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Abstract: Trackers installed in vehicles gives insights into many useful information and predict
future mobility patterns and other aspects related to vehicles movement which can be used for smart
and sustainable cities planning. A novel approach is used with the COPERT model to estimate fuel
consumption on a huge dataset collected over a period of one year. Since the data size is enormous,
Apache Spark, a big data analytical framework is used for performance gains while estimating vehicle
fuel consumption with the lowest latency possible. The research presents peak and off-peak hours
fuel consumption’s in three major cities, i.e., Karachi, Lahore and Islamabad. The results can assist
smart city professionals to plan alternative trip routes, avoid traffic congestion in order to save fuel
and time, and protect against urban pollution for effective smart city planning. The research will be a
step towards Industry 5.0 by combining sustainable disruptive technologies.

Keywords: COPERT; Global Positioning System (GPS); fuel consumption; apache spark; big data;
spatio-temporal queries

1. Introduction

As urbanization increases, the issues related to the environment and transportation
contribute to route efficiency of the vehicles. A total of 20–30% of Greenhouse Gases
(GHG) are released into the environment from transportation claimed by the report of
the Intergovernmental Panel on climate change [1]. GHG harms humans indirectly by
polluting the environment and therefore many policymakers are interested to estimate
the GHG emission in different sectors, which includes energy, transportation, agriculture,
environment, etc. Transportation has a significant role in GHG emissions [2]. The increasing
population rate is now affecting every aspect of the environment including transportation
as people use traffic to reach to their destination easily. It is estimated that 90% of pollution
in urban areas is due to emission from vehicles [3]. The most expensive and scarce resource
in the world is fuel energy, which is not used effectively and hence wasted. This makes us
conclude that there is a need to minimize this energy source as it is an important concern
in sustainable engineering and urban design [4].

To encourage people to save fuel energy on their trips, users should know how
much energy their vehicles consume on alternative routes. Knowing the traffic conditions
not only enables the navigation system on the roads but also improves navigational
accuracy especially in routing applications. Hence extra fuel energy can be saved, and
the environment can be protected [5]. Fuel consumption is a significant economic index
and has an adverse effect on the environment. Hence, it is very essential to estimate
the energy consumption of different vehicles under the influential factors [6]. China’s
traffic pollution is higher than the developed countries due to it being the world’s most
populous country. Therefore, the country has a higher percentage of transportation use and
consumes high percentage of fuel. The traffic congestion in such populated countries is also
causing huge financial losses to the economy [4]. The fuel economy can be enhanced, and
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the environment can be protected by identifying the factors that affect fuel consumption
wastage in the congestion and vehicles standing at traffic signals [7].

The main objective of this study is to estimate energy consumption from high-
resolution GPS trajectory data generated by vehicles. The trajectories form geospatial
big data. For performance gains and to increase the latency, this research analysis is con-
ducted on Apache Spark, which is a big data platform. Furthermore, COPERT [8] model is
used in our research, which helps predict the energy consumption from vehicles. COPERT
is a mathematical model, which is implemented using Python language in Apache Spark
in order to reduce the time taken for each query. Apache Spark reduces the time taken
per job significantly. The model will help generate high speed query results for urban
sustainability for issues related to traffic, for instance, for long term planning of urban and
roads development within smart cities context. This study is conducted on major cities
of Pakistan including Karachi, Lahore and Islamabad. The fuel consumption maps are
produced for each city as per its dynamics.

The remainder of the paper is as follows. Section 2 describes all the relevant studies.
The methodology and proposed approach are explained in Section 3. Section 4 presents our
findings and finally, the conclusions and direction to future work are given in Section 5.

2. Related Work

Fuel energy consumption from vehicles is mainly influenced by the vehicle engine.
Fuel consumption can be calculated from different factors such as vehicle engine, engine
cycle condition as well as vehicle parameters [9]. Fuel consumption can be estimated from
the actual experiments and inspecting the independent effective variables [10,11]. This can
further be calculated using the carbon balance technique. In all the above techniques, the
experimental assessment is more accurate and reliable technique in estimating vehicle fuel
consumption [12]. In the early studies, the fuel consumption/emission was estimated from
the aggregated data at a large spatio-temporal scale [9]. Similarly, trajectories are used to
calculate travel time and speed for each road segment, and accordingly estimated emission
levels as per the study area [13]. The authors took the average of most recent GPS tracks.

Likewise, in a similar study, the authors estimated fuel consumption and emissions
using a microscopic model (CMEM) using space-time paths [14]. Other studies consider
city dynamics when estimating fuel consumption. For example, the cities are distinguished
by the high concentration of vehicles energy consumption, emission, population, and
industries. To minimize the GHG and, in particular, the fuel energy consumption by
developing alternative energy sources that are inexpensive and which increase the vehicle
efficiency, better planning is desired [15]. Emission factor is typically expressed in gram
per liter fuel burnt with the contextual information on vehicle fuel, model, and driving
conditions [16]. Fuel energy consumption is also been affected by the driving behavior of
the driver on the road. There are other studies on the driving behavior evaluation of traffic
safety including road accidents and fuel energy consumption [17,18]. More advanced data
handling techniques are also being studied. Data analytics, data mining technology and
neural network techniques have been applied which classifies the driving styles based on
the aggressive character of the driver behavior and its effects on the fuel consumption [19].
Remote sensing using satellite imagery has also been evaluated as an alternative approach
to establishing fuel-based mobile source emission inventories [8].

The driving behavior data of the drivers using smart phones were analyzed using
discrete wavelet transformation and the signal variance along with safety features using
K-nearest neighbor algorithm [20]. Similarly, the fuel energy consumption and safety
characteristic of drivers from their driving behavior were described by [21]. In another
study, classified natural driving data using different techniques such as the Hidden Markov
Model, hierarchical clustering, and dynamic time warping is used. GPS vehicles data
analysis has been hot research area, may it be vehicles, train, or any other moving object.
The knowledge obtained from movement patterns can help analysts in making informed
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decision. For example, vehicle future location prediction using geo-spatial big data context
within sustainability and urban design are recently reported [22].

In a study for quantification of instantaneous drive cycle and parameters in high
spatio-temporal data, a novel approach was enabled by the authors in [23] which provided
the basis for a microscopic emissions model. In an article by [24], where efforts were
made using a novel algorithm and architecture to handle big data in smart cities. In a
study by [25], several taxis data were decimated to find out why a taxi driver declines
to serve taxi customers in Bangkok using an approach that is data driven for taxi probe
data and their collection, analysis was carried out for several months. The authors in [26]
look for methodological advancement concerning big data where they point out certain
important limitations, including data validation and sample representation. The sample
representation remains mainly unsolved. The authors look after the theoretical aspects of
limitation regarding big data. The aim of [27] was to understand the relationship between
the visitor’s path and time they take if there is any change among their patterns using GPS
data at Yuanmingyuan Park from January 2014 to August 2020. They used Python and
ArcGIS for locating the hot spots where there was a high dwell time.

A traffic flow network model was investigated by [28] for congestion problems through
taxi GPS data. For validation, an actual scenario was considered identifying the congestion
areas. Big data pattern recognition techniques were analyzed and a survey is conducted
for ranking of prediction algorithms [29], which could be useful for new researchers who
tend to find trajectory algorithms for their specific needs. A novel model was proposed
for data driven smart sustainable cities of future by [30] for providing a strategic planning
process for transformative changes towards sustainability in urban planning. Their model
combines and integrates the whole system of sustainable urbanization and the newly
evolving system of smart urbanism, the outcome of which are the four case studies that
were analysed for compact cities, eco-cities, data driven smart cities, and environmentally
data driven smart sustainable cities.

SoBigData initiative was developed by [31] for virtual research of environment with
mobility datasets and urban analytics for city of citizens thematic area of Horizon 2020
where several intuitions around Europe took part. The paper concluded that the urban data
science has yet to address smart cities vision. Different areas of interests were analysed
by [32] to find hot-spot which were mainly focusing on primary transit hubs, famous
cultural venues, and commercial centres. The role and potential urban computing and
intelligence in the strategic planning of data-driven was observed by [33]. Moreover, they
developed an advanced form of decision support system for urban intelligence framework
for planning function, which contributed to their previous research on sustainable smart
cities model. Bus lines and stops-based massive data were generated and analyzed by [34]
which further provided a link to network representation for sharing route demand in
community detection. These links were segmented into similar traveling routes. They
concluded with core customization of bus lines and new lines were generated.

A range of methods were reviewed by [35] which focused on big data that illuminates
greater patterns of tourist activities as applied by predicting travel demands for sustainable
management of destinations. A GPS big dataset in China optics valley in Wuhan of bikes
demands was studied by [36] to propose a space-time demand cube framework that
accurately covers models that maximizes the space-time demand coverage and minimizes
the total distance between riders and bike stations.

The purpose of this research is to use GPS data as movement dataset and predict
fuel consumption. The knowledge obtained from this can be used for improved decision
making in smart cities using sustainable disruptive technologies.

3. Materials and Methods
3.1. Study Area

GPS vehicle data are acquired from the local tracker company stationed in Pakistan.
The vehicles move around all over the country. Mainly data records are from Islamabad,
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Lahore, and Karachi as shown in Figure 1. The study was conducted un these three major
cities. Islamabad is the capital of Pakistan. Lahore is the provincial capital of Punjab while
Karachi is located in the Sindh province. Karachi is also one of the most populated cities in
the world.

Figure 1. Study Area Map.

3.2. Approach

This section describes our approach such as data collection, data preprocessing, data
storage in Apache Spark, Spatio-temporal queries, COPERT Model implementation in
Apache Spark using Pyspark. The flowchart of the methodology is shown in Figure 2.

Figure 2. Methodology Flowchart.

3.3. Data Preprocessing

GPS data are obtained from a local tracker company. The data consisted of 32 columns
in which vehicle registration, latitude, longitude, and timestamps were used. The data
comprised of 12 tables. The data are generated by 107 vehicles. The total size of the data is
approximately 30 GB. For analysis, the preprocessing of data is carried out to reduce the
data in which unnecessary columns were removed, and the outliers were identified and
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removed. The total GPS points are more than 10 million. Initially, the fuel consumption is
estimated experimentally gasoline vehicle. Next, the estimated accuracy is validated. The
experimental vehicle has a sampling interval of 5 s. A descriptive snippet of the data is
shown in Table 1.

Table 1. GPS Sample Data used for One Vehicle.

Vehicle Reg. Latitude Longitude Timestamp

Vehicle A 24.8189 66.98127 01/10/2017 12:47:55 a.m.
Vehicle A 24.8189 66.98137 01/10/2017 12:48:00 a.m.
Vehicle A 24.819 66.9815 01/10/2017 12:48:05 a.m.
Vehicle A 24.81892 66.98167 01/10/2017 12:48:15 a.m.

3.4. Apache Spark

The analytics of this big data on the conventional system is time-consuming and
therefore Apache Spark is used for faster processing. Apache Spark is an open-source,
general-purpose distributed computing system used for dealing with a huge amount of
data. Apache Spark is the fastest tool for completing tasks compared with previous big
data tools (such as Apache Hadoop) because of its in-memory caching of data and query
execution in an effective way. Apache Spark is written in Scala and provides APIs in
Python, R and Java. This further provides API’s for machine learning, graph analysis, SQL,
and streaming libraries. Apache Spark can access data from diverse data sources such as
Hadoop HDFS, S3, Google Cloud, and local data storage. There are three Spark Cluster
manager such as standalone cluster manager, Hadoop Yarn, and Apache Mesos [37]. In
this study, Python (PySpark) API is used to support Apache Spark. A comparative study
was done to find the latency for queries of Apache Spark with other major data processing
platform. The results are shown in Table 2 below.

Table 2. Time taken by Spatio temporal queries.

Total Tables Total Number of Rows Apache Spark Apache Hadoop MySQL

2 tables 15,327,179 33 s 52 s 152 s
4 tables 135,658,227 61 s 92 s 391 s
6 tables 57,386,217 91 s 131 s 696 s
8 tables 78,712,075 120 s 176 s 1128 s

10 tables 93,519,190 147 s 224 s 1635 s
12 tables 105,299,117 201 s 297 s 1935 s

3.5. Spatio-Temporal Queries

For spatial temporal queries, a database was created and then the data were stored in
the SparkSQL table. Pyspark API was used for storing the data in Spark database. Spark
context was used to define the cores that are used by the local system. The following
Python command is used while Table 3 shows a few queries:

sc=SparkContext("local[*]","User")
spark = SparkSession.Builder
.master("local")’
.appName("FC_Pak")
.getOrCreate()

For estimating the fuel consumption, the GPS data control points were used. These
control points have a temporal resolution of 5 s. The control points are divided into three
categories, i.e.,

(i) Stationary activity with engine on (if the distance between the control points is
less than the threshold value),
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(ii) Stationary activity with engine off (the distance between the control point is 0) and
(iii) Mobility activity (if the distance between the control point is greater than the

threshold value).

The concept is derived from [1]. The threshold value depends on the positional
accuracy of the GPS data. In our data, the positional accuracy of the GPS is 10 m (threshold
value). This threshold value affects the classifications of activity type and subsequently
effects the fuel consumption. Algorithm 1 explains the steps involved in the queries and
Algorithm 2 explains the steps for emissions from the vehicles.

Algorithm 1 Query results
Input: Vehiclereg, datetime, latitude, longitude

Version October 13, 2021 submitted to Journal Not Specified 7 of 13

Algorithm 1 Query results
Input: Vehiclereg, datetime, latitude, longitude
b← zip(latitude, longitude)
c← list(zip(b[:: 1], b[1 :]))
distance_meters← distance.distance(s[0], s[1]).meters f orsinc
for <x in distance_covered> do

if x > 15 then
(mobilityactivity)

end
if x > 0 AND x < 15 then

(stationaryactivitywithengineon)
end
if x = 0 then

(stationaryactivitywithengineo f f )
end
dataframe← activities
time← parser.parse(datetime)
prior_time← time.shi f t(−1)
time_di f f erence← time− prior_time
data f rame← timedi f f erence
end
for <d,t in zip(distance,time_difference> do

. for velocity
velocity← distance/time_di f f erence
data f rame← velocity

for <v,t in zip(velocity,time_difference)> do
. for acceleration

acceleration← velocity/time_di f f erence
data f rame← parseracceleration
f ueldensity
vehicleengine

for <d,v,t in zip(distance_covered,velocity,time_difference)> do
if distance >= 15 then

(mobilityactivity AND f uelconsumption)
FCma← (217+0.253*velocity+0.00965*(velocity)**2)
/(1+0.096velocity0.000421(velocity)**2)end
if distance > 0 AND distance < 15 then

(stationaryactivitywithengineon)
(FCsa← 0.361 ∗ timeinterval)

end
else

(stationaryactivitywithengineo f f )
FCsa with engine off← 0
end
dist=distance covered in mobility activity . Total fuel consumption
is equal to
fuel density← 0.77g/ml
FCtotal ← FCma ∗ dist + FCsa ∗ f ueldensity
end

end
end
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Algorithm 2 Emissions from the vehicles

Version October 13, 2021 submitted to Journal Not Specified 8 of 13

Algorithm 2 : Emissions from the vehicles
procedure EMISSIONS OF CARBON MONOXIDE FROM THE VEHICLES(steps)
COa← 71.7
Cob← 35.4
COc← 11.4
COd← −0.248
COe← 0
Coα← 13.889

for d, vinzip(distance, velocity) do
if distance >= 15 then

(mobilityactivity)
(EMISSIONS(ma) = (71.7 + 11.4 ∗ Velocity + 0 ∗ (Velocity ∗ ∗2))/(1 + 35.4 ∗
Velocity + (0.248) ∗ (Velocity ∗ ∗2)))

end
else

if distance > 0 AND distance < 15 then
(stationaryactivitywithengineon)
(EMISSIONS(sa)← 13.889 ∗ time)

end
else

(stationaryactivitywithengineo f f )
(noemissions)
(totalemission f romthevehicle)
(Totalemissions← emissions(ma) ∗ distance + emissions(sa) ∗ 13.889e)

end
end

end
. This equations and methodology will give emissions of carbon monoxide.

end procedure

4. Results and Discussion205

As the datasets were huge, the vehicles are classified city-wise and accordingly206

spatial queries are written in Apache Spark. Figures 3 and 4 show the vehicles which207

are in the proximity of Islamabad, Lahore, Karachi and Motorway respectively. The208

visualization shows vehicles movement for a given time duration having temporal209

resolution of 5 seconds. The vehicles are traveling all over the city and depict the traffic210

conditions on the road such as traffic congestion, fuel consumption, vehicles on the211

road, vehicles around the traffic signals. All these parameters can be extracted from the212

data using distance covered in the control points along with the velocity. If there is a213

frequent change in velocity, this means it can be due to a populated commercial place,214

which causes small traffic congestion. These are the areas on the roads where vehicles215

are wasting fuel and energy and causing the environmental problems.216

Table 3. Queries.

Query Type PySpark Queries

Simple Query sqlcontext.sql (“select * from table where vehi-
cleReg=123”).toPandas()

Temporal Query sqlcontext.sql(“select * from table vehicleReg=123 and
Timestamp between ‘lower timestamp’ and ‘higher
timestamp”’).toPandas()

Spatio-temporal Query sqlcontext.sql(“select * from table where timestamp
Between ‘ower timestamp’ and ‘higher timestamp’
and Furthermore, latitude between ‘lower latitude’
and ‘higher latitude’ Furthermore, longitude between
‘lower longitude’ and ‘higher longitude”’).toPandas()

3.6. COPERT Model

In this study, the COPERT model is used for estimating vehicle fuel consumption. The
GPS data are divided into three categories and different equations were used for calculating
the fuel consumption for mobility activity, stationary activity with the engine on while
stationary activity with the engine off has no fuel consumption. In this model, the fuel
consumption is estimated using the distance traveled by the vehicles between two control
points with average velocity. The fuel consumption of the mobility activity of gasoline
passenger car with 1.4 L to 2.0 L is estimated using the COPERT Model. According to
Equation (1), FC is the fuel consumption factor (g/km) while V is the average speed for
each activity type. All the consumption maps are generated using this technique.

FCma = (217 + 0.253V + 0.00965V2)/(1 + 0.096V − 0.000421V2) (1)
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4. Results and Discussion

As the datasets were huge, the vehicles are classified city-wise and accordingly spatial
queries are written in Apache Spark. Figures 3 and 4 show the vehicles which are in the
proximity of Islamabad, Lahore, Karachi and Motorway, respectively. The visualization
shows vehicles movement for a given time duration with a temporal resolution of 5 s. The
vehicles are traveling all over the city and depict the traffic conditions on the road such
as traffic congestion, fuel consumption, vehicles on the road, vehicles around the traffic
signals. All these parameters can be extracted from the data using distance covered in the
control points along with the velocity. If there is a frequent change in velocity, this means it
can be due to a populated commercial place, which causes small traffic congestion. These
are the areas on the roads where vehicles are wasting fuel and energy and causing the
environmental problems.

Figure 3. Representation of vehicle traveling in Islamabad (left) and Lahore (right).

Figure 4. Representation of vehicles traveling in Karachi (left) and Motorway (right).

Moreover, the activities of all control points were extracted as mobility activity and
stationary activity (MAs and SAs) by calculating the average speed of vehicle and distance
with each control point. The process was adopted for all the cities including vehicle
movements in Islamabad, Lahore, Karachi, and motorway. Mobility Activity and Stationary
Activity fuel consumption is calculated using average speed in the COPERT model. Results
were estimated for different times such as peak and off-peak hours. The approach used
in this study has relatively high accuracy due to dividing GPS control points into three
activity types and estimated fuel consumption using the different equations in COPERT
model for different activities according to average speed.

Furthermore, the estimates take into account all the scenarios during vehicle move-
ments. For example, mobility activity depicts that on the road, the vehicle is moving freely
and the road has no congestion. Similarly, in stationary activity with an engine on the road,
the vehicle is unable to move freely due to congestion. When scenarios are run in different
cities, vehicle fuel efficiency is calculated and accordingly maps are generated. The visual-
ization of fuel consumption for different cities can be visually analysed in Figure 5 and 6.
The volume of fuel consumption of vehicles depends not only on the vehicle engine but
also on the road, city, and traffic conditions. As fuel consumption is estimated for all
cities in the study, in Islamabad during peak hours, the vehicles covered 12 km distance in
25 min. The fuel consumed during this ride is almost 55 g/km. This means that roads have
a lot of traffic in Islamabad during these peak hours; thus vehicles travel slowly in areas
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such as Kashmir Highway. In the off-peak hours, the vehicles travelled 17 km distance in
20 min and consumed 60 g/km. Therefore, the traffic on the roads during off-peak hours is
apparently less and vehicles travel smoothly, covers more distance in less time and does
not consume extra fuel.

Figure 5. Fuel Consumption in Islamabad (left) and Lahore (right).

Figure 6. Fuel Consumption in Karachi (left) and Motorway (right).

Similarly, the fuel consumption is estimated for Lahore during peak hours (see
Figure 7). The vehicles covered 7.5 km distance in 19 min and fuel consumed is 80 g/km.
The traffic on the roads is higher during peak hours because Lahore is the capital of Punjab
and it is the most populated city of Punjab. During peak hours, the vehicles are unable to
cover much distance, and faces hurdles in movement and spends extra time on roads. In
off-peak hours in Lahore, the vehicle travelled 12 km distance in 21 min and consumed
85 g/km of fuel (see Figure 8). Likewise, fuel consumption is estimated for Karachi during
peak hours. The vehicles covered 21 km distance in 59 min and fuel consumed is 95 g/km.
Karachi is one of the most populated city in the world. When the data were analyzed,
it was evident that there was no significant difference between peak and off-peak hours
because Karachi roads remains crowded most of the time as shown in (see Figures 7 and 8).
The vehicles experience hurdles in covering distance quickly. Accordingly, Karachi’s fuel
consumption is not great in comparison to Islamabad and Lahore. The fuel consumption
on the motorway is different from the internal cities of Karachi, Lahore, and Islamabad.
The results show that on the motorway vehicle moves freely. The vehicle movement all
over the day remains the same as either peak or off-peak hours (see Figure 9).
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Figure 7. Fuel Consumption of cities in peak hours.

Figure 8. Fuel Consumption of cities in off peak hours.

Figure 9. Fuel Consumption of motorway in peak vs. off peak hours.

5. Conclusions

In this study, fuel consumption, a classic case of urban design using disruptive tech-
nologies, is investigated in a developing country. High resolution GPS data obtained from
vehicles is used to build trajectories. The stationary and mobility activity of vehicles from
these trajectories are calculated and used in COPERT model to estimate fuel consumption.
Fuel consumption in Karachi is found to be more in comparison to Islamabad and Lahore.

Furthermore, in Karachi, there is not much difference in fuel consumption in peak and
off-peak hours, whereas in Lahore and Islamabad, there is a significant difference between
peak and off-peak hours. Geographical Information Systems (GIS) maps and graphs show
precisely those areas where fuel consumption is high or low in a given time window.
These results can be vital for town planners and city administrators to plan city efficiently.
Currently, the major cities are undergoing master planning and our findings can act as a
guideline for them in order to better design the road infrastructure and thus avoid traffic
congestion which will save both energy and time. Similarly, Apache Spark significantly
reduced the query response time and is very efficient in GPS big data processing. It has a
high accuracy rate as compared to other models.

As part of our future work, we will explore other models and vehicles types where
data are available in batches and streams. GPS mobility data analysis is an active area
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for research. This study can be used in future to identify the exact spots where vehicles
are not able to proceed further or take more time (these are the location where fuel is
actually wasted). Thus, actual wastage of fuel is more important for urban sustainability
planners who can take proper actions. The fuel consumption and emission impact the
overall environment where humans live. Therefore steps taken in this domain will be
beneficial to our society.
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