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Abstract: This study presents the development of the Transit Analytics Lab Electric Bus (TALe-Bus)
Dashboard, an integrated decision-support tool designed to support transit agencies in planning the
transition from conventional diesel buses to battery-electric buses. The dashboard combines predictive
modeling, data analytics, and interactive visualization to estimate electric bus energy consumption
rates, fleet size requirements, replacement factors, and maximum operational range for the case of
overnight depot charging. The dashboard was built based on real-world data collected from the
operations of 60 battery-electric buses on 48 routes in Toronto. The modeling workflow includes data
preprocessing, feature selection, and the development and comparison of multiple statistical and
machine learning energy prediction models. Tree-based modeling techniques outperformed the other
techniques, demonstrating strong capability in capturing the relationships between operational,
environmental, vehicle, and route characteristics and the energy consumption rate, achieving a root
mean square error (RMSE) of 0.13 kWh/km. These techniques were therefore adopted as the core
predictive engine of the system. The fleet-sizing module integrates traditional transit planning
formulations (for diesel fleets) with electric-bus energy and range constraints to estimate both electric
and diesel fleet requirements and compute the replacement factor, a key indicator reflecting the relative
fleet needs for electrification. The dashboard also estimates the maximum operational bus range based
on the battery capacity and real-world operating conditions, supporting reliable service planning. The
system is implemented as an interactive web-based platform that provides geospatial visualization of
route electrification feasibility and a scenario-based interface for customized operational analysis. By
translating complex predictive analytics into a practical planning tool, the TALe-Bus Dashboard
supports informed, data-driven decision-making for fleet electrification and infrastructure planning.



733

Keywords: electrification; decision support tool; interactive dashboard; transit planning; transition
planning; sustainable transportation

1. Introduction

The global move toward sustainable and low-carbon urban transportation systems has brought
the issue of the electrification of public transit systems to the forefront as a primary concern for
policymakers and industry leaders [1,2]. Electric buses have emerged as a key solution for urban cities
around the world to tackle the issue of greenhouse gas emissions, reduce fossil fuel energy
consumption, and mitigate the negative environmental impacts of vehicle pollution [3—12]. However,
the transition from conventional diesel-powered buses to fully electric-powered buses faces numerous
complexities and intricacies that must be carefully planned and analyzed through the use of sophisticated
predictive tools and methodologies [13]. The transition from diesel-powered to electric-powered buses
cannot simply be seen as the transition from one type of vehicle to another; rather, it represents a
substantial adjustment of the entire transit system, fleet operations, and service delivery strategies.
Issues such as range limitations, battery degradation, differences in energy consumption patterns,
climatic conditions, and other operational characteristics make the transition process extremely
complicated [14—-19]. Moreover, the need to ensure the transition does not compromise cost-effectiveness
and service reliability adds another dimension to the overall complexity of the transition process.

The literature on electric bus fleet planning has expanded rapidly over the last few years, offering
various models and frameworks to support the electrification of bus fleets [20—-23]. Early models
primarily focused on estimating energy consumption using simplified linear models [24]. Subsequent
research studies introduced more sophisticated approaches that incorporate vehicle dynamics, traffic
conditions, terrain features, and external environmental variables, such as temperature and wind speed,
for energy consumption prediction [25-30]. In addition, other studies have mainly focused on testing
and evaluating different charging strategies (charging infrastructure and distinguishing between depot
charging, opportunity charging, and on-route fast charging, as these choices directly affect operational
feasibility and infrastructure requirements) in the transition process [31-35]. Moreover, other studies
focused on the development of optimization models for fleet scheduling [36—39]. Mixed-integer linear
programming (MILP), heuristic algorithms, and simulation-based approaches have been utilized to
optimize electric bus deployment, charging schedules, and fleet assignments [40—44]. These models
often aim to minimize total operational costs, reduce peak electricity demand, or maximize service
reliability. For energy consumption prediction, multiple studies have focused on the development of
energy prediction models using simulations, statistical regressions, and, more recently, machine
learning techniques, which demonstrated improved accuracy and ability to capture complex, nonlinear
relationships influencing energy consumption and fleet needs [45-58].

While the existing models provide valuable contributions, several research gaps remain. First,
many existing models require access to detailed operational data, such as state-of-charge profiles or
real-time energy consumption information, which may not be readily available at the early stages of
the planning process. Second, only a limited number of existing tools offer the capability for both
energy consumption prediction and fleet size estimation within the same platform, which can be easily
used by non-specialist practitioners. Third, the majority of existing models do not offer the capability
to dynamically take into account the impact of seasons and variations in bus characteristics, which can
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play important roles in cold-climate contexts. Finally, the availability of visualization tools for planners
to explore scenarios at the city or route level is limited. Thus, this study introduces the TALe-Bus Fleet
Planning Dashboard, a comprehensive and accessible decision-support tool designed to assist transit
agencies in planning their electrification strategies. The dashboard uniquely combines machine
learning—based energy consumption prediction with fleet size estimation, incorporating operational,
route, vehicular, and environmental variables available to transit agencies during the planning phase.
The predictive models were developed using real-world year-round operational data from Toronto’s
electric bus fleet, ensuring that the dashboard captures the complexities of cold-weather operations,
varied route geometries, and diverse bus configurations. Machine learning methods such as XGBoost
and random forest were employed to model energy consumption and fleet requirements, achieving
superior predictive performance compared to traditional regression techniques. The dashboard
provides an intuitive, map-based interface that enables users to visualize replacement factors (ratio of
the required electric bus fleet size to the diesel engine fleet size to offer the exact same transit service)
across the bus network of Toronto and to conduct customized predictive analyses by entering specific
route, operational, vehicle, and external information. The TALe-Bus dashboard offers several key
contributions and advantages over existing approaches in previous studies. The primary contribution
of this study is the development of TALe-Bus, an interactive decision-support dashboard that integrates
energy consumption prediction, fleet sizing estimation, replacement factor analysis, and geospatial
visualization into a unified planning framework for transit electrification. By combining these
analytical components within a user-friendly platform, the dashboard enables route-level assessment
of electrification feasibility while accounting for seasonal and operational variability. Furthermore, the
tool allows transit agencies to explore different deployment scenarios without requiring highly
granular operational datasets, thereby facilitating evidence-based planning and evaluation of electric
bus implementation strategies.

The remainder of this paper is organized as follows: Section 2 provides a general overview of the
workflow and introduces the TALe-Bus dashboard framework. Section 3 details the data sources
utilized to build the dashboard and highlights the variables used in this study. Section 4 focuses on
comparing the energy behavior and performance of the different bus types used in this study across the
different seasons. Section 5 describes the feature selection process and the use of Ward’s hierarchical
method for feature comparisons and removal. Section 6 focuses on the development of the energy
prediction model and compares the performance of different modeling techniques. Section 7 provides
details on the methodology used for estimating the fleet sizing and replacement factor. Section 8
discusses the dashboard architecture and its system integration. Section 9 focuses on discussing the
outputs of TALe-Bus and their practical benefits for transit agencies. Finally, section 10 provides a
brief summary of the key findings and benefits of the TALe-Bus dashboard.

2. General overview of the workflow and the dashboard framework

The TALe-Bus was developed as a decision support tool to help transit agencies manage the
transition from conventional diesel-engine buses to battery-electric buses. TALe-Bus is an integrated,
user-friendly, online dashboard (tool) that incorporates predictive modeling, interactive visualization,
and data analytics. The dashboard has two main modules: one for the prediction of the energy
consumption rate and another for fleet sizing and replacement factor (representing the ratio between
the required electric bus fleet and the required diesel-engine fleet to offer the exact same transit service)
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estimation. The methodological framework of TALe-Bus is built based on statistical modeling,
machine learning algorithms, and real data from the operations of electric buses to develop predictive
models for energy consumption forecasting, fleet sizing, and replacement factor estimation. The
dataset used in this study includes actual data from the operations of 60 battery-electric buses on 48
different bus routes in the city of Toronto between 2019 and 2021 (across different seasons). The
dataset contains operational data of battery-electric buses from three different manufacturers: New
Flyer, BYD, and Proterra. During the study period, the Toronto Transit Commission (TTC), which
manages and operates the bus fleet in the City of Toronto, adopted an overnight depot charging strategy.
This charging strategy is the most commonly adopted charging strategy in the early stages of
transitioning to electric buses, given its lower costs, particularly when compared to on-route (opportunity)
charging strategies.

The modeling pipeline of the dashboard began with data collection and preprocessing. The dataset
used in this study includes detailed information about the operations of the buses and operational
characteristics, route characteristics, vehicle specifications, environmental conditions, and energy
consumption rates. Data preprocessing involved cleaning of missing data and ensuring data
consistency across various bus models and seasonal conditions. After preprocessing the dataset, feature
selection techniques are used to select the most important features to be used in the model. The feature
selection techniques eliminate redundant information in the data set. For the purpose of unbiased
validation of the developed models, it is essential to split the dataset into training and testing datasets.
Thus, the data was divided into two datasets: one for training with 80% of the data and the other for
testing with 20% of the data. A variety of predictive modeling techniques with different levels of
complexity were developed, implemented, and evaluated in this study, including multiple linear
regression, decision tree—based models, support vector regression, and artificial neural network—based
models. For hyperparameter optimization, a comprehensive random search was used to identify the
most effective models. Finally, the developed models were tested on the testing dataset, and their
performance was evaluated using standard statistical measures, including RMSE, mean absolute
error, and the coefficient of determination (R?).

Following the development and validation of the predictive models, these models were integrated
into the TALe-Bus interactive online dashboard to transform the analytical outputs into a practical
planning and decision-support tool. The dashboard consists of two complementary modules. The first
module is a geospatial visualization interface that displays route-level replacement factors on an
interactive map and allows users to filter results by bus technology and season. The second module is
a scenario-based prediction interface that enables users to specify operational, vehicle, and
environmental conditions and obtain estimates of energy consumption, fleet requirements, and
replacement factors. Figure 1 illustrates the operational architecture and information flow within the
TALe-Bus dashboard rather than the detailed machine-learning model development process described
earlier in this section.
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Figure 1. Overview of the workflow of the TALe-Bus dashboard.
3. Data source

In November 2017, the Board of the TTC approved the Green Bus Technology Plan. The plan
developed a long-term procurement roadmap to transition the entire municipal bus fleet to zero-emission
vehicles by 2040. The plan is consistent with the City of Toronto’s TransformTO Action Plan, which
represents the City of Toronto’s overarching framework to reduce greenhouse gas emissions and
counter climate change. Initially, the Green Bus Program focused on procuring electric buses from
three manufacturers: BYD Canada, New Flyer Industries, and Proterra. In June 2019, 60 electric
buses (25 New Flyer, 25 Proterra, and 10 BYD) were deployed and started offering transit service in
the City of Toronto, positioning the TTC as the largest electric-bus operator in North America at that
time. The technical specifications of these three bus technologies are presented in Table 1. A major
strength of this deployment strategy lies in operating multiple bus technologies along identical routes
and across different seasons, enabling direct and unbiased comparisons under comparable operational
and environmental conditions, including variations in weather and temperature. These buses were
deployed on 48 routes throughout the City of Toronto, and their energy consumption was
systematically monitored to evaluate operational efficiency. This controlled evaluation framework
ensured objective benchmarking and comparison of the different bus technologies and enabled the
construction of a consistent empirical dataset, which was used to compare technology performance
and to develop energy consumption prediction models. In addition to the energy consumption rates,
the dataset also included operational variables (such as average route speed, stop density, and
operational hours), vehicle specifications (such as battery capacity and curb weight), route
specifications (such as route length and intersection density), and environmental variables (such as
ambient temperature and average wind speed). The definitions of all variables used in this study to
build the energy prediction model are summarized in Table 2. It should be noted that the energy
consumption rates used in this study represent the average energy consumption (in kWh/km) per bus
type and season for each bus route, enabling the models developed to be used in the planning stage. In
addition, it should be noted that given the similarity in the energy consumption behavior of the different
bus types as well as the environmental and operating conditions during the fall and spring seasons,
data for the two seasons were merged together to minimize potential bias in the data and the developed
prediction model. Including these data separately could artificially inflate the energy consumption
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observations under similar conditions and bias the model toward these scenarios. Thus, a total of 480
data points (collected for the different bus types across the different seasons while operating at different
bus routes) were used for the development of the energy prediction model.

Table 1. Key characteristics of the three electric bus technologies deployed by the TTC in
the City of Toronto.

Attribute BYD KO9M New Flyer XE40 Proterra E2
Length 40 ft 40 ft 42.5 ft
Battery 360 kWh 400 kWh 440 kWh
Curb weight 31,750 1b 32,770 1b 29,849 1b
Frontal area 13,614 in? 13,260 in? 13,056 in?
Engine power 200 HP 280 HP 338 HP

Table 2. Description of the variables used in this study.

Variable Description

Route name Identifier of the bus route as assigned by the TTC (excluded as an input for the energy
consumption model).

Average speed Average bus speed (km-h™).

Number of Intersections Total number of intersections along the full route, both directions (count).

Number of bus stops Total number of designated bus stops along the route in both directions (count).

Cycle length Total cycle length of the bus route across both travel directions (km).

Total distance travelled Total distance covered daily by all buses operating on the route (km).

Number of cycles Average number of round trips completed daily to meet service demand (cycles-day™).

Stop spacing Average spacing between two consecutive bus stops (m).

Average daily ridership Average daily passenger boardings on the route (passengers-day).

Daily operational hours Total daily operational hours accumulated by all buses on the route (h-day™).

Bus model Bus type, one-hot encoded into three categorical variables: bus model NewFlyer,
bus _model BYD, and bus _model Proterra.

Bus age Age of the buses in service at the start of the observed season (month).

Curb weight Weight of the bus excluding passengers and cargo (Ib).

Engine power Bus engine power (HP).

Frontal area Frontal cross-sectional area of the bus (in?).

Battery capacity Energy storage capacity of the bus battery (kWh).

Season Seasonal factor, one-hot encoded into: season [ (fall/spring), season 2 (winter),
season_3 (summer).

Average temperature Average ambient temperature during the observation season (°C).

Average wind speed Average wind speed during the observation season (km-h™).

Net energy consumption Average energy consumption rate per distance traveled per season per route
(kWh-km™).

Route location The location of the bus route: 1 = route passes through downtown; 0 = route out of the
downtown

4. Comparative energy performance across bus types and seasons

The three battery electric buses (BEB) evaluated in this study are different in terms of vehicle
parameters as well as heating system configurations; thus, it is expected that there will be some
differences in their energy consumption patterns. To analyze these differences, violin plots were
generated (Figure 2a) to show the energy consumption distribution of each bus technology. In addition,
given that ambient temperature has been widely recognized as a key determinant of electric bus
performance, seasonal boxplots were also developed to assess how energy consumption varies across
bus technologies under different climatic conditions, as presented in Figure 2a. Moreover, one of the
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most important features of BEB is the maximum bus range, which has different impacts on the required
fleet size. The maximum bus range is mainly affected by the energy consumption rate and the battery
capacity. Thus, the maximum bus range was estimated by dividing the bus battery capacity by the
energy consumption rate, as shown in Eq (1). The resulting bus range distributions are summarized in
the violin plots shown in Figure 2b.

Battery Capacity (kWh)
Energy Consumption Rate (kWh/km)

Maximum Range (km) =
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Figure 2. Performance of the different bus models across different seasons in terms of (a)
energy consumption rate and (b) maximum bus range.

Comparing the energy performance of the three bus types reveals that there are considerable
differences in the performance level and sensitivity to temperatures. In the summer, BYD has the
lowest energy consumption, followed by Proterra and New Flyer, with similar performance and
variability. In the fall and spring, BYD has the lowest energy consumption with the least variability,
followed by Proterra, and then New Flyer with higher consumption and variability. In the winter, the
lowest energy consumption with the least variability is observed in the case of New Flyer, followed by
Proterra and then BYD. These results show that each bus technology behaves differently to temperature
fluctuations. Notably, New Flyer buses display relatively stable energy consumption and traveling
range across seasons, suggesting limited sensitivity to ambient temperature changes. Conversely, BYD
buses show the largest energy variation and traveling range across the different seasons, indicating
greater temperature sensitivity. The results clearly show that the energy consumption rate of BYD
buses faces a large increase in the winter compared to the other seasons, which, in turn, reduces their
traveling range. Similarly, Proterra buses show similar energy consumption patterns as BYD buses, with
slightly higher bus ranges, given their larger battery capacities (BYD bus battery capacity = 360 kWh;
Proterra bus battery capacity = 440 kWh). One key factor that influences the energy consumption
pattern (variation) among the different types of buses is the heating system configuration. For instance,
New Flyer buses rely on diesel auxiliary heaters, which reduces the energy required from the batteries
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in cold-weather conditions, while Proterra and BYD buses use their batteries for heating, which
increases energy consumption in winter conditions. The observed increase in winter energy
consumption for BYD and Proterra buses is consistent with findings reported in previous studies on
battery electric buses operating in cold climates. Several studies have shown that winter energy
consumption can increase substantially due to additional energy requirements for cabin heating,
battery thermal management, and reduced battery efficiency at low temperatures. For example,
Vehvilédinen et al. [59] reported that the energy consumption of battery electric buses during winter
can be 40%—45% higher than during summer, with cabin heating representing the primary contributor
to the increase. Similarly, studies have identified auxiliary heating demand as one of the most
influential factors affecting electric bus energy consumption in cold-weather operations. The results of
the present study are consistent with these findings [60]. The relatively stable winter performance of
the New Flyer buses can be attributed to their diesel auxiliary heating system, which reduces the
heating load on the traction battery. In contrast, the BYD and Proterra buses rely on battery-powered
heating systems, resulting in higher winter energy consumption and reduced operating range. The use
of auxiliary diesel heaters to preserve battery range in cold climates has also been documented in the
literature [61].

It should be noted that the heating-system configuration was not explicitly included as an input
variable in the energy prediction model. Instead, the model incorporates both bus type and ambient
temperature as predictor variables. Since the dataset contains observations for each bus technology
under different seasonal and temperature conditions, the machine-learning model is able to implicitly
capture technology-specific responses to temperature variations. Consequently, the influence of auxiliary
heating systems is reflected indirectly through the historical energy-consumption patterns associated
with each bus model rather than through an explicit representation of heating-system characteristics.

5. Feature selection

To identify the most relevant inputs for the predictive model, as well as eliminate redundant
information, the Ward’s hierarchical cluster method was used. This method is a variance-minimizing
algorithm for agglomerative clustering, where each variable starts in its own cluster, and clusters are
merged to minimize within-cluster variance. For each potential merge, the algorithm calculates the
increase in the total sum of squared distances within the clusters and selects the merge that results in
the smallest variance increase. This method groups variables based on similar statistical and functional
characteristics, making it possible to reduce the dimensionality of the data and remove redundant
variables by retaining only one representative variable from each cluster while retaining the majority
of the information needed for the modeling process. The results of the clustering process are usually
represented graphically through a dendrogram, which illustrates the cluster formation process. The
horizontal axis of the dendrogram corresponds to the variables or clusters, while the vertical axis
corresponds to the dissimilarity levels at which the clusters are merged. Then, a threshold value is
specified to define the criteria for clustering or grouping the input variables. This threshold value is
known as Ward’s distance, and a value of 0.15 was set for this study based on literature
recommendations [8]. From each cluster identified below this threshold value, only one variable can
be selected as an input. The dendrogram developed using the input variables used in this study is shown
in Figure 3, showing the different clusters and the cutoff threshold (Ward’s distance threshold). For
example, the first cluster consists of the average daily ridership, total distance traveled, and operational
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hours. From this cluster, only the average daily ridership was retained and used to develop the
prediction model. In addition, another three clusters were identified and reduced to single variables.
Cluster two consists of the number of intersections and stop spacing, from which the number of
intersections was used. Cluster three consists of the average temperature and wind speeds, from which
the average temperature was retained as the single representative variable. Finally, cluster four consists
of the battery capacity, engine power, and frontal area, from which battery capacity was used.

It should be noted that the net energy consumption was included in the dendrogram solely for
exploratory analysis purposes to evaluate its relationship with the explanatory variables. It was treated
as the target variable throughout the modeling process and was not used as an input feature during
feature selection or model training.
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Figure 3. Dendrogram from Ward’s hierarchical clustering illustrating the identified clusters.
6. Development of the energy prediction model
6.1. Comparing different modeling techniques

The existing literature reveals the absence of a comprehensive framework for the evaluation of
data-driven approaches for estimating the energy consumption of electric buses and associated fleet
size requirements. Although a large number of predictive models have been presented in the existing
literature, the majority of the studies have been conducted using a single modeling technique without
any specific justification for the choice of the technique, thereby raising a degree of ambiguity in the
choice of the most appropriate technique. The present study aims to fill this gap by presenting a
comprehensive benchmarking of the different modeling families for the prediction of energy
consumption rate. A total of 11 models from the four most commonly used families were developed
and tested: linear regression, tree-based, support vector regression, and artificial neural networks. The
linear modeling family included ordinary least squares (OLS), ridge regression, Bayesian ridge
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regression, stochastic gradient descent regression, and automatic relevance determination regression.
Tree-based methods included decision trees, random forests, gradient boosting, XGBoost, and
LightGBM. Artificial neural networks were used to capture complex nonlinear relationships between
the explanatory variables and energy consumption, while support vector regression was evaluated as
a kernel-based nonlinear regression technique. These model families were selected because they
represent a range of modeling complexities and have demonstrated strong performance in
transportation and energy prediction applications.

The dataset was divided into two subsets: a training dataset containing 80% of the observations
and a testing dataset containing the remaining 20%. To ensure a representative distribution of the
different bus technologies, routes, and seasonal conditions while minimizing potential data leakage, a
grouped sampling approach was adopted when constructing the training and testing datasets. This
procedure ensured that the diversity of operating conditions represented in the full dataset was
maintained across both subsets and provided a more reliable evaluation of model generalization
performance. Then, the training dataset was used to develop the models, while the testing dataset was
used to evaluate and compare the performance of the models on new (or unseen) data. For model
evaluation, four statistical indicators were estimated for each model. The first measure was the
RMSE, which represents the square root of the average of the squared differences between the
predicted and observed values. The second measure was the coefficient of determination (R?),
which assesses the explanatory power of the target variable. The third measure was the mean
absolute error (MAE), which represents the average of the absolute errors between the predicted and
observed values. The fourth measure was the maximum absolute error, which represents the maximum
difference between the predicted and observed values. In general, lower values of RMSE, MAE, and
maximum error indicate higher predictive accuracy, while higher values of R? indicate higher
explanatory capability. Figure 4 shows the performance of the different models on the testing dataset.
The results clearly show that models of the tree-based modeling family outperform other approaches,
showing better performance in terms of accuracy and capacity to recognize the complex patterns in the
dataset. The results clearly show that tree-based models represent the most appropriate approach to
model energy consumption in electric buses while maintaining balanced generalization capacity and
preventing overfitting and underfitting phenomena. On the contrary, the performance of linear models
is relatively low. This clearly shows that the energy consumption of electric buses in relation to input
variables, such as vehicles, operations, routes, and environmental conditions, is nonlinear in nature. In
addition, the MLP model shows the worst performance among all models, indicating overfitting, given
that the dataset used in this study is relatively small for such a complex modeling approach, which
requires large data for training. Finally, the results show that the random forest model outperforms all
other models; thus, this technique was selected to build the final predictive model that will be used in
the TALe-Bus dashboard after hyperparameter tuning through a comprehensive search process.
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Figure 4. Performance comparison of different modeling approaches on the testing dataset.
6.2. Final energy prediction model

The previous section identified the random forest (RF) model as the most efficient technique in
forecasting the energy consumption of electric buses. Based on this, the aim of this section is to build
the final RF model using the optimal set of hyperparameters obtained from an extensive search process.
Six key hyperparameters were systematically evaluated: the number of estimators (n_estimators),
which defines the number of trees in the ensemble; the minimum number of samples needed to split
an internal node (min_samples_split), which controls the tradeoff between over- and underfitting; the
minimum number of samples in each leaf node (min_samples_leaf), which determines the leaf node
size and controls the level of complexity; the maximum number of features to consider at each node
(max_features), which incorporates randomness to the model; the maximum depth of the tree
(max_depth), which determines the level of complexity; and the bootstrap option, which defines the
use of bootstrap sampling to increase the robustness of the model. A comprehensive hyperparameter
search process was conducted to evaluate model performance under different parameter combinations.
The optimal parameters used in the final model and the tested values are as follows:

* n_estimators: 100 (search: 5, 20, 50, 100, 500)

* min_samples_split: 6 (search: 2, 6, §, 10)
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* min_samples_leaf: 1 (search: 1, 2, 3,4, 5)

* max_variables: sqrt (search: auto, sqrt)

* max_depth: 60 (search: 10, 20, 30, 40, 50, 60, 70, 80, 90, 100, 110, 120)

* Dbootstrap: True (search: True, False)

Using these hyperparameters, the final RF model was developed. The model was able to predict
energy consumption with a RMSE of 0.13 kWh/km, a mean absolute error of 0.11 kWh/km, a
maximum absolute error of 0.32 kWh/km, and an R? value of 0.7. Figure 5 shows a comparison
between observed and predicted energy consumption values for the testing dataset by using a 45° line.
In addition, to provide context for these error metrics, the average energy consumption rate in the
dataset was 1.35 kWh/km. Accordingly, the RMSE and MAE correspond to approximately 9.6%
and 8.1% of the average energy consumption rate, respectively. These results indicate that the model
is capable of capturing the primary relationships between operational, vehicle, route, and
environmental characteristics while maintaining a level of prediction accuracy suitable for fleet
planning and scenario analysis applications.
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Figure 5. Observed vs. predicted values for the final random forest model on the testing dataset.
7. Fleet sizing and replacement factor estimation

The process of estimating the required electric bus fleet size to offer transit service is a
multidimensional, complex process that goes beyond the scope of traditional fleet replacement. Unlike
the case of diesel-engine buses, electric buses have limitations in terms of battery capacity, charging
requirements, infrastructure, and variability of energy consumption. These limitations have a direct
impact on their operational capability and scheduling flexibility. In order to address the issue of
estimating the electric bus fleet size, a fleet-sizing estimation module was designed to assess the
operational feasibility of the substitution of diesel-powered buses with electric-powered buses without
compromising the level of service (offering the same transit service). This module integrates energy
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modeling, operational planning, and vehicle performance analysis to generate several key planning
outputs, including the required electric fleet size, diesel fleet equivalency, replacement factor
(representing the ratio between the required electric bus fleet and the required diesel fleet), maximum
bus range, and fleet expansion requirements.

7.1. Diesel fleet size

The fleet size of buses that is needed to provide transit service along any particular route is
primarily a function of the service headway along that particular route, as well as the operational
characteristics of the buses that operate along that route. The service headway is usually determined in
response to the passenger demand at the point of maximum load, in line with the formulation provided
by Vuchic [62], as described in Eqgs (2) and (3). The transit agencies then announce these headways in
their service schedules. For Toronto, the Toronto Transit Commission publishes its schedules for each
sign-up period, with the service frequency depending on the seasons. Once the headways have been
estimated for any particular route, they are used to calculate the fleet size of buses that is needed to
offer the service on that route by dividing the total cycle time by the headway, as expressed in Eq (4).
The cycle time is defined as the sum of the running time and the terminal layover time, as per Eq (5).
The running time can be determined from past operational historical data. However, it can also be
estimated by making use of the average speed of the buses that operate along that route, as
presented in Eq (6). These equations are widely adopted by transit agencies to determine the
number of diesel-engine buses required to offer transit service on a certain route during a specified
time interval. Using the published TTC headways and observed operating speeds, the fleet size for
each route was computed, and the resulting values were then validated against the actual fleet
deployment reported by the TTC, showing that both values match for all routes.

_ PHF*PDcLs

f N N*CCy* (2)
601
=2 3)
Tevetel
Faieser = [%Cl] 4)
Tcycle = loperational + Tterminal (5)
L
Toperational =3 (6)

where f denotes the service frequency; PD ;s represents the passenger demand observed at the
critical maximum-load segment of the route; PHF is the peak-hour factor reflecting temporal
fluctuations in demand within the peak hour; a refers to the design load factor specified in service
design standards, typically set below 1; N represents the number of vehicles per transit unit (equal to
one for conventional bus operations); CC, corresponds to the crush capacity of an individual vehicle;
h represents the service headway; Fyiese; 18 the required diesel-engine fleet size; Tey ¢ is the total
cycle time; Toperationar 18 the operating time; Tierming; 18 the terminal time; L represents the cycle
length; S is the average operating speed; [ ]” represents the floor operator (round down to the nearest
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integer), and [ ]* represents the ceiling operator (round up to the nearest integer).
7.2. Electric fleet size

For electric bus operations, the fleet size required on a given route during a specified time interval
must satisfy passenger demand (following Eqgs (2)—(5)) while also accounting for vehicle range
limitations. In this context, both the energy consumption rate and battery capacity are critical in
determining the number of vehicles needed to maintain the same level of service. The average energy
consumption rates estimated through the prediction model were used to evaluate the fleet requirement
from an energy perspective. The first step in this process focuses on estimating the energy consumed
per operating cycle on the bus route by multiplying the route cycle length by the average energy
consumption rate, as shown in Eq (7). Based on this value, the number of cycles that a bus can complete
on a single charge was then derived using the battery capacity, as shown in Eq (8). In practice, transit
agencies and manufacturers advise against fully depleting the battery in order to maintain a safety
buffer. A minimum state of charge of 15% is commonly recommended; therefore, this study assumes
that only 85% = a of the nominal battery capacity is utilized during operations. It should be noted that
the calculations and approach followed in this study focus on overnight depot charging, which is the
charging strategy applied in the City of Toronto (given that the dashboard is built based on this case).
Under this approach, a bus remains in service until completing the number of cycles that reduce the
battery to the minimum allowable state of charge (that is, larger than or equal to 15%), after which it
is withdrawn from service and returned to the depot for overnight recharging before resuming
operation the following day. Accordingly, the fleet size required from an energy perspective was
determined by dividing the total number of daily cycles completed by the entire fleet serving a bus
route by the maximum number of cycles that can be completed by a bus in one charge, as highlighted
in Eq (9). The final electric fleet size was then defined as the larger of two values [as shown in Eq (10)]:
(1) the fleet required to meet passenger demand as estimated using conventional diesel-based planning
formulations (from Egs (2)—(6)) and (2) the fleet necessary to satisfy electric-bus range constraints.

ECeyere = L ECang )
News = [522%] ®
Fanergy = [[hezoute| ©)

Fatecric = max 5 (10)

where ECcy ¢
consumption rate in kWh/km; L represents the cycle length in km; NC,,s stands for the number of
cycles that a bus can complete utilizing its capacity in a certain bus route; BC represents the bus
battery capacity (kWh); NC,,,te 1s the number of daily cycles the bus fleet needs to complete to offer
transit service at a certain bus route (cycle); Fepergy represents the required fleet size needed to offer
transit service given the limitation on the bus range (bus); Fujectric 18 the number of electric buses
needed to offer transit service using electric buses (bus); [ | represents the floor operator (round down
to the nearest integer); and [ |* represents the ceiling operator (round up to the nearest integer).

e represents the energy consumption per cycle in kWh; ECg,, is the average energy
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The fleet-sizing methodology presented in this study assumes an overnight depot charging
strategy, whereby buses are charged only at the depot between service days. However, the framework
can be extended to accommodate opportunity charging or mixed charging strategies. In such cases, the
effective energy available to a bus would consist of both the initial usable battery capacity and any
energy replenished during intermediate charging events throughout the day. Consequently, the
maximum number of route cycles that can be completed by a vehicle before requiring replacement
would increase, potentially reducing the energy-constrained fleet requirement. This extension could
be incorporated by modifying Eqs (8) and (9) to account for the cumulative energy supplied through
opportunity charging events. Future versions of the dashboard could incorporate charging frequency,
charging duration, charger power, and charger location as additional inputs to support the evaluation
of alternative charging strategies. For example, under opportunity charging, the effective available
energy could be represented as the sum of the usable battery capacity and the energy received from
intermediate charging events during the service day. The resulting increase in available energy would
increase the number of route cycles that a bus can complete before reaching its minimum state of
charge and consequently reduce the fleet requirement associated with range limitations.

7.3. Replacement factor estimation and fleet size comparison

In addition to estimating the required electric and diesel fleets needed to offer transit service, the
dashboard also calculates the replacement factor, defined as the ratio between the number of electric
buses required and the number of diesel buses needed to offer the exact same transit service [as shown
in Eq (11)]. This metric provides a concise and interpretable indicator of the relative fleet requirements
when transitioning from conventional diesel technology to battery-electric buses under comparable
service conditions. The replacement factor is particularly important because it captures the combined
influence of operational constraints, vehicle energy performance, and battery limitations in a single
value. Unlike simple fleet counts, this indicator reflects how differences in vehicle range, charging
requirements, and energy consumption affect the number of buses needed to maintain the same level
of service compared to diesel-engine buses (that have no range limitation). As such, it provides a
realistic representation of electrification impacts on fleet planning. Moreover, the replacement factor
offers a direct and practical basis for comparing electric and diesel fleet needs. Transit agencies can
use this value to quickly assess whether electrification will require fleet expansion or not under specific
operational conditions. This facilitates strategic decision-making related to capital investment, depot
and charging infrastructure planning, operational scheduling, and long-term electrification planning.
In addition, the replacement factor supports scenario-based analysis by allowing planners to evaluate
how improvements in battery capacity, charging strategy, or operational efficiency may reduce the
number of required electric buses over time. Consequently, it serves not only as a comparative indicator
but also as a planning and policy-support tool that helps transit agencies quantify the operational
implications of fleet electrification.

RF — Felectric (11)

Faiesel

where RF represents the replacement factor.
It should be noted that the replacement factor cannot be less than one. This follows directly from
Equation (10), where the required electric fleet size is defined as the maximum of the fleet required to
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satisfy passenger demand and the fleet required to satisfy electric-bus range constraints. Since the
passenger-demand fleet requirement is equivalent to the diesel fleet size needed to provide the same
service frequency and passenger capacity, the electric fleet size is always greater than or equal to the
diesel fleet size. Consequently, replacement factor (RF) = 1 indicates that electric buses can directly
replace diesel buses on a one-to-one basis without fleet expansion, while RF > 1 indicates that
additional electric buses are required to maintain the same level of service.

Ultimately, a key planning question for transit agencies is whether electrification will require fleet
expansion. Accordingly, the dashboard is designed to address this issue directly by comparing both
electric and diesel fleet sizes and providing some information on whether electrification of a certain
route under certain input conditions would require fleet expansion or not.

7.4. Maximum bus range

In overnight depot charging systems, electric buses depend on a single charging session during
off-service hours to supply sufficient energy for the entire next day of operation. Under this operating
strategy, accurately estimating the maximum bus range is essential to ensure service reliability, proper
fleet allocation, and efficient scheduling. The proposed module computes the maximum range by
dividing the portion of the bus battery capacity that can be utilized (85%) by the energy
consumption rate, as shown in Eq (12). This formulation reflects operational rather than theoretical
performance (reported by bus manufacturers), as the usable battery capacity and energy consumption
rate are derived from real-world conditions. Thus, the estimation explicitly incorporates the effects of
passenger load, ambient temperature and weather, Heating, ventilation, and air conditioning (HVAC)
and auxiliary energy demands, stop frequency, etc. These factors significantly influence daily energy
consumption and therefore determine the realistic distance a bus can travel before reaching its
minimum allowable state of charge (15%). For overnight depot charging, the estimated maximum
range is a critical determinant of service feasibility. Since buses are not recharged during the day, the
calculated range must be sufficient to allow the bus to complete its assigned daily block. This includes
the ability to perform multiple route cycles and maintain continuous operation during peak service
periods. Overestimating the range may lead to in-service energy depletion and operational disruptions,
while underestimating it may result in conservative planning, unnecessary fleet expansion, and reduced
vehicle utilization. Moreover, maximum range estimation directly supports fleet planning and
operational optimization. It enables transit agencies to evaluate whether specific routes are compatible
with depot-only charging, assign appropriate service blocks to electric buses, and verify that battery
capacity and consumption characteristics can sustain reliable daily operations across different seasonal
and operating conditions. Thus, to enhance decision-making, the TALe-Bus dashboard presents the
maximum operational range as a primary output indicator. This allows planners and operators to
quickly assess whether scheduled service blocks fall within safe operating limits and to understand
how variations in energy consumption or usable battery capacity influence daily service capability. By
translating complex energy performance calculations into a clear and interpretable metric, the
dashboard facilitates informed planning and reliable deployment of electric buses.

0.85% BC
ECapg

MBR =

(12)

where MBR represents the maximum bus range (km); BC stands for the bus battery capacity (kWh);
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and ECgy4 i1s the average energy consumption rate (kWh/km)
8. Dashboard architecture and system integration

The TALe-Bus Dashboard was designed as a cloud modular, scalable, web-based application
integrating predictive modeling, dynamic visualization, and user input processing. The architecture
follows a model-view-controller architectural pattern that comprises three core layers:

» Data and model layer (model): Python-based backend implementing the trained random forest
model to predict the energy consumption rate and estimate the required electric fleet, diesel fleet, and
replacement factor.

* Application logic layer (controller): User queries, model inference, and database access
orchestration.

* Visualization and user interface layer (view): Web technologies (HTMLS, CSS, Leaflet.js) for
interactive maps and form-based user experiences on the frontend.

The user inputs (route characteristics, bus model, seasonal selection) are processed in real time,
and the parameters are passed to the backend models to predict energy consumption rates and estimate
required fleet sizes and replacement factors. The visualization layer then dynamically updates the
citywide map or displays the custom predictions based on the user’s scenario. The dashboard was
deployed on a cloud-based server with SSL encryption.

The final user interface was designed with a focus on accessibility, simplicity, and responsiveness.
The goal was to allow transit professionals with varying levels of technical expertise to use the
dashboard efficiently without requiring specialized training (https://talebusv2.ue.r.appspot.com/). The
final dashboard is structured into two main interactive modules (Toronto eBuses and Prediction), and
the user is capable of selecting the preferred module from the landing page, as shown in Figure 6,
which shows the dashboard landing page. The first module (Toronto eBuses) focuses on visualizing
electric bus data from the City of Toronto, as shown in Figure 7, and it consists of the following tools:

* Dynamic map visualization: An interactive GIS map displays Toronto bus routes color-coded
based on the computed replacement factor. Green routes (RF = 1) represent routes suitable for direct
one-to-one diesel-to-electric replacement, while red routes (RF > 1) represent routes requiring
expanded electric fleets.

* Route filtering: Users can filter routes by selecting specific bus models (BYD, New Flyer,
Proterra) and seasons (winter, summer, spring/fall). This visualization enables transit agencies to
rapidly identify routes that are most suitable for electrification and assess the spatial distribution of
electrification challenges across the transit network. By providing an intuitive representation of fleet
replacement requirements, the dashboard supports strategic planning, route prioritization, and investment
decision-making. The replacement factor visualization provides a practical decision-support tool for
transit agencies planning fleet electrification programs. Routes displayed in green (RF = 1) can be
considered strong candidates for early electrification because they can be converted without requiring
additional vehicles, thereby minimizing capital investment and operational disruption. Conversely,
routes displayed in red (RF > 1) highlight corridors where range limitations may necessitate fleet
expansion, charging infrastructure enhancements, operational schedule adjustments, or future battery
technology improvements. By enabling planners to quickly distinguish between these route categories
across an entire transit network, the dashboard supports phased electrification strategies,
prioritization of investment decisions, and identification of routes requiring detailed operational
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assessment before deployment.

* Route details popup: Clicking on any route provides a detailed view of its predicted energy
consumption rate, required electric fleet size, and replacement factor.

The second module allows users to define a range of parameters, including route characteristics,
passenger demand profiles, service frequency, and environmental conditions such as temperature and
weather. By inputting these scenario-specific variables, transit agencies can evaluate the impact of
different operational strategies on key performance metrics. Specifically, the module calculates net
energy consumption for the selected scenarios using the developed energy prediction model.
Additionally, the module estimates the required fleet sizes for electric buses (as well as for diesel-engine
buses) to maintain service levels under the scenario conditions, taking into account constraints such as
battery capacity and maximum bus range. A further output of this module is the replacement factor,
which quantifies the number of electric buses needed to replace a given diesel fleet while maintaining
equivalent service levels. Moreover, the maximum bus range is also provided as one of the outputs of
the dashboard. By providing a scenario-based analysis, this module not only supports short-term
operational planning but also facilitates strategic decision-making for fleet electrification. Agencies
can test “what-if” scenarios, such as introducing new routes, extending service hours, or deploying
buses in extreme weather conditions, and immediately observe the resulting implications for energy
consumption and fleet requirements. The outputs are designed to be interpretable and insightful,
offering decision-makers insights into whether a particular operational change or electrification plan
would necessitate fleet expansion, additional charging infrastructure, or adjustments to service
frequency. Overall, this scenario-based interface empowers transit agencies to move beyond generic
estimates, enabling data-driven planning that aligns with operational realities and supports efficient
electrification of transit services. This module focuses on allowing the user to input the route, vehicle,
and operational characteristics and external conditions, as shown in Figure 8. This module consists of
the following tools:

* Input forms: Users input operational characteristics, vehicle specifications, operational
characteristics, and external conditions.

* Instant prediction display: Upon submission, the dashboard displays predicted energy
consumption, required fleet sizes, maximum eBus range, replacement factor, and whether the
electrification of this route would result in fleet expansion or not.
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TALe-Bus

A Machine Learning tool to support your fleet eletrification process.

Transit Analytics Lab Electric Bus (TALe-Bus) Fleet Planning Dashboard

TALe-Bus is a decision support tool designed to assist transit agencies in transitioning from diesel buses to electric buses (eBuses) by providing fleet size estimations and energy
consumption predictions.

The tool leverages machine leaming models to predict the number of eBuses required to maintain the same service level as diesel buses while also estimating the expected energy consumption rate based on
various operational, vehicular, and external factors.

TALe-Bus also predicts the replacement factors, which indicate how many Ebuses are needed to replace a diesel-engine bus, under different conditions.

Explore the city of Toronto and display an interactive map showing the energy consumption rates, fleet Predict your bus routes’ energy consumption rate, fleet size requirements, and replacement factor. You
size requirements, and replacement factors for different bus routes i the city. will be asked to enter the route characteristics, vehicular variables, bus specifications, and extemal
factors.

Toronto eBuses Predictior

City of Toronto Electric Buses

On this page, you will find a map of the City of Toronto displaying various bus routes, color-coded according to their Replacement Factors (RF):

« © (RF =1): for routes that do not require fleet expansion (i.e., each diesel-engine bus can be replaced by a single electric bus).
o @ (RF>1): for routes that require fleet expansion (i.e., each diesel-engine bus needs to be replaced by more than one electric bus).

Click on any route to view details about the route and fleet size requirements in case of electrification.

Use the Filter button to adjust the bus type and/or season.

+
‘ &

Route Name: MARKHAM ROAD
Route ID: 102

Net Energy Consumption: 1.42 kWhikm
e-Bus Fleet: 34

Diesel Fleet: 18

Replacement Factor: 1.89

Figure 7. Screenshot of the Toronto eBuses module from the TALe-Bus dashboard.
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Service Configuration

Operational Parameters

Headway AM Peak (min) Headway P Peak {min)
10 10

Headway Cff-Peak (min) Average Speed (km/h)
15 20

Service Inputs

Cycle Length (k) Mumber of Bus Stops
3634 104

Average Daily Ridership (passenger) Mumber of Intersections
11760 72

Route Location

Mon-Downtown

eBus Model Configuration

Bus Model Battery Size (kKWh)
Proterra w 440 w
Bus Curb Weight {kg) Bus Age (years)
20240 -
External Factors
Season Average Temperaturs (0

Wintar - -2

Predicted Net Energy Consumption and Replacement Factor

Predicted Net Energy Consumption: 1.53 kWh/km
Diesel Fleet: 12 vehicles
Electric Fleet: 15 vehicles
Maximum e-Bus range: 245 km
Replacement Factor (RF): 1.25
Route electrification requires fleet expansion.

[ [ |

Figure 8. Screenshot of the Prediction module from the TALe-Bus dashboard, showing
the inputs and outputs.

9. Discussion of the TALe-Bus outputs and their benefits

The results generated by the TALe-Bus Dashboard provide valuable insights for transit agencies
during the transition to electric bus fleets by offering data-driven estimates of energy consumption,
fleet requirements, replacement factors, and maximum bus range under different operational and
environmental conditions. Each of these components provides distinct benefits that collectively
strengthen transit agencies planning, operational efficiency, and risk mitigation strategies during the
transition from diesel to electric buses. The energy consumption prediction model demonstrated good
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performance, capturing the influence of operational, route, vehicular, and environmental factors on
electric bus energy use, which offers several practical benefits. First, the ability of route-specific and
seasonally adjusted energy consumption rates enables transit agencies to more accurately forecast
operational energy demands. Unlike static or manufacturer-reported values (representing the
maximum bus range at favorable conditions), which often underestimate real-world variability,
TALe-Bus predictions incorporate dynamic inputs such as bus speeds and ambient temperature. This
ensures that planners have a realistic understanding of daily and seasonal energy requirements, which
is particularly critical in cold-weather environments like Toronto, where heating energy demands
substantially impact the energy consumption rate. Second, these predictions support effective energy
management and charging infrastructure planning. Knowing the expected daily energy consumption
rates allows agencies to better design depot charging schedules, size charging equipment appropriately,
and forecast electricity demand peaks.

Fleet sizing estimation provides agencies with a critical tool for evaluating the operational
feasibility of electric buses in maintaining current service levels. Accurate fleet size predictions help
agencies avoid two major risks: fleet underestimation, which could result in missed service targets and
public dissatisfaction, and fleet overestimation, which could unnecessarily inflate capital and
operational costs. By explicitly integrating energy consumption constraints into fleet sizing
calculations, the TALe-Bus Dashboard moves beyond the traditional diesel-based planning
methodologies. The dashboard accounts for the reduced daily range under conditions of high auxiliary
load or poor weather, ensuring that the fleet plans are resilient to real-world performance limitations.
Moreover, the fleet sizing tool also supports strategic asset management. Agencies can identify routes
where single diesel-engine buses can be replaced by a single electric bus (routes with replacement
factor = 1) and prioritize them for early conversion. Conversely, routes requiring additional vehicles
can be flagged for further infrastructure investment (e.g., opportunity charging stations) or vehicle
technology upgrades (e.g., buses with larger battery capacities or different battery technology). Finally,
the ability to estimate fleet requirements under different scenarios (changing bus models, changing bus
routes, or seasonal conditions) enables planners to conduct sensitivity analyses and identify which bus
models fit the deployment at certain bus routes.

The replacement factor (RF) offers a concise, intuitive metric that captures the operational
implications of fleet electrification in a manner that is easily understood by both technical staff and
decision-makers. The RF metric simplifies complex technical analyses into a single value indicating
whether fleet expansion is necessary. This interpretable value supports budgeting justification and
public reporting, where accessible metrics are critical for securing funding and community support.
Replacement factor predictions also enable route prioritization based on electrification feasibility.
Routes with RF = 1 can be prioritized during the transitioning phase to minimize transitioning costs,
as these routes do not require fleet expansion. In addition, the maximum bus range is one of the outputs
provided by the TALe-Bus dashboard. Understanding the maximum usable range under varying
conditions is crucial for multiple aspects of electrification planning. First, estimating the maximum
bus range enables route-to-vehicle matching. Agencies can ensure that assigned buses have sufficient
range to complete assigned routes without the need for midday recharging, reducing operational
complexity and avoiding service disruptions. Second, maximum range insights guide procurement
strategies. For instance, if certain routes demand higher energy consumption due to operational
characteristics, the procurement process can prioritize buses with larger battery capacities or more
efficient thermal management systems.
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The integration of energy consumption prediction, fleet size and replacement factor estimation,
and maximum bus range assessment within a single dashboard offers multiple intertwined benefits.
Each component informs and reinforces the others, creating a holistic decision-support environment.
For instance, understanding that a route’s winter energy consumption rate rises sharply enables
planners to anticipate fleet expansion and plan accordingly. Similarly, maximum range insights derived
from energy consumption estimates feed directly into fleet sizing calculations and charging
infrastructure planning. By unifying these analytics within an interactive, user-friendly interface,
TALe-Bus empowers transit agencies to move beyond reactive planning and toward proactive,
data-driven strategic management of their electrification transitions. Users can explore multiple
scenarios, adjust assumptions dynamically, and evaluate impacts, all of which strengthen the transition
planning to electric buses.

The demonstrated capabilities of the TALe-Bus Dashboard extend beyond immediate operational
benefits to broader strategic and societal implications. By reducing uncertainty around key
electrification challenges, the tool accelerates the transition to low-carbon public transit systems.
Accurate fleet planning minimizes the risks of underperformance, service disruptions, and financial
inefficiencies that could otherwise hinder public support for electrification initiatives. Additionally, the
dashboard offers access to complex predictive analytics. Thus, the dashboard allows transit agencies
the ability to conduct sophisticated analyses traditionally requiring specialized consulting support. This
empowerment promotes equity across transit agencies of varying sizes and resource levels, ensuring
that sustainable transit transformation is accessible to a wider range of communities.

While the TALe-Bus dashboard aids transit agencies in the transition from diesel fleet to electric
fleet, it should be noted that the dashboard was built based on certain assumptions. Thus, the following
limitations should be considered when applying the tool in transit planning contexts:

* The modeling framework assumes that all electric buses rely exclusively on overnight depot
charging and does not incorporate on-route fast-charging strategies. Consequently, buses are required
to complete their scheduled service before returning to the depot for charging. This assumption may
influence fleet size estimates, particularly in systems where opportunity charging is available and can
extend operational range or reduce fleet requirements.

* Temperature is explicitly incorporated as a model input to capture seasonal variability,
reflecting Toronto’s four-season climate. While this enhances prediction reliability under similar
seasonal patterns, the model may require recalibration for locations experiencing extreme climates,
limited seasonal variation, or substantially different temperature ranges.

* The training of the energy model was done based on data from three electric bus models
deployed in Toronto: BYD K9M, New Flyer XE40, and Proterra E2. Differences in battery technology,
vehicle design, auxiliary loads, and heating systems across other bus types may influence energy
consumption and operational performance. Therefore, predictions may vary when applied to fleets
composed of different electric bus technologies.

* In addition, the feature-selection results obtained in this study are based on the characteristics
of the Toronto dataset and should not be interpreted as universally applicable to all transit systems.
The relative importance of explanatory variables may vary across cities due to differences in operating
practices, service scheduling, passenger demand patterns, route characteristics, climatic conditions,
and fleet technologies. For example, variables identified as highly influential in the Toronto case study
may have a different level of importance in transit systems operating under different conditions. Therefore,
when applying the framework to other cities, both model recalibration and feature re-evaluation should be

AIMS Energy Volume 14, Issue 3, 732-759.



754

considered to ensure that the selected predictors appropriately reflect local operational realities.
Given the above constraints, the dashboard outputs should be validated using local operational
and environmental data prior to implementation. Transit agencies operating under different climatic
conditions, charging strategies, fleet compositions, or service configurations may require model
recalibration (retraining or fine-tuning) to ensure reliable and context-specific predictions.

10. Conclusions

This study presented the development, validation, and application of the TALe-Bus Dashboard,
an interactive decision-support tool designed to support transit agencies in planning the transition from
diesel-engine buses to battery-electric buses. The dashboard integrates machine learning—based energy
consumption prediction, fleet sizing analysis, replacement factor estimation, and interactive
visualization within a unified web-based platform. Using real-world operational data collected
from 60 battery-electric buses operating on 48 routes in Toronto, several statistical and machine
learning techniques were evaluated for energy consumption prediction. Among the tested models, the
random forest model achieved the best performance, yielding an RMSE of 0.13 kWh/km, a mean
absolute error of 0.11 kWh/km, and an R? value of 0.70 on the testing dataset. The analysis also
demonstrated the significant influence of seasonal conditions on electric bus performance, with
winter operations exhibiting noticeably higher energy consumption for bus technologies relying on
battery-powered heating systems, while buses equipped with auxiliary diesel heaters exhibited more
stable energy consumption patterns across seasons.

Through the integration of predictive machine learning models, dynamic visualization, and
user-centered design principles, the dashboard addresses key operational and planning challenges
associated with fleet electrification and provides valuable insights to transit agencies. The energy
consumption prediction model demonstrated strong capability in capturing the influence of operational
characteristics, route characteristics, vehicle attributes, and environmental conditions on electric bus
energy consumption. This capability enables transit agencies to develop realistic estimates of daily
energy requirements, which are critical for charging infrastructure planning, vehicle procurement, and
operational scheduling. By providing route-specific energy consumption estimates that explicitly
account for seasonal variability, the dashboard empowers agencies to make informed decisions that
reflect the realities of real-world operating conditions. Moreover, the fleet sizing and replacement
factor estimation modules translate energy consumption predictions into practical fleet-planning
metrics. By quantifying the additional fleet required to maintain service levels under different seasonal
and technological scenarios, the dashboard supports risk mitigation, budget optimization, and service
reliability. The replacement factor framework enables transit agencies to directly assess whether
electrification of a particular route would require fleet expansion, while the interactive route
visualization supports the identification of routes that are most suitable for early electrification
deployment. The scenario-based prediction module further enables planners to evaluate the impacts of
changes in route characteristics, operating conditions, vehicle technologies, and seasonal factors on
fleet requirements and operational performance.

Overall, TALe-Bus provides transit agencies with an accessible and data-driven planning tool that
supports vehicle procurement decisions, charging infrastructure planning, route prioritization, and
long-term electrification strategies. By combining robust predictive analytics with a user-friendly and
interactive interface, the dashboard bridges the gap between data, prediction, and decision-making,
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making sophisticated planning tools accessible to a broader range of transit professionals. As the
electrification of transit fleets continues to advance, tools such as TALe-Bus can play an important role
in supporting resilient, efficient, and evidence-based fleet electrification planning. Future research
could extend the framework by incorporating opportunity charging and mixed charging strategies,
quantifying uncertainty in fleet size and replacement factor estimates, integrating battery degradation
indicators, and validating the methodology using datasets from additional transit agencies operating
under different climatic, operational, and service conditions. Such enhancements would further
improve the transferability, robustness, and planning value of the TALe-Bus framework.
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