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Abstract 

This article investigates the factors affecting the energy consumption of battery electric vehicles and proposes models 
to estimate and predict this consumption on last-mile delivery routes. First, a physical model based on GPS 
observations is developed to estimate energy expenditure, considering driving data (speed, acceleration, and braking), 
topography (road grade), transported weight, vehicle component efficiency, regenerative braking systems and use of 
auxiliary systems. Then, various independent variables are collected, and together with the physical model used, a 
hybrid approach with machine learning (ML) models is proposed to predict the energy consumption of BEVs on urban 
routes. A comparative analysis of the performance of different ML models is conducted. In the end, the chosen model 
allows for predicting energy consumption on the route based on a point-to-point energy estimation and other 
independent variables, providing a more reliable and accurate reference for consumption than linear parameters 
(kWh/km) commonly used by logistics operators. 

Keywords 
Battery Electric Vehicles, Energy Consumption Forecasting, Green Logistics, Machine Learning Models, Sustainable 
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1. Introduction
The adoption of electric vehicles (EVs) impacts the entire supply chain, creating challenges and operational and 
performance difficulties for businesses, automakers, governments, and investors, who need to rethink their strategies 
and objectives (Alarcón et al., 2023). Due to a lack of knowledge about EV operation, users sacrifice comfort to ensure 
greater range, avoiding the use of air conditioning or cabin heating. Additionally, driver anxiety also affects range, 
such as limiting battery usage to only 50% to avoid operational risks (Anosike et al., 2021). 

In the studies reviewed by Kucukoglu et al. (2021), the energy consumed by an EV is usually determined as a constant 
energy parameter per unit of distance (i.e., a macroscopic consumption parameter in kWh/km). However, battery 
consumption depends on vehicle dynamics, including speed profile, acceleration, and braking, as well as factors such 
as external temperature, topography, transported weight, component efficiency, and the use of auxiliary systems. This 
makes the use of macroscopic parameters inadequate for reliable and accurate estimates, and the variables mentioned 
before should be considered to achieve more realistic results in route planning (Basso et al., 2019). 

Energy models for EVs allow these factors to be considered in calculating energy consumption, enabling an 
understanding of the influence of each one and the structuring of predictive energy consumption models. This ensures 
that EVs can complete their daily deliveries without the risk of running out of battery (Basso et al., 2019). The 
integration of energy consumption forecasting models with routing models is crucial for planning optimal and feasible 
routes (Macrina et al., 2019). This allows operations to be less conservative and enables the use of the electrified fleet 
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to its full potential (Perger and Auer, 2020). Therefore, it is essential to explore and propose methodologies to reliably 
predict the energy consumption of BEVs on urban routes, especially because, according to the literature review 
conducted by Chen et al. (2021), most studies focus on passenger vehicles, highlighting the importance of expanding 
the literature to include electric delivery trucks. Thus, the successful integration of BEVs into the market strongly 
depends on reliable energy consumption prediction models, as accurate estimation can reduce driver anxiety, improve 
fleet management, increase battery lifespan, optimize maintenance, and enable the identification of technical issues 
that affect EV performance (Ullah et al., 2022).  
 
To develop reliable machine learning models for predicting the energy consumption of BEVs on last-mile delivery 
routes, one of the main challenges is obtaining real operational data with sufficient quality for model training. This 
study uses data collected from a distribution operation in the city of São Paulo, Brazil, contributing with a data 
collection and processing methodology that can be used to feed the proposed machine learning models, calibrating 
predictive models for different operational contexts. 
 
This article is structured as follows: after the introduction, a literature review is presented on the most important 
methods and variables for predicting the energy consumption of BEVs on urban routes. In the methodology section, 
the hybrid approach used is described, consisting of a physics-based model that utilizes GPS data to estimate EV 
energy consumption and machine learning models to adjust these estimates. Next, data collection and processing of 
energy consumption, GPS points, and other independent variables considered are presented. This is followed by the 
results and discussion section, where the proposed ML models are developed and compared. Finally, the study's 
conclusions are presented. In the end, the aim is to understand, in a context of predicting the energy consumption of 
BEVs on urban delivery routes, which variables are most relevant to explaining this phenomenon, how these variables 
are obtained, which are the main machine learning models that can be used for the predictive task, and how each one 
performed. In this way, a methodology is provided that can be integrated into electric vehicle routing models, making 
it possible to predict energy consumption a priori, encouraging the full use of these vehicles, while avoiding cases of 
battery depletion in route. 
 
2. Literature Review  
2.1 Parameters that Affect the Energy Consumption of EVs  
Energy consumption in EVs is influenced by a variety of parameters and factors, related to both the vehicle's 
components (mass, frontal area, engine power, drag coefficient, rolling resistance coefficient, battery capacity, battery 
temperature, SOC and SOH of the battery) and its dynamics (travel time, distance between stops, average speed, 
acceleration and deceleration rates), as well as traffic conditions, driving behavior, and road (gradient, distance 
traveled, and rolling condition) and environmental conditions (temperature, air density, wind speed, use of auxiliary 
systems) (Abdelaty et al., 2021; Chen et al., 2021; Kocaarslan et al., 2022). 
 
Motor and transmission efficiency determine the percentage of energy effectively used for propulsion (Fiori et al., 
2021), while battery state of charge (SOC) and state of health (SOH) impact energy availability and range (Peng et 
al., 2024). Studies show that SOH declines over time, reducing operational efficiency and increasing charging 
frequency (Li et al., 2023; Chen et al., 2023). Additionally, charging methods, storage conditions, and temperature 
affect battery aging, with high temperatures accelerating degradation (Diwivedi et al., 2024). Auxiliary systems, 
especially HVAC, significantly increase energy consumption, particularly at low speeds (Chen et al., 2021). Rolling 
resistance and aerodynamic drag also play crucial roles, with road conditions, tire pressure, wind direction, and driving 
behavior affecting energy use (Donkers et al., 2020; Fiori et al., 2021; Kocaarslan et al., 2022). Studies highlight that 
poor road conditions and strong winds can drastically increase energy consumption (Abdelaty and Mohamed, 2021). 
 
Vehicle dynamics, including factors like speed, acceleration, and braking, directly influence the energy required by 
EVs, and these variables are commonly used in energy estimation models (Chen et al., 2021). Driver behavior also 
significantly impacts energy consumption, as eco-drivers, average drivers, and aggressive drivers exhibit different 
acceleration profiles, with aggressive driving leading to higher energy consumption, especially at high speeds 
(Donkers et al., 2020). Additionally, changes in driving aggressiveness can significantly increase energy consumption, 
with variations in speed having a larger impact at speeds below 35 km/h (Abdelaty and Mohamed, 2021).  
 
Traffic conditions, such as congestion, traffic lights, and vehicle types, significantly affect EV energy consumption 
(Chen et al., 2021). Studies have shown that periods of heavy traffic, such as rush hour, and factors like the number 
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of stops per hour and congestion indexes are key variables influencing energy use (Li et al., 2016; Fetene et al., 2017; 
Xu and Wang, 2018). Environmental conditions, including road characteristics (e.g., road grade and type) and weather 
factors (temperature, wind, humidity), also play a crucial role (Chen et al., 2021). Road inclines can dramatically 
increase consumption (Donkers et al., 2020; Abdelaty and Mohamed, 2021), while extreme weather conditions require 
the use of auxiliary systems like heating and air conditioning, further raising energy use (Iora and Tribioli, 2019; Chen 
et al., 2021). These variables should be integrated into energy consumption models for better predictions. 
 
2.2 Energy Consumption Modeling Methodologies 
Energy consumption modeling for EVs can be classified into four categories: rule-based, data-based, hybrid, and 
elementary models (Chen et al., 2021; Dabcevic et al., 2024). Elementary models consider a macroscopic parameter 
of constant consumption throughout the vehicle's route and are very inaccurate, given that BEV consumption is 
influenced by several factors, as discussed in section 2.1. Rule-based models use physical laws to estimate energy 
consumption, which makes it possible to incorporate the effect of various variables related to vehicle components, 
dynamics, traffic, driving, road surfaces and environmental conditions (Fiori et al., 2021; Kocaarslan et al.¸2022; Pena 
et al., 2024). However, they can be very complex and depend on accurate data collection, which can lead to estimation 
errors and poor real-time performance (Maity and Sarkar, 2023). Data-based machine learning models offer 
advantages in terms of speed and flexibility, as well as making it possible to take into account independent variables 
not incorporated by physical models (Dabcevic et al., 2024). Nonetheless, they may lack predictability and 
generalization due to reliance on specific training data, which makes their predictive capacity limited when varying 
vehicle types, use of auxiliary systems, road characteristics, and vehicle loading (Fiori et al., 2021). Hybrid models 
aim to combine the strengths of both approaches, improving accuracy and reducing errors (Ullah et al., 2022).  
 
Studies on EV energy consumption modeling have explored various factors affecting performance. Wang et al. (2017) 
developed an energy consumption model using GPS data and mixed-effects regression, considering road elevation 
and temperature but excluding speed and acceleration due to data latency. Donkers et al. (2020) integrated a 
microscopic traffic model with energy consumption prediction, accounting for traction forces and auxiliary systems. 
Fiori et al. (2021) highlighted the distinction between macroscopic and microscopic models, proposing a detailed 
model for instantaneous power calculation based on multiple vehicle and environmental factors. Pena et al. (2024) 
focused on energy modeling for electric garbage trucks, incorporating road profiles, exponential regenerative braking, 
and auxiliary systems. Other models, such as Basso et al. (2019) and Kocaarslan et al. (2022), emphasized the 
importance of vehicle dynamics and external factors like regenerative braking and driving behavior, while Ding et al. 
(2022) proposed a non-linear model for urban driving cycles. These studies indicate the complexity of accurately 
predicting EV energy consumption due to various influencing factors. 
 
In this regard, the literature review conducted allows for the identification of a gap to be explored. Few studies propose 
hybrid models that use energy expenditure estimation via a physical model as an independent variable in ML models, 
along with other parameters that are not fully embedded in physical equations. Moreover, no study was identified in 
the literature that aims to perform a comparative analysis of machine learning models with an extensive set of 
independent variables to predict the energy consumption of BEVs on last-mile delivery routes.  
 
This study, therefore, seeks to explore the variables described in Section 2.1, analyzing their capacity to explain battery 
consumption across different ML models. The following variables will be examined: distance traveled, average 
temperature, air humidity, distance traveled in the delivery region, total route time, weighted transported mass, terrain 
irregularity, wind speed, average speed, number of deliveries, rainfall, and maximum temperature. In addition, the 
independent variable of energy estimated by a physical model will be considered, which directly and indirectly 
accounts for the following aspects: vehicle mass, frontal area, battery capacity and health, motor power, accelerations, 
braking, distance between stops, traffic conditions, rolling surface, road grade, use of auxiliary systems, driving 
profile, among other factors.  
 
A total of five ML models will be explored and compared in terms of performance: Linear Regression (LR), Artificial 
Neural Networks (ANN), Random Forest (RF), Support Vector Regression (SVR) and Extreme Gradient Boosting 
(XGB). The objective is to ultimately determine which model performed best and which independent variables are 
most relevant for the predictive task. 
 

138



Proceedings of the 8th European Conference on Industrial Engineering and Operations Management 
Paris, France, July 2-4, 2025 

© IEOM Society International 

3. Methods  
3.1 Physical model for energy expenditure 
A microscopic physical model for point-to-point energy expenditure estimation was used (Pena et al., 2024). The 
model considers that the total energy consumption of the BEV is given by three main components (eq. 1): traction 
energy (𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡), multiplied by the inverse of the overall efficiency of the BEV (eq. 2), energy for the operation of 
auxiliary systems (𝐸𝐸𝑎𝑎𝑎𝑎𝑎𝑎), and regeneration energy (𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟), multiplied by the efficiency of the BEV’s regenerative 
system (eq. 3).   
 
The overall efficiency of the BEV, in eq. 2, takes into account the efficiencies of the motor, battery, transmission 
system, and converters (Donkers et al., 2020). The efficiency of the regenerative braking system in segment 𝑖𝑖, in eq. 
3, is calculated as the product of the overall efficiency of the BEV and the exponential factor of regenerative braking 
in segment 𝑖𝑖 (𝑓𝑓𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ,𝑖𝑖) (Peña et al., 2024). 
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∑ (𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡,𝑖𝑖
𝑛𝑛
𝑖𝑖=1 )
𝜂𝜂𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔

+ 𝐸𝐸𝑎𝑎𝑎𝑎𝑎𝑎 −�(𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟,𝑖𝑖 × 𝜂𝜂𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟,𝑖𝑖

𝑛𝑛

𝑖𝑖=1

) (1) 

 
𝜂𝜂𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 =  𝜂𝜂𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 × 𝜂𝜂𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 × 𝜂𝜂𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 × 𝜂𝜂𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 (2) 
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The traction component is calculated for all segments 𝑖𝑖 of the BEV’s route (eq. 4) and is divided into positive kinetic 
energy (𝐸𝐸𝑘𝑘+), positive gravitational potential energy (𝐸𝐸𝑝𝑝𝑝𝑝+ ), aerodynamic drag energy (𝐸𝐸𝑎𝑎𝑎𝑎), and rolling resistance 
energy (𝐸𝐸𝑟𝑟𝑟𝑟). The breakdown of each component can be seen in equation 5. The energy component for the operation 
of auxiliary systems is fixed, depending on the system's power and operating time (Basso et al., 2021). Finally, the 
regeneration energy (eq. 6) is a negative component that indicates how many kWh of the negative kinetic energy (𝐸𝐸𝑘𝑘−) 
were recovered during the BEV’s braking phases. 
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The variables used are defined as follows, where 𝑖𝑖 denotes the segment between two subsequent GPS points: 𝑣𝑣𝑖𝑖 is the 
velocity (m/s), Δ𝑡𝑡,𝑖𝑖 is the time interval (s), 𝑚𝑚𝑖𝑖 is the total mass of the BEV (kg), 𝑎𝑎𝑖𝑖(𝑡𝑡) is the acceleration at instant 𝑡𝑡, 
𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎 is the air density (kg/m³), 𝑔𝑔 is the acceleration due to gravity (m/s²), and 𝜃𝜃𝑖𝑖 is the road incline. The remaining 
variables will be defined in the data collection section. 
 
3.2 Energy consumption forecast model 
The target variable (𝑦𝑦) is the actual energy consumed along the route. The independent variable 𝑋𝑋1 is the energy 
estimated for the route using the physical model proposed in Section 3.1. The remaining independent variables, as 
presented at the end of Section 2.2, are as follows: distance traveled (𝑋𝑋2), average temperature (𝑋𝑋3), air humidity (𝑋𝑋4), 
distance traveled in the delivery region (𝑋𝑋5), total route time (𝑋𝑋6), weighted transported mass (𝑋𝑋7), standard deviation 
of altitudes along the route (𝑋𝑋8), wind speed (𝑋𝑋9), average speed (𝑋𝑋10), number of deliveries (𝑋𝑋11), rainfall (𝑋𝑋12), and 
maximum temperature (𝑋𝑋13). 
 
For LR, ANN, and SVR, the independent variables are selected using a forward stepwise procedure. The process 
begins with a model that includes only the independent variable 𝑋𝑋1. From this initial model, additional independent 
variables are sequentially added, and the impact on 𝑅𝑅2 and Mean Absolute Percentage Error (MAPE) is assessed. If 
the inclusion of a variable results in a significant improvement in these metrics, the variable is retained, and the next 
variable is evaluated. If the improvement is not substantial, the added variable is removed, and the next variable is 
tested. For RF and XGB, the models are developed using a backward stepwise procedure. Starting with a model that 
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includes all variables, an analysis of variable importance is conducted, and only those variables with an impact greater 
than 10% are retained. 
 
For all models, different parameter sets were tested to improve the fit while avoiding overfitting. The parameter testing 
range followed recommendations from the literature (Kuhn and Johnson, 2013; Nisbet et al., 2009; Belyadi and 
Haghighat, 2021) and was expanded if the optimal parameter was found at the boundary of the interval.   
 
For the RF, SVR, and XGBoost models, the grid search method was employed to determine the best combination of 
parameters. These models were provided with predefined hyperparameter ranges, and the grid search systematically 
tested all possible combinations to identify the optimal set that yielded the best model fit. As part of the exploratory 
analysis, if an optimal parameter was detected at the edge of the considered range, the interval was expanded to allow 
testing of additional surrounding values. Ultimately, the optimal parameter values for all models were located near 
the center of their respective tested ranges, indicating that the optimal region was effectively covered by the grid 
search process.   
 
To validate all models, the k-fold cross-validation method was applied, ensuring that in different iterations, all data 
was eventually used for both training and testing. A five-fold cross-validation approach was used, with the shuffle 
argument set to True. This validation strategy enhances model robustness and generalizability, preventing overfitting 
to the training data and ensuring reliable performance on new, unseen data.   
 
The analysis utilized several key Python packages, including statsmodels (v. 0.14.1), tensorflow (v.2.17.0), keras (v. 
3.5.0), xgboost (v. 2.1.1), pandas (v. 2.2.0), scikit-learn (v. 1.4.1), numpy (v. 1.26.3), scipy (v. 1.12.0), seaborn (v. 
0.13.2), and matplotlib (v. 3.9.1). 
 
4. Data Collection  
GPS data from electric vehicle routes were collected from a food and beverage company conducting business-to-
business (B2B) deliveries in the São Paulo Metropolitan Region (RMSP), Brazil. This company operates with 42 
BEVs with the characteristics described on Table 1. 
 

Table 1. BEV characteristics. 
 

Attribute Value Unit Source 
Curb weight 6380 Kg Truck manufacturer 
Payload 7920 Kg Truck manufacturer 
Battery capacity 105 kWh Truck manufacturer 
Frontal area (𝐴𝐴𝑓𝑓𝑓𝑓) 4.45 m² Truck manufacturer 
Rolling resistance (𝑓𝑓𝑟𝑟) 𝑓𝑓𝑟𝑟(𝑣𝑣) - Donkers et al. (2020) 
Drag coefficient (𝑓𝑓𝑎𝑎𝑎𝑎) 0.7 - Fiori et al. (2021) 
Motor efficiency (𝜂𝜂𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) 0.95 - Pena et al. (2024) 
Battery efficiency (𝜂𝜂𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏) 0.97 - Pena et al. (2024) 
Transmission efficiency (𝜂𝜂𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡) 0.96 - Pena et al. (2024) 
Converter efficiency (𝜂𝜂𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) 0.90 - Pena et al. (2024) 
Auxiliary systems (𝐸𝐸𝑎𝑎𝑎𝑎𝑎𝑎) 1.1 𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 - George and Sivraj (2021) 

  
 
The proposed physical model incorporates both energy consumption for vehicle movement and auxiliary system 
operation. According to George and Sivraj (2021), the additional energy consumption of auxiliary systems in electric 
vehicles can range from 0% (best-case scenario, no auxiliary load) to 45% (worst-case scenario, all auxiliaries being 
used). For this model, based on George and Sivraj (2021), it was considered a 10% increase in consumption due to 
the constant use of electric steering. Since the use of the HVAC system is very temperature dependent, this effect will 
be considered on the prediction model average temperature (𝑿𝑿𝟑𝟑) and maximum temperature (𝑿𝑿𝟏𝟏𝟏𝟏). 
 
Plaudis et al. (2021) identify two types of errors associated with GPS trajectories: measurement errors, where recorded 
locations differ from actual locations due to urban noise sources (Hendawi et al., 2020), and sampling errors, resulting 

140



Proceedings of the 8th European Conference on Industrial Engineering and Operations Management 
Paris, France, July 2-4, 2025 

© IEOM Society International 

from information loss between route segments. Laranjeiro et al. (2019) further highlight that unrealistic speeds and 
accelerations can indicate erroneous GPS points. As these values are calculated using GPS positions and timestamps, 
they recommend applying a smoothing method before filtering out unrealistic values to remove random speed jumps 
that do not reflect actual behavior. Schüssler and Axhausen (2008) recommend filtering out errors corresponding to 
speeds exceeding 50 m/s and accelerations or decelerations exceeding 10 m/s². Therefore, the goal of data cleaning 
and preparation is to ensure that analyses are not influenced by errors in raw data that could distort results and lead to 
false analyses and misleading conclusions (Laranjeiro et al., 2019; Saki and Hagen, 2022). 
 
Therefore, inspired by the structure proposed by Laranjeiro et al. (2019), the developed flowchart on Figure 1 
describes the GPS data cleaning process. It is important to note that one step in the GPS data treatment flowchart 
consists of applying a map-matching algorithm. For the data collected, the Meili Valhalla map-matching service, an 
open-source alternative, was used. In the end, the dataset used consists of 177 observations, representing different 
routes carried out throughout the year 2023 in the metropolitan region of São Paulo, Brazil. The routes were completed 
by various vehicles from the company's fleet under study; however, all vehicles are of the same age, minimizing 
performance variation due to differences in vehicle lifespan. 
 

 
 

Figure 1. Data cleaning flowchart. 
 
For the routes selected at the end of the GPS data processing flowchart, the following additional data was collected: 
actual energy consumption (telemetry system), total distance traveled (via map-matching service), average 
temperature (INMET, 2025), air humidity (INMET, 2025), distance traveled in the customer cluster (via map-
matching service), total route time (GPS database), average mass transported (GPS database), standard deviation of 
altitudes along the route (GPS database), wind speed (INMET, 2025), average vehicle speed (GPS database), number 
of deliveries (GPS database), rainfall (INMET, 2025) and maximum temperature (INMET, 2025). 
 
5. Results and Discussions 
Beforehand, it is important to present the Pearson correlation matrix for the independent variables under study, which 
was used in the discussions below. The matrix can be viewed in Figure 2. Pearson's correlation matrix allows us to 
infer that the variables 𝑿𝑿𝟕𝟕, 𝑿𝑿𝟗𝟗, 𝑿𝑿𝟏𝟏𝟏𝟏 and 𝑿𝑿𝟏𝟏𝟏𝟏 are very poorly correlated with the dependent variable 𝒚𝒚, which is already 
an indication that they will probably not be included in the final models. 
 
In order to avoid overfitting, given the size of the sample, it’s convenient to define a set of relevant 𝑿𝑿𝒊𝒊 instead of just 
considering all independent variables on the models. To do so, the Pearson correlation matrix was analyzed. The 
variables 𝑿𝑿𝟏𝟏  (physical estimated energy) and 𝑿𝑿𝟐𝟐  (distance traveled) are highly correlated with the actual energy 
consumption (𝒚𝒚) and are thus included in this set of variables. 
 
The variables 𝑿𝑿𝟑𝟑, 𝑿𝑿𝟒𝟒, 𝑿𝑿𝟓𝟓, 𝑿𝑿𝟔𝟔, 𝑿𝑿𝟖𝟖, 𝑿𝑿𝟏𝟏𝟏𝟏, and 𝑿𝑿𝟏𝟏𝟏𝟏 are moderately correlated with the target variable. However, 𝑿𝑿𝟓𝟓 
(distance within the customer cluster) is highly correlated with 𝑿𝑿𝟐𝟐  (distance traveled) and therefore will not be 
considered. The same applies to 𝑿𝑿𝟔𝟔 (route time), which is already directly accounted for in 𝑿𝑿𝟏𝟏, as the energy equations 
depend on the time interval for the route segments. The variable 𝑿𝑿𝟖𝟖 (standard deviation of altitudes), in turn, is highly 
correlated with the estimated energy, given that this variability is directly included in the gravitational potential energy 
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component of the physical models. The variables 𝑿𝑿𝟑𝟑 and 𝑿𝑿𝟏𝟏𝟏𝟏, however, are highly correlated with each other; hence, 
𝑿𝑿𝟑𝟑 (average temperature) is retained. 
 
Finally, the variables 𝑿𝑿𝟕𝟕, 𝑿𝑿𝟗𝟗, and 𝑿𝑿𝟏𝟏𝟏𝟏 have low correlation with the target variable and will not be considered. The 
exception is the variable 𝑿𝑿𝟏𝟏𝟏𝟏, which indicates the amount of rainfall. Although this variable does not show a high 
correlation with the target, it can serve as a proxy for identifying whether the BEV was using the HVAC system, 
potentially providing a better fit regarding the use or non-use of auxiliary systems. 
 
Ultimately, the selected 𝑿𝑿𝒊𝒊 set contains the following independent variables: 𝑿𝑿𝟏𝟏, 𝑿𝑿𝟐𝟐, 𝑿𝑿𝟑𝟑, 𝑿𝑿𝟒𝟒, 𝑿𝑿𝟏𝟏𝟏𝟏, and 𝑿𝑿𝟏𝟏𝟏𝟏. These 
variables will be used in the LR, RF, ANN, SVR, and XGB models (Figure 2). 
 

 
 

Figure 2. Pearson Correlation Matrix. 
 
5.1 Linear Regression 
Table 2 summarizes the LR results, with the intercept (𝜷𝜷) and 𝜶𝜶 coefficients associated with each of the independent 
variables. Variables with p-values lower than 0.01 have their coefficients marked with ***; for p-values between 0.01 
and 0.05, **; for p-values between 0.05 and 0.1, *; and for p-values greater than 0.1, no marking is used, indicating 
that they are not statistically significant at the 90% confidence level (Fávero and Belfiore, 2017). 
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Table 2. LR Results. 
 

Parameter / Model  LR 
MAPE (%) 7.88 

R² 0.75 
Intercept (𝛽𝛽) 15.394** 
𝛼𝛼1 (𝑋𝑋1) 0.433*** 
𝛼𝛼2 (𝑋𝑋2) 0.215*** 
𝛼𝛼3 (𝑋𝑋3) 0.150 
𝛼𝛼4 (𝑋𝑋4) -0.106** 
𝛼𝛼11 (𝑋𝑋11) 0.023 
𝛼𝛼12 (𝑋𝑋12) 3.033 

 
By analyzing the p-values obtained in the initial model, it is possible to study the interactions among the independent 
variables. It can be observed that, following the stepwise procedure described by Fávero and Belfiore (2017), in the 
presence of the other independent variables, 𝑿𝑿𝟑𝟑 , 𝑿𝑿𝟏𝟏𝟏𝟏 , and 𝑿𝑿𝟏𝟏𝟏𝟏  do not significantly contribute to explaining the 
phenomenon under investigation. In other words, at a 90% significance level, these independent variables are not 
statistically significant, and variables 𝑿𝑿𝟏𝟏, 𝑿𝑿𝟏𝟏𝟏𝟏, and 𝑿𝑿𝟒𝟒 are sufficient to explain the behavior of the target variable. 
 
Considering that LR is an OLS model, it is necessary to carry out some statistical tests. The model needs to have 
statistical significance, residuals that follow a normal distribution, homoscedastic error terms and residuals without 
autocorrelation (i.e., independent and random). Figure 3 shows the density plot of the residuals, allowing a visual 
analysis of the distribution and comparison with the normal curve. Figure 3 also shows the scatter plot of the residuals, 
allowing us to assess whether the error terms are random and independent. 

 

  
 

Figure 3. Residue density plot and residue scatter plot - LR. 
 
Table 3 shows the results of the statistical tests mentioned for the LR. The model demonstrates overall statistical 
significance, with the F-test returning a p-value less than 0.05. Furthermore, the normality assumption of residuals 
was met, as the p-value of the Shapiro-Francia (SF) test is greater than 0.05, suggesting that the residuals are normally 
distributed. The Breusch-Pagan/Cook-Weisberg (BP/CW) test ensures that the error terms are homoscedastic. For this 
test, both the LM and F statistics' p-values must be greater than 0.05 for the errors to be homoscedastic at the 95% 
confidence level. Table 3 shows that these p-values are all greater than 0.05, confirming homoscedasticity for the 
model. Lastly, the Durbin-Watson (DW) test checks for autocorrelation in the residuals, ensuring they are random and 
independent. For this, the Durbin-Watson statistic (DW) should fall within the range [DU; 4-DU]. According to Table 
3, DU < DW < 4-DU for the LR model, confirming that the residuals are random and independent at the 95% 
confidence level. 
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Table 3. LR Statistical tests results. 
 

Parameter / Model  LR 
F Test 4.9 𝑥𝑥 10−51 

SF p-value 0.155 
LM p-value (BP/CW) 0.148 
F p-value (BP/CW) 0.149 

DW 1.893 
DL 1.500 
DU 1.542 

4-DU 2.458 
 
5.2 Random Forrest 
For the RF, as can be seen in Table 4, the first model considers all the independent variables. In each iteration, the 
variable with the lowest relative importance of less than 10% is removed from the set of independent variables, and 
the model is compiled again. In the end, in model #4, only variables 𝑿𝑿𝟏𝟏 and 𝑿𝑿𝟐𝟐 remained, with relative importance of 
58% and 42%, respectively. This model had a MAPE of 7.35% and an 𝑹𝑹𝟐𝟐 of 0.76. 
 

Table 4. RF models. 
 

Model  MAPE R² Variables and Feature Importance (𝑿𝑿𝒊𝒊) 
Base RF model 6.74 0.78 𝑋𝑋1(50%),𝑋𝑋2(26%),𝑋𝑋3(9%),𝑋𝑋4(8%),𝑋𝑋11(6%),𝑋𝑋12(0%) 

RF #1 6.54 0.80 𝑋𝑋1(44%),𝑋𝑋2(32%),𝑋𝑋3(10%),𝑋𝑋4(7%),𝑋𝑋11(8%) 
RF #2 6.84 0.79 𝑋𝑋1(68%),𝑋𝑋2(24%),𝑋𝑋3(5%),𝑋𝑋11(3%) 
RF #3 6.37 0.80 𝑋𝑋1(68%),𝑋𝑋2(27%),𝑋𝑋3(5%) 
RF #4 7.35 0.76 𝑋𝑋1(58%),𝑋𝑋2(42%) 

 
Finally, Figure 4 shows the scatter plot of predicted y and actual y for the RF model. The support line dotted in red is 
given by 𝒚𝒚𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑 =  𝒚𝒚. 
 

 
Figure 4. Predicted energy consumption vs. Actual energy consumption - RF. 

 
5.3 Artificial Neural Network 
For the ANN architecture, various configurations of layers and neurons were tested. It was observed that architectures 
with more than three layers did not yield substantial improvements in predictive performance. The number of neurons 
per layer was varied using a 𝟐𝟐𝒏𝒏 progression; however, for 𝒏𝒏 > 𝟕𝟕, no significant enhancement in fit metrics was 
detected. The ADAM optimizer was selected due to its robust performance across a wide range of deep learning 
applications. Learning rates, tested as powers of 10 starting from 0.1, showed no further improvement beyond 
𝟏𝟏 × 𝟏𝟏𝟏𝟏−𝟓𝟓. The number of epochs, representing how many times the data passes through the network, was varied in 
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multiples of 10. Beyond 200 epochs, no significant gains in model performance were observed. The batch size, which 
defines the number of training samples per iteration, was also tested using a 𝟐𝟐𝒏𝒏 progression. For 𝒏𝒏 > 𝟒𝟒, the model 
exhibited no noticeable improvement. The loss function employed was MAPE, as the objective was to minimize the 
mean absolute prediction error.  
 
As can be seen on Table 5, in stage 1, the base model, which only considers variable 𝑿𝑿𝟏𝟏 in the input layer, already has 
an 𝑹𝑹𝟐𝟐 of 0.72 and a MAPE of 7.73%. In step 2, it can be seen that the only variables that help to considerably reduce 
the MAPE and increase the 𝑹𝑹𝟐𝟐 are 𝑿𝑿𝟐𝟐 and 𝑿𝑿𝟑𝟑. In this case, 𝑿𝑿𝟐𝟐 was added, given the greater reduction in MAPE and 
the greater increase in 𝑹𝑹𝟐𝟐. In stage 3, the only variable that was added to the input layer that helped reduce the MAPE 
was 𝑿𝑿𝟑𝟑. Finally, in stage 4, no added variable contributed to reducing the MAPE or increasing the 𝑹𝑹𝟐𝟐. Therefore, in 
the end, model #6 was selected with 3 variables in the input layer: 𝑿𝑿𝟏𝟏, 𝑿𝑿𝟐𝟐 and 𝑿𝑿𝟑𝟑, which showed an MAPE of 6.41% 
and an 𝑹𝑹𝟐𝟐 of 0.82. 
 

Table 5. ANN models. 
 

Model  MAPE R² Variables (𝑿𝑿𝒊𝒊) 
Base ANN model 7.73 0.72 𝑋𝑋1 

ANN #1 7.07 0.77 𝑋𝑋1,𝑋𝑋2 
ANN #2 7.10 0.73 𝑋𝑋1,𝑋𝑋3 
ANN #3 8.64 0.64 𝑋𝑋1,𝑋𝑋4 
ANN #4 7.72 0.70 𝑋𝑋1,𝑋𝑋11 
ANN #5 7.97 0.71 𝑋𝑋1,𝑋𝑋12 
ANN #6 6.41 0.82 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3 
ANN #7 7.49 0.75 𝑋𝑋1,𝑋𝑋2,𝑋𝑋4 
ANN #8 7.10 0.81 𝑋𝑋1,𝑋𝑋2,𝑋𝑋11 
ANN #9 7.22 0.77 𝑋𝑋1,𝑋𝑋2,𝑋𝑋12 

ANN #10 7.18 0.72 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3,𝑋𝑋4 
ANN #11 6.93 0.79 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3,𝑋𝑋11 
ANN #12 7.10 0.75 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3,𝑋𝑋12 

 
Finally, Figure 5 shows the scatter plot of predicted y and actual y for the ANN model. The support line dotted in red 
is given by 𝒚𝒚𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑 =  𝒚𝒚. 
 

 
Figure 5. Predicted energy consumption vs. Actual energy consumption - ANN. 

 
5.4 Support Vector Regression 
For the SVR, as can be seen in Table 6, in stage 1, the base model, which only considers variable 𝑿𝑿𝟏𝟏, already has an 
𝑹𝑹𝟐𝟐 of 0.74 and a MAPE of 7.28%. In step 2, it can be seen that the only variables that help to considerably reduce the 
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MAPE and increase the 𝑹𝑹𝟐𝟐 are 𝑿𝑿𝟐𝟐 and 𝑿𝑿𝟒𝟒. In this case, 𝑿𝑿𝟒𝟒 was added, given the greater reduction in MAPE. In stage 
3, the only variable that helped reduce the MAPE was 𝑿𝑿𝟐𝟐. Finally, in phase 4, 𝑿𝑿𝟏𝟏𝟏𝟏 helped to reduce the MAPE, despite 
keeping 𝑹𝑹𝟐𝟐 practically constant. So, in the end, model #12 was selected with 4 independent variables: 𝑿𝑿𝟏𝟏, 𝑿𝑿𝟐𝟐, 𝑿𝑿𝟒𝟒 and 
𝑿𝑿𝟏𝟏𝟏𝟏, which showed a MAPE of 6.16% and an 𝑹𝑹𝟐𝟐 of 0.81. 
 

Table 6. SVR models. 
 

Model  MAPE R² Variables (𝑿𝑿𝒊𝒊) 
Base SVR model 7.28 0.74 𝑋𝑋1 

SVR #1 6.71 0.78 𝑋𝑋1,𝑋𝑋2 
SVR #2 6.94 0.74 𝑋𝑋1,𝑋𝑋3 
SVR #3 6.57 0.77 𝑋𝑋1,𝑋𝑋4 
SVR #4 7.54 0.73 𝑋𝑋1,𝑋𝑋11 
SVR #5 7.59 0.73 𝑋𝑋1,𝑋𝑋12 
SVR #6 6.53 0.82 𝑋𝑋1,𝑋𝑋4,𝑋𝑋2 
SVR #7 6.79 0.75 𝑋𝑋1,𝑋𝑋4,𝑋𝑋3 
SVR #8 7.00 0.76 𝑋𝑋1,𝑋𝑋4,𝑋𝑋11 
SVR #9 6.77 0.77 𝑋𝑋1,𝑋𝑋4,𝑋𝑋12 

SVR #10 6.45 0.81 𝑋𝑋1,𝑋𝑋4,𝑋𝑋2,𝑋𝑋3 
SVR #11 6.57 0.80 𝑋𝑋1,𝑋𝑋4,𝑋𝑋2,𝑋𝑋11 
SVR #12 6.16 0.81 𝑋𝑋1,𝑋𝑋4,𝑋𝑋2,𝑋𝑋12 
SVR #13 6.35 0.81 𝑋𝑋1,𝑋𝑋4,𝑋𝑋2,𝑋𝑋12,𝑋𝑋3 
SVR #14 6.74 0.80 𝑋𝑋1,𝑋𝑋4,𝑋𝑋2,𝑋𝑋12,𝑋𝑋11 

 
Finally, Figure 6 shows the scatter plot of predicted y and actual y for the SVR model. The support line dotted in red 
is given by 𝒚𝒚𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑 =  𝒚𝒚. 
 

 
Figure 6. Predicted energy consumption vs. Actual energy consumption - SVR. 

 
5.5 Extreme Gradient Boosting 
For XGBoost, as can be seen in the Table 7, the first model considers all the independent variables. In each iteration, 
the variable with the lowest Relative Importance (RI), less than 10%, is removed from the set of independent variables 
and the model is compiled again. In the end, in model #3, only variables 𝑿𝑿𝟏𝟏, 𝑿𝑿𝟐𝟐 and 𝑿𝑿𝟑𝟑 remained, with RI of 72%, 
18% and 10%, respectively. However, model #2 was selected. Although 𝑿𝑿𝟒𝟒 had a RI of 8%, model #2 had a lower 
MAPE and a higher 𝑹𝑹𝟐𝟐 than model #3 (6.17% and 0.81, respectively). 
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Table 7. XGB models. 
 

Model  MAPE R² Variables and Feature Importance (𝑿𝑿𝒊𝒊) 
Base XGB model 6.96 0.80 𝑋𝑋1(59%),𝑋𝑋2(14%),𝑋𝑋3(8%),𝑋𝑋4(6%),𝑋𝑋11(7%),𝑋𝑋12(6%) 

XGB #1 6.49 0.81 𝑋𝑋1(53%),𝑋𝑋2(23%),𝑋𝑋3(9%),𝑋𝑋4(9%),𝑋𝑋11(7%) 
XGB #2 6.17 0.81 𝑋𝑋1(65%),𝑋𝑋2(17%),𝑋𝑋3(10%),𝑋𝑋4(8%) 
XGB #3 6.30 0.80 𝑋𝑋1(72%),𝑋𝑋2(18%),𝑋𝑋3(10%) 

 
Finally, Figure 7 shows the scatter plot of predicted y and actual y for the ANN model. The support line dotted in red 
is given by 𝒚𝒚𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑 =  𝒚𝒚. 
 

 
Figure 7. Predicted energy consumption vs. Actual energy consumption - XGB. 

 
5.5 Summary of the models and discussions 
Table 8 indicates the independent variables for each of the ML models. For each model, the selected 𝑿𝑿𝒊𝒊 variables are 
marked with an "𝒙𝒙". Table 8 also summarizes the 𝑹𝑹𝟐𝟐 and MAPE values for the ML models. 
 

Table 8. Summary of the ML models. 
 

Parameter / Model  LR RF ANN SVR XGB 
MAPE (%) 7.88 7.35 6.41 6.16 6.17 

R² 0.75 0.76 0.82 0.81 0.81 
𝑿𝑿𝟏𝟏 (Physical estimated energy) 𝑥𝑥 𝑥𝑥 𝑥𝑥 𝑥𝑥 𝑥𝑥 

𝑿𝑿𝟐𝟐 (Distance traveled) 𝑥𝑥 𝑥𝑥 𝑥𝑥 𝑥𝑥 𝑥𝑥 
𝑿𝑿𝟑𝟑 (Average temperature)   𝑥𝑥  𝑥𝑥 

𝑿𝑿𝟒𝟒 (Air humidity) 𝑥𝑥   𝑥𝑥 𝑥𝑥 
𝑿𝑿𝟏𝟏𝟏𝟏 (Number of deliveries)      

 𝑿𝑿𝟏𝟏𝟏𝟏 (Rainfall)    𝑥𝑥  
 
Comparing the parameters in Table 8, it can be seen that LR and RF show clearly inferior results to the other models. 
ANN, SVR and XGB, on the other hand, have very similar results in terms of 𝑹𝑹𝟐𝟐 and MAPE. To decide on the final 
model, the independent variables of each model are analyzed.  
 
In the ANN, SVR and XGB models, the variables 𝑿𝑿𝟏𝟏 and 𝑿𝑿𝟐𝟐 were included. Only the SVR and XGB models selected 
the variable 𝑿𝑿𝟒𝟒 (air humidity). The variable 𝑿𝑿𝟏𝟏𝟏𝟏 (rainfall) was selected in SVR, while 𝑿𝑿𝟑𝟑 (average temperature) was 
selected in ANN and XGB. In terms of ease of predicting and obtaining climate information, it was prioritized the 
variable 𝑿𝑿𝟑𝟑, given that, a priori, temperature information is more predictable than quantitative humidity and rainfall 
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information in millimeters. In addition, rainfall and humidity information refers to the city as a whole, not necessarily 
exactly to the region where the electric vehicle is being driven. These factors combined led to the choice of the ANN 
model as the best one for this predictive task, ceteris paribus. 
 
6. Conclusion  
This study had the following general objectives: investigate the factors affecting the energy consumption of BEVs, 
propose models to estimate and predict this consumption, and to conduct a comparative analysis of machine learning 
models for predicting energy expenditure on last-mile BEV routes.  
 
In order to achieve these objectives, a literature review was conducted to provide the theoretical basis for the 
methodology proposed in this work. A hybrid model was used to predict the energy consumption of BEVs on urban 
routes, which incorporates several aspects of vehicle dynamics through a physical estimation model and other 
independent variables to adjust the energy consumption using ML models. The analysis considers 13 independent 
variables combined in different ways.  
 
The results obtained through the comparative analysis of the ML models allow us to conclude that a subset of the 
selected features is able to explain the phenomenon under study satisfactorily. LR and RF did not perform well, 
possibly due to LR's inability to capture non-linear relationships in the data and RF's tendency to lose precision in 
high-dimensional data or data with complex patterns. On the other hand, ANN, SVR and XGB outperformed, which 
can be explained by ANN's ability to learn complex representations, SVR's efficiency in capturing patterns in small 
amounts of data with well-defined edges and XGB's strength in adjusting to non-trivial relationships by boosting trees.  
After evaluating all ML models, the ANN was chosen, since it shows the best balance between performance (6.4% 
MAPE and 0.82 𝑹𝑹𝟐𝟐 ) and number of features (physically estimated energy, total distance traveled and average 
temperature). 
 
This article offers a theoretical contribution to predictive energy consumption models for BEVs in the context of last-
mile operations, by identifying relevant features and outlining methods to obtain the key data required to determine 
these features. It also contributes by comparing the performance of different machine learning models, highlighting 
not only the most relevant explanatory variables but also the most suitable algorithms for this specific context. 
 
Regarding practical implications, using the models and framework proposed in this work, it is possible to predict 
energy consumption for electric vehicles with good statistical reliability and low error. These models can be integrated 
into the planning and routing stages of electric vehicle operations, supporting greener last-mile distribution with 
improved safety and reliability in terms of energy usage.  
 
Some limitations of this study include the number of features used, the dataset size, and the specific operational context 
in which the data were collected. To develop a machine learning model with improved predictive performance outside 
the operational context of São Paulo, Brazil, it would be beneficial to incorporate data from BEV operations in 
different cities and scenarios. In this sense, future work could explore additional predictive features (e.g., vehicle’s 
health status, it’s age and driving style) and extend the methodology to other operational contexts, such as long-haul 
transportation, waste collection operations, and public transport. It would also be valuable to replicate the proposed 
method using expanded datasets that include data from operations in multiple cities, featuring diverse topographies, 
climates, stop densities, and other distinct operational characteristics. This would enrich both the model and the 
analysis by enhancing its generalizability and robustness. 
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