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Abstract: 

The aim of this study is to quantitatively analyze the factors influencing energy consumption in unmanned aerial ve-
hicles (UAVs) based on operational data from 177 flights of the DJI Matrice 30T drone. Battery consumption model-

ling was proposed using variables available at the UAV user level. A comparison of analytical methods (linear re-

gression, LASSO) and machine learning algorithms (Random Forest, XGBoost) was performed. The models were then 
evaluated using the coefficient of determination R^2 and the root mean square error RMSE. Analytical methods show 

moderate effectiveness (R^2 = 0.425, RMSE = 14.87%), while machine learning models show significantly higher 

predictive accuracy: Random Forest achieved R^2 = 0.983 and RMSE = 0.328%, and XGBoost R^2 – 0.973 and 
RMSE = 3.26%. The analysis of variable significance shows that the greatest impact on energy consumption is exerted 

by: flight time, distance traveled, and discharge current. Seasonal factors also proved to be significant, indicating the 

impact of weather conditions on battery discharge dynamics. The results confirm the superiority of adaptive machine 
learning methods over classical analytical models in forecasting UAV energy consumption based on operational data 

and indicate the direction for further research taking into account detailed meteorological data. Unlike previous stud-

ies, this study is based on operational data from actual UAV missions and uses only variables available from the user’s 
perspective. It also provides a methodical comparison of analytical approaches and machine learning algorithms on 

a single real-world flight log dataset and additionally considers the impact of seasonality and operating conditions on 

battery consumption – an aspect largely overlooked in the literature. 
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1. Introduction 

A key parameter in all processes involving un-

manned aerial vehicles is flight time. It is expected 

to be as long as possible to enable the efficient exe-

cution of missions such as monitoring, inspections, 

deliveries, or rescue operations. Long flight times al-

low for greater coverage, fewer landings, and in-

creased operational efficiency. This is particularly 

important in sectors such as the military, agricul-

tural, surveying, as well as rescue and search mis-

sions, where every minute can be critical. Achieving 

maximum flight time depends on many factors, and 

engineers are constantly working on new technolo-

gies, particularly advanced batteries, to extend 

drones operational time and make them more auton-

omous. Therefore, battery life modeling and conse-

quently, the flight duration of unmanned aerial vehi-

cles is a key aspect of numerous scientific studies, 

which are gradually refined and updated as technol-

ogy advances and UAV capabilities improve. This 

makes it an important research area in aviation.  

The authors, considering the importance of flight 

time as the main parameter of flight operations, re-

viewed the literature and formulated the following 

research objectives, which constitute a significant 

contribution to the development of knowledge in the 

field of UAVs.  

1. Developing a battery consumption model using 

data accessible to any user. 

2. Comparing the effectiveness of analytical 

methods and machine learning, providing in-

sights into the application of various modeling 

techniques by analyzing their accuracy in pre-

dicting battery consumption. 

3. Conducting a detailed analysis for a single 

UAV. Establishing a solid foundation for future 

meta-analyses, enabling broader comparisons 

and generalizations of findings. 

4. Identifying factors affecting battery lifespan 

under different operational conditions. 

The structure of the article is as follows. After the 

introduction, which shows the main research as-

sumptions, a literature review is presented, followed 

by a separate section describing the methods used. 

Next the UAV under study and the collected data, 

which served as the basis for empirical research, are 

discussed. The final sections provide an analysis of 

the results,  

a summary of the research, and suggestions for fu-

ture research directions. 

The novelty of this study manifests itself in three key 

aspects. First, the analysis is based on actual UAV 

operational data (over 2.2 million records from 177 

flights), disregarding the laboratory conditions typi-

cal for simulation work. Second, unlike previous 

publications focusing on single modeling ap-

proaches, this article directly compares analytical 

models (LR, LASSO) and machine learning algo-

rithms (RF, XGBoost) to assess the trade-off be-

tween interpretability and predictive accuracy. 

Third, the study takes into account operational sea-

sonal conditions and variables available only from 

the perspective of a UAV user, which increases the 

potential of practical application of the results in 

mission planning and energy management. 

 

2. Literature review 

The essence of the problem with modeling battery 

life and consequently the flight time of unmanned 

aerial vehicles is highlighted in scientific research 

that is gradually being refined and updated as new 

technologies and improvements in drone capabilities 

emerge. 

Among the pioneering studies on UAV battery life 

modeling, Traub’s (2011) article is noteworthy, as it 

introduced the first analytical models of energy con-

sumption for small, unmanned platforms. A few 

years later, Shibl et al. (2023) expanded on these 

models, emphasizing the necessity of considering 

various mission profiles and changing environmen-

tal conditions, which aligns with the scope of this 

study. Research on drone flights in different atmos-

pheric conditions has also been proposed in (Kim et 

al., 2018; Szczupak et. al., 2025), where a compre-

hensive mathematical model was developed, consid-

ering battery type and flight characteristics. In (Di 

Franco & Buttazzo, 2015), route planning algo-

rithms were presented, incorporating energy con-

sumption, terrain topography, and weather condi-

tions, while in (Karunarathne et al., 2012), a real-

time energy management system was introduced, 

dynamically adjusting flight parameters in response 

to current energy consumption and battery status. 

Empirical validation of theoretical models based on 

a series of tests with various battery configurations 

and loads is the result of scientific considerations 

presented in (Gong et al., 2023), where the authors 

focused on assessing deviations between theoretical 

models and actual flight measurements. Many stud-

ies address batteries themselves and their optimal 
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operating conditions, e.g., (Luo et al., 2025; Poorani 

et al., 2025; Josephin Shermila et al., 2025; Li et al., 

2024). 

In the literature, it is also evident that the dynamic 

development of unmanned systems is accompanied 

by the increasingly frequent use of machine learning 

techniques as an alternative to traditional models 

(Ziółkowski et al., 2024; Chen et al., 2024). Of 

course, each of these techniques has its advantages 

and limitations. Traditional mathematical models 

typically offer better interpretability and compliance 

with established physical principles, which signifi-

cantly enhances their practical usefulness. On the 

other hand, machine learning techniques excel in de-

tecting complex patterns and dependencies in data, 

which is particularly valuable in case of numerous 

and dynamic changes. Therefore, it is crucial to find 

the right balance between these approaches, and this 

concept guided the authors of this study.  

Despite extensive research on unmanned aerial ve-

hicles, further studies remain necessary. This is 

driven not only by the rapid technological advances 

but also by the need for standardization in this field. 

This need has been highlighted, for instance, in the 

work of the European Union Aviation Safety 

Agency (Bassi, 2019; Wanner et al., 2024) and the 

U.S. Federal Aviation Administration (FAA) (Rav-

ich, 2019; Barnhart et al., 2021). Moreover, each 

subsequent study can serve as a foundation for com-

prehensive meta-analyses that yield valuable in-

sights. For example, the analysis conducted in 

(Eskandari et al., 2020) which compared the effec-

tiveness of various modeling approaches from clas-

sical analytical and empirical models to advanced AI 

techniques demonstrates the potential of such re-

search. A study encompassing 78 publications from 

2015 to 2023 revealed that hybrid approaches com-

bining physical principles with adaptive machine 

learning algorithms achieve the highest accuracy (on 

average, 92% alignment with real-world data) while 

maintaining result interpretability. Therefore, future 

research should emphasize the creation of standard-

ized benchmarks and openly accessible datasets that 

enable objective comparison across modeling ap-

proaches. Close collaboration among academia, in-

dustry, and regulatory bodies will be essential to 

translate methodological advances into safe and ef-

ficient UAV operations. Ultimately, the develop-

ment of unified framework combining interpretable 

physics-based models with data-driven adaptability 

will accelerate the deployment of unmanned aerial 

vehicles in a variety of real-world applications.  

Despite numerous publications on modeling the en-

ergy consumption in unmanned aerial vehicles, an 

analysis of the state of research reveals significant 

gaps that limit the practical usefulness of existing 

models. First, most studies focus on highly idealized 

analytical approaches based on simplified aerody-

namic assumptions and constant operating condi-

tions (Traub, 2011; Di Franco & Buttazzo, 2015). 

These models have limited generalizability in the 

context of variable mission profiles and random en-

vironmental disturbances. Second, there is a grow-

ing use of machine learning techniques in the litera-

ture (Shibl et al., 2023; Gong et al., 2023), but most 

of these studies use laboratory data or extended sen-

sor sets that are not available in standard UAV plat-

forms, which significantly limits the possibility of 

replicating the results in real operating conditions. 

Third, there is a lack of systematic comparative anal-

yses of analytical methods and AI-based methods 

conducted on a uniform dataset, which prevents an 

objective assessment of the trade-off between model 

interpretability and predictive accuracy (Eskandari 

et al., 2020). Another research problem is the mar-

ginalization of the influence of operational and en-

vironmental factors such as seasonality, ambient 

temperature flight profile, and energy load, despite 

the significant impact of these parameters on the dis-

charge dynamics of lithium-polymer batteries, as 

confirmed in the literature (Kim et al., 2018; Li et 

al., 2021). Furthermore, there is a noticeable lack of 

studies using massive UAV operational data (flight 

logs), which enable the identification of statistically 

significant determinants of energy consumption in 

real flight missions. This gap justifies the need for 

research based on operational data, while applying 

comparative methods with high diagnostic value. 

This study addresses the identified gaps by propos-

ing a methodology that integrated analytical models 

and machine learning algorithms to evaluate their 

predictive effectiveness under real UAV operating 

conditions, considering only variables available 

from the perspective of the system user. The analysis 

of factors affecting the performance of the aviation 

system using selected models is significant exten-

sion of the existing state of knowledge, as it was car-

ried out on the basis of data obtained from batteries 

used in UAV missions during rescue operations con-

ducted in diverse environmental and atmospheric 



28 

 

Gładysz, P., Merkisz, J., Borucka, A. 

Archives of Transport, 75(3), 25-39, 2025 

 

 

conditions. This distinguishes this work from other 

available scientific studies, as the database is based 

on authentic, non-laboratory empirical material, 

which increases its uniqueness and cognitive value. 

 

3. Material and methods: 

For the preliminary assessment of dependencies in 

the model, a linear regression model was used. The 

regression model is based on examining the correla-

tion between the dependent variable and the predic-

tors (Sang et al., 2025; Grzelak et al., 2022) Param-

eter estimation involves estimating the parameters of 

the model and thus analyzing the impact of the pre-

dictors on the dependent variable. The parameters of 

the regression model are estimated using the least 

squares method (LSM), which allows for identifica-

tion of trends and seasonal fluctuations in time se-

ries. For a linear model, the relationship between the 

dependent variable and the predictors is represented 

by the equation (Kozłowski et al., 2024): 

 

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2 𝑋2 + ⋯ 𝛽𝑘𝑋𝑘 + 𝜀 , (1) 

 

where : 

𝑌 - dependent variable,  

𝑋1, 𝑋2,…,𝑋𝑘 - independent variables, 

 𝜀  - random variable with the distribution 𝑁(0, 𝜎2). 

The coefficient 𝛽𝑘  describe how, on average, the 

value of the dependent variable y will change if the 

value of the independent variable 𝑥𝑘, to which they 

refer, will change by a unit, assuming a fixed level 

of the other independent variables. The random 

component in the model reflects an incomplete fit to 

the empirical data. To test the significance of the 

multiple correlation coefficient, we use the 𝐹-test. A 

working null hypothesis is created at the signifi-

cance level 𝛼 :  

𝐻0: 𝑅 = 0 - no significant effect of at least one of 

the predictors on the dependent variable,  

against the alternative hypothesis: 

𝐻1: 𝑅 ≠ 0 - at least one of the predictors has a sig-

nificant effect on the dependent variable,  

If 𝐻0 is true, then the statistic  

 

𝐹 =  
𝑅2

1 − 𝑅2

𝑛 − 𝑘 − 1

𝑘

=
∑ (𝑦̂𝑖 − 𝑦̅)2𝑛

𝑖=1

∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛
𝑖=1

𝑛 − 𝑘 − 1

𝑘
  

(2) 

 

has an 𝐹 distribution with 𝑘 and 𝑛 − 𝑘 − 1 degrees 

of freedom. From the tables, we read the quantile of 

order 1 − 𝛼 for the 𝐹 distribution with (𝑘, 𝑛 − 𝑘 −
1) degrees of freedom. If 𝐹 ≤ 𝐹1−𝛼  (𝑘, 𝑛 − 𝑘 − 1) 

then at the level of significance 𝛼  there are no 

grounds for rejecting 𝐻0, otherwise the hypothesis 

𝐻0 is rejected in favor of 𝐻1. To assess the statistical 

significance of the parameters, the 𝑡-test is used. For 

each 𝑖 = 0,1, … , 𝑘,  at the 𝛼 level of significance, a 

null hypothesis is created: 

𝐻0: 𝛽𝑖  = 0 – the regression coefficient (structural 

parameter) is not significantly different from zero, 

which means that the predictor has no effect on the 

dependent variable, contrary to the alternative hy-

pothesis 𝐻1: 𝛽𝑖  ≠  0  - the regression coefficient 

(structural parameter) is different from zero, which 

means a significant effect of the variable 𝑥𝑖 on ex-

plaining the variation of the dependent variable. 

Test statistic: 

 

𝑡𝑖 =
𝛽𝑖

𝑆(𝛽𝑖)
 (3) 

 

has a 𝑡-Student distribution with 𝑛 − 𝑘 − 1 degrees 

of freedom, where the mean error of the 𝛽𝑖  parame-

ter estimation is defined as: 

 

𝑆(𝛽𝑖) = √𝐷𝑖𝑖 for 𝑖 = 0,1, … , 𝑘 (4) 

 

while the covariance matrix of the model parameters 

is of the form: 

 

𝐷 = 𝑆𝜀
2(Χ𝑇𝑋)−1 (5) 

 

𝑆𝜀
2 =

1

𝑛 − 𝑘 − 1
∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑛

𝑖=1

 (6) 

 

For a 𝑡-Student distribution with 𝑛 − 𝑘 − 1 degrees 

of freedom, we determine quantiles of the order 
𝛼

2
 

and 1 −
𝛼

2
. If: 

 

−𝑡
1−

𝛼
2

(𝑛 − 𝑘 − 1) < 𝑡𝑖 < 𝑡
1−

𝛼
2

(𝑛 − 𝑘 − 1), (7) 

 

then at the level of significance 𝛼  there are no 

grounds for rejecting the hypothesis 𝐻0 according to 

the above, the structural parameter 𝛽𝑖  is not signifi-

cantly different from zero, and therefore the variable 
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𝑥𝑖 has a non-significant effect on explaining the var-

iation of the dependent variable 𝑌.. 

The following assumptions are made for linear re-

gression models: 

− the variance of the random component is equal 

for all observations - 𝐷2(𝜀𝑖) = 𝜎2  for 𝑖 =
1, 2, … , 𝑛), 

− there is no significant impact of factors not in-

cluded in the model on the mean value of the 

dependent variable - 𝐸(𝜀𝑖) = 0  for 𝑖 =
1, 2, … , 𝑛), 

− there is no autocorrelation of random compo-

nents, 

− the random component 𝜀𝑖 has a distribution of 

𝑁(0, 𝜎) for 𝑖 = 1, 2, … , 𝑛). 

The Variance Inflation Factor (VIF), or more pre-

cisely its generalization the Generalized Variance 

Inflation Factor (GVIF), which allows the analysis 

of collinearity for categorical variables with more 

than two levels (Lai et al., 2020; Zhang et al. 2022), 

was used to test the collinearity of variables in the 

regression model, and such a variable was the month 

variable. This factor is expressed by the formula: 

 

𝐺𝑉𝐼𝐹 = 1/(1 − 𝑅𝑖
2)𝑑𝑓, (8) 

 

where:𝑅𝑖
2 - the coefficient of determination from the 

regression model in which the 𝑖-th independent var-

iable is predicted by the other independent variables 

in the model,  

𝑑𝑓 - the degrees of freedom of the 𝑖-th independent 

variable. 

In a situation where variables with different numbers 

of degrees of freedom are compared, the 

𝐺𝑉𝐼𝐹1/(2∗𝐷𝑓) coefficient is checked. This is a trans-

formation that allows a fairer comparison of collin-

earity between categorical variables with multiple 

levels and continuous variables. This value is inter-

preted in the same way as the standard VIF coeffi-

cient. Values above 2, and especially above 3, may 

indicate problematic collinearity.  

After standard linear regression, the LASSO (Least 

Absolute Shrinkage and Selection Operator) model 

was applied to improve model interpretability and 

reduce overfitting. This approach was used to verify 

whether the most significant variables were selected, 

enhancing the model’s interpretability and improv-

ing its generalization capability (Sfyridis & Agno-

lucci, 2023; Xi et al., 2023). By applying LASSO, 

only the variables that have a real impact on the de-

pendent variable remain in the model.  

In the context of linear regression, the LASSO cost 

function is minimized to determine the optimal re-

gression coefficients. The formula for the LASSO 

cost function is: 
 

𝐽(𝛽)  =  𝛴(𝑦𝑖  −  𝛽0  −  𝛴𝛽𝑗𝑥𝑖𝑗)² +  𝜆𝛴|𝛽𝑗| (9) 
 

Where:  

𝐽(𝛽) is the cost function,  

𝑦𝑖 is the value of the dependent variable for the i-th 

observation, 

𝑥𝑖𝑗  is the value of the 𝑗-th independent variable for 

the 𝑖-th observation.  

After calculations, values that do not contribute any 

predictive value are eliminated from the model. 

As an alternative to analytical methods (linear re-

gression and LASSO), machine learning models 

were used: Random Forest (RF) and XGBoost (Fat-

ima et al., 2023; Aslan, 2025). Random Forest is a 

machine learning algorithm that belongs to ensem-

ble learning methods. It employs multiple decision 

trees to improve prediction accuracy and stability. 

From the original dataset, multiple random bootstrap 

samples are generated. For each sample, an inde-

pendent decision tree is built, and the final predic-

tion is obtained by averaging the predictions of indi-

vidual trees. At each node split, a random subset of 

features is selected. Each  tree is constructed using 

random samples and a random subset of features. 

The node split is determined based on an optimiza-

tion criterion. The most commonly used optimiza-

tion criterion is the minimization of the mean square 

error: 
 

𝑀𝑆𝐸 =
1

𝑛
 ∑(𝑦𝑖 − 𝑦̂)2,

𝑛

𝑖=1

 (10) 

 

Where: 

𝑛 is the number of samples in a node. 

During the split, the variable and threshold value 

that maximize the reduction of variance in the newly 

created nodes are selected. Out-of-Bag (OOB) error 

is used as a method of model validation, which in the 

case of regression is calculated as: 
 

𝑂𝑂𝐵_𝐸𝑟𝑟𝑜𝑟 =
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑂𝑂𝐵)2

𝑛

𝑖=1

 (11) 
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Where: 

𝑦̂𝑂𝑂𝐵  is the average prediction for 𝑖  observations, 

derived from only those trees that did not see it dur-

ing training. 

To enhance model accuracy and efficiency, another 

machine learning algorithm was proposed XGBoost 

(eXtreme Gradient Boosting). While it also utilizes 

decision trees, it differs from Random Forest in 

model construction, optimization, and regularization 

methods. XGBoost is generally more accurate than 

Random Forest. 

XGBoost is based on the concept of gradient boost-

ing, an ensemble learning technique that combines 

multiple weak models (typically decision trees) to 

create a strong predictive model. Unlike Random 

Forest, which builds trees in parallel, gradient boost-

ing constructs trees sequentially. Each subsequent 

tree attempts to correct the errors made by the previ-

ous ones by minimizing the loss function. This is 

achieved through an iterative process in which new 

trees optimize the gradient of the loss function. 

To evaluate and compare the performance of linear 

regression, LASSO regression, Random Forest, and 

XGBoost models, two key metrics were used 

(Chicco et al., 2021): 

- coefficient of determination 𝑅2 - which measures 

how well the model explains variation in the data. 

This coefficient is expressed by the formula 
 

𝑅2 = 1 −
∑ (𝑦𝑖

𝑛
𝑖=1 − 𝑦̂𝑖)2

∑ (𝑦𝑖
𝑛
𝑖=1 − 𝑦̅)2 . (12) 

 

A higher value of 𝑅2 means a better model fit. 

- RMSE (Root Mean Squared Error), which 

measures the average difference between predicted 

and actual values, according to the equation: 
 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖

𝑛

𝑖=1

− 𝑦̂𝑖)2 (12) 

 

A lower RMSE value means a better model fit. 

 

4. Study on battery consumption in an un-

manned aerial vehicle 

4.1. Research subject and data 

The subject of this study is the advanced unmanned 

aerial vehicle Matrice 30T, manufactured by DJI, 

the global leader in the drone market (year of 

manufacture: 2022), as shown in Fig. 1. This plat-

form belongs to the Enterprise segment and is an up-

graded version of the Matrice 30, equipped with a 

thermal camera in addition to the standard optical 

camera. The DJI Enterprise segment consists of de-

vices designed for advanced operations in public 

safety, surveying, energy, construction, forestry, and 

agriculture. The DJI Matrice 30T is a comprehensive 

quadcopter weighing approximately 3,770 g (in-

cluding two batteries), engineered for flights in chal-

lenging weather conditions. With an IP55-rated 

housing, the drone can operate in rain, snow, and 

dusty environments. Additionally, it is designed to 

function within a temperature range of -20°C to 

50°C. The drone reaches a top speed of 83 km/h and 

withstands wind gusts of up to 54 km/h. The plat-

form is equipped with optical hardware (cameras: 

FPV, thermal, visible-light, and zoom), as well as a 

laser rangefinder, ToF (Time of Flight) obstacle de-

tection sensors, and an ADS-B receiver, which 

warns the operator about approaching manned air-

craft. The drone is powered by an electric propulsion 

system using TB30 batteries (Fig. 2). The batteries 

operate in pairs, which enhances the safety level of 

flight operations. The TB30 battery is a lithium-pol-

ymer (Li-Po) battery with a capacity of 5880 mAh, 

a voltage of 26.1 V, and an energy rating of 131.6 

Wh. The battery weighs approximately 685 g, and 

its design allows it to function within a temperature 

range of -20°C to 50°C. The battery lifespan ensures 

at least 400 charge cycles. The TB30 features a self-

heating function that automatically activates when 

the battery temperature drops below 10°C. Addition-

ally, it supports a hot-swap function, enabling bat-

tery replacement without shutting down the drone. 

This saves time and ensures smooth flight operation 

in challenging situations. 

4.2. Preliminary data processing 

The study was conducted based on a dataset of TB30 

battery log observations, collected from a total of 

177 flight operations performed between December 

5, 2023, and February 27, 2025, using the DJI Ma-

trice 30T UAV. The historical data included the fol-

lowing variables: 

1. Total time duration of flight "time [ms]": the 

time measured from the moment the UAV's 

motors are started until they are turned off 

(https://app.airdata.com/wiki/Help/Down-

loadable+Flight+Data+CSV 2025.03). 
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2. Date of the flight: the date and time of the 

flight. Recording according to the UTC time 

standard (https://app.air-

data.com/wiki/Help/Down-

loadable+Flight+Data+CSV 2025.03). 

3. Height above the ground elevation at the point 

of takeoff "height [feet]”: the barometric alti-

tude measurement relative to the ground eleva-

tion at the takeoff point (https://app.air-

data.com/wiki/Help/Down-

loadable+Flight+Data+CSV 2025.03). 

4. Speed of aircraft |”speed [mph]”: the UAV’s 

horizontal speed during the flight operation, ex-

pressed in miles per hour (https://app.air-

data.com/wiki/Help/Down-

loadable+Flight+Data+CSV 2025.03). 

5. Total distance traveled at the currently indi-

cated time "mileage [feet]": the total distance 

traveled by the UAV from the moment of take-

off, expressed in feet (https://app.air-

data.com/wiki/Help/Down-

loadable+Flight+Data+CSV 2025.03). 

6. Aircraft pitch (rotation around the y-axis) in de-

grees "pitch [degrees]": the aircraft's displace-

ment along the positive Y-axis in the body co-

ordinate system, corresponding to a rightward 

shift, expressed in degrees (https://app.air-

data.com/wiki/Help/Down-

loadable+Flight+Data+CSV 2025.03; 

https://developer.dji.com/doc/mobile-sdk-tuto-

rial/en/basic-introduction/basic-con-

cepts/flight-control.html#body-coordinate-sys-

tem 2025.03). 

7. Aircraft roll (rotation around the x-axis) in de-

grees "roll [degrees]": the aircraft's displace-

ment along the positive X-axis in the body co-

ordinate system, corresponding to a forward 

shift, expressed in degrees (https://app.air-

data.com/wiki/Help/Down-

loadable+Flight+Data+CSV 2025.03; 

https://developer.dji.com/doc/mobile-sdk-tuto-

rial/en/basic-introduction/basic-con-

cepts/flight-control.html#body-coordinate-sys-

tem 2025.03). 

8. Level of current being used by the aircraft "cur-

rent [A]": the battery discharge current at a 

given moment during the flight, expressed in 

amperes (A) (https://app.air-

data.com/wiki/Help/Down-

loadable+Flight+Data+CSV 2025.03). 

 
Fig. 1. Matrice 30T (multirotor) with a set of TB30 

batteries 

 

The research was conducted in the R environment, 

version 4.2.2. As part of the preliminary data pro-

cessing, a quality control check was performed, in-

cluding missing values analysis using the is.na() 

function and a report of missing values at the varia-

ble level; no missing values were found in the da-

taset. The time variable was converted to UTC for-

mat, and the “month” component was separated as a 

categorical variable. The data had a uniform sam-

pling frequency resulting from native telemetric re-

cording, so no additional resampling or time inter-

polation was necessary. The models were trained on 

the original variable scales. For LASSO regression, 

internal predictor normalization was used (default 

cv.glmnet procedure), while Random Forest and 

XGBoost models were trained on unscaled data due 

to their insensitivity to variable scale differences. 

The data was divided into training and test sets in an 

80/20 ratio using a random method (createDataParti-

tion). The random generator seed was set 

(set.seed(123)) to ensure repeatability of the divi-

sion. Cross-validation (cv.glmnet) was used in the 

LASSO model. The study used the default hyperpa-

rameter settings for RF and XGBoost models, as the 

goal was to compare the methods rather than opti-

mize them. The analyses were performed in R envi-

ronment using the following libraries: dplyr, caret, 

glmnet, randomForest, and xgboost. The manage-

ment of dataset with a large number of obseervations 

was performed using frame methods (dplyr), which 

ensured the efficiency of the calculations. 

Each time, the significance of the impact of the iden-

tified variables and the strength of this impact were 

examined using the models discussed in Chapter 3. 
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Fig. 2. TB30 battery set 

 

4.3. Analytical models  

The simplest linear regression model was proposed 

first. The estimated parameter values of this model 

are presented in Tab. 1. 

All estimated parameters proved to be statistically 

significant. The coefficient of determination was 

𝑅2 = 0.4257 , indicating that only about 42.57% of 

the variability in energy consumption was explained 

by the factors included in the model. This result sug-

gests that other significant variables were not con-

sidered in the analysis, or that the assumed model 

structure does not fully reflect the actual dependen-

cies. The forecast errors on the test set were: MSE = 

221.1914 and RMSE = 14.8725. To examine the re-

sidual distribution, the Kolmogorov-Smirnov test 

was used. The test statistic was D = 0.035727, with 

a p-value < 2× 10−16. The null hypothesis assumes 

that the residuals follow a normal distribution. 

Therefore, there is no basis to accept the null hypoth-

esis the residual distribution does not meet the nor-

mality assumption. However, it is important to em-

phasize that the analyzed sample consists of 

2,239,732 observations. In the case of very large da-

tasets, normality tests often reject the null hypothe-

sis even for minor deviations from normality. This 

occurs because as the number of observations in-

creases, these tests become highly sensitive to even 

minimal differences between the empirical and nor-

mal distributions. In such cases, it is better to assess 

normality using a histogram, which is presented in 

Fig. 3. It can be concluded that the distribution is ap-

proximately normal. 

 

Table 1. Estimated parameter values of linear regression models 

Parameter Estimate Std. Error t value Pr(>|t|) 

(Intercept)                  87.96 6.562× 10−2 1340.45 < 2× 10−16 

time [ms] -2.323× 10−6 9.358× 10−9 -248.28 < 2× 10−16 

height [feet] 8.68× 10−3 1.104× 10−4 78.65 < 2× 10−16 

Speed [mph] 0.357 1.723× 10−3 207.10 < 2× 10−16 

Distance [feet] 7.728× 10−4 4.702× 10−6 164.36 < 2× 10−16 

Mileage [feet] -2.078× 10−3 2.296× 10−6 -905.18 < 2× 10−16 

Current [A] -2.051 6.524× 10−3 314.44 < 2× 10−16 

Pitch [degrees] 5.849× 10−2 2.065× 10−3 -28.32 < 2× 10−16 

Roll [degrees] 1.087× 10−2 2.493× 10−3 4.36 1.3× 10−5 

January                   - 1.288 5.601× 10−2 -23.00 < 2× 10−16 

February                    -2.738 5.579× 10−2 -49.07 < 2× 10−16 

March                   -1.372 4.361× 10−2 -31.47 < 2× 10−16 

April                     -9.533 6.298× 10−2 -151.36 < 2× 10−16 

May                      4.458 6.615× 10−2 67.39 < 2× 10−16 

June 3.381 6.698× 10−2 50.47 < 2× 10−16 

July                      5.512 6.630× 10−2 83.14 < 2× 10−16 

August                      2.546 6.226× 10−2 40.90 < 2× 10−16 

September 12.75 5.644× 10−2 -225.82 < 2× 10−16 

October -6.971 5.542× 10−2 -125.78 < 2× 10−16 

November 9.998 7.255× 10−2 137.81 < 2× 10−16 
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Fig. 3. Distribution of the residuals of the regression model 

 

The Durbin-Watson test was used to examine the au-

tocorrelation of residuals. The test statistic was D-W 

Statistic = 0.0039, with a p-value = 0, meaning that 

there is no basis to accept the null hypothesis of no 

autocorrelation in the residuals. Thus, despite the 

significant impact of all predictors, the model does 

not meet the assumptions of classical linear regres-

sion, as the residuals do not follow a normal distri-

bution and exhibit strong autocorrelation.  

As a consequence, the estimators may be biased and 

inefficient. Additionally, it was checked whether the 

independent variables used in the model exhibit 

multicollinearity. For this purpose, Variance Infla-

tion Factors (VIFs) were calculated for each inde-

pendent variable, and the results are presented in 

Tab. 2. 
 

Table 2. Calculated values of Variance Inflation 

Factor for dependent variables 
 GVIF  Df  𝐺𝑉𝐼𝐹1/(2∗𝐷𝑓) 

time [ms] 1.388 1 1.178 

height [feet] 1.163 1 1.078 

Speed [mph] 1.543 1 1.242 

Distance [feet] 1.542 1 1.242 

Mileage [feet] 1.293 1 1.137 

Current [A] 1.103 1 1.050 

Pitch [degrees] 1.387 1 1.178 

Roll [degrees] 1.014 1 1.007 

month 2.022 11 1.033 

The results show that all VIF values are relatively 

low, with most of them being below 2, which sug-

gests that multicollinearity between the independent 

variables in the model is not an issue.  

In the next step, a model incorporating variable se-

lection using the LASSO operator (Least Absolute 

Shrinkage and Selection Operator) was proposed. 

The operator indicates which coefficients, signifi-

cantly different from zero, should remain in the 

model as significant predictors.  

The set of variables selected by the LASSO model, 

which best predicts the battery level, is presented in 

Fig. 4. 

The coefficients that the model considered less im-

portant were removed from the model (no values are 

shown on the chart). The optimal lambda value in 

the loss function was found to be 𝜆 =0.01548771, 

which strikes a good balance between fitting the data 

and simplifying the model (eliminating less signifi-

cant variables). The LASSO model evaluation was 

performed by calculating the following error values: 

MSE = 221.3078, RMSE = 14.87642, and  

R² = 0.4249529. Computed values show that no sig-

nificant improvement was achieved compared to the 

linear regression model. 

 

 

 

Residuals histogram 
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Fig. 4. Variable importance in the LASSO Model 

 

4.4. Machine Learning Models  

To improve model fitness quality, more advanced 

modeling methods were utilized, specifically Ran-

dom Forest and XGBoost machine learning models. 

The Random Forest model, applied to predict de-

pendent variable battery [%], was trained on training 

data using 100 trees. It achieved an extremely high 

ability to explain the variability in the data, explain-

ing 99.84% of the variability of the dependent vari-

able, which is an exceptionally high result. The 

mean of squared residuals is 0.600009, which indi-

cates the average difference between the actual and 

predicted values of battery [%], meaning the model 

fit the data well, although there remains some differ-

ence between the actual and predicted values. The 

number of variables considered at each split was 3. 

The variable importance analysis according to the 

RF model is presented in Fig.  1. The importance 

was assessed based on the percentage increase in the 

MSE error (%IncMSE) and the increase in node pu-

rity (IncNodePurity). %IncMSE indicates how 

much the mean squared error increased in the model 

when a specific variable was removed. A higher 

%IncMSE value means that the variable has a 

greater impact on the model quality the greater the 

increase in MSE after removing the variable, the 

more significant that variable is for the model. The 

IncNodePurity measure indicates how much a given 

variable improves the purity of the nodes in the trees 

of the model. Higher values of IncNodePurity indi-

cate that the variable helps to better separate the ob-

servations, leading to purer nodes and improving the 

model's ability to distinguish between different 

cases. 

The results of the variable importance analysis in the 

Random Forest model indicate that the variables 

mileage [feet], time [ms], and distance [feet] have 

the greatest impact on the model's quality, both in 

terms of MSE error and node purity. These are the 

variables that significantly affect the model's accu-

racy and help improve its predictive power. Other 

variables, such as height [feet], roll [degrees], cur-

rent [A], and month, also play an important role, alt-

hough their impact is smaller. 

The XGBoost model was trained for 100 iterations 

on data with 8 features. The RMSE metric systemat-

ically decreases over the iterations, indicating that 

the model is fitting well to the training data, as 

shown in Fig. 6. 
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Fig. 5. Variable importance in the RF Model 

 

 
Fig. 6. RMSE vs Iterations in XGBoost 

 

The importance of features in the XGBoost model 

was determined based on three key metrics for each 

variable, i.e. gain (how much information a feature 

contributes to the model - the higher the value, the 

more it influences the model’s decisions), cover 

(how often the feature is used in tree splits - the 

higher the value, the more frequently the feature is 

used), frequency (how often the feature appears in a 

decision tree split). The results are presented in ta-

ble  3. 
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The XGBoost model identifies time as the most im-

portant feature (gain = 0.454). This feature is also 

used relatively frequently during tree splits (Cover = 

0.227) and appears most often in splits (Frequency 

= 0.249). The model also designates mileage [feet] 

and current [A] as secondary important features. The 

seasonal factor (month) also plays a significant role 

in the model. The complete ranking of feature im-

portance is presented in Fig. 7 

 

Table 3. Importance of features according to the XGBoost model 
Feature Gain Cover Frequency 

time [ms]  0.454 0.227 0.249 

mileage [feet]  0.192 0.182 0.165 

current [A]  0.111 0.103 0.089 

distance [feet]  0.067 0.113 0.117 

height [feet]  0.060 0.223 0.160 

September  0.040 0.016 0.019 

April  0.012 0.004 0.007 

January  0.011 0.009 0.025 

July  0.010 0.014 0.017 

May  0.008 0.017 0.020 

November  0.008 0.020 0.015 

March  0.007 0.009 0.015 

speed [mph]  0.006 0.028 0.039 

August  0.004 0.005 0.008 

October  0.004 0.007 0.006 

February  0.003 0.003 0.009 

roll [degrees]  0.003 0.017 0.034 

June  0.002 0.002 0.005 

 

 
Fig. 7. Importance of features in the XGBoost model 
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5. Discussion of the results  

To evaluate the models, the two key metrics pre-

sented in the table 4 , RMSE and 𝑅2, were used. 

 

Table 4. Values of the RMSE and the 𝑅2 metrics for 

each model 
Model RMSE 𝑹𝟐 

LM 14.873 0.425 

LASSO 1212.429 0.425 

RF 0.328 0.983 

XGBoost 3.26 0.973 

 

The lowest RMSE value of 0.328 and, thus, the high-

est accuracy was achieved by the Random Forest 

model. It also has a high fitting score of 98%𝑅2. The 

XGBoost model, with an RMSE of 3.26 and a high 

fit of 97%, produced a significantly better result than 

the LM and LASSO models, but performed weaker 

than RF. Linear Regression poorly explains the data 

variability, yet all variables were statistically signif-

icant. LASSO Regression is the least suitable for 

predictions. 

However, a key outcome is identifying the im-

portance of individual variables. Based on the RF 

and XGBoost models, one may infer that both con-

sistently indicate that mileage [feet] and time [ms] 

are the most important factors influencing battery 

consumption, which is a fairly obvious and expected 

conclusion.  

The variable “roll [degrees]” is much more im-

portant in the RF model than in XGBoost. Mean-

while, XGBoost ranks “current [A]” and “distance 

[feet]” in 3rd and 4th positions, respectively. What 

should be noted is that the “month” variable was in-

cluded in every model. These results undoubtedly 

suggest the need for further research, acquisition of 

more detailed flight information, and the inclusion 

of more variables in future studies, which will be the 

focus of the authors' subsequent research. 

 

6. Conclusion  

Battery consumption in unmanned aerial vehicles is 

influenced by many factors; however, not all of them 

are directly measurable from the user's perspective. 

Nevertheless, there is a significant need to develop 

models that describe and predict the relationships 

between energy consumption and available parame-

ters, which is the basis of this article. To analyze 

these relationships, mathematical models have been 

proposed to determine the impact of selected factors 

on actual energy consumption. This is the first stage 

of research on UAV flight modeling. In this case, the 

operation of a single aircraft is being analyzed. 

The best results were obtained using machine learn-

ing models, but the application of analytical models 

also confirmed the significant impact of the exam-

ined variables on battery consumption. Particularly 

in the conducted analysis, the notable influence of 

the “month” variable in all developed models should 

be emphasized. This variable strongly correlates 

with weather conditions, which directly affect bat-

tery performance. Therefore, in further research, de-

tailed data regarding meteorological conditions will 

be gathered. The authors assume that wind strength 

and direction could be key factors. Such an analysis 

will allow for a better understanding of the impact 

of individual meteorological factors on battery con-

sumption and enable the development of more accu-

rate predictive models. As a result, this will contrib-

ute to the optimization of flight planning and energy 

management for unmanned aerial vehicles. 

It is also important to emphasize the need for mod-

eling in various environmental conditions, including 

extreme ones, which as demonstrated by the con-

ducted literature review remains a significant chal-

lenge. A conclusion of this kind is also drawn in the 

study by Li et al. (2021), who modeled flight time in 

an Arctic environment. The importance of such re-

lationships and the necessity of integrating real-time 

weather data are also emphasized by Mohsan et al. 

(2022) in their research. Recent discussions in this 

area clearly point to the need for integrating real-

time meteorological data with predictive models 

(Góra et al., 2022), which will undoubtedly be the 

subject of further research by the authors. 
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