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ABSTRACT 

Big Data is playing a major role in many areas like social networks, health, and climate etc. The modern climate 

information framework produces huge amount of data in Exabyte and so it is often called climate Big Data. 

Climate Big Data can be used to monitor and predict climate change and it can also be used to predict the 

possible diseases and climate change scenario. Till recently, GIS technology has been used to store the climate 

data with the spatial reference, but day-by-day the volume, velocity, and variety of climate data is increasing 

toward the Exabyte. This requires efficient techniques to store and display such huge amounts of spatial climate 

Big Data to the end users. The intention of this paper is to study a Big Data architecture that analyzes the 

characteristics of spatial climate Big Data and to study the impact of climate changes on the outbreak of dengue. 

I.INTRODUCTION:  

The promise of Big Data is real and currently a gap exists between its potential and realization. Much of the data 

acquired today is not in the structured format; hence heterogeneity, scale, timeliness, complexity, and privacy 

with Big Data pose challenges in every stage of processing. Big Data architecture enables users to access 

structured, semi structured, and unstructured data to discover patterns and useful information. Many Big Data 

architectures have been developed recently for business development, remote sensing, and health science and 

climate simulation. The climate change simulation requires the integration of millions of observations collected 

daily and reanalyzing the past observations. Climate and the scientific study of infectious diseases and 

their causes research continues to stretch computing capabilities and the proposed architecture provides Big 

Data solution that is the need of the hour. Traditional earliest systems detect the outbreak mainly from virology 

and clinical data collected through health departments, randomized telephone calls, sensor networks, and so on. 

These systems suffer with the limitation of slow reporting time and missing out rapidly emerging diseases. The 

immediate need is to develop models for accurate and responsive prediction based on proprietary data. 

Integration of large repositories of geospatial and health data derived from traditional stream in providing vital 

statistics on surveillance, hospitalization when combined provide valuable insights into the spatiotemporal 

determinants of health and well-being. It has been recently recognized that a rise in emerging infectious diseases 

https://www.macmillandictionary.com/dictionary/british/scientific
https://www.macmillandictionary.com/dictionary/british/study_1
https://www.macmillandictionary.com/dictionary/british/infectious
https://www.macmillandictionary.com/dictionary/british/disease
https://www.macmillandictionary.com/dictionary/british/cause_1


 

525 | P a g e  

 

can be triggered by increased variability in climatic conditions and detrimental effects of extreme weather 

events, such as heat waves and cold spells. 

An elaborate analysis on the Big Data system that aims the promise of data-driven decision making is given in 

this paper. While the benefits of Big Data are real and significant, and some initial successes have already been 

achieved, there remain many technical challenges that must be addressed to realize its full potential. The sheer 

size of the data, of course, is a major challenge, and is the challenge that is most easily recognized. 

II.BIG DATA & CHARCTERSTICS: 

In general, Big Data is termed as a collection of huge data sets with a variety of types so that it becomes 

complex to process by using traditional data processing techniques or state-of the-art data processing platforms. 

Big data analytics is the process of examining huge and different data sets -- i.e., Big data -- to uncover hidden 

patterns, unknown correlations, market trends, customer preferences and other useful information that can help 

organizations make more-informed business decisions. Big Data is defined by a number of V‘s (Figure 1); there 

are a variety of explanations from 3 V‘s to 10 V‘s as follows. 

 

Figure :1(10 V’s of Big Data) 

 Volume—The term volume describes the size of the data set. We currently see exponential growth in 

the size of the data, because the formats of data are myriad. For example, data can be found in the 

format of text, audio, videos, and large images on our social networking sites. In general, it is normal to 

have terabytes and petabytes of the storage system for enterprises. In order to store such huge sizes of 

data, our traditional database system and architecture has to be improved. The big volume indeed 

represents Big Data. 
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 Velocity—The term velocity represents the speed of the data in and out. We currently see that the data 

explosion of the social media has changed. Up until the last decade it was believed that data of 

yesterday is recent. Nowadays, messages a few seconds old (a tweet, status updates, etc.) are not 

something of interest to users. They often discard old messages and pay attention to the data represent 

Big Data.  

 Variety—The term variety describes the range of data types and sources. In general, most organizations 

use the following type of data formats such as database, excel, and CSV, which can be stored in a 

simple text file. However, sometimes the data may not be in the prescribed format as we assume; it 

may be in the form of audio, video, SMS, pdf, or something we might have not thought about it. In 

order to overcome this problem, the organization has to be developed the data storage system. This 

variety of the most recent updates. The speed of the incoming data has reduced to fractions of seconds. 

This high velocity data represents Big Data.  

 Value—The term value describes the worth of the data being extracted. Having huge amounts of data is 

one thing, but unless it can be turned into value it is useless. While there is a strong connection between 

data and insights, this does not always mean there is value in Big Data. The most important point to be 

considered is to understand the costs and benefits of collecting and analyzing the huge data. This value 

of data represents Big Data. 

 Veracity—Veracity doesn‘t mean data quality; it‘s about data understandability. In other words, it 

assumes that data is being stored and mined properly to make it pertinent to the problem being 

analyzed. In order to use effective information from Big Data, the organization should perform data 

clean and process it to prevent ―dirty data‖ from accumulating in the systems. 

 Validity—Validity as similar to veracity. It checks whether the data is correct and accurate for the 

intended use. Clearly, valid data is the key to making the right decisions in the future 

 Variability—The term variability answers the following questions: Is the data consistent in terms of 

availability or interval of reporting? Does it accurately portray the event reported? When data contains 

many extreme values it presents a statistical problem to determine what to do with these ―outlier‖ 

values, and whether they contain a new and important signal or are just noisy data.  

 Viscosity—It describes the latency or lag time in the data transfer relative to the event being described. 

This is just as easily understood as an element of velocity.  

 Virality—This defines the rate at which the data spreads and how often the data is picked up and 

repeated by other users or events. 

 Visualization—The term visualization is used to help Big Data get a complete view of data and 

discover data values. Visualization will be a key to making Big Data an integral part of decision 

making, accessible to a large audience, and thus will be of great use. 
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Big  data & Climate Change: Climate data is observational data that is preferred to represent typical 

conditions. Data collected from the meteorological center and various research products give valuable 

information to the world. Meteorological and related data is most often used for weather forecasting. Moreover, 

subsequent analyses of the climate data for various purposes lead to a significant development in numerous 

applications. However, the main concern in the use of collected climatological data is not to only describe the 

data but to formulate inferences from the data that are more helpful to consumers of climatological information. 

Statistical techniques are used to make inferences from raw climatological data. They serve as a bridge to fill the 

gap between raw data and useful information, and are used for examining data and climate models that are 

primarily used for climate prediction. As an example, statistical measures are used to find trends in 

climatological data such as the number of precipitation days. The World Climate Data and Monitoring 

Programme (WCDMP) is a program of the World Meteorological Organization‘s World Climate Programme 

(WCP) that facilitates the valuable collection and management of climate data and the observing of the global 

climate system. Climatologists use the term climate ―normals‖ to compare current climatological trends to that 

of the past and a normal climate is described as the average of a climate parameter  over a period. 

Big Data in climate change and healthcare: Big Data has a huge impact on the climate change and healthcare, 

which had not been explored until recently. How well merging of climate and health data impacts Big Data 

analytics is explained next. Researchers from IBM, the University of California, and Johns Hopkins University 

have developed smart Big Data analytical tools for public health to monitor the outbreak of dengue fever and 

malaria. They have come out with the latest distributed computing technology and mathematical skills on an 

open source framework. IBM scientists have also used existing vector borne disease models and the 

Spatiotemporal Epidemiological Modeler (STEM) tool with Big Data to develop new dengue fever and malaria 

models. Likewise, veterinary epidemiology researchers have used Big Data to model the spatial and temporal 

epidemiological analysis of animal and human health risks. 

Associations between climatic conditions and infectious disease incidence may be observed at a range of spatial 

and temporal scales, but associations alone do not indicate causal links. Establishing causality requires 

identifying whether the association is consistent with a hypothesized mechanism. There are a wealth of potential 

mechanisms linking climate and infectious diseases, which differ across ecological aspects of the human–

pathogen interaction, including route of transmission. Infectious diseases may be directly transmitted via 

airborne particles or fomites (e.g. influenza), or indirectly transmitted via food, water (e.g. cholera) or a vector 

(e.g. malaria, dengue), and could potentially involve non-human reservoir species (zoonotic pathogens, e.g. 

hantavirus). 

The scales of variation delineated have the potential to inform our estimates of the association between climate 

drivers and disease incidence. However, for communicable diseases (pathogens transmitted from person to 

person, either directly or indirectly), several factors make this challenging. First, the infectious process is 
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typically unobserved. Second, many infections are to some degree immunizing, meaning that one new infection 

both magnifies transmission, but also depletes the pool of susceptible individuals, resulting in feedbacks in the 

transmission dynamics which can obscure climate signatures. 

III.BIG DATA ARCHITECTURE FOR CLIMATE CHANGE AND DISEASE DYNAMICS  

Lambda architecture is both scalable and reliable for real-time applications and it focuses on handling huge 

workloads and use cases. The Hadoop local file system is used in this study to implement the data ingestion 

block. Five  layers are associated with lambda architecture, namely, data ingestion block,batch layer, speed 

layer, serving layer and Visualization layer. Apache Hadoop MapReduce and Apache Hive are used to 

implement the batch layer. Batch layer tools are implemented based on a scalable incremental method that stores 

incoming data in a cluster of commodity hardware and highly available storage engine. The batch layer also 

provides replay mechanisms in case of breakdown in any node of the cluster. Implementation of the speed layer 

is based on Apache Hive streaming. Unlike the batch layer, if any of the nodes fail in the cluster, the speed layer 

does not provide any recovery mechanism; so it drops the previous data and works with the most recent data 

available. The serving layer merges the results from the batch and speed layers and responds to the user query. 

Apache HBase is used to implement the serving layer and ArcGIS 10.2 is used in this study for visualizing the 

results. This Big Data architecture mainly focuses on computing monthly average maximum temperature, 

minimum temperature, precipitation, wind, relative humidity, solar, and calculating the Pearson correlation 

coefficient between climate parameters and number of dengue infections. A number of data sources are 

elaborated in the data ingestion block. Normally data ingestion blocks are classified into four different types, 

namely, batch files, database data, rotating log files, and data streams. The data ingestion block can be used for 

storing and handling climate and health data. District wise monthly dengue cases are stored in the Hadoop 

cluster nodes using Hive. Daily climate parameters like date, latitude longitude, elevation, maximum 

temperature, minimum temperature, precipitation, wind, relative humidity, and solar are collected from multiple 

weather stations and stored in the Hadoop cluster nodes. The weather station normally generates unstructured 

data.Hive is used to preprocess the comma-delimited values and it stores the huge size of rows into the Hadoop 

cluster nodes. Hive stores both climate and health data in a table format and MapReduce programming is 

applied. In the batch layer, monthly mean maximum temperature, minimum temperature, precipitation, wind, 

relative humidity, and solar are calculated using MapReduce algorithm and the result will be stored in the Hive 

table. The monthly average climate parameter table and monthly dengue case table can be merged into a single 

table using Hive. Finally, the Pearson correlation coefficient can be calculated using built-in function corr() of 

Hive. The serving layer uses HBase to store Hive results as a column-oriented table. Batch views will be 

generated every hour to update the current climate and disease status.To process the real-time climate data 

coming from multiple weather stations, the speed layer uses Hive Streaming. Using the Hive Streaming 

algorithm the average climate parameter value for most recent data is calculated. Finally, batch views and real-

time views are combined to answer the user up-to-date queries. The visualizing layer has been developed based 
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on the ArcGIS 10.2 Hive connecter. Hive results are in the form of a table that consists of the Pearson 

correlation coefficient between the dengue cases and climate parameter, latitude and longitude for the specific 

location. Using latitude and longitude for each location, the correlation coefficient between the climate 

parameter and dengue cases are displayed in ArcGIS 10.2 for better and quick understanding. 

 

Figure 2(Lambda Architecture of Big Data) 

 

IV.CONCLUSION:  

To evaluate the impact of climate change on the incidence of infectious diseases, we must move beyond 

identifying simple correlations and statistical associations between climatic variables and incident cases of 

disease to identifying the underlying causal mechanisms. Just as the methods used for weather forecasting differ 

from those used for long-range climate projections, different methods are needed to make out-of sample 

predictions about future trends in incidence under climate change. Traditional statistical approaches are useful 

under certain conditions  for exploratory analyses, and even for short- to medium-term forecasting. However, 

more mechanistic modelling approaches are needed if climatic drivers impact the transmission of infection from 

infected to susceptible hosts. Epidemiologists can take cues from the climate modelling community by seeking 

to better understand and incorporate the underlying properties that influence the observed behaviour of the 

climate–disease system, and by routinely testing an ensemble of models by retrospectively comparing and 

validating models against data. It mainly focuses on computing monthly average maximum temperature, 
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minimum temperature, precipitation, wind, relative humidity, and solar, and calculating the Pearson correlation 

coefficient between climate parameters and number of dengue infections. 
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