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Abstract - In the contemporary era, big data is highly regarded 

as the driver to promote productivity, efficiency and innovation. 

Emergence of big data and data science paved way for 

comprehensive analysis of data for obtaining business 

intelligence. Big data analytics has become crucial for enterprises 

to garner accurate knowhow for making well informed decisions. 

The cloud-big data ecosystem has been realized and thus it 

became easier to deal with big data and it’s processing as the 

storage and processing are outsourced to cloud. Different cloud 

computing platforms like Amazon AWS, Google cloud and 

Microsoft Azure made it a reality to work with big data which 

provides comprehensive understanding of data. With big data, 

environmental issues especially air pollution measurement and 

prediction can add value to existing infrastructure so as to 

improve the quality of prediction and also help in making strategic 

decisions. This paper represents the present state of the art on 

usage of big data analytics for adding value to different industries 

focusing more on environmental issues. It also provides the 

empirical values made with Apache Flink and Apache Spark for 

handling environment data. The preliminary results revealed that 

these frameworks play crucial role in processing big data.  

 

Keywords – Big data, big data analytics, environmental issues, 

Apache Flink, Apache Spark 

I. INTRODUCTION 

  Big data is the voluminous data with other features like 

exponential growth and having different formats of data [1]. 

Data became big data when it meets the characteristics of big 

data. In this information era, organizations are not willing to 

lose data. Therefore, they wanted to maintain data as much as 

possible. This ambition of organizations is fulfilled with the 

emergence of cloud computing technology where scalable 

computing resources are provided on demand. Moreover 

cloud resources can be used without investment and without 

time and geographical restrictions. However, the resources 

are to be used in pay per use fashion. Cloud computing 

became affordable with technologies like virtualization. 

Therefore enterprises are aligning their Information 

Technology (IT) wings to cloud computing and big data 

analytics. This has become an essential move to stay focused 

and competent in the scenario of globalization and acute 

competition in the real world.  

 

 

Revised Manuscript Received on 30 May 2019.  
* Correspondence Author 

M.Naveen Babu, Research Scholar, Department  of CSE,   KL (Deemed to 

be) University,  Vijayawada,  A.P,  India. 

A.V. Krishna Prasad, Research supervisor, Department of CSE, KL 

(Deemed to be) University, Vijayawada, A.P, India.. 

 

© The Authors. Published by Blue Eyes Intelligence Engineering and 

Sciences Publication (BEIESP). This is an open access article under the 

CC-BY-NC-ND license http://creativecommons.org/licenses/by-nc-nd/4.0/ 

 

 
 

Having understood the importance of big data, it is important 

to know that environmental pollution is causing many 

problems to humans. Health issues are increasing in an 

unprecedented way due to pollution in urban areas. 

The sources of pollution data provide huge volumes of data 

that needs to be maintained and processed. Thanks to big data 

and cloud computing, for providing platforms to enable 

organizations to deal with complex problems. In this context,  

this research paper focused on big data analytics and the 

present state of the art on big data processing frameworks and  

the applications of big data for air pollution monitoring and 

prediction.  

From the literature [5], [7], [10], [14] it is understood that big 

data is crucial for solving many real time problems. With 

respect to environment issues big data is widely used as 

explored in [4], [13], [18], [24], [47] and [48]. It is 

understood that air pollution monitoring needs big data 

analysis. The rationale behind this is that voluminous data is 

being produced by different sources or sensors that work on 

gathering data related to environment. Various approaches on 

statistics that need big data analysis are found in the literature. 

Since environmental issues are linked to health issues to 

humans, it assumes significance and big data plays crucial 

role in solving such problems.  

The remainder of the paper is structured as follows. Section 2 

focuses on big data and the need for big data analytics. 

Section 3 presents an overview of cloud computing as big data 

eco system. Section 4 presents distributed programming 

frameworks like Apache Flink and Apache Spark for 

processing big data. Section 5 throws light on big data for 

solving environmental issues. Section 6 presents the results of 

empirical study made on environmental big data using 

Apache Flink and Apache Spark. Section 7 concludes the 

paper and provides directions for future work. 

 

II. BIG DATA AND BIG DATA ANALYTICS 

 

Big data refers to huge amount of data in the form of 

collection of datasets of different types such as structured, 

unstructured and semi-structured data [1]. There are plenty of 

sources of big data such as Online Social Networks (OSNs) 

like Facebook and Twitter, sensor networks, satellites and so 

on. As enterprises are willing to maintain complete data for 

mining business intelligence, there is need for big data.  

Moreover, the presence of cloud computing resources enables 

Organizations to work with big data and big data analytics. 

Big data has three important characteristics as shown in 

Figure 1. They are known as Volume, Velocity and Variety.  
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Volume refers to data which is voluminous (measured in peta 

bytes). Variety refers to the availability of big data in 

structured, unstructured and semi-structured formats. 

Velocity indicates that the data is streaming continuously with 

exponential growth.  

 

Figure 1: Characteristics of big data 

As the characteristics of big data reveal, it is available in 

different formats and it is growing continuously and it is 

available in large volumes. Of late two more characteristics 

have been associated with big data. They are known as 

veracity and value. Veracity is the feature that needs to be 

associated with big data. It refers to making the data reliable 

by cleaning it or by removing noise. Value refers to the 

advantage of processing big data to an organization. In other 

words, how the big data is adding value to the organization is 

given importance. Big data has potential to gain 

comprehensive business intelligence. If big data is not 

considered, it may lead to inaccurate BI which may lead to 

flawed decision making. This phenomenon is illustrated in 

Figure 2. 

 

Figure 2: Shows the possibility of biased conclusions if big 

data is not considered 

When big data is not considered, it may lead to biased 

conclusions. The decisions will not be accurate. The whole 

picture here is an elephant. However, people understood it 

like a tree or rope or hose etc. They have not considered the 

data as a whole. It emphasizes the need for considering big 

data for processing. Therefore big data has potential to enable 

highly accurate decisions in industries like economics, road 

traffic, environmental studies, finance, healthcare, 

manufacturing and retail to mention few. In all these 

industries enormous volumes of data is being produced and 

processing such data can provide required BI for 

organizations. However, to realize big data analytics, it is 

essential to have support of cloud computing platforms.  

III. CLOUD COMPUTING 

According to National Institute of Standards and Technology 

(NIST) cloud computing is a novel model of computing with 

certain characteristics such as on-demand self-service, broad 

network access, resource pooling, rapid elasticity, and 

measured service. It has services models pertaining to 

software, infrastructure and platform and deployment models 

in terms of private cloud, public cloud, community cloud and 

hybrid cloud [1]. As mentioned earlier, cloud computing is 

service oriented and different kinds of services are provided. 

In the same fashion different deployment models are made 

available to meet the needs of organizations of different size. 

Before looking into the service layers and deployment 

models, Figure 3 here shows the advantages of cloud 

computing. The benefits include low cost, flexibility, 

collaboration, software update, mobility, data loss prevention, 

security and productivity.  

 

 

Figure 3: Shows benefits of cloud computing 

Computing through Internet reduces cost as organizations 

need not invest in the computing resources or infrastructure. It 

is flexible as you just need a PC with Internet connection to 

get connected to cloud without geographical and time 

restrictions. Its 365 days availability adds to be flexibility to 

consumers of cloud based services. With cloud, collaborative 

computing and collaboration among different parties 

geographically located is made a reality. This has brought 

skill sharing and exploiting expertise of people across the 

globe. With Software as a Service (SaaS), described later in 

this chapter, cloud computing provides benefits of managing 

software  in a central place and giving access to entire world 

without the need for installing software at client premises. 

Moreover, the software updates can be done with ease at one 

place and render enhanced software to users intuitively. 

Mobility is the great advantages people and organizations can 

have with cloud. Wherever you are, you can gain access to 

cloud and use software, data, platforms and hardware 

infrastructure. This paves way for seamless access from 

multiple devices and platforms. The cloud computing 

technology has provision for storage and data loss prevention 

with its redundant storage mechanisms that are fail-proof in 

nature. There is no data loss problem due to this service. 

Security with different levels is provided by CSPs to 

safeguard applications and data that are  associated with 

public cloud. With cloud computing in place productivity is 

more. Often it is very easily 

realized.  
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For instance, it is possible to set development environment 

with cloud in few minutes saving lot of time and investment. 

Therefore productivity is one of the best known advantages of 

cloud computing. There is another important benefit of using 

cloud computing that is the elasticity nature of cloud that 

scales up to the needs of the world from time to time. This is 

the single most advantage that let organizations prefer using 

cloud resources and increases chances of success in business 

by avoiding major investments and using cloud computing 

resources. Cloud computing also provides different service 

models to suit the needs of organizations. Figure 4 illustrates 

possible basic service models to give better choices to 

consumer fraternity.  

 

Figure 4: Different service layers of cloud computing 

Since cloud is service oriented distributed computing 

phenomenon, it has three basic kinds of built in services. 

Other services are also emerging over a period of time. 

Software as a Service (SaaS) provides different kinds of 

applications or software to public in pay per use fashion. For 

instance, Google Cloud renders different every day-use 

applications in the form of Google Docs. This will help users 

to use those applications without installing any software in 

their system. It is wonderful as the users can have mobility 

and use software and files from anywhere in the world. SaaS 

has benefits to consumers and also service providers. It is 

possible to distribute software with ease. Traditional 

approaches to install update software in client machines are 

no longer required. It saves operational costs to service 

providers and service costs to consumers. Platform as a 

Service (PaaS) is another service layer which is for providing 

different development platforms. It provides environment 

required to build various kinds of applications on top of 

Infrastructure as a Service (IaaS). The IaaS is more useful to 

the entire world as people and organizations use its services 

like storage, server machines, Virtual Machines (VMs), 

networks, security primitives, load balancers and clusters of 

commodity computers. All these are available under IaaS 

layer. All these layers can be accessed from users remotely 

using thin and thick clients. In addition to services 

aforementioned, cloud computing technology also makes 

different kinds of deployment models, shown in Figure 5, that 

cater to the needs of organizational and individual users.  

 

Figure 5: Different deployment models provided by cloud 

computing 

It is essential to meet different needs of organizations. 

Towards this end, there are four kinds of deployment models. 

They are known as private cloud, public cloud, community 

cloud and hybrid cloud. Private cloud is the cloud that is 

owned by an organization and it is either built or taken as out 

of the box solution. It runs in the local network and users of 

organization only gains access to this. On the other hand, 

public cloud provides access to entire world. Community 

cloud is similar to private cloud but it is owned by multiple 

organizations that form a community. Users of those 

organizations only can access community cloud. Hybrid 

cloud is the combination of private and public clouds. This 

will pave way for extended cloud to many organizations.  

 

IV. FRAMEWORKS FOR BIG DATA ANALYTICS 

 

Distributed programming frameworks or distributed 

computing frameworks that play crucial role in big data 

processing are covered here. There are many such 

frameworks. However, in this study,  Apache Flink and 

Apache Spark are considered. They are used with 

environmental data (big data) for observing their utility in big 

data analytics. Distributed programming framework provides 

reusable building blocks to developers and makes their 

application development and analytics easier. The framework 

provides pre-defined execution flow, fault tolerance, handling 

a failed task and a host of such features.  

i Apache Flink 

Apache Flink is an open source stream processing framework. 

It is used to perform big data analytics. It executes data 

streams related applications in data-parallel and pipelined 

fashion. It can process data as bounded and unbounded 

streams. Unbounded streams contain starting point but there 

is no precisely defined end. They need to be processed 

continuously. It is not feasible to wait till all the data is 

accumulated. Bounded streams on the other hand can have 

start and end. Therefore, they can be processed once the 

complete data is arrived. Apache Flink is very good at 

processing both bounded and unbounded streams.  
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Figure 6: Overview of Apache Flink framework 

As presented in Figure 6, Apache Flink has its architecture 

with pre-defined workflow. It has managed environment that 

will provide functionalities to applications. The framework 

supports passive fall over, snapshot Meta data, scheduling, 

partitioning and snapshot coordination. It has memory 

management and structured to hold and process data. It can 

integrate cluster resource managers and thus applications can 

be deployed anywhere in distributed environments. Moreover 

applications can run at any scale. It also can leverage 

in-memory performance. Stateful Flink applications can have 

access to in-memory data structures 

Apache Flink has APIs for stateful event-driven applications, 

stream or batch data processing and high level data analytics.  

 

ii. Apache Spark 

 

Apache Spark [5] is one of the distributed programming 

frameworks to handle big data. It is suitable for iterative 

workloads in distributed environments. It helps in providing 

in-memory computations. For such workloads, Spark is better 

than other frameworks like Hadoop. It is so for two reasons. 

The first reason is that it supports a new type of data structure 

known as Resilient Distributed Dataset [6]. It plays crucial 

role in in-memory computations. The second reason is that 

Spark has rich software architecture that makes distributed 

programming easier.  

 

Figure 7: Shows overview of the Spark framework 

Cluster manager and worker nodes are involved in processing 

big data. Immutable collection of data is stored in RDDs. 

From distributed file systems, data can be loaded into RDDs. 

With RDDs, refined version of MapReduce programming 

paradigm is achieved. It provides rich set of user defined  

 

functions to have computation pipeline. Lazy computation of 

RDDs can speed up processing. Each RDD is subjected to 

sequence of operations. All tasks in Spark are carried out on 

RDDs constructed. The tasks may have two kinds of 

relationships known as concurrency and dependency. There 

are two types of dependencies known as wide and narrow. 

When two consecutive map() functions work on RDD, it 

results in narrow dependency. On the other hand a wide 

dependency causes shuffle and then reduce() function.  

 

 

Figure 8: More detailed view of Spark framework 

As presented in Figure 8, more details of the framework are 

visualized. The operations that are to be applied on RDDs are 

analyzed by Spark at compile time. Once it is done, Spark 

generates Directed Acyclic Graph (DAG). It tries to keep 

many narrow dependencies in one stage and wide 

dependencies into different stages. Preferably, tasks are 

assigned to worker nodes. This is achieved using delay 

scheduling technique. It ensures that worker is assigned only 

when it holds the data to be processed. There are different 

locality levels that can be considered. They include cluster 

locality, 

rack locality and node locality. Spark will acquire tolerance to 

non locality gradually. 

V. BIG DATA ANALYTICS ON ENVIRONMENTAL 

ISSUES 

There are many environmental issues as studied in [4]. The 

issues are related to pollution, climate, degradation, waste and 

resources. Major source of pollution is combustion of fossil 

fuels [45] Pollution is of many types. It includes air, water, 

soil, oil and electromagnetic (EM). Air pollution refers to 

impurities in air and reduction of air quality. Air pollution in 

cities may be caused by number of factoring including traffic 

volumes, constructions, industries and vehicles. Oil spills also 

cause many environmental issues like spoiling coastlines, 

water bodies and beaches. Water pollution refers to the 

impurities added to water. Noise pollution on the other hand is 

the amount of noise in the urban areas due to vehicles and 

traffic. Climate issues are also there due to increase in sea 

levels. Air monitoring can help in providing information 

related to air pollution.  

 



International Journal of Recent Technology and Engineering (IJRTE)  

ISSN: 2277-3878 (Online), Volume-8, Issue-1, May 2019 

1895 

 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  

Retrieval Number A1355058119/19©BEIESP 

Journal Website: www.ijrte.org 

 

 Table 1: Shows different air quality monitoring systems found in literature 

As shown in Table 1 there are many air quality monitoring 

systems. They have common or related objectives but the 

processing method may difference and data sources on which 

they operate may differ. The process of air pollution detection 

provided may change from time to time due to technological 

innovations. In our future work, we proposed a framework 

that exploits the cloud and big data ecosystem as much as 

possible.  

It is also studied in [4] that big data analytics can help in 

identifying degradation of forests, taking steps to improve it 

besides monitoring resources that are renewable and 

non-renewable. There are many applications of big data such 

as assessing sustainability of supply chains [2], achieving 

environmental sustainability [3], for building green 

applications [4] and realization of smart cities [5]. Air quality 

monitoring [6], disease prevention [7], air pollution 

monitoring and control systems [8], Construction waste 

management [9] and mapping social media and big data [10] 

are other applications of big data. Big data is also used in 

material sciences [11], risk assessment applications [12]; 

predicting life expectancy in the wake of increase in pollution 

[13], big data based air quality prediction [14] and building 

environmental applications [15].  

With big data it is possible to have renewable energy sources 

and their utilization effectively to realize health and climate 

benefits [16]. Smart city applications can be constructed and 

sustainable urban development is possible by considering big 

data analytics [17]. Environment protection and monitoring of 

air pollution is possible with effect analysis of big data [18]. 

In the smart cities, forecasting of environment can help reduce 

certain risks. Deep learning technique with big data using 

CNN-LSTM is explored in [19] for big data analytics.  

Content analysis is explored in [20] with big data.  

Occupational and environment health is explored in [21] with 

big data analytics. It is understood that big data analytics can 

help improve quality of services in healthcare industry. Big 

data analysis can provide intelligence need to development of 

society as it can improve resource utilization and reduce 

waste in human activities [22]. Overall quality of life gets 

increased when big data is used for acquiring business 

intelligence [23]. Big data analysis can help in understanding 

air pollution and its effect on public health [24]. Big data is 

exploited in [25] with Google Street View Cars for high 

resolution pollution mapping. Air quality maps are produced 

in order to help in making decisions. 

Air quality enhancement and driving restrictions are studied 

with big data processing [26] and found that big data analytics 

can provide solutions to complex environmental issues. Big 

data can also help to have sustainable usage of renewable 

energy resources effectively [27]. Enforcing policies on  

 

 

environment is made possible with BI acquired with big data 

analytics [28]. The big data related to odd and even license 

plate model is used to ascertain the severity of air solution and 

its reduction [29]. In the age of big data, environmental study 

can be made and environmental justice can be achieved [30].  

In [31] an air quality prediction model is proposed using 

heterogeneous urban big data. It is built with the help of a 

model known as spatio-temporal granger causality model. 

Smart environment monitoring is explored using Internet of 

Things (IoT) and big data analytics [33]. For environmental 

sustainability sensor based big data is analyzed in [34] for 

building smart sustainable cities. Environmental analysis with 

big data can also help in determining routes to ships in sea as 

investigated in [35]. Real time risk assessment in many 

applications like Indian Railways can be done using big data 

[36]. Big data concept is used in [37] in order to analyze 

volumes of published data. Pollution analysis and control is 

investigated with big data support in [38]. Different  

spatiotemporal approaches are studied in [39] for big data 

analysis to have environmental justice. Statistical issues with 

big data analytics are explored in [40].  

Big data and mobile crowd sensing are used for air quality 

estimation in [41]. IoT and virtualization are investigated to 

have a system for big data processing to analyze 

environmental data [42]. A pollution forecasting framework 

is defined in [43] with big data using fuzzy logic and 

classification technique. Highly polluting firms, their data, 

and the effect of public health is investigated in [44]. 

Different departments of government are using big data 

analytics for making good decisions [46]. Environmental 

policies and the related health impacts are investigated in 

[47]. A real time air pollution model based on CNN is 

proposed in [48] while [49] explores emergent pollutants that 

threw challenges in some part of the world. Enhancement of 

air pollution prediction is investigated using big data in [50]. 

From the literature, it is understood that big data plays vital 

role and big data analytics is inevitable in the present world 

for monitoring and improving air quality. 

  

VI. EXPERIMENTAL RESULTS 

 

Big data analytics need distributed programming frameworks 

for storage and handling of big data. There are many such 

frameworks available. In this paper, two important 

frameworks are considered and comparative study of the 

same is made. The frameworks are known as Apache Spark 

and Apache Flink. Experiments are made with TeraSort 

benchmark which works on big data. The observations are 

made to know the performance difference between the two 

frameworks in terms of execution time, network usage and 

throughput.  
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Figure 9: The execution time taken by frameworks with 

TeraSort benchmark 

As presented in Figure 9, it is evident that the execution time 

required by the two framework to execute TeraSort 

benchmark for given environment dataset is observed. The 

size of data is provided in horizontal axis while the vertical 

axis presents the execution time taken. The results revealed 

that Apache Flink has taken less time when compared with 

that of Apache Spark. An important observation is that when 

data is increased in size, the time taken is also increased 

linearly.  

 

 

Figure 10: Network usage of Apache Flink with TeraSort benchmark 

As shown in Figure 10, the network usage with incoming 

traffic and outgoing traffic is analyzed when Apache Flink is 

used for experiments. The results revealed that over a period 

of time, the network usage is changed for both the traffic 

flows. The usage is very high when elapsed time reaches 600 

seconds. Network usage is again reduced when elapsed time 

reached 800 seconds.  

 

Figure 11: Network usage of Apache Spark with TeraSort benchmark  

As shown in Figure 11, the network usage exhibited by Spark 

is different from that of Apache Flink both incoming and 

outgoing traffic flows. The network usage increased when 

elapsed time is increased. After some time, again it is 

decreased. When elapsed time is 400 through 800, the 

network usage is increased. Afterwards, from 800 through 

1200, it is decreased.  

 

 

Figure 12: Throughput exhibited by Apache Flink with TeraSort benchmark 

As presented in Figure 12, the read and write operations are 

examined to observe throughput exhibited by the Flink 

framework over time. As the  

elapsed time is increased, there is increase in the write 

operation’s throughput and reduction in the read operation’s 

throughput. When elapsed time is 900, the observation is 

stopped. The read and write operations showed comparatively 

less throughput at the end of the elapsed time. In the middle 

that is between the elapsed time 400 to 700, the throughput of 

both operations increased and then decreased. Overall, the 

write operation’s throughput is more than that of read.  

 

 

Figure 13: Throughput exhibited by Apache Spark with TeraSort 

benchmark 

As presented in Figure 13, the read and write operations are 

examined to observe throughput exhibited by the Apache 

Spark framework over time. The read operation showed 

higher throughput initially but later on it is reduced. At 

elapsed time 800 seconds, the write operation throughput is 

shown highest. Afterwards the write throughput is gradually 

decreased. The results revealed that the two frameworks are 

capable of processing big data (environmental data) 

effectively. However, there are certain differences in the 

performance as shown in this section.  

VII. CONCLUSIONS AND FUTURE WORK 

 

In this paper we explored the big-data eco system and 

distributed programming frameworks such as Apache Flink 

and Apache Spark. It throws light into introduction to big 

data, the need for big data processing and how big data can 

help adding value to businesses. Especially it covers the 

utility of big data for adding value to environmental study. It 

is understood that big data can help in the research of climate 

changes and environment including aim pollution in terms of 

prediction and making strategic decisions for well being of 

society. Our investigation into big data revealed that with the  
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emergence of cloud computing and many distributed 

programming frameworks paved way for unprecedented 

possibilities. With pollution data (big data) we have made an 

empirical study on the usage of Apache Flink and Apache 

Spark frameworks. In future we continue this research to 

develop a framework that can help in measuring and 

prediction of air pollution by exploiting big data and cloud 

eco-system. Such framework can be used in Decision Support 

System (DSS) pertaining Pollution Control Boards (PCBs).  
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