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Abstract
With the increasing emphasis on sustainable transportation solutions, there is an urgent need for a system that can accurately
assess vehicle-specific energy consumption in real-time. However, the current modeling frameworks have a significant gap in
that they are not demand- and congestion-responsive, nor are they capable of modeling the system-wide energy consumption
of bus fleets at the vehicle-level, encompassing all three types of powertrains—conventional, hybrid, and electric. To address
this gap, we present a comprehensive modeling framework that takes into account passenger loading, considers the dynamics
of the system including acceleration, and is capable of predicting the real-time energy usage of each bus in a transit network.
Using the Pioneer Valley Transit Authority system as a case study, we calibrated existing powertrain-specific models for con-
ventional diesel, hybrid, and battery electric buses. Our demand- and congestion-responsive energy consumption modeling
framework fills this critical gap and offers significant potential for future sustainable transportation planning. Relying on
detailed trajectories computed from one month of bus location data, along with passenger counts and road grade, our frame-
work is a novel contribution in that it provides spatiotemporal energy predictions for an entire bus system. As it is readily
calibrated with potential improvements in accuracy given more data, this framework can be applied by transit agencies for
the purposes of real-time energy consumption monitoring, fleet electrification planning, equity analyses, and carbon emission
reduction strategies.
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In 2021, the transportation sector was responsible for
28% of the total energy consumption in the U.S. (1).
Although public transportation accounted only for 6%
of all trips taken across the country, the energy intensity
of buses (0.11 kWhpkm) is significantly lower than that
of cars (0.22 kWhpkm) (2, 3). This indicates that public
transportation can significantly reduce transportation-
related energy consumption and carbon emissions by
providing an alternative to individual car use. Thus, pub-
lic transportation has an important role in climate change
mitigation. Given the increasing urgency of the climate
situation, there is a need for readily deployable energy
models to facilitate decision-making for sustainability in
bus transit networks.

Hybrid electric bus (HEB) and battery electric bus
(BEB) are low- and zero-emission vehicles. By adopting
HEB and BEB into public transportation fleets, we have
the potential to significantly reduce the transportation

sector’s overall emissions and move toward a more sus-
tainable future (4). Furthermore, low- and zero-emissions
vehicles are cheaper to run, as the annual energy costs of
HEB and BEB are 34% and 73% less than that of con-
ventional diesel bus (CDB) (5). Hybrid and electric buses
that are actively operating at transit agencies across the
U.S. account for 22% and 2% of the total buses, respec-
tively (6).

Currently, transit agencies do not have any system to
accurately track the per-vehicle energy consumption of
their fleet on a daily or hourly basis. This highlights the
need for energy models to analyze system-wide energy
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consumption. Vehicle-specific models are essential for
decision-making, especially under constraints on budget
and time. For instance, an energy consumption model can
aid in identifying the most effective investment strategies
and prioritizing routes for electrification. These models
can be applied to evaluate the potential impacts of electri-
fication on energy usage and emissions. Furthermore,
energy consumption models can help policymakers to pre-
dict future energy consumption patterns at the vehicle
level, assess the economic viability of different electrifica-
tion strategies, and estimate the potential environmental
outcomes of these strategies. Given these factors, an
energy consumption model can play an instrumental role
in promoting sustainable transportation and is an initial
step toward helping policymakers design effective strate-
gies for reducing greenhouse gas emissions.

Related Work

The modeling of energy consumption in public transpor-
tation systems has been widely studied, and several meth-
ods have been explored to develop models to estimate
energy consumption by taking into account a range of
factors and parameters (7–15). The earliest framework to
model fuel consumption and emissions in heavy-duty die-
sel vehicles was introduced in 2004. The model estimates
fuel rates based on variables such as engine power, fric-
tion factor, speed, displacement, and engine efficiency
(16). This model has been applied to a wide range of
fleets, including light- and medium-duty vehicles. An
enhancement was made to the previous model by remov-
ing an unrealistic condition under which buses have to
either accelerate at full throttle or brake at full braking
to minimize their fuel consumption levels (17). In another
improvement to the physics-based energy consumption
model, a second-order polynomial energy consumption
function was introduced (18). This model takes into con-
sideration several factors including vehicle resistance
force, rotational mass, gear ratio, the total mass of bus,
acceleration, and speed as the dependent variables. In
another study, a model was developed to estimate energy
consumption by taking into account the distance tra-
veled, route taken, and time (19). This model captures
auxiliary system variables including heating, ventilation,
air conditioning, and other electrical components in the
energy consumption model. A more recent study focused
on developing a system-wide energy consumption model
for Massachusetts Bay Transportation Authority trains
(15). This machine-learning-based model is capable of
predicting energy consumption models using train move-
ment and operation data, ridership, and ambient tem-
perature data. Despite all these efforts, no approach has
been proposed to provide accurate system-wide energy
estimates based on real-time vehicle-specific models.

This paper fills the gap in the literature by developing
a modeling framework that is demand- and congestion-
responsive. The framework is capable of modeling the
system-wide energy consumption of a bus fleet at the
vehicle-level, including all three types of conventional,
hybrid, and electric powertrains. We calibrate vehicle-
specific energy models for various powertrains to arrive
at accurate system-level and vehicle-level predictions. We
also develop a systematic approach to build an energy
model, which is not only highly interpretable and high-
performing, but is also simply built based on vehicle-
specific parameters and trajectories.

The results of this energy modeling framework can be
considered as an initial step to build a decision support
tool to help transit agencies in planning the electrification
of their fleets. This model can be used to plan future pub-
lic transport systems, reduce energy consumption, facili-
tate the transition toward more sustainable fleets with
lower emissions, and make better policy decisions about
fleet replacement.

As an aid to the reader, we summarize the abbrevia-
tions used in this paper in Table 1. The rest of the paper
is organized as follows. We describe the case study area
in the next section. Following this, we describe the meth-
ods used (data and models). Then we present and discuss
the results and close with a conclusion.

Case Study

Bus Network and Fleet

The Pioneer Valley Transit Authority (PVTA) is the second-
largest transit agency in Massachusetts, U.S. It served over
6million passenger trips in the Pioneer Valley region
(Hampden and Hampshire counties) in 2022. Figure 1
shows the location of bus stops in PVTA network. PVTA
operates 178 buses on 45 fixed routes (20). Out of these
buses, 88% are CDB, 5% are HEB, and 7% are BEB.
There are 10 different types of bus engines in the network:

Table 1. Glossary of Abbreviations and Units

Abbreviation Description

BEB battery electric bus
CDB conventional diesel bus
gal gallon(s)
GPS global positioning system
HEB hybrid electric bus
kWh kilowatt hour (unit of consumed energy)
mi mile (unit of traveled distance)
MPG miles per gallon (unit of fuel economy)
mph miles per hour (unit of speed)
mpkWh miles per kilowatt-hour (unit of energy economy)
m=s2 meters per second (unit of acceleration)
PVTA Pioneer Valley Transit Authority
VRIE vehicle refueling interval energy (gal)
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five conventional (‘‘C1’’–‘‘C5’’), two hybrid (‘‘H1’’ and
‘‘H2’’) and three electric (‘‘E1’’–‘‘E3’’) powertrain engines.
Figure 2 displays the histogram of PVTA bus engines.

Energy Data

To calibrate and validate the powertrain-specific energy
models, we used timestamped refueling data indicating
the amount of refueling tickets for each bus in April

2022. Refueling tickets are collected each time buses go
for refueling to the garages. To better understand the fre-
quency of refueling, we plotted a histogram of refueling
intervals, as shown in Figure 3. This analysis revealed
that refueling intervals are irregular, with an average
interval of 34.8 h and a median interval of 24.8 h.

For the purpose of validation, we define the vehicle
refueling interval energy (VRIE) as VRIEi, p,Rl

(gal) for
vehicle of powertrain type p and refueling interval tr. (See
Equation 13 for more details on how it is computed.)

Figure 4 shows histograms of VRIE (gal) for CDB
and HEB. The mean VRIE is about 30 gal for CDB and
26 gal for HEB.

Methods

Trajectory Computation

First, we cleaned the timestamped vehicle GPS location
data by removing all data points with a time interval of
less than 2 s. Each timestamp corresponds to the depar-
ture of a bus from a given stop. These spurious observa-
tions comprised about 3% of all the location timestamps
in the dataset. Afterward, we computed trajectories (dis-
tance si, speed vi, and acceleration ai) of each bus i in the
network at timestamp tj, where j is the index of the time-
stamp. To calculate the distance, we used the Haversine
distance function (21). The following equations were
used:

Figure 1. Pioneer Valley Transit Agency bus stop locations.

Figure 2. Histogram of vehicle engines in Pioneer Valley Transit
Agency network.

Figure 3. Histogram of refueling intervals.
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si(tj)= 2r arcsin sin2 ji(tj)�ji(tj�1)

2

� �
+

h
cos (ji(tj�1)) cos (ji(tj)) sin

2 li(tj)�li(tj�1)

2

� �i1
2
ð1Þ

vi(tj)=
si(tj)� si(tj�1)

Dtj

ð2Þ

ai(tj)=
vi(tj)� vi(tj�1)

Dtj
ð3Þ

Dtj = tj � tj�1 ð4Þ

where
r = the radius of the earth,

ji(tj) and ji(tj�1) = the latitude of vehicle i at consecu-
tive timestamps, and
li(tj) and li(tj�1) = the longitude of vehicle i at consecu-
tive timestamps.
Trajectories for a selected 24h period are shown in
Figure 5. Histograms of distances, speeds, acceleration,
and time intervals are depicted in Figure 6. Summary sta-
tistics of trajectories for April, 2022, are shown in Table 2.

Energy Models

We adapted existing powertrain-specific physical energy
models for CDB, HEB, and electric vehicles, which we

Figure 4. Histograms of vehicle refueling interval energy (gal) for: (a) conventional diesel bus and (b) hybrid electric bus.

Figure 5. Time series of trajectories (cumulative distance [top], speed [middle], and acceleration [bottom]) for all 178 Pioneer Valley
Transit Authority buses in the dataset over a 24 h period (5:00 a.m., April 4, 2022, to 5:00 a.m., April 5, 2022.
Note: BEB = battery electric bus; CDB = conventional diesel bus; HEB = hybrid electric bus.
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modified for BEB (18, 22). Engine-specific parameters
are shown in Table 3. All, except the age, are used in the
powertrain models. The parameters common to all the
energy models are summarized in Table 4. Model indices
are provided in Table 5.

The instantaneous tractive power Pp, i(tj) output, in
kW, of a vehicle i of powertrain type p at timestamp (tj),
is generally given by Wang and Rakha (18):

Pp, i(tj)=
1

3600

r

25:92
CDChAf , pv2

i (tj)
h

+
mi(tj)gCr

1000
(c1vi(tj)+ c2)

+ 1:2m(tj)ai(tj)

+mi(tj)gGi(tj)
�
vi(tj)

ð5Þ

where

� r = air density kg=m3
� �

,

Table 2. Summary Statistics of Trajectories

Trajectory Min Median Mean Max

Cumulative distance (mi) 6:81 89:39 91:14 191:18
Speed (mph) 0 16:20 94:59
Acceleration (m=s2) �2:63 0 0:05 4:61

Table 3. Engine Specifications

Engine Mean age (years) Length (ft) Curb mass (lb) Frontal area (m2) Powertrain

C1 17 30 25, 700 6:99 CDB
C2 15 35 26, 440 6:99 CDB
C3 15 40 27, 180 6:99 CDB
C4 17 35 26, 900 6:99 CDB
C5 17 40 28, 250 6:99 CDB
H1 12 40 28, 250 7:44 HEB
H2 10 60 41, 500 7:44 HEB
E1 2 35 26, 900 7:44 BEB
E2 2 40 32, 770 7:44 BEB
E3 3 40 27, 370 7:44 BEB

Note: BEB = battery electric bus; CDB = conventional diesel bus; HEB = hybrid electric bus.

Table 4. Common Parameters for Powertrain Energy Models

Parameter Description CDB HEB BEB

a2 quadratic fuel consumption coefficient 1:00310�8 na
hbatt battery efficiency na na 0:95
hd, p driveline efficiency 0:94 0.92
hm motor efficiency na na 0:91
r air density 1:23 kg/m 3

Af , p frontal area 6:99 m 2 7:44 m 2 7:44 m 2

CD drag coefficient 0:78
Cr rolling coefficient 1:25
C1 rolling resistance coefficient 1 0:0328
C2 rolling resistance coefficient 2 4:575
Ch altitude correction factor 0:01 km
d engine size/displacement 8:7 l
g acceleration caused by gravity 9:81 m/s2

Note: BEB = battery electric bus; CDB = conventional diesel bus; HEB = hybrid electric bus; na = not applicable.

Table 5. Model Indices and Mappings

Symbol Description Value

i 2 ½1,Np� index of bus { NC : 156 (CDB), NH: 9 (HEB), NB: 13 (BEB)}
p 2 fC,H, Bg powertrain type { C: CDB, H: HEB, B: BEB}
j 2 ½1, T� index of timestamp in GPS location dataset T = 200, 000
r 2 ½1, R� refueling ticket in observation dataset R= 3019

Note: BEB = battery electric bus; CDB = conventional diesel bus; HEB = hybrid electric bus.
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� CD = drag coefficient (unitless),
� Ch = altitude correction factor (unitless),
� Af , p = frontal area (m2),
� Cr = rolling coefficient (unitless),
� c1 = rolling resistance coefficient 1 (unitless),
� c2 = rolling resistance coefficient 2 (unitless),
� g = gravitational acceleration (m=s2),
� vi(tj) = speed of bus i (km/h), at timestamp (tj),
� ai(tj) = acceleration of bus i (m=s2), at timestamp

(tj),
� G(tj) = road grade (specified as the tangent of the

angle) at the location of bus i at timestamp (tj),
and

� mi(tj) = mass of bus i kgð Þ, including passengers,
at timestamp (tj).

Conventional Diesel Bus (CDB) Model. The input power,
PC, i(tj) in kW, (or fuel power consumed) by vehicle i with
a conventional diesel powertrain C, at timestamp tj, is
given by the quotient of the tractive power and the CDB
driveline efficiency:

PC, i(tj)=
1

hd,C

PC, i(tj) ð6Þ

where
hd,C = the driveline efficiency (0.94).
The fuel consumption rate FC, i(tj) in liters per second
(l/s) at timestamp tj is then given by the piecewise
function:

Figure 6. Histogram of trajectories: distance (top left), speed (top right), acceleration (bottom left), and time intervals (bottom right) in
April, 2022. These histograms are trimmed for better clarity, with 3% of their data points removed.
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FC, i(tj)=

a0,C +a1,CPC, i(tj)
+a2P2

C, i(tj) if PC, i(tj)ø 0

a0,C if PC, i(tj)\0

8<: ð7Þ

where
the constant a0,C and a1,C = powertrain-specific coeffi-
cients to be calibrated.
Thus, the diesel consumption in liters (EC, i(tj)) at time-
stamp (tj) relative to the previous timestamp of a CDB is
then computed as:

EC, i(tj)=Dtj � FC, i(tj) ð8Þ

where
Dtj = the duration of time interval between timestamp tj
and timestamp tj�1.

Hybrid Electric Bus (HEB) Model. We assume the same
energy model formulation for HEB as for CDB. Thus,
instead of explicitly modeling the hybrid control unit
mechanism, we account implicitly for the improved effi-
ciency by calibrating a0,H and a1,H to fit the trajectories
of the hybrid buses. Thus, the diesel consumption in
liters (EH , i(tj)) of an HEB at timestamp tj relative to pre-
vious timestamp tj�1 is then computed as:

EH , i(tj)=Dtj � FH , i(tj) ð9Þ

Battery Electric Bus (BEB) Model. To calculate the input
power from the battery of a BEB, we account for regen-
erative braking, as well as the efficiencies of the electric
motor and the battery (22). Thus, the power consumed,
PB, i(tj) (kW), is given by:

PB, i(tj)=
hrbhbatt

hmhd

PB, i(tj) ð10Þ

where

� hbatt = battery efficiency (unitless),
� hm = motor efficiency (unitless), and
� hrb = regenerative braking efficiency (unitless).

The regenerative braking efficiency is specified by:

hrb =
exp � g

ja(tj)j

� �h i
if a(tj)\0

1 if a(tj)ø 0

(
ð11Þ

where
g = the regenerative decay parameter and is calibrated
to fit the dataset.
Then, energy (kWh) consumed at timestamp tj relative to
the previous timestamp tj�1 of a BEB is computed as:

EB, i(tj)=
1

3600
Dtj PB, i(tj) ð12Þ

Calibration Procedure

We selected five parameters for calibration. These are
shown in Table 6:

Since the unit of observation for energy consumption
was the duration of the refueling interval, we specify the
energy consumed therein—vehicle refueling interval
energy, VRIEi, p, tr—as:

VRIEi, p(tr)=
X
tj2R

Ei, p(tj), ð13Þ

where
r = the index for the refueling interval
(tr = f0, 1, . . . ,Rg).
VRIEi, p(tr) is measured in gallons of diesel (gal) for CDB
and HEB.

To calibrate the powertrain-specific parameters 1up,
for CDB and HEB, we minimize the root mean squared
error (RMSE) of VRIEi, p(tr). The error metric is given by:

RMSEp =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

NpR

XNp

i= 1

XR

r= 1

VRIEi, p(tr)� dVRIEi, p(tr)
� �2

vuut ,

ð14Þ

where
Np = the number of vehicles of powertrain type
p 2 fC,Hg,
R = the number of refueling intervals in the observed
energy data, and dVRIEi, p(tr) = the predicted VRIE.
Thus, the minimization problem is as follows:

u�p = argmin
up

RMSEp(u) ð15Þ

where
uCDB =(a0,C,a1,C), and
uHEB =(a0,H ,a1,H ).

To minimize RMSEp, we performed a grid search for
the parameters using the first 77% of the 2,749 refueling
ticket observations for training. In the grid searches, we
evaluated the model at each point and selected the

Table 6. Calibrated Parameters

Parameter CDB HEB BEB

a0 � �
a1 � �
g �

Note: BEB = battery electric bus; CDB = conventional diesel bus;

HEB = hybrid electric bus.
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optimal parameters. This left the 691 data points corre-
sponding to the last 7 days in April, 2022, for testing.
For the CDB model, we considered a 100 3 100 grid of
values for a0 2 ½5 3 10�4, 3 3 10�3� and a1 2 ½1 3 10�5,
2 3 10�4�. In the HEB case, we initially conducted a
coarse grid search for a0 2 ½8 3 10�6, 0:02� and for
a1 2 ½1 3 10�6, 4 3 10�3�. We then narrowed the search
over a 100 3 100 grid of values for a0 2 ½9 3 10�4,
3 3 10�3� and a1 2 ½5 3 10�5, 5 3 10�4�. Contour plots of
the objective function for CDB and HEB are shown in
Figure 7.

Energy consumption data for BEB were unavailable
for April, 2022. Thus, we fitted our model a mean BEB
energy economy (ecoB) of 0.44mpkWh (23). To cali-
brate the BEB model, first we obtain energy predictions
at each timestamp, Êi,B(tj). Then, we compute the pre-
dicted energy economy at that same timestamp,decoi,B(tj), as:

decoi,B(tj)=
si(tj)

Êi,B(tj)
ð16Þ

Finally, we obtain the optimal g� by minimizing the
root mean squared deviation (RMSDB) objective:

RMSDB =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

NB � T
XNB

i= 1

XT

j= 1

decoi,B(tj)� ecoB

� �2

vuut ð17Þ

Thus, we conducted a search for g 2 ½0:02, 5� over 200
equally spaced points to solve the problem:

u�BEB = g�= argmin
g

RMSDB(g) ð18Þ

The objective trajectory is shown in Figure 8.

Results and Discussion

Model Performance

The optimal parameter values resulting from the model
calibration are shown in Table 7. We then computed
the final performance of the models using 23% of the
VRIE observations at vehicle level. The test RMSE is
8.19 gal for CDB, 8.01 gal for HEB, and 0.12mpkWh

Figure 7. The conventional diesel bus (CDB) model energy root mean squared error (gal) resulting from calibration of a0 and a1 in the:
(a) CDB model and (b) hybrid electric bus model.
Note: white markers = optimal points.

Figure 8. The battery electric bus model economy root mean
squared deviation (RMSD) (mpkWh) resulting from calibration of
the regenerative decay parameter (g).
Note: red marker = the optimal point.
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for BEB (Table 8). To further assess performance, we
calculated mean absolute percentage error (MAPE) for
each powertrain-specific model (Table 9). At the vehi-
cle level, the test MAPE is 28% for CDB, 26% for
HEB, and 18% for BEB. Average fuel economies for
CDB and HEB were computed as 5.35MPG and
6.44MPG, respectively (which are close to 4.82MPG
and 5.84MPG from the literature). Despite the CDB
and HEB MAPEs being relatively high when computed
at the vehicle level, these models exhibited better per-
formance when evaluated on an aggregated weekly
system-level basis. In this case, the test MAPE is 5%
for CDB, and 2% for HEB. We were unable to com-
pute system-level MAPE values for BEB, as charging
data were unavailable.

In Figure 9, the model predictions of VRIE (gal) are
plotted against the observed values for CDB and HEB. It
is evident that both the CDB and HEB models perform
well in estimating energy. The HEB model is slightly
inferior because of the relatively small size of the HEB
fleet operating on the PVTA network. (HEB on the
PVTA network comprise only 5% of the total fleet, while
CDB comprise 88%). This limited size of the HEB fleet
restricts the ability to calibrate the HEB model para-
meters for better performance.

Table 7. Calibrated Parameters

Parameter Description CDB HEB BEB

â0 intercept of fuel consumption rate function 1:68310�3 1:4310�3 na
â1 linear term of fuel consumption rate function 8:82310�5 6:82310�5 na
ĝ regenerative braking efficiency decay parameter na na 3:10

Note: BEB = battery electric bus; CDB = conventional diesel bus; HEB = hybrid electric bus; na = not applicable.

Figure 9. Predicted versus observed vehicle refueling interval energy (VRIE) (gal) for: (a) CDB and (b) HEB.

Table 8. Model Training and Test Performance Metric (RMSE) at
Vehicle Level (Based on Vehicle Refueling Interval Energy)

Powertrain
RMSE

Train Test

CDB (gal) 8:63 8:19
HEB (gal) 9:66 8:01
BEB (mpkWh) 0:15 0:12

Note: BEB = battery electric bus; CDB = conventional diesel bus; HEB =

hybrid electric bus; RMSE = root mean squared error.

Table 9. Model Training and Test Performance Metric (MAPE) at
Vehicle Level (Based on Vehicle Refueling Interval Energy) and
System Level (Weekly Aggregated)

Powertrain

Vehicle-level MAPE (%) System-level MAPE (%)

Train Test Train Test

CDB 47 28 4 5
HEB 35 26 9 2
BEB 26 18 na na

Note: BEB = battery electric bus; CDB = conventional diesel bus; HEB = hybrid

electric bus; MAPE = mean absolute percentage error; na = not applicable.
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We analyzed the residuals to evaluate the fitted mod-
els (Figures 10 and 11). When plotted against distance,
the residuals display a largely homoskedastic pattern
with constant variance. However, when the residuals are
plotted against energy and fuel economy, there appears
to be a slightly positive correlation. This behavior indi-
cates a systematic error, as there is a linear dependency
the current models fail to capture. This discrepancy is
further highlighted when we consider the residuals versus
refueling interval plots (Figures 10d and 11d). We
observe that the absolute value of the residuals decreases
with the refueling interval. This pattern may also point
to the presence of a measurement error in the distances,
as the timestamped locations do not include bus move-
ments to and from depots. Thus, the impact of this error
reduces as the refueling interval gets larger. We plan to

further investigate and address these errors in future
work.

Model predictions aggregated at the weekly level for
CDB and HEB are compared with approximate weekly
observations (Figure 12). The observed values are
approximate given the irregularity of the refueling inter-
vals and their variability by vehicle, which results in only
a partial observation of the number of gallons consumed
in a given day. We show the mean energy economy from
the BEB model (0.36mpKWh) compared with that
obtained from the literature (Figure 13).

Hourly Predicted Energy Metrics

We used the calibrated models to predict vehicle energy
consumption (gallons for CDB and HEB and kWh for

Figure 10. Vehicle refueling interval energy residuals (gal) versus:
(a) distance (mi), (b) observed energy (gal), (c) fuel economy
(MPG), and (d) refueling interval (h) for conventional diesel bus.
Note: dashed horizontal lines = the average residual.

Figure 11. Vehicle refueling interval energy residuals (gal)
versus: (a) distance (mi), (b) observed energy (gal), (c) fuel
economy, and (d) refueling interval (h) for hybrid electric bus.
Note: dashed horizontal lines = the average residual.
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BEB) at each timestamp. We then computed other
metrics to investigate system-wide performance for each
powertrain type. These metrics are fuel efficiency (MPG
for CDB and HEB, and mpkWh for BEB) and energy
intensity (gallons per passenger for CDB and HEB, and
kWh per passenger for BEB).

In the CDB cases, the period between 2:00 a.m. and
4:00 a.m. has the lowest average per-vehicle energy con-
sumption with a median of 0.57 gal, since the ridership
is minimum during this time. However, energy con-
sumption peaks at 2:00 p.m. with a median of
242.24 gal, as ridership is high between 2:00 p.m. and
5:00 p.m. We observe the peak ridership at 4:00 p.m.,
with a median of 30,637 passengers. Additionally, at
6:00 p.m., vehicles travel a longer distance per gallon
(6.02MPG) possibly because of lower passenger load.
Energy consumption is more intense per passenger
between 2:00 a.m. and 5:00 a.m. with a median of
0.007 gal per passenger, as ridership is at its minimum
during this time period (Figure 14a).

For HEB, energy consumption peaks at 7:00 p.m. with
a median 9.15 gal, while we observe almost no energy
consumed at 4:00 a.m. The highest fuel economy occurs
at 4:00 a.m., with a median of 8.64MPG, and the most
intense energy consumption is at 1:00 a.m. with a median
of 0.007 gal per passenger, when there are a few passen-
gers onboard. Ridership is at its peak at 4:00 p.m., with a
median of 1,812 passengers (Figure 14b).

Energy consumption peaks at 2:00 p.m. for BEB. We
observe the highest energy economy (0.73mpkWh) at
11:00 a.m. and energy intensity (3.41 kWh per passenger)
at 11:00 p.m. Ridership peaks at 2:00 p.m. with a median

Figure 12. Weekly time series of system-wide energy consumption (gal) for conventional diesel bus (CDB) (top) and hybrid electric bus
(HEB) (bottom) in 2022 (first 23 days: training; last 7 days: test).

Figure 13. Battery electric bus mean predicted energy economy
compared with observed value from the literature.
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of 1,333 passengers (Figure 14c). Summary statistics for
all three powertrain-specific models are provided in
Tables 10 and 11.

Potential Applications

The proposed systematic approach to model energy con-
sumption has several potential applications, as it pro-
vides highly granular energy predictions at the vehicle

level. Thus, it can be used to investigate the impacts of
demand and congestion at different times of the day.
The framework can also be extended to model and pre-
dict emissions. With this capability, both energy and
emissions can be computed and monitored spatiotempo-
rally. Planning agencies can use this information to
understand the zones and routes that consume the most
energy or that are exposed to the greatest emissions.
Ultimately, using this framework, transit agencies can

Figure 14. Hourly system-level energy consumption, energy economy, energy intensity, and ridership for: (a) CDB, (b) HEB, and (c) BEB.
Note: the horizontal line inside the purple box = the median value; the red marker inside the purple box = the mean value; BEB = battery electric bus; CDB

= conventional diesel bus; HEB = hybrid electric bus.
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develop effective fleet electrification strategies. They can
prioritize which routes or vehicles to replace based on
the powertrain-specific model outputs. Analyses can also
include the investigation of energy consumption and
emissions exposure for various socioeconomic and
demographic segments of the population, given the spa-
tial resolution of the model. Thus, planners can incorpo-
rate equity considerations for sustainable decision-
making, including electrification and disaster response,
among others.

Conclusion

We have developed a framework for predicting the
energy consumption of buses based on calibrated
vehicle-specific engines, using real-time bus movement
data. The framework accurately predicts energy con-
sumption for conventional (CDB), hybrid (HEB), and
electric buses (BEB). To demonstrate the effectiveness of
our approach, we conducted a case study using the
PVTA bus network.

Our integrated framework uses GPS location data to
compute real-time vehicle energy consumption using cali-
brated powertrain-specific models. This novel framework
is the first to demonstrate, to the best of our knowledge,
a capability to predict highly spatiotemporally resolved
vehicle-specific energy consumption for an entire bus net-
work. Further avenues for research include investigating
the effects of seasonal fluctuations on energy consump-
tion and refining model calibration via a hierarchical
Bayesian estimation method. The models can also be
extended to predict vehicle-specific emissions, as well.

Ultimately, the framework can be applied by transit
agencies to various networks, serving as a valuable
decision-support tool for equitable and effective fleet
management and replacement, carbon mitigation, and
cost reduction strategies.
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Table 11. Summary Statistics of Hourly Energy Prediction
Metrics for BEB.

Metric Mean Median

Energy (kWh) 35:97 28:71
Energy economy (mpkWh) 0:36 0:28
Energy intensity (kWh per passenger) 0:23 0:08
Ridership (passengers) 602 355

Note: BEB = battery electric bus.

Table 10. Summary Statistics of Hourly Energy Prediction Metrics for CDB and HEB

Metric
CDB HEB

Mean Median Mean Median

Energy (gal) 120:24 138:79 7:54 7:36
Fuel economy (MPG) 5:34 5:24 6:44 6:30
Energy intensity (gallons per passenger) 0:009 0:008 0:009 0:006
Ridership (passengers) 16, 254 16, 255 1, 266 1, 136

Note: CDB = conventional diesel bus; HEB = hybrid electric bus.
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