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Abstract

Electric buses are key in the strategy towards a greenhouse-gas-neutral fleet. However, their
restrictions in terms of range and refueling as well as their increased price point present
new challenges for public transport companies. This study aims to address, based on
real-world operational data, how energy consumption and charging behavior affect battery
aging and how operational strategies can be optimized to extend battery life under realistic
conditions. This article presents an energy consumption analysis with respect to ambient
temperatures and average vehicle speed based exclusively on real-world data of an urban
bus fleet, providing a data foundation for range forecasting and infrastructure planning
optimized for public transport needs. Additionally, the State of Charge (SOC) window
during operation and vehicle idle time as well as the charging power were analyzed in
this case study to formulate recommendations towards a more battery-friendly treatment.
The central research question is whether battery-friendly operational strategies—such as
reduced charging power and lower SOC windows—can realistically be implemented in
daily public transport operations. The impact of the recommendations on battery lifetime
is estimated using a battery aging model on drive cycles. Finally, the reduction in CO,
emissions compared to diesel buses is estimated.

Keywords: electric bus; energy consumption; operating strategy; vehicle monitoring;
case study

1. Introduction

Among the 35,579 buses sold in the European Union (EU) throughout the year 2024,
18.5% of them were electrically chargeable vehicles [1]. Although diesel powered vehicles
still make up the majority of sold buses (63.1%), fully electric buses are no longer a niche
market, especially with EU climate goals set to reduce greenhouse gas emissions by at least
55% by 2030 compared to 1990 levels [2].

However, with the often two to three times higher initial vehicle cost compared to
internal combustion engine (ICE) buses, infrastructure investments for charging stations,
and operation restrictions regarding vehicle range and downtime for charging, it is econom-
ically challenging to justify the transition to a fully electric bus fleet. Economic feasibility is
usually evaluated by a total cost of ownership (TCO) study, which covers the individual
demands and constraints of public transport companies [3-6].

By long-term monitoring of battery-electric bus (BEB) fleets, important operational
aspects that contribute to overall cost and performance can be assessed in detail. These
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include the specific energy consumption (SEC)—in kWh/km—which directly relates to
operational energy costs and indicators of battery usage that inform potential impacts
on battery lifetime. While a full TCO analysis is beyond the scope of this study, insights
into these two factors can support such evaluations. For instance, energy consumption
data helps assess the feasibility of specific circulations under varying ambient conditions,
while battery-friendly operation strategies may reduce long-term degradation, indirectly
contributing to lower total costs over time.

1.1. Energy Consumption Estimation of BEBs

Accurately estimating the energy consumption of BEBs is essential for feasibility stud-
ies aimed at transitioning urban transit systems from conventional to electric propulsion.
A common but overly simplistic method is to assume a constant specific energy consump-
tion value (e.g., 1.5 kWh/km), applying a linear relationship between energy use and
distance traveled [7,8]. This approach neglects critical variables such as route topology,
vehicle load, and auxiliary energy demands, particularly for heating and air conditioning.

To address these limitations, a variety of advanced methodologies have been proposed
in the literature, including physical modeling, regression-based techniques, machine learn-
ing algorithms, and hybrid approaches that integrate multiple methods [9,10]. For instance,
Gallet et al. [11] developed a longitudinal dynamics model that estimates energy demand
without requiring detailed drive cycle data. While this method reduces input data require-
ments, it may compromise predictive accuracy compared to more detailed approaches.

Abdelaty et al. [12] introduced a multivariate regression model calibrated using
120 real-world drive cycles. Their findings indicate that energy consumption can vary
substantially—ranging from 1.109 to 3.05 kWh /km—depending on vehicular, operational,
topographical, and environmental parameters.

An alternative and widely adopted approach involves vehicle simulation models,
which utilize detailed drive cycles and comprehensive vehicle parameterization to estimate
energy use with high fidelity [7,13,14]. More recently, data-driven techniques, particularly
artificial neural networks (ANNSs), have gained traction. These models are trained on
large datasets of operational bus data and are capable of capturing complex nonlinear
relationships between influencing factors and energy consumption [15,16].

1.2. Battery-Friendly Operation

It is beyond the scope of this paper to address the details of electrochemical processes
responsible for battery degradation, which are extensively studied in the literature [17-21].
On a more general level, it is common to differentiate into calendric and cyclic aging when
discussing battery degradation [19,20].

Calendric aging is exponentially increasing with cell temperature and voltage [22]. It
is therefore recommended to store a battery at relatively low cell voltage and therefore low
SOC (e.g., 30%). Depending on the specific cell chemistry, additional degradation processes
may modify this general behavior, e.g., accelerated aging in a certain SOC range [23-25].
Storing an NMC battery at around 30% SOC can reduce the effects of calendric aging by a
factor of two compared to storing at near 100% SOC [26,27].

When discussing cyclic aging, the SOC operating window and the charge/discharge
rate are of importance. Operating a battery with a low DoD but high SOC level,
close to 80-100%, may result in about 40% higher capacity degradation compared to,
e.g., 40-60% [28]. For battery operation, a low DoD centered at around 50% SOC or lower is
ideal with details varying by cell type [28-30]. The charge and discharge rate also influences
cyclic battery aging as charging at high currents and suboptimal battery temperatures may
result in faster degradation [31-35].
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Based on the results of battery degradation studies, general battery operating rules
can be formulated, positively impacting battery degradation, i.e., the reduction in battery
capacity and (maximum) power output:

1.  Operate at low Depth of Discharge (DoD) cycles centered at about 50% SOC or lower
with frequent charging;

2. Operate at near room temperature and store at a low temperature;

3. Keep the battery at a low SOC level when storing for longer periods of time
(e.g., 30%);

4. Avoid high SOC states (typically, degradation is highest at 100% SOC due to higher
cell voltage);

5. Charge at low power using C-rates below 2 C, where the C-rate refers to the rate at
which a battery is charged or discharged relative to its capacity (e.g., 1 C means a full
charge or discharge in one hour).

Note that these rules are general best practices, and the ideal battery operation may
be adjusted based on the exact composition. Also, these rules are formulated solely from
the perspective of battery-friendly operation. Depending on the use case, it may not be
economically feasible to (strictly) follow these rules as they reduce flexibility and increase
downtime for charging.

1.3. Research Contribution of This Study

This study presents several key findings regarding the operation of a battery electric
urban bus fleet. Solely based on vehicle monitoring data of a bus fleet for about 2.5 years,
the SEC is analyzed with respect to the ambient temperature and the average speed allowing
for easy-to-use range and cost estimation. The given values are to be interpreted as the
round-trip SEC for urban drive cycles with zero elevation difference between the start and
end point.

While various modeling techniques—ranging from physics-based simulations to sta-
tistical and machine learning approaches—exist for estimating vehicle energy consumption,
this study deliberately follows a purely empirical and data-driven strategy. For instance
the acceleration profile, although not explicitly modeled, is inherently driver-specific and
varies significantly across urban bus operations. Its influence is indirectly captured through
average speed, which correlates with stop-and-go intensity and dwell times and is further
reflected in the observed spread of the specific energy consumption (SEC), particularly
within the 10th to 90th percentile range. This approach ensures robust and interpretable
results without overfitting to driver behavior or specific operating patterns, supporting
generalizable insights for fleet-level operational planning.

To address the rules of battery-friendly vehicle operation, the SOC level during oper-
ation and idle time as well as the charging power are analyzed. Based on the analysis of
the current fleet operation, recommendations for an increased battery lifetime are given.
The impact on bus delays and battery lifetime of those recommendations are then evaluated
by estimating the additional charge time and applying a battery aging model to an original
and an optimized drive cycle. Finally, the reduction in CO; emissions compared to diesel
buses is estimated in this study.

2. Methods
2.1. Overview over Bus Fleet and Signal Set

A mixed fleet of solo and articulated fully battery-electric buses has been monitored
starting mid-2022 (the exact starting date varies by bus) until 28 February 2025. The total

distance and number of operating days, as well as information about the battery, are given
in Table 1. The difference between the Total Operating Days and Total Days in Monitoring
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originates from filtering out days with data gaps and inconsistencies as well as idle times
where the bus was parked at a depot. All vehicles included in the monitoring campaign
were nearly new at the onset of data collection, with odometer readings below 1000 km at
the beginning of the observation period.

Table 1. Overview of the monitored bus fleet (rotated). The number of operating days was identified
within the energy consumption analysis (see Section 2.2).

Attribute Solo Bus, 12 m Articulated Bus, 18 m
Curb Weight including battery (t) 14.5 21.9

Engine Power (Peak/Continuous) (kW) 250/125 250/125

Total Battery Capacity (kWh) 258 322.5

Battery Chemistry NMC NMC

Total Monitored Distance (Tkm) 372.6 3029.3

Total Days in Monitoring 2030 16,033

Total Operating Days 1413 11,564

Relevant signals from the OEM cloud service were long-time stored and evaluated
using the Cloud2Cloud capabilities of the IVImon platform [36]. Relevant signals and their
time resolutions are listed in Table 2.

Table 2. Vehicle signals and their time resolution used for evaluations. Temperature values are
obtained from open-meteo [37].

Signal Unit Time Resolution
Battery Power kW 100 ms
Battery Current A 100 ms
State of Charge (SOC) % On value-change
Vehicle Speed km/h 100 ms
Total mileage km 1s
Vehicle weight kg 200 ms
GPS altitude m Few seconds (varying)
Ambient Temperature °C 1h

Due to data gaps and irregularities in the temperature signal at an air vent, that could
in principle be used to monitor the ambient temperature, hourly temperature values from
open-meteo were taken for the evaluation [37].

2.2. Energy Consumption Analysis

Long-term monitoring allows for analyzing the energy consumption at different
operational conditions and using this data for future disposition planning. The benefit of
this approach is the data-driven nature without the need for extensive modeling as studied
in the literature (see Section 1.1). There are several influencing factors regarding the energy
consumption of an electric vehicle for a specific trip. Figure 1 presents a scheme of the most
important indirect and direct factors considered in this paper impacting the SEC.
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Figure 1. Scheme of the most important factors influencing the SEC. The light green factors are
directly addressed in the energy consumption analysis. Dark green factors are indirectly addressed
by the daily grouping and blue factors are neglected so far.

The speed profile is of great importance as many acceleration and deceleration pro-
cesses during a trip, like in stop-and-go traffic, result in higher energy consumption. It
is mainly influenced by the bus driver and regulatory factors like bus lanes and traffic
lights. Especially at higher speeds, wind resistance leads to a higher SEC as well, due to
the quadratic influence of the vehicle speed to drag forces. The speed signal is also used for
trip detection in the following way: A trip starts as soon as the speed signal is above zero
and ends when the signal reaches zero and the time at rest is longer than four minutes. This
prevents stop-and-go traffic and breaks at bus stops from ending the trip time period. Only
trips that are longer than ten minutes are evaluated for the energy consumption analysis to
prevent short maneuvers and test drives from influencing the results. For each detected
trip, the average speed is calculated by dividing the total distance by the trip duration.
In the context of urban buses, a lower average speed mostly indicates a longer rest time at
stations and traffic lights and more stop-and-go traffic in general.

An example dataset for an operational day of a bus is shown in Figure 2. Panel (a)
shows the vehicle speed signal for one day of operation. In total, 11 individual trips are
identified from that signal; the beginning and end of such trips are marked with a green
and red vertical line, respectively.

While the ambient temperature plays a big role in energy consumption due to higher
secondary consumers like heating, as well as higher power draw of the battery thermal
management, wind conditions are considered negligible for urban bus speed profiles within
this paper.

Figure 2b—g show important quantities of one detected trip indicated by the lines
connecting subplots (a) and (b). The battery power is shown in panel (e), where negative
values indicate power drawn from the battery, and positive values show energy recupera-
tion from braking and the beginning of a charging process at around 15:47. The following
quantities were evaluated for each trip: The distance value can be directly taken from the
vehicle odometer signal by subtracting the values at the end and start of the trip. Dividing
the distance by the trip duration directly yields the average speed of the trip. The energy is
calculated from the mean value of the battery power signal, available with a time precision
of 100 ms, multiplied by the trip duration. The ambient temperature is taken from the
hourly open-meteo dataset by finding the closest timestamp to the trip after half of the trip
duration. The results for the 11 trips identified in Figure 2a are listed in Table 3.
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Figure 2. (a) Speed signal of an example operating day with identified trips marked by the green
and red dashed lines. (b) Vehicle speed timeseries of an identified trip (see markings). (c-g) Various
signals within the time span of the example trip (see y-axis labels). Note that in (e), negative values
of the battery power indicate power drawn from the battery; positive values charge the battery.

Table 3. Evaluated values for the 11 individual trips for the dataset shown in Figure 2.

Average Ambient Average Elevation

Trip Nr. Dl(itlanl;ce ](Ell(l‘i;lgg Speed Temperature Vehicle Difference (k\/\sll]f/im)
(km/h) (O Weight (t) (m)
1 15.58 30.86 21.52 0.8 22.62 32.0 1.98
2 20.73 53.75 20.47 0.8 24.26 113.0 2.59
3 20.61 36.68 19.60 2.4 23.87 —124.3 1.78
4 20.72 43.52 20.10 6.8 24.58 123.9 2.10
5 20.60 25.56 20.02 8.3 24.03 —117.6 1.24
6 20.70 47.40 19.58 9.8 2422 118.3 2.29
7 20.58 31.84 19.62 10.3 23.60 —113.8 1.55
8 20.68 45.79 19.41 10.1 23.68 111.0 221
9 20.51 33.02 18.60 9.9 2421 —109.1 1.61
10 20.75 45.64 19.61 7.4 23.25 108.1 2.20
11 8.17 7.58 23.33 74 2247 —108.2 0.93

The elevation profile influences the trip energy consumption heavily. When looking
at the values given in Table 3, trips 2 to 10 all have nearly identical distances. However,
subsequent trips have opposite elevation differences due to the same route being driven
back and forth resulting in trips 2, 4, 6, 8, and 10 having up to 85% higher SEC compared
to the trips 3, 5, 7, and 9. To mostly eliminate the influence of the elevation profile of
individual trips, as well as reduce the impact of outliers, a daily grouping of the trips
is performed.

For the daily grouping, the distance and energy values of all trips during an operating
day and of an individual bus are summed up. New energy consumption and average
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speed values are calculated from the summed-up distance, energy, and trip duration
values. To calculate daily averaged temperatures and vehicle weights and account for the
possibility of trips with largely different distances, the individual values are weighted by the
trip distances:
1 n
X = S Z x;d; 1)
j=1%"] i=1
Here, x is either the ambient temperature T or the vehicle weight m, ¥ is the daily
average value, x; is the average value of trip i, d; is the distance of trip i, and # is the total
number of trips detected during the day of operation. The daily grouping of the individual
trip values given in Table 3 results in the values given in Table 4.

Table 4. Daily grouped trip values evaluated from the individual trip values given in Table 3 and

shown in Figure 1.

Distance- Distance-
. Average Speed Weighted Average Weighted Average
Distance (km)  Energy (kWh) (km/h) Temperature T Vehicle Weight SEC (kWh/km)
(°C) m (t)
209.61 401.64 19.91 6.83 23.81 1.92

The procedure was conducted for all operating days for each bus without discrepancies
in the dataset, such as nonphysically low or large vehicle weight, with more than 50 km
daily distance driven, resulting in 1413 data points for the solo buses and 11,564 data points
for articulated buses. Histograms of the number of data points with respect to average
speed, distance-weighted average temperature, and vehicle weight are shown in Figure 3.
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Figure 3. Histograms of the daily grouped dataset. Panels (a—c) presents the number of operating days
of the solo buses vs. distance-weighted average temperature, average speed, and distance-weighted
average vehicle weight, respectively. Panels (d-f) show the same histograms for the articulated buses.

2.3. Usage Analysis on SOC Levels and Charging Power

In this study, the driven kilometers of electric buses within specific ranges of battery
SOC are analyzed by dividing the SOC into 20 intervals ranging from 0% to 100% in
increments of 5%. The total kilometers driven within each SOC bin are aggregated for
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each day and vehicle, providing an overview of the relationship between battery state and
distance traveled.

In order to evaluate the distribution of SOC during the idle time of electric buses,
a series of data processing functions is employed. Therefore, the SOC, vehicle speed, and
current flow signals as well as the odometer signal are used. The odometer signal is used to
detect data gaps where the vehicle was operated. Such data gaps with an odometer signal
discrepancy were discarded and therefore not counted towards vehicle idle time. Then,
the data was resampled to a 1 min frequency using interpolation methods to fill in missing
values. Again, the SOC is divided into 20 intervals, and for each interval, the occurrences
where the vehicles is stationary (speed equal to 0) and the battery current is below 1 A is
counted, resulting in a dataset containing the amount of time (in minutes, later converted
into days) each bus spent idle at varying SOC levels.

To assess the charged energy (in kWh) within different ranges of charging power
(in kW), the battery power signal was used. Battery charging sections were identified by
finding sections where the battery power was positive for longer than 1 min. The energy
charged during each charging period was calculated using the trapezoidal integration
method. The charging power was divided into intervals ranging from 0 to 300 kW in 10 kW
increments, and the total energy charged for each interval is aggregated.

3. Results
3.1. Analysis of the Specific Energy Consumption

Based on the daily grouped dataset described in Section 2.2, the SEC was analyzed
with respect to ambient temperature and average speed, the results of which are pre-
sented in Figure 4, with panels (a) and (b) for the solo and articulated buses, respectively.
The data points are grouped into bins of speed and temperature ranges. The speed range
is given in the legend of Figure 4; the temperature range is &1 °C around the plotted
data point. The points show the mean values of the energy consumption in kWh/km,
with the shaded area of each curve ranging from the 10th and 90th percentile. Panels (c)
and (d) show the 90th percentiles in separate plots as these values should be used for bus
disposition planning.

In the ambient temperature range between 16 °C and 20 °C, the energy consumption is
lowest for both types of buses and all average speed ranges. At temperatures above 22 °C,
cabin climatization and battery thermal management (cooling) increase the SEC, e.g., by
13% when comparing 18 °C with 28 °C ambient temperature at the (18, 20) km/h speed
range for articulated buses. At low temperature, the SEC increases until reaching a plateau
at about 4 °C ambient temperature. This is due to an additional oil heater supporting
cabin climatization and thus reducing battery energy consumption. Interestingly, the 90th
percentiles for the articulated buses in panel (d) keep increasing until the lowest ambient
temperature value in the dataset, with an exception at —4 °C and (18, 20) km/h due to only
16 daily grouped data points in that temperature and speed range. This may indicate that
the additional oil heater is not always operating.

The deviations of the 10th and 90th percentile compared to the mean values are
typically around 8% to 10%. There are several influencing factors on the SEC besides
average speed and ambient temperature. One is the total vehicle weight, i.e., the difference
between a (nearly) empty bus and a fully occupied one. However, when analyzing the
daily distance-weighted average vehicle weight, the 10th and 90th percentile only differ by
about 2% from the mean values. Since vehicle weight has a linear influence on the SEC, it
should in turn result in deviations of about 2% [38]. The influence of the driver is probably
the biggest factor as, at least for battery-electric passenger cars, an anticipatory driving
style can reduce the energy consumption by up to 16% compared to aggressive driving and
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7.1% compared to moderate driving behavior [39]. Higher average speed results in lower
overall energy consumption which is attributed to less stop-and-go traffic due to traffic
lights or congestion and shorter stopping times at stations. Thus, bus acceleration in cities
by prioritization at traffic lights and setting up separate bus lanes is also a cost saving factor.
The difference between the (18, 20) km/h and the (20, 22) km/h average speed intervals is
about 0.05 kWh/km.

(a) 12m Solo Buses (b) 18m Articulated Buses
g, 34 —e— Speed (20, 24) km/h 23] —e— Speed (18, 20) km/h
§ Speed (24, 28) km/h : Speed (20, 22) km/h
* 124 2.0 —8— Speed (22, 24) km/h
5 '
S 1.1 1.8
£
3
£ 1.0 1.6 1
9]
3 0.9 1.4
Q
f =
—4-20 2 4 6 8 1012 14 16 18 20 22 24 26 28 30 —6-4-20 2 4 6 8 10121416 182022 24 26 28 30 32
(c) (d)
—e— Speed (20, 24) km/h \ —e— Speed (18, 20) km/h
13 Speed (24, 28) km/h | 227 Speed (20, 22) km/h

—8— Speed (22, 24) km/h

2.0 A

1.81

1.04 1.6 1

Energy Consumption (kWh/km)

4720 2 4 6 5 101214161820 22 242628 30 ~6-4-20 3 4 6 5 101214 16182022 24 26 28 30 32

Ambient Temperature (°C) Ambient Temperature (°C)
Figure 4. Battery energy consumption in kWh/km vs. ambient temperature at different average
speed ranges. (a) Mean energy consumption for solo buses and (b) articulated buses with the
10th and 90th percentile given by the shaded area. (c) Separate plots for the 90th percentile of the
energy consumption for solo and (d) articulated buses as a useful quantity for disposition planning.
Note that below 4 °C an additional oil heater is used to heat the bus interior to reduce battery
energy consumption.

3.2. Analysis of Battery Operation

To address cyclic aging of the batteries in the electric bus fleet, the accumulated driven
kilometers in each SOC range are presented in Figure 5. Panels (a), (b), and (c) show
the results for solo buses in the entire time frame of the monitoring, in summer and in
winter, respectively. Independently of the season, the bin with the highest driven distance
is the one with the SOC level between 95% and 100%. Out of the total driven distance of
375,141 km, only 6617 km (or about 1.8%) were covered at SOC levels below 50%. In winter,
the distance covered at an SOC level below 50% was only 1.5%, compared to 3.0% in
summer. This may be due to precautions in winter. As already mentioned in rule 1 of the
general battery-friendly operating rules (see Introduction), a low DoD centered at 50% or
lower SOC are ideal for battery operation.

In Figure 5, panels (d), (e), and (f) present the same evaluation for the articulated
buses. In terms of battery lifetime rules (see Section 1 “Introduction”), the articulated
buses are operated more battery-friendly than the solo buses with a 5% lower average SOC
over the full monitoring period. The 95% to 100% SOC bin is no longer the one with the
highest driven distance. Instead, most kilometers are driven between 75% and 95% with a
noticeable SOC level drop in winter compared to summer. During a regular operating day
including opportunity charging, the battery is typically never charged up to 100% again.
The total driven distance with an SOC level below 50% is equal to 3.5% (1.7% in summer;
6.3% in winter).
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Figure 5. Driven kilometers of solo buses in the given SOC range for (a) the entire monitoring
period, (b) summer months (June, July, and August), and (c) winter months (December, January,
and February), panels (d—f) show the evaluations for the articulated buses. Colors in the bar chart
distinguish individual buses. Due to the higher energy consumption, the average SOC of the
articulated buses is roughly 6% lower in winter than in summer. However, regarding the rules for
increasing battery lifetime, the operating window should be shifted to a lower SOC.

The most important arguments against lowering the SOC operating levels are usually
added flexibility and reduced risk of running out of battery charge in case of a malfunction
of the opportunity chargers. From the collected data over a period of about 2.5 years,
the number of days with an SOC below 20% can be identified. For 21 days per bus per year
a SOC below 20% was reached, and 10 days featured the SOC dropping below 10%. This
illustrates that lowering the SOC window is feasible, especially since it is purely the result
of a usage analysis without a set goal to stay above those SOC values. Also, the charging
strategy can be adjusted in case of, e.g., opportunity charging station failures.

To assess the impact of lowering the SOC window by 20%, the additional charging
time, and thus delay time, required for the driven kilometers below 20% and 30% SOC is
estimated from the SEC and the charging power using Equation (2).

; _ dsoc<xSEC
delay — — p.

P, charge @

Here, tgelay is the delay time in hours, dsoc<y is the driven distance with a lower
SOC level than x (20% or 30%), SEC is the specific energy consumption assumed to be
1.0 kWh/km and 1.6 kWh/km for 12 m and 18 m buses, respectively, and Peparge is the
charging power of 280 kW at opportunity chargers. Both SOC thresholds are considered,
as operating electric buses below a 10% SOC level is generally deemed impractical for
public transport operators due to reliability and operational safety concerns. Based on
these assumptions, the resulting additional annual charging delays for 12 m buses are
approximately 2.2 min and 12 min per vehicle and year for SOC thresholds of 20% and
30%, respectively. For 18 m articulated buses, the estimated annual delays are substantially
higher, amounting to 11 min and 48 min per vehicle and year for the 20% and 30% SOC
thresholds, respectively.
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As stated in the introduction, high SOC states during rest periods have a negative
impact on the calendric aging of the battery. Figure 6 presents the vehicle idle time (defined
by the vehicle speed equal to zero and near zero battery power and, thus, with no stop
due to charging) in each SOC range for (a) solo buses and (b) articulated buses. In both
cases, the vehicle rest time is highest in the SOC range between 95% and 100% which
corresponds to a (almost) fully charged battery. For about 62% of the idle time, the SOC
level is above 95% for both types of buses. This is due to the buses being connected to the
charger on their return to the depot. Once the battery is fully charged, the SOC stays at
that level until the next driving operation. The average idle time span per 12 m (18 m)
vehicle and day is 11.9 (11.1) h with 7.4 (7.4) h at above 95% SOC. Therefore, each bus is,
on average, operated or charged for more than half a day and longer idle periods rarely
happen. However, a smart fleet charging management system that delays the beginning of
the charging process in such a way that the battery is fully charged right before the next
vehicle use would be ideal.

(a) Solo Buses (b) Articulated Buses
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[
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(0]
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] 2000 A
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0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
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Figure 6. Vehicle idle time (vehicle at rest and no charging process detected) at given SOC level for
(a) solo buses and (b) articulated buses. Colors in the bar chart distinguish individual buses.

Charging power is a significant contributor to battery degradation; therefore, lower
charging rates are generally preferred to mitigate degradation mechanisms and prolong
battery longevity. The charged energy at different power intervals is analyzed and shown
in Figure 7 for (a) solo buses and (b) articulated buses for the year 2024. The time range
for the evaluation is restricted compared to the full monitoring period due to data gaps in
the first year of operation during charging processes. In general, charging powers below
140 kW are used during depot charging, whereas higher charging power up to about
290 kW is used at opportunity chargers. Note that for the batteries listed in Table 1,a 1 C
charge rate corresponds to 258 kW for the solo buses and 322.5 kW for the articulated buses.

During depot charging, the solo buses are typically charged at 18 kW corresponding
to 0.07 C, whereas the articulated buses are charged at either 65 kW to 70 kW (about
0.2 C, see Table 1 for battery sizes) or at twice the power depending on single or double
occupation of the depot charger. Both values can be considered relatively low power which
benefits battery lifetime. During opportunity charging, the buses get charged initially with
270 to 290 kW (about 1.1 C for solo buses; 0.9 C for articulated buses). In panel (a), another
charging power window is present between 180 kW and 240 kW which is not present for
the articulated buses in panel (b). This is due to the power reduction at high SOC levels
(above =~ 85%) since the solo buses are often operated in the 80-100% SOC range. Such a
power reduction is less apparent for the articulated buses because of a lower SOC operating
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window and the larger battery capacity. The charging power of the 12 m buses could be
reduced as they are often recharged back to 100% SOC during opportunity charging stops.
However, C-rates are typically below 1 C which will not heavily stress the battery. The main
recommendations for a more battery-friendly operation are therefore the implementation
of delayed depot charging and a reduction in the SOC window by about 20%.

(a) Solo Buses (b) Articulated Buses
25,000 A 700,000 A
600,000 A
—~ 20,000 A
<
= 500,000 1
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c
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©
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Figure 7. Charged energy at different charging power for (a) solo buses and (b) articulated buses
throughout the year 2024. Charging power below 100 kW typically indicates depot charging,
whereas higher charging power is used at opportunity chargers. Colors in the bar chart distin-
guish individual buses.

3.3. Estimation of the Impact of Operational Recommendations on Battery Lifetime

In the previous Section 3.2, the current battery operation strategy was analyzed,
leading to two primary recommendations: (1) implement delayed depot charging and
(2) reduce the state-of-charge (SOC) level during operation by 20%. Notably, these measures
can be adopted without modifying the existing dispatch plan.

To quantify the potential extension of battery lifetime resulting from these recom-
mendations, a battery aging model, as described in Ref. [40], is applied to a representa-
tive real-world drive cycle. This cycle is iteratively simulated until the end-of-life (EOL)
threshold—defined as 80% remaining capacity—is reached. Subsequently, the drive cycle
is modified to reflect each recommendation individually and in combination, and the
corresponding EOL is determined for each scenario.

It is important to emphasize that this analysis serves as an illustrative example to
demonstrate the potential benefits of operational strategy optimization. The results are
based on a single repeated drive cycle and thus do not capture the full variability of real-
world operations. The SOC profiles for the four drive cycle scenarios, along with the
evolution of remaining battery capacity, are presented in Figure 8.

Based on the applied battery aging model, the current operational strategy results in a
projected battery EOL after approximately 11 years of service. Implementing a delayed
depot charging strategy extends the estimated battery lifetime to 13 years. A reduction in
the operational SOC window increases the projected lifetime further to 15 years. When
both strategies are applied in combination, the model predicts a maximum battery lifetime
of approximately 16 years.
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Figure 8. SOC profiles of four drive cycle scenarios (baseline, delayed depot charging, reduced SOC
window, and combined strategy) for a day of operation. The lower plot shows the remaining battery
capacity as a function of years in operation illustrating the impact of each operational strategy on
battery aging.

3.4. Environmental Impact

Based on the monitoring data, the reduction in CO;-equivalent greenhouse gas emis-
sions can be estimated when compared to diesel buses, where the emission of the German
electricity mix in 2023 of 380 g/kWh is assumed [41]. The total energy consumption of the
12 m buses is 374.8 MWh for a total distance of 372.6 Tkm; the 18 m buses have traveled
3029.3 Tkm with 4766.2 MWHh total energy consumption. Note that this value is calculated
from the battery power during operation, thus charging losses are not yet accounted for.
Assuming a charging energy efficiency of 95%, this results in the emission of approximately
2056.4 tons of CO, (12 m: 149.9 tons; 18 m: 1906.5 tons) and (indirect) emission factors
of 402 g/km and 787 g/km for 12 m and 18 m electric buses, respectively. This can be
compared to an equivalent fleet of diesel buses, where the real-world CO, emission factor
of urban city buses are reported to be 871 g/km and 1416 g/km (average value for half
load) for 12 m and 18 m, respectively [42,43]. Thus, an equivalent diesel bus fleet would
have emitted about 4614.1 tons of CO; (12 m: 324.6 tons; 18 m: 4289.5 tons) or, in other
words, about 2.2 times the amount of the electric bus fleet. On top, emissions of other gases
like NOy, CO, and THC, which are harmful to health and the environment, are prevented.
With the corporate sustainability reporting directive (CSRD) of the European Union [44]
obligating many companies to report their greenhouse gas emissions and present an emis-
sion reduction plan, long-term data monitoring allows for precise evaluations and tracking
the emission reduction goals towards a greenhouse-gas-neutral fleet.
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4. Discussion

This article presents various findings regarding energy consumption and battery
operation for a fleet of solo buses and articulated BEBs. Instead of presenting a model
approach to determining the energy consumption of BEBs, a large dataset was analyzed to
determine the energy consumption with respect to the ambient temperature and average
speed of the buses. The advantages are the straight-forward and easily understandable
results as real-world data was used exclusively. The given values are to be understood
as round-trip specific energy consumptions for urban bus drive cycles within average
speed values between 20 and 28 km/h (12 m buses) and 18 and 24 km/h (18 m buses).
By monitoring BEB fleets with different operational regimes, e.g., suburban/countryside
drive cycles, the methodology could be applied, expanded, and further validated. The
downside of the solely empirical approach is the requirement of long periods of data
monitoring, and edge cases may not be properly represented. For instance, the elevation
profile may influence the energy consumption between endpoints at the same height by up
to 32.6% [45].

Furthermore, the operation of the bus fleet in terms of the battery SOC operating
window, idle time conditions, and charging power was analyzed. For a battery-friendlier
operation, the SOC window of operation should be shifted to lower values by about 20%.
This is more severe for the solo buses which are often operated in the SOC range between
80% and 100%. Additionally, a smart depot charging system that charges the buses right
before the next bus operation is recommended to reduce the vehicle idle time at high SOC
levels and, thus, calendar aging. Based on a battery aging simulation with artificially
modified drive cycles, implementing both recommendations may increase the battery
lifetime from 11 years up to 16 years but may lead to bus delays of about 48 min per vehicle
and year in the case of the articulated buses.

In order to safely reduce the operational SOC window, the 90th percentile curves
can be used to estimate the energy demand of bus circulations and adjust the charging
strategy according to ambient temperature and average speed of a bus circulation. The
monitored bus fleet does not yet exhibit signs of advanced battery degradation, as no
observable changes in energy efficiency, usable capacity, or operational SOC windows
have occurred during the monitoring period. This finding aligns with expectations, given
that all vehicles were essentially new at the beginning of this study, and the monitoring
duration was limited to approximately 2.5 years. Nonetheless, as the fleet ages, gradual
degradation—manifesting as reduced capacity and efficiency—can be expected. Once the
battery capacity approaches critical thresholds (e.g., 80% of nominal capacity), it may
become necessary to adjust the SOC window more conservatively to maintain operational
reliability and prevent service disruptions. Therefore, future modeling efforts should incor-
porate appropriate battery aging models to account for long-term performance evolution
and its implications for range, scheduling, and charging strategies [40,46].

The estimation of CO, emissions reveals that an equivalent diesel bus fleet would have
emitted about 2.2 times the CO; of the electric buses assuming the 2023 electricity mix of
Germany. Therefore, the emission of about 2560 tons of CO, was prevented corresponding
to the total yearly CO; footprint of 452 EU citizens [47].
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The following abbreviations are used in this manuscript:

OEM  Original Equipment Manufacturer

EU European Union

BEB Battery-Electric Bus

SOC  State of Charge

SEC Specific Energy Consumption

SOH  State of Health

DoD  Depth of Discharge

TCO  Total Cost of Ownership

EOL End of Life

CSRD  Corporate Sustainability Reporting Directive
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