
CURRENT SCIENCE AND TECHNOLOGY (CST) 
VOL. 1, ISSUE 2, 34 – 40 
DOI: https://doi.org/10.15282/cst.v1i2.7164 

 
 

 

 
*CORRESPONDING AUTHOR  | M.A.Abas   |   azman.abas@utm.my 34 
© The Authors 2021. Published by Penerbit UMP. This is an open access article under the CC BY license.  
 

ORIGINAL ARTICLE 

Estimating Road Vehicle Instantaneous Fuel Consumption by Aerial Traffic 
Observation with a Multi-Rotor Drone 

C.M. Soon1, M.A. Abas1, S.F. Zainal Abidin2 and W.S.I. Wan Salim3 

1Automotive Development Centre, Institute for Vehicle System and Engineering, Universiti Teknologi Malaysia, 81300 Johor Bahru, Johor, Malaysia 
2Centre of Automotive and Powertrain Technology, Universiti Tun Hussein Onn Malaysia, 84600 Panchor, Johor, Malaysia              
3Faculty of Mechanical and Manufacturing Engineering, Universiti Tun Hussein Onn Malaysia, 86400 Parit Raja, Johor, Malaysia 

 

 

ARTICLE HISTORY 
Received: 16th Sept 2021 
Revised: 4th Oct 2021 
Accepted: 10th Nov 2021 
 

KEYWORDS 
Fuel consumption 
Emission 
Image processing 
Vehicle modelling 
Drone 
 

 
INTRODUCTION 

Driven largely by increased of CO2 and other emissions as a result from human activities into the atmosphere, the 

average surface temperature on earth has constantly rising since the late 19th century [1] and the atmospheric 

concentrations of CO2 in 2017 has surpassed the 410 ppm, highest level in the last three million years [2]. From the CO2 

growth, transportation contributed 25% which is the second largest contributor and is expected to further increase [3]. 

Therefore, it is crucial to respond through mitigation and adaptation actions at the earliest else it would lead to irreversible 

changes to the environment.  

Measuring and estimating road transport activities have always been among the studies being conducted to further 

understand the characteristics of fuel consumption and productivity of pollutant emissions. Concurrently, efforts have 

been conducted relentlessly to further improve the measurements and estimation methods through many aspects, from 

the data collection to the data analysis. Among the known measurement approaches are remote sensing [4], Portable 

Emissions Measurement Systems (PEMS) [5] and chassis dynamometer testing [6]. Besides the measurement, fuel 

consumption and pollutant estimation are also being estimated base on model [7] and simulation [8] through the 

embedment of sensors in the vehicles. Sampling by most of these approaches were taken from actual driving test of 

vehicles in the real-world.  

This study introduces an approach to estimate the instantaneous vehicle fuel consumption and CO2 emission from 

captured images by aerial traffic observation with a multi-rotor drone. With the benefits of mobility, accessibility, and 

flexibility from the drone to capture images from aerial observation over an actual traffic in almost any areas, this 

approach has the advantage of capturing the natural driving behaviour by many vehicles to understand the source of the 

pollutants from the varying traffic situations. The captured images are processed by tracking the movements of identified 

vehicles which are then used to predict the instantaneous vehicle dynamics, fuel consumption and CO2 emission through 

modelling. The modelling results were then compared with the vehicle fuel consumption measurement in understanding 

the challenges involved.  

METHODOLOGY 

The overall workflow of this study to estimate the vehicle fuel consumption and CO2 from aerial observation of drone 

is shown in Figure 1 which consist of four phases; aerial observation, image processing, vehicle modelling and analysis. 

 

 

 

 

 

ABSTRACT – This study presents a preliminary approach to estimate instantaneous fuel 
consumption base on image processing from aerial observation using a multi-rotor drone. A drone 
was deployed over an actual road traffic to capture images of vehicle activities and feed into a 
program that was developed in this study. The program identifies and tracks the vehicle activities 
using pixel-based adaptive approach. The vehicle activities were then processed into variables as 
an input for the generic vehicle model. Coupled with model constants, the generic vehicle model 
then estimates the instantaneous fuel consumption and CO2 emission and tags the estimated 
results on the tracked vehicle on the program user-interface. In comparison with the actual 
experimental measurements, the estimated instantaneous fuel consumption shows a trend with 
correlation coefficient of 0.741 with higher total fuel usage by 10.6%. The estimation results were 
useful to map the distribution of fuel consumption over the routes of the observed area in relation 
to the natural traffic. 
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Figure 1 Overall worflow 

Aerial Observation 

The drone was deployed to capture high quality aerial video with the ability to provide stationary top views over the 

road traffic area. The camera on the drone captures the ground traffic footage at an altitude of 200 m above sea level with 

the camera oriented in a way that the optical axis is perpendicular to the ground surface to cover more area. This method 

also simplified the mathematic computation needed to compute the ground sample distance (GSD) [9]. As a case study, 

a four-way intersection with traffic lights as selected to be observed. 

Image Processing 

The drone was deployed to capture high quality aerial video with the ability to provide stationary top views over the 

road traffic area. The camera on the drone captures the ground traffic footage at an altitude of 200 m above sea level with 

the camera oriented in a way that the optical axis is perpendicular to the ground surface to cover more area. This method 

also simplified the mathematic computation needed to compute the ground sample distance (GSD) [9]. As a case study, 

a four-way intersection with traffic lights as selected to be observed. 

 

 

Figure 2 Workflow diagram of the image processing 

It is crucial to understand the relationship between the captured image and the actual ground surface to estimate the 

global positioning system location of a vehicle in the recorded footage. The standard procedure for this matter is to 

orthorectify the image with the geo-referenced data [11]. From the orthorectified image, the ground-image relation is 

expressed using trigonometric principles, where Sw is camera sensor width, Iw is image width, h is the altitude of the 

drone above the ground and f is the focal length. The GSD, P is calculated using Equation 1 to estimate the actual distance 

on ground between two consecutive pixels. 

 

𝑃 =  
ℎ × 𝑆𝑤

𝐼𝑤 × 𝑓
  (1) 

 

The computation of vehicle speed is consisted of three steps. First step computes a set of features points of the vehicle 

for the first frames. Second step finds the matched feature points for two successive frame using optical flow technique. 

The final step computes the average speed by taking the average distance of the tracked feature points and divide it by 

the time difference between the frames. The distance between each tracked feature points is computed using Euclidian 

Equations 2 to 6. Where Δx(n), Δy(n) and Δz(n) denotes difference of two feature point in x-y-z axis. 

 

∆𝑥(𝑛)=  |𝑥2(𝑛) − 𝑥1(𝑛)| × 𝑃            (2) 

 

∆𝑦(𝑛)=  |𝑦2(𝑛) − 𝑦1(𝑛)| × 𝑃                            (3) 

 

∆𝑧(𝑛)=  |𝑧2(𝑛) − 𝑧1(𝑛)|                                           (4) 
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𝑙𝑛 =  √∆𝑥(𝑛)
2 + ∆𝑦(𝑛)

2 + +∆𝑧(𝑛)
2                                           (5) 

 

𝑣 =  
1

𝑁
∑ 𝑙𝑛

𝑁
1

∆𝑡
× 3.6    ∆𝑡=

1

𝐹𝑃𝑆
                                             (6) 

Vehicle Modelling 

This research uses a generic vehicle model using the common fundamentals of vehicle dynamics as shown Equation 

7 where the traction force, Ft is the sum of all resistance forces; inertia, aerodynamics, rolling and road grade. A quasistatic 

modelling approach was used to predict the instantaneous fuel consumption of a traffic based on the inputs from the image 

processing analysis. The quasistatic calculates the load power for the powertrain in backwards, from the wheels towards 

the power source. The wheels behaviour reacts to the actual vehicle activities which was obtained from the image 

processing. The total powertrain losses and fuel consumption were then determined by Equations 7 and 8, respectively. 

 

𝐹𝑡 = (𝑚𝑣 ∙ �̅�𝑖) + (
1

2
∙ 𝜌𝑎 ∙ 𝐴𝑓 ∙ 𝑐𝑑 ∙ �̅�𝑖

2) + (𝑐𝑟 ∙ 𝑚𝑣 ∙ 𝑔 cos 𝛼𝑖) + (𝑚𝑣 ∙ 𝑔 sin 𝛼𝑖)                                              (7) 

 

�̇�𝑓 = �̅�𝑓/𝐻𝑙 (8) 

 

Where 

 

�̅�𝑣 = 𝜂𝑔 ∙ 𝜂𝑎 ∙ 𝜂𝑒 ∙ �̅�𝑓  (9) 

Fuel Consumption Analysis 

The combustion model in this research applied the Willans approximation to estimate the fuel consumption for the 

required engine power. The Willans model as explained in [12] is a simplification by distinguishing the contributions of 

the thermodynamic and losses on the engine efficiency as shown in Equation 10. As for the transmission model, the 

average gear ratios based on the information from the selected top passenger cars were used. 

 

𝐵𝑀𝐸𝑃 = 𝑀𝐸𝑃𝑓𝑢𝑒𝑙 ∙ (𝜂𝑐𝑜𝑚𝑏) − 𝐹𝑀𝐸𝑃 (10) 

 

Where 

 

𝐵𝑀𝐸𝑃 =
𝑇 ∙ (4𝜋)

𝑉𝑑
 (11) 

 

𝑀𝐸𝑃𝑓𝑢𝑒𝑙 =
𝐿𝐻𝑉 ∙ 𝑚𝑏𝑢𝑟𝑛𝑡

𝑉𝑑
 (12) 

 

�̇�𝑓𝑢𝑒𝑙 = 𝑚𝑏𝑢𝑟𝑛𝑡 ∙
𝑁

4𝜋
 (13) 

 

To initially observe the trend of the predicted instantaneous fuel consumption by the generic vehicle model with the 

actual measurement from author’s previous study, a fixed driving condition of the NEDC test was used as the input into 

the model. The predicted instantaneous fuel consumption by the model shows similar trend with correlation coefficient 

of 0.872. The total fuel economy predicted by the model is 7.418 L/100km, higher by 3% from the experiment results. 

RESULTS AND DISCUSSION 

Calculated Vehicle Speed and Acceleration 

The quality of the image by the drone camera was adequate for the pixel-based adaptive method to identify the vehicle 

pixels, allowing the top view area of the vehicle to be calculated in estimating the vehicle mass, frontal area, drag 

coefficient and engine displacement by the vehicle model. The program then labels and display the calculated 

instantaneous results of the tracked vehicle on the user-interface display. A test vehicle was used to understand the 

variations between the image processing results and the actual GPS measurement. Figure 3 shows the display of the image 

processing where the tracked vehicles are labelled with the estimated instantaneous speed, acceleration and fuel 

consumption. 
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Figure 3 Vehicle tracking with instantaneous speed, acceleration and fuel consumption 

 

The image processing calculates the vehicle travelling by estimating the ground sample distance which requires the 

drone to have good stabilization. However, the application of the commercial drone in this study has a limitation to 

provide enough stabilization precisely at the 200 m altitude against the wind. With movements and drifts by the drone 

affected by the wind, the calculated distance between two consecutive pixel centres measured on the ground by the image 

processing has affected the vehicle speed estimation.  Figure 4 shows the variations of vehicle speed with the results from 

image processing higher by an average of 2.8 m/s but may change according to the stability of the drone during the image 

recording. There is also a slight delay by the image processing to identify and track the vehicle. Due to the application of 

pixel-based adaptive approach, the program was only able to track the vehicle when the movement of the pixels shifts 

over a threshold, otherwise the pixels were treated as the background image. The vehicle needs to travel above 2.0 m/s 

for the image processing to be able track the vehicle movements and estimate the vehicle speed. This causes a delay 

before the program starts to track, thus causes the sudden increase of calculated vehicle speed as it crosses the 2.0 m/s 

threshold which explains the significant increase of calculated vehicle acceleration as shown in Figure 5.  

 

 

Figure 4 Vehicle speed profiles from GPS measurements and image processing 

 

 

Figure 5 Vehicle acceleration profiles from GPS measurements and image processing 
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Calculated Fuel Consumption 

Figure 6 shows the comparison between the calculated fuel consumption with the actual measurement on the test 

vehicle. Figure 7 shows the estimated CO2 base on the instantaneous fuel consumption. On top of the variation by the 

vehicle model, the delay and offset from the image processing further contributed to the variations in the fuel consumption 

results. The higher calculated acceleration caused by the delay used as the input in the vehicle model contributed to the 

higher fuel consumption result. The estimated instantaneous fuel consumption by the program varies by an average of 

0.168 kg/h with correlation coefficient of 0.741. Referring to the conversion by [13], the total CO2 emission was then 

calculated using the estimated fuel consumption. With such driving behaviour over the travelling distance of 0.573 km, 

the total CO2 emission was calculated to be 2.68 kg. 

 

 

Figure 6 Fuel consumption comparison 

 

 

Figure 7 Calculated CO2 emission 

 

Case Study 

Figure 8 is the aeriel view capture by the drone while Figure 9 illustrates the distribution of the calculated total fuel 

used over the selected traffic area. The distribution of total fuel used was calculated by dividing the observed area into 

grids of 10 m2. The fuel consumption of vehicles that passed by each grid were accumulated to represent to the total fuel 

used within the period of the observation. The distribution shows highest fuel usage at location A and B. At location A, 

drivers were at an acceleration state before decelerating as they approached closer to intersection at location B either due 

to stop for the traffic light or entering the junction. Whereas at location B, drivers tend to accelerate while going through 

the intersection which may be due to the limited traffic light duration. Location C and D shows high fuel usage due to 

higher acceleration as they drove away from the intersection and at an acceleration state before they approached the 

intersection. 
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Figure 8 Aeriel view captured by the drone 

 

 

Figure 9 Distribution of total fuel used over the observed traffic 

CONCLUSION 

This study presents a preliminary approach of estimating the instantaneous fuel consumption from passenger car by 

aerial observation using a multi-rotor drone. The method of the proposed approach was presented, and variations of the 

estimated results were highlighted and discussed. The presented approach shows the capability of the image processing 

by aerial observation to estimate the traffic fuel consumption in relation to the natural driving behaviour without the needs 

to affect the vehicle and drivers. Further work will be required following to this stage of study through the improvements 

on the vehicle model, stability of the drone and application of machine learning in the image processing to achieve better 

estimation accuracy. The common application of machine learning approach instead of the pixel-based adaptive approach 

may further improves the performance of vehicle identification and tracking of the vehicle, allowing the recognition of 

vehicle type and model for further information to be used as the input for the vehicle model, thus improving the accuracy 

and reliability of the estimated results. The presented approach is believed to have the benefits over the mobility and 

scalability, potentially to complement the upcoming work in estimating instantaneous fuel consumption from actual road 

traffic. 
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