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Abstract. The article presents the development of models designed to forecast the 

energy consumption of electric vehicles used in urban service enterprises. The aim of 

the study was to identify the most suitable type of predictive model for estimating the 

energy demand of electric delivery vehicles. Both linear and nonlinear models were 

analyzed. The predicted energy consumption was determined using regression models. 

These models included key explanatory variables that have a statistically significant 

impact on vehicle energy use. The independent variables incorporated into the models 

included: route segment length, average vehicle weight with load, vehicle departure 

time from the base, number of loading and unloading points along the route, number of 

stops resulting from road infrastructure, average terrain slope, and average wind speed. 

The regression functions were developed based on classical multiple analysis and 

neural networks. The predictive performance of the models was evaluated using the 

coefficient of determination. 

Keywords: energy expenditure, predictive models, electric delivery vehicles. 

1 Introduction 

Environmentally friendly modes of transport play an essential role in shaping 

sustainable mobility within urban areas [4]. Due to restrictions on the entry of 

conventional vehicles into many city centres, service companies are increasingly 

introducing electric vehicles into their fleets. Numerous studies confirm that electric 

vehicles produce zero pollutant emissions [22]. The shift toward green urban mobility 

therefore requires service providers to adapt their fleets to comply with low-emission 

standards [3, 17]. However, since electric vehicles have a shorter driving range than 

traditional cars, accurately predicting their energy use becomes a crucial factor [13]. 
The research conducted in this article [29] focuses on determining the energy 

expenditure of electric delivery vehicles performing transport tasks in urban service 

enterprises, e.g. courier companies. These issues are complicated to analyze due to the 

complexity of the tasks - customer service in densely populated urban areas. The 

developed predictive models of energy expenditure of electric delivery vehicles are 

dedicated to service companies whose transport consists of distributing cargo from one 

collective loading point to many unloading points.  
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In this study, predictive models based on regression analysis were developed to 

estimate the energy consumption of electric vehicles. The research aimed to evaluate 

the effectiveness of these models in predicting the energy use of electric delivery 

vehicles performing transport operations within urban areas. The nature of delivery 

vehicle operations in cities necessitates taking into account factors such as dispersed 

loading and unloading points, as well as traffic congestion. A new approach to esti-

mating the energy expenditure of electric vehicles presented in the paper is to consid-

er traffic congestion affecting this expenditure while the cars are driving. Traffic con-

gestion is a random phenomenon and, therefore, difficult to predict. In situations 

where road congestion occurs, the demand for energy expenditure increases. This 

factor is crucial in urban areas and should be considered when forecasting vehicles' 

energy expenditure. 

The models incorporated explanatory variables including the length of the route 

segment, the vehicle’s average weight with load, the departure time from the base, the 

number of loading and unloading points along the route, as well as the number of 

stops caused by route infrastructure, such as intersections or charging stations, the 

average slope of the terrain, and the average wind speed. All these variables directly 

or indirectly affect the energy expenditure of electric vehicles. The variables defining 

distance, vehicle and cargo weight, terrain slope and wind speed have a direct impact. 

The variable describing the vehicle departure time from the base was introduced to 

define peak and off-peak periods. During peak periods, there is a higher energy con-

sumption due to the constant braking and acceleration of the vehicle, taking into ac-

count existing traffic congestion. Higher energy consumption also occurs at points on 

the route where the vehicle speed is zero, e.g. stopping at an intersection or loading or 

unloading points. In this work, predictive models based on regression models were 

determined using three research methods, i.e. multiple regression analysis and neural 

networks. The methods mentioned above are widely discussed and used in regression 

problems. Statistica 13 software was used to verify the predictive models. The vehicle 

routes on which energy consumption was measured were visually represented using 

PTV Visum software.  

Chapter Two provides a review of the literature concerning the assessment of en-

ergy consumption in electric vehicles. Chapter Three outlines the methods used by the 

authors to predict energy consumption. The validation and evaluation of the predic-

tion models are presented in Chapter Four. Finally, Chapter Five summarizes the 

main findings of the study.              

2 Literature analysis 

The energy an electric vehicle consumes depends on the vehicle's characteristics and 

drive system, driving style and energy consumption from auxiliary devices. In actual 

driving conditions, energy consumption is a rapidly changing quantity as a function of 

time and also depends on the characteristics of the road [2, 8].  

According to the literature, models for predicting vehicle energy consumption 

can be classified into three main types: analytical, statistical, and computational. Ana-

lytical models are based on describing traffic dynamics and its parameters [26]. Vehi-

cle dynamics are represented using vehicle motion theory, and the calculations aim to 
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determine the power required at the wheels in relation to the resulting resistive forces 

acting on the vehicle [10].  

The second category comprises statistical models, which rely on the analysis of 

actual vehicle movements and data from experimental studies to establish empirical 

relationships between various factors and the energy consumption of electric vehicles. 

Regression models are commonly employed in this type of approach [30]. 

In [5], data obtained from real-time experimental tests were analyzed to derive 

polynomial equations describing energy consumption as a function of electric vehicle 

speed, acceleration, and battery state of charge under various driving conditions. The 

authors proposed three complementary models based on multiple linear regression, 

taking into account traffic parameters such as road characteristics, traffic conditions, 

driving behavior, and environmental factors. The first model estimates energy con-

sumption without considering variations in vehicle mass or acceleration, assuming 

constant vehicle speed; the second model incorporates acceleration data, while the 

third model accounts for a specified speed change profile. 

The third group of models are computational models. In [6] an energy consump-

tion model that uses accurate vehicle movement data determined based on neural 

networks was presented. According to the authors, the proposed model performs ef-

fectively even when there are variations in driving style and environmental condition 

parameters. Computational models based on neural networks are frequently employed 

to identify the relationships among multiple factors affecting the energy consumption 

of electric vehicles [16], [7]. 

Energy consumption is frequently assessed using decision-based models. In [12], 

vehicle energy consumption was calculated through a decision model in which the 

objective function quantified the energy required to overcome rolling resistance and 

aerodynamic drag. The optimization of electric vehicle energy use is extensively ad-

dressed in the context of electric vehicle routing problems (EVRPs) [9, 14, 15]. Arti-

ficial intelligence algorithms are commonly applied to minimize energy consumption 

in electric vehicles. Machine learning-based approaches for managing the energy use 

of electric buses are discussed in [27, 23, 19]. Particle swarm optimization methods 

for energy management in electric vehicles are presented in [1]. The classical electric 

vehicle routing problem, as studied in [20, 24], was solved using the simulated an-

nealing algorithm. 

A significant part of the publications related to estimating the energy consump-

tion of electric vehicles emphasizes the key role of predicting the speed profile to 

calculate the energy expenditure [18, 25]. The speed profile established for a particu-

lar segment of the journey is highly influenced by the road characteristics, vehicle 

performance, traffic conditions, and the driver’s behavior [21, 11]. 

In publications [8, 28], energy expenditure depends on drivers' driving style. The 

authors list factors describing the driver's driving style that affect the average travel 

speed. The first factor is the intensity of acceleration, often referred to as driving dy-

namics; the second factor relates to the driver’s ability to anticipate the behavior of 

other road users, which helps to avoid unnecessary deceleration and acceleration. 

When combined with traffic density parameters, these aspects collectively define the 

broadly understood concept of driving style. The group of external factors affecting 

driving style is the weather, i.e., air temperature and rainfall, which can affect the 

driver's behaviour. 
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The literature review confirmed that the primary factors affecting the energy con-

sumption of electric vehicles are speed, acceleration, road profile, weather conditions, 

and the driver’s driving style. The authors did not identify any studies addressing the 

energy consumption of delivery vehicles in urban service enterprises. The main pre-

dictive models for estimating electric vehicle energy use are based on statistical ap-

proaches and machine learning techniques. 

Regression models were employed to estimate the energy consumption of deliv-

ery vehicles in urban service enterprises, and their effectiveness has been supported 

by the literature. The factors included in the models significantly affect the value of 

energy expenditure and characterize the road profile, weather conditions and traffic 

intensity. The importance of these factors in determining energy expenditure was also 

confirmed in the literature. 

3 Energy expenditure forecasting models 

In the research, three methods were used to determine the form of the regression func-

tion predicting the energy consumption of electric vehicles, i.e. the classic multiple 

regression model and neural networks.    

In the multiple regression model for predicting energy consumption, the explana-

tory variables included the length of the route segment (x₁), the vehicle mass with 

load (x₂), the vehicle departure time from the base (x₃), the number of loading and 

unloading points along the route combined with the number of stops caused by route 

infrastructure (x₄), the average terrain slope (x₅), and the average wind speed (x₆). 

The regression model is expressed as follows: 

𝑌 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + 𝛽3𝑥3 + 𝛽4𝑥4 + 𝛽5𝑥5 + 𝛽6𝑥6 + 𝜀 (1) 

where: 𝛽0, 𝛽1, 𝛽2, 𝛽3, 𝛽4, 𝛽5, 𝛽6, 𝛽7  – the model parameters 

         𝜀       – the random component. 

In the multiple regression model, these parameters are determined using the least 

squares method. The following conditions must be met to use this method: 

- Assumption 1: The model is linear in the parameters..  

- Assumption 2: The number of observations n must exceed the number of es-

timated parameters 𝑛 ≥ 2. 

 

- Assumption 3: None of the explanatory variables is a linear combination of 

other variables. 

 

- Assumption 4: The random component has an expected value of zero for all 

observations. 

 

- Assumption 5: The variance of the random element is the same for all obser-

vations. 

 

- Assumption 6: The random components are uncorrelated and independent of 

each other. 

 

- Assumption 7: Each of the random components of the residual has a normal 

distribution. 

 

In the estimation of the parameters of the multiple regression model, the following 

quantities and statistical tests were used: 
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- 𝑆𝑒 – standard error of estimation informing about the average size of empir-

ical deviations of the dependent variable values calculated from the theoret-

ical model;  

 

- 𝑅2 – determination coefficient;  

- t-student test used to verify the significance of model parameters;  

- F test (Fisher-Snedecor) to verify the statistical significance of the entire 

model. 

 

The model assumptions regarding the random component were checked using re-

sidual analysis. The residual analysis checked the assumptions of the classical least 

squares method, which was used to determine the model parameters. In the case of the 

assumption of uncorrelated random components for all pairs from the tested sample, 

the Durbin-Watson test was used. If this assumption is not met, the residuals are said 

to be autocorrelated. To apply the Durbin-Watson test, the following assumptions 

must be met: the analyzed model must have a complimentary term, the residual com-

ponents have a normal distribution, the model does not include a dependent variable 

as an independent variable, and the number of observations is greater than 15. This 

test verifies the hypothesis that the autocorrelation coefficient is equal to zero. In the 

case of checking the assumption of the variance of the random component being iden-

tical for all observations, scatterplots of the residuals were used. If the identity of the 

variance of the residuals is not met, the estimated model parameters are ineffective 

and cease to be unbiased. As a result, it is impossible to assess the accuracy of the 

obtained results and to reliably verify the hypotheses regarding the values of the re-

gression parameters. 

The model of the neuron in the hidden layer used for the expenditure study is pre-

sented in Fig. 1. The MLP (multilayer perceptron) network was used to construct the 

neural network. The activation function of the neuron was determined randomly. The 

input data to the neuron are identical to those in the multiple regression model. Both 

input and output variables are quantitative. The number of neurons in the hidden layer 

will be determined while training the neural network. 

 

Fig. 1. The neural model. 



204             M. Izdebski and M. Jacyna

4  Verification of predictive models 

4.1 Data input 

Energy expenditure measurements for the selected vehicle type were conducted in 

forecast scenarios differing in weather conditions, i.e. windy or calm weather, and 

traffic conditions on the vehicle's route, including traffic jams and rush hours. The 

routes were selected to have a different number of stops and other terrain features. 

Electric vehicles perform tasks in a courier company. The transport task consists of 

collecting shipments from a collective loading point and delivering them to recipients. 

An electric delivery vehicle with the following parameters was used to carry out the 

tasks: range 170 km, energy consumption 29.3 kWh/100 km, maximum total weight 

3,500 kg, vehicle weight 1,700 kg. The measured energy expenditure includes only 

the spending used to cover the route without considering the load of the electronic 

systems in the vehicle. The peak hours during which traffic jams are generated were 

established at 10:00 – 12:00 and 15:00 – 17:00.   Example measurement data of ener-

gy expenditure Y [Wh] together with the length of the route section (x1) [km], the 

weight of the vehicle with load (x2) [kg], the time of vehicle departure from the base 

(x3) [minutes], the number of loading/unloading points on the route together with the 

number of stops resulting from the route infrastructure (x4), the average terrain gradi-

ent (x5) [%], the average wind speed (x6) [km/h] are presented in Table 1. The study 

involved 784 different electric vehicle trips on selected routes. The measured energy 

expenditure only includes the energy needed to travel the designated route. 

Table 1. Measurement data of the multiple regression model. 

No. X1 X2  X3 X4 X5 X6 Y 

1 2 2475  460 1 3   17 760  

2 2 2299  424 1 3   15 748  

3 2 2481  420 1 3   14 715  

4 2 2304  461 1 3   11 749  

5 2 2286  485 1 3   16 734  

6 2 2325  458 1 3   8 735  

7 2 2232  425 1 3   18 721 

8 2 2289  487 1 3   11 716  

9 2 2479  464 1 3   1 730 

10 2 2393  471 1 3   1 725 

The measurements were carried out on three types of routes: 

- Route 1: length: 2 km, terrain gradient: 3%, number of stops due to route in-

frastructure: 1. 

 

- Route 2: length: 5 km, terrain gradient: 10%, number of stops due to route 

infrastructure: 3. 

 



          

- Route 3: length: 1 km, terrain gradient: 15%, number of stops due to the 

route infrastructure: 5. 
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Examples of electric vehicle driving routes performing tasks in a courier company 

are shown in Fig. 2. 

 

Fig. 2. Electric vehicle routes a) the route 1 b) the route 2. 

4.2 Models verification 

Statistical verification of the multiple regression model was carried out regarding the 

determined parameters of the regression equation model of electric vehicles' energy 

expenditure and the entire model. The values of the t-Student statistics at the signifi-

cance level of α=0.05 confirmed that each of the independent variables, i.e. the length 

of the route section (x1), the vehicle weight with load (x2), the time of vehicle depar-

ture from the base (x3), the number of loading/unloading points on the route, the 

number of loading/unloading points on the route together with the number of stops 

resulting from the routeing infrastructure (x4), the average terrain slope (x5), the av-

erage wind speed (x6) has a statistically significant effect on the value of the energy 

expenditure of vehicles. The t-student statistics for each variable of the model, togeth-

er with the calculation probability p-value, take the appropriate values: 

- intercept: t=-6.98; p-value=0.000000; 0.000000<0.05 so the null hypothesis 

of no effect of the intercept on the value of energy expenditure generated by 

the model is rejected;  

 

- for variable x1: t=114.54; p-value=0.000000; 0.000000<0.05 so the null hy-

pothesis of no effect of x1 on the value of energy expenditure generated by 

the model is rejected; 

 

- for variable x2: t=11.6; p-value=0.000000; 0.000000<0.05 so the null hy-

pothesis of no effect of x2 on the value of energy expenditure generated by 

the model is rejected; 

 

- for variable x3: t=3.52; p-value=0.000446; 0.000000<0.05 so the null hy-

pothesis is rejected that x3 does not affect the value of energy expenditure 

generated by the model; 

 



- for variable x4: t=-4.06; p-value=0.000053; 0.000053<0.05 so the null hy-

pothesis is rejected that x4 does not affect the value of energy expenditure 

generated by the model; 

 

- for variable x5: t=24.70; p-value=0.000000; 0.000000<0.05, so the null hy-

pothesis of no effect of x5 on the value of energy expenditure generated by 

the model is rejected; 

 

- for variable x6: t=-5.46; p-value=0.000000; 0.000000<0.05 so the null hy-

pothesis of no effect of x6 on the value of energy expenditure generated by 

the model is rejected. 
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The coefficient of determination R2 for the determined model was 0.96, and the 

standard error of estimation was 98.52. The regression model determining the energy 

expenditure Y of electric vehicles can be written as: 

𝑌 =  −265,82 + 283,74𝑥1 + 0,15𝑥2 + 0,12𝑥3 − 12,46𝑥4 + 24,7𝑥5 − 2,04𝑥6
± 98,52 

            (2) 

To confirm the developed regression model in terms of generating statistically sig-

nificant results, ANOVA analysis and F test (Fisher-Snedecor) were used. This test 

verifies the hypothesis that all regression coefficients are simultaneously equal to 

zero. The F statistic assumed the value of 3714 for the probability p-value=0.00 at the 

significance level α=0.05, which indicates that the results generated by the model are 

statistically significant. The inequality 0.00<0.05 is met, so the hypothesis of zero 

regression coefficients of the model is rejected. 

The assumptions of the classical least squares method require checking the normal-

ity of the residual distributions. The arrangement of points along the line confirms the 

normality of the residual distributions Fig. 3a. The normality of the distribution is also 

confirmed by the shape of the residual histogram Fig. 3b. 

 

Fig. 3.   Normality of residual distributions a) the scatter plot b) the histogram. 

The Durbin-Watson test was performed, assuming uncorrelated random components 

for all pairs from the tested sample. For the significance level α=0.05 and with a sam-
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ple size of 784, the test limits are as follows: dL=1.86, dU=1.89, the d statistic takes 

the value of 0.64, so 1.89>0.64, which indicates that there is no basis for rejecting the 

null hypothesis stating that there is no autocorrelation phenomenon in the analyzed 

model.   

The assumption of homogeneity of the variance of the random component was 

checked based on scatter plots of residuals against expected values (Fig. 4a) and 

squares of residuals (Fig. 4b). Based on the plots; it can be stated that the assumption 

of the same variances for all observations was not met because with the increase of 

predicted values, the values of the variance of residuals increase. 

 

Fig. 4.   Scatterplots of a) residuals and b) squared residuals. 

The network training process used the BFGS algorithm (Broyden–Fletcher–Goldfarb–

Shanno algorithm). The activation function in hidden neurons is exponential, while 

the output neuron is linear. The correlation coefficient between the output variable 

and the forecast was 0.98, Fig. 5a. The diagram of the MLP 6-8-1 neural network is 

shown in Fig. 5b.  

 

Fig. 5.   The correlation coefficient, b) The network structure. 
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The activation functions of the network for the hidden layer are exponential functions, 

while for the output layer, they are linear functions. The activation functions in the 

hidden layer have the form: 

- The neuron 1: 

N1 = 𝑒−1,01∙𝑥1−0,37∙𝑥2+0,2∙𝑥3+0,57∙𝑥4−1,03∙𝑥5+0,19∙𝑥6+0,39           (3) 

- The neuron 2: 

N2 = 𝑒−0,18∙𝑥1+0,36∙𝑥2+0,22∙𝑥3+0,36∙𝑥4−0,56∙𝑥5+0,14∙𝑥6+0,09        (4) 

- The neuron 3: 

N3 = 𝑒−0,18∙𝑥1+0,2∙𝑥2+0,25∙𝑥3+0,17∙𝑥4+0,16∙𝑥5+0,03∙𝑥6+0,33   (5) 

- The neuron 4: 

N4 = 𝑒−0,55∙𝑥1+0,35∙𝑥2+0,06∙𝑥3+0,29∙𝑥4+0,1∙𝑥5+0,25∙𝑥6+0,34          (6) 

- The neuron 5: 

N5 = 𝑒−1,67∙𝑥1+0,27∙𝑥2+0,05∙𝑥3+0,92∙𝑥4−0,17∙𝑥5+0,005∙𝑥6+0,3        (7) 

- The neuron 6: 

N6 = 𝑒−0,9∙𝑥1+0,82∙𝑥2−0,31∙𝑥3−0,14∙𝑥4−0,22∙𝑥5+0,13∙𝑥6+0,38           (8) 

- The neuron 7: 

N7 = 𝑒−0,77∙𝑥1−0,14∙𝑥2−0,28∙𝑥3+0,06∙𝑥4+0,33∙𝑥5+0,45∙𝑥6+0,17         (9) 

- The neuron 8: 

N8 = 𝑒−0,4∙𝑥1+0,07∙𝑥2+0,08∙𝑥3+0,4∙𝑥4+0,03∙𝑥5+0,16∙𝑥6+0,14         (10) 

The activation function of the output neuron is defined as follows: 

Y = 0,43 ∙ N1 − 1,12 ∙ N2 + 0,65 ∙ N3 + 0,44 ∙ N4 − 0,13 ∙ N5 + 0,31 ∙ N6 − 0,25
∙ N7 + 0,24 ∙ N8 − 0,11 

(11) 

5 Conclusions 

A crucial aspect of predicting the energy consumption of electric delivery vehicles 

using regression models is the proper selection of the regression function’s form, e.g. 

linear or non-linear. Modelling the energy expenditure of delivery vehicles in urban 

areas is difficult due to the random nature of phenomena occurring in these areas. The 

developed predictive models consider variables relating to both technical aspects of 
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the route, e.g. road inclination, and atmospheric aspects, e.g. wind speed or traffic 

intensity. All these aspects directly affect the vehicle's energy expenditure.  

In the work, both linear and nonlinear regression models were determined. In the 

case of linear multiple regression analysis, the coefficient of determination was as-

sumed to be 0.96, and in the case of the neural network, 0.98. It should be noted that 

classical multiple regression is conditioned by many assumptions that must be met to 

use it effectively. The developed linear multiple regression model does not meet the 

assumption of equal variances, so it is a model that generates statistically insignificant 

results. When the results are statistically insignificant, the research sample should be 

increased, and significance tests should be performed again. 

Further research will aim to apply alternative approaches, such as fuzzy set theory, 

to develop predictive models for the energy consumption of electric vehicles. The 

proposed regression models can be utilized by transport companies to plan delivery 

vehicle routes and drivers’ work schedules. The developed regression models allow 

for determining energy expenditure without considering such data as vehicle speed or 

acceleration on a given route section. Such data are difficult to decide on and enter 

into the model due to their random nature, depending on the existing traffic situation 

in a given area. The presented solution emphasizes the practical aspect of the devel-

oped models.   
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