bin S[X] and acceleration bin A[Y]
Average daily temperature
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Table 3. Summary of Model Goodness-of-Fit Metrics with Validation Metrics for the Random Forests Model Based on the Out-of-Bag

Estimates

Validation Test
Model Training RMSE (MWh) MAPE (%) RMSE (MWh) MAPE (%)
Multiple linear regression R%: .93 2.19 3.32 2.70 4.68
Random forests PVE: .95 1.78 NA 2.94 5.01

Note: RMSE = root mean square error; MAPE = mean absolute percentage error; PVE = proportion of variance explained; NA = not available.

multiple regression trees based on respective bootstrap
samples of the data (/8-20). It mitigates noise and bias
by using a random fixed-size subset of variables at each
branching (node-splitting) step of the tree-partitioning
process. The two hyperparameters the modeler must
select are the number of estimators (trees) and size of the
subset of random features to be considered for tree parti-
tioning. The goodness of fit of an RF model can be
determined based on error metrics computed on the
out-of-bag (OOB) sample. OOB observations are those
that are not present in any of the bootstrap samples.
Thus, the OOB metrics serve as an estimate of the valida-
tion error of the model. Ensemble models, such as RF,
are less interpretable than parametric approaches.
However, in RF, variable importances can be computed
from the tree-partitioning process. These importances
can rank the relevance of each of the explanatory vari-
ables to the dependent variable.

In this application, the best hyperparameters for the
RF model were 500 estimators (trees) and a random
splitting-variable subset size of 40. The entire set of 2019
hourly observations were used for training the model
(noting that about 37% of these observations are
expected to be in the OOB sample). We reserved obser-
vations from the year 2020 for predictive performance
testing.

Results and Discussion

Model Fitness and Performance

We gauge the fitness of the MLR model based on the
adjusted coefficient of determination (R?), which indi-
cates the proportion of variance explained (PVE) by the
model. The RF model is evaluated by a similar PVE
metric. In determining the best parameterization for each
model, we assessed the RMSE and the MAPE. For the
MLR model, these were computed on 20% of observa-
tions in 2019 used for validation. In the RF model, vali-
dation metrics were computed from the OOB sample
observations, which were not used by the model in train-
ing. Finally, we compared the performance of both mod-
els on the test set of observations from the year 2020.
Based on the prediction over the year, we obtained an

RMSE of 2.7MWh and a MAPE of 4.68% from the
MLR model, while the RF model resulted in an RMSE
of 2.94 MWh and a MAPE of 5.01%. The model fitness
and performance metrics are summarized in Table 3.

Figure 7 shows time series of observed and predicted
system-wide energy consumption. The plots indicate
that the prediction errors from May to December are
greater than earlier in the year, indicating that there
are some temporal effects the model does not fully
capture. The average residual of the MLR model is
—0.31 MWh, while that of the RF model is
—1.28 MWHh, further indicating the slightly better per-
formance of the MLR model. Nevertheless, both mod-
els perform well in testing and are clearly robust to the
COVID-19 disruptions that occurred within 2020, as
predictive performance did not show any significant
degradation in spite of the system changes that
occurred after March 2020.
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Figure 7. Predictive performance of (a) multiple linear
regression and (b) random forest models on 2020 energy
consumption for the MBTA. Residuals for both models are shown

in (c).
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Table 4. Variables, Estimated Coefficients, p-Values (Based on the Multiple Linear Regression Model), 2019 Average Values and
Contribution (Product of Coefficient and Average Value) to Hourly Energy Consumption

Category Variable Coefficient p-Value 2019 avg Contrib (MWh)
Non-movement Intercept 58.48 2Xx107'6 na 58.48
Temperature (°F) —0.8I 2Xx 107" 535 —43.3
Temperature 2 (°F 2) 0.0l 2Xx 1071 3,155.2 31.6
Number of trains 0.06 2Xx107'6 129.8 7.8
Ridership 1.49X10°° 3.42x107° 17,299.1 0.3
Monthly dummy February 1.67 2x107'6 na 1.67
March —0.52 1.18X107° na —0.52
April -3.92 2x107'6 na -3.92
May —5.49 2Xx 1071 na —5.49
June —4.86 2Xx107'6 na —4.86
July —4.5 2x107'6 na —4.5
August -337 2Xx 1071 na -3.37
September —4.4| 2Xx 1071 na —4.4|
October —5.44 2Xx107'6 na —5.44
November —3.56 2x107'6 na —3.56
December 1.28 2.67x1071% na 1.28
Speed-acceleration SIAI —0.38 2.33x10°° 0.92 —0.35
interaction time (h) S2Al —0.23 0.04 1.99 —0.46
S3Al 0.59 3.16x1077 1.623 0.96
S4Al —0.19 0.13 1.617 —0.31
S5Al1 —0.8I 7.23%10°¢ 1.28 —1.04
SIA2 0.13 6.29%1078 11.27 1.47
S2A2 0.14 8.15x10~* 9.42 1.32
S3A2 1.23 2x107'6 1.57 1.93
S5A2 0.99 3.74x107° 0.82 0.8l
S2A3 0.03 6.14x10~* 10.61 0.32
S3A3 0.27 1.61x10"'2 2.007 0.54
S4A3 0.52 3.22x1078 1.07 0.56
S5A3 0.59 2.2X1073 I.11 0.65
S6A3 -1.81 6.93x10°"2 0.59 -1.07
S2A4 0.02 4.89x107* 12.58 0.25
S4A4 —0.08 7.72%1073 3.49 —0.28
S5A4 0.27 0.06 3.12 0.84
S6A4 0.88 4.57x107° 0.951 0.84
S2A5 0.63 6.91x107° 0.954 0.6
S3A5 —0.74 6.23x107° 1.92 —-1.42
S4A5 —0.21 0.04 3.12 —0.66
S6A5 1.01 .11x107° 2.11 2.13
S3A6 2.02 I.4x10~* 0.23 0.46
S5A6 =2.1 2Xx107'6 1.46 —3.07
S6A6 0.46 0.01 2.59 .19

Note: avg = average; contrib = contribution; na = not applicable.

Key Factors Driving System Energy Consumption

The coefficients estimated from the MLR model facili-
tate a physical quantification of the average effect of rel-
evant variables on energy consumption (summarized in
Table 4). The table also shows the average value for each
of the variables from 2019 to provide a better sense of
the magnitude of each variable and its relative contribu-
tion to the hourly energy consumption. For reference,
the average hourly energy consumption in 2019 was
47.3 MWh. Thus, we see that the intercept alone contri-
butes a sizable net positive effect of 58.5 MWh. This
could be a result of baseline operations, such as station

lighting and climate control. Temperature is next (with
the linear and quadratic portions included to capture the
contributions of colder and hotter temperatures). In
comparison, the net effect of ridership is quite small at
0.3 MWh. This indicates that ridership is less important
in predicting energy consumption than are the train-
operation- and climate-control-related energy demands
on the system.

Since it was not possible to explicitly capture the
effects of third-rail heating, and also because of unknown
interactions with temperature, monthly dummy variables
were included in the model to capture these variations.
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Figure 8. Hourly energy consumption coefficients of speed and
acceleration bin interaction terms. The interaction signifies the
amount of time spent within a given speed interval and the
corresponding acceleration interval. Negative values indicate the
net energy saving.

January is the baseline month. On average, there is a
larger reduction in energy usage as the months proceed
from March through November. Compared with the
January baseline, the greatest savings are seen in May

and October, when cooling and heating demands, respec-
tively, are the lowest.

We also analyzed how the energy varies with the
speed—acceleration interaction variables. The coefficients
of these interaction variables are included in Table 4 and
also visualized using a matrix heatmap in Figure 8.
Nearly all of the interaction terms involving acceleration
bin 1 (Al) have a negative coefficient except for S3AIl.
The negative sign indicates a net energy saving and is
reflective of those trains in the system with regenerative
braking capabilities (not all of them have this technol-
ogy). One potential reason for the negative coefficients
in positive acceleration bins (e.g., S3AS, SSA6) might be
unobserved interactions that are currently not captured
in the model. In contrast, a positive sign indicates a net
energy consumption. We observe that the average effect
of S6AS5 on energy consumption is 2.13 MWh. This rep-
resents the greatest contribution to energy consumption
among all positive interaction terms. These results indi-
cate that trains spent most of their accelerating time
operating within speed bin 6 (S6) and acceleration bin 5
(AS5). The overall average effect of the interaction terms
based on 2019 measurements is 0.94 MWh.

The RF model also ranks the variables based on their
relevance to energy consumption (see Figure 9).
Generally, we find that the importance rankings agree
with the coefficients of the linear model. The number of
operating trains was the variable with the greatest impact
on energy consumption. In addition, average daily

Number of operating trains:

Temperature (F)

Month dummy+

S6A5 (hours):

S5A2 (hours):

S3A2 (hours):

Operating time (hours):

Ridership:

S2A3 (hours):

S4A2 (hours):

) .

50000

Increase in Node Purity

100000 150000

Figure 9. Top 10 important variables selected by the random forest model. The importance is indicated by the magnitude of the

“increase in node purity” score.
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temperature, ridership, operating time, monthly factors
and some train movements (S6AS, SSA2, S3A2) are also
very important for energy consumption. This model fur-
ther confirmed that trains spent most of the time operat-
ing in speed bin 6 [30.1, 104 mph) and acceleration bin 5
[0.1, 0.7m/s).

COVID-19 Impact Analysis

COVID-19 was first reported in December 2019 and rap-
idly spread all over the world, reaching pandemic pro-
portions in January 2020 (27). It was declared a US
national emergency in March 2020 (22). Subsequently,
all non-essential travel was curtailed. Public places were
closed and working or schooling from home was man-
dated in many areas. Given the infectiousness of the dis-
ease, social distancing was imposed in many locales and
this significantly reduced transit usage across the US
(23). In response to these events, and to cut costs as rev-
enues declined, the MBTA reduced service on the Red,
Orange, and Green Lines by 20%, while reducing Blue
Line service by 5% beginning March 14, 2020. By July
2020, regular service was largely restored, even though
ridership remained depressed throughout the rest of the
year.

Key metrics for the MBTA urban transit system in
2019 and 2020 are compared in Table 5. Ridership
decreased by 66% from 150.3 million tap-ins in 2019 to
51.1 million tap-ins in 2020. This ridership decline is also
shown in Figure 4b. Compared with other metrics, rider-
ship had the greatest change (66% decline in 2020). It
did not begin to climb to prior levels until the end of
2020. The energy consumption in 2020 decreased by
7.6%, contributing to a cost decrease of 13.6%. The ser-
vice reductions resulted in declines in operating distance
(vehicle-miles) and operating times (vehicle-hours) of
5.7% and 13.3%, respectively. Regular MBTA rapid
transit operations resumed in July 2020.

Conclusion

Using data from train movement and operations, rider-
ship, and ambient temperature, we estimated models to
accurately predict and explain system-wide electricity
consumption in an urban rail transit network. Our case
study was the MBTA network, which serves the Boston
metropolitan area. Notably, we developed an integrated
framework for data processing and trajectory computa-
tion. We also propose a trajectory dashboard that can
visualize train trajectory variables (distance, time, speed,
acceleration) and their distributions, as well as map the
trajectories in real-time.

We estimated a high-performance energy consump-
tion MLR model with an R?> of 0.93 and RF with PVE

Table 5. Summary of COVID-19 Impacts on MBTA with Key
Metrics Shown for the Years 2019 and 2020 and the
Corresponding Percentage Change

Metric 2019 2020 % change
Cost (X 10° $) 16.2 14 —13.6
Energy consumption (GWh) 4109 37938 -7.6
Energy per vehicle-mile (kWh/mi) 39.2 386 —1.5
Energy per vehicle-hour (kWh/h) 270.3 2815 + 4.1
Ridership (X< 10°) 150.3 511 —66.0
Vehicle-miles (X 10°) 10.5 9.9 =57
Vehicle-hours (X 10°) 1.5 1.3 —133

of 0.95. On testing with 2020 data, these two models pro-
duced errors of less than 5.1%. The models provide
insights into the driving factors of system-wide energy
consumption, while also showing potential as a decision-
support tool for future planning. These key drivers were
identified as: temperature, baseline energy consumption
by facility, and train operations. Ridership was found to
have a very small impact on energy consumption in our
framework. Importantly, our model predictions held up
under COVID-19 disruptions (reduced ridership and
train operations).

One limitation of the current approach is that move-
ment variables are aggregated without accounting for rail
type, that is, heavy or light rail. Given the clear differ-
ences in speeds and vehicle mass between these two types,
the models could be improved by computing these vari-
ables (e.g., bin times, train numbers) as type-specific or
line-specific. Ongoing research efforts include equipping
individual trains with accelerometers to calibrate physical
models of electric train energy consumption using their
high-resolution data. These models can then be upscaled
for better system-wide energy exploration, and poten-
tially shed more light on the contribution of ridership
and other operational factors.

In addition, we plan to further develop the trajectory
analysis tool into an online trajectory-energy dashboard.
The dashboard can be used for real-time monitoring to
pinpoint areas or vehicles in network with significant
changes in energy use patterns. While the estimated mod-
els have shed more light on the relevant variables for
energy consumption, they would ultimately be most
impactful as high-level decision-support tools that can
guide planning efforts in light of future budgetary con-
straints or in response to disruptive events. By imple-
menting learning procedures to map these low-level
movement and operations variables to high-level plan-
ning metrics, generative processes can be estimated to
produce valid synthetic data in response to any proposed
policy response. Thus, future strategies can be readily
assessed for energy and cost impacts, yielding sustainable
decision pathways.
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