
 

Abstract— The advent of increased storage capacity and 

computer processing power has made the collection of large 

amounts of data within a diverse array of fields not only possible 

but something of a necessity. In conjunction with this has been 

the increase and  and affordability of, collecting data from the 

world around us by connecting sensors with data storage. To 

unleash the potential within this “Bid Data” emerges the field of 

Data Science. The intersection of data, analysis, domain specific 

knowledge, and presentation. A key component of making the 

data and analytics accessible is the presentation, or Data 

Visualization. Within the field of Environmental Science, much 

raw data is being collected as well as shared on the Web. 

However, there are few examples where the data is being 

analyzed and visualized for the consumer. This study addresses 

that issue by investigating the topics mentioned above and by 

developing a web application with the capacity to visualize and 

analyze water temperature data with the intent of making it 

usefule for the scientific community and accessible for the casual 

user.  

Index Terms— Asynchronous, Big Data, Data Analytics,

Continuous Delivery, Data Smoothing, Data Visualization, data-

store, degree days, event-driven, ExpressJS, JSON, , mean, 

median, Model-View-Controller, moving average, NodeJS, 

Platform-as-a-Service,  rasterized, raw data, real-time data 

transfer, scalable-vector-graphics, statistics, time-series 

I. INTRODUCTION 

During the spring of 2017 a study [1] was carried out by a 

team of Computer Science students at Pace University. The 

study developed a temperature monitoring device using a 

microcontroller with attached sensors to collect air temperature 

and water temperature data from Choate Pond at Pace 

University. The collected data was sent over a Wi-Fi connection 

and stored in a database. In addition the study managed to 

present real-time data in simple chart format. In Section IV of 

their report, they mention “The next major development in this 

project is visualization of data in a controlled consistent 

environment”. That statement was adopted by another team of 

computer science students as their goal. 
In the fall of 2017 study [3] began to work on that “next 

major development” by integrating with the original system’s 

Database Management System (DBMS), a Cloudant Database 

[17] offered as a service on IBM’s Cloud Platform [19]. A 

platform-as-a-Service (PaaS). With the database configured to 

receive inputs from four different temperature sensors and each 

sensor  

sending data to the database in 10-20 minute intervals for an 

indeterminate amount of time, the goal of study [3] was to build 

a web-based tool capable of presenting the data in real-time as 

well as offering the user options on how they’d like to visualize, 

analyze, and explore the data.  

At the start of this study the framework for the web application 

has been built along with an interface that allows the user to 

select a date range, one or more sensors, and a graph type. The 

application is currently using locally stored data as its source 

and is limited to presenting the data as a line graph. The aim of 

this study is to build on the existing application by expanding 

the available data-set. Using the existing DBMS the team will 

create a database instance that will simulate a situation where 

data has been taken from a temperature sensor over the course 

of several years. Using this data the team will focus the web 

application so that it will populate a line graph based on selected 

metrics offered in the application interface.  

With this goal in mind this study faces similar challenges to 

those mentioned by study [3]. Perhaps the most obvious is the 

realization that, over time, sensors collect very large amounts 

of data, and therefore the management of “Big Data” must be 

taken into consideration. Another challenge is the visualization 

of the data. Related to both of the above this study will have to 

consider the type of data analytics that can provide relevant 

insight into the data. Intending to remain consistent with the 

notion of scalability mentioned by [1], additional challenges 

arise when considering how best to develop software that can 

allow for the implementation of features not yet imagined.  

II. RESEARCH

A. Big Data 

Today, systems like the one retrieving and storing data 

mentioned in study [1] are becoming more prevalent, popular, 

and accessible. As an example and on a very, very large scale 

IBM has joined forces with Rensselaer Polytechnic Institute 

(RPI) and the Fund for Lake George on the Jefferson Project at 

Lake George. Since 2013 the teams working on this project 

have managed to build the world’s most advanced 

environmental monitoring system [19]. These teams are using 

a sensor network that gathers more than nine terabytes of 

chemical and physical data annually from 41 instruments and 

36 locations around the lake. The instruments are collecting 

approximately 20 different indicators including water quality, 

water circulation and weather data [18]. 

The capacity to accomplish this kind of task is due in part to 

the increase of computer storage capacity coupled with the 
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increase of computer processing power [9]. In fact, over the past 

20 years, data storage has become more cost effective than 

paper for storing everything from documents, numbers, and 

diagrams to audio and more [9].  The result of this is lots of 

“Big Data”. 

As the IT research from Gartner defines “Big Data”, it 

consists of three V’s, all prefixed with “high”. There is high-

Volume, high-Velocity, and high-Variety [26]. To extend this a 

step further a fourth V, Veracity was added by Dr. Arvind Sathi 

in [25]. What makes it important is not so much its size, it is 

what we do with it [24]. 
Considering that statement, while taking a closer look at 

Gartner, one sees that the definition does not stop with the V’s. 

It also contains these keywords; insight, enable, and decision. 

Yes these V’s matter but let’s not forget what may be the most 

important potential buried within “Big Data”. It is what all those 

“V’s” ought to result in “enabling enhanced insight and 

decision making” [26].  Those keywords are particularly 

important to keep in mind when consider data analytics.  

B. Data Management System 

Study [1 Section II E] outlined its criteria and reasoning for 

selecting a DBMS for their work. While analyzing that code 

base it was discovered that the DBMS in use is Cloudant. This 

database is a NoSQL database-as-a-service offered on IBM 

Bluemix. This is an implementation of IBM's Open Cloud 

Architecture based on Cloud Foundry, an open source Platform-

as-a-Service (PaaS) [17].  
Cloudant is built on the Apache database CouchDB which is 

an open source JavaScript Object Notation (JSON) document 

store. As such, a user of this IBM service puts and gets data in 

JSON format. A developer communicates with this DBMS 

through the Cloudant HTTP API [17].  This team’s intention 

is to remain consistent with the existing system. In that sense 

there is no need to alter the system architecture. However, 

having connected to the existing databases and not being 

sufficiently satisfied with the amount or quality of the data, this 

team has decided to develop a database for simulation purposes. 

 What this means in relation to database management is that 

this study will connect to the existing DBMS but develop their 

own database within the system. The model for this database 

will be similar to those already developed by study [1]. It 

contains temperature data received from a body of water at a 

regular interval of one reading every 15 minutes. It contains 

date and time information as well. It differs in that this 

simulation database contains over 51,000 data points spanning 

2015-2017. The data this study has selected is freely provided 

by the Environmental Monitoring Program at the Cary Institute 

of Ecosystem Studies [4]. It was originally formatted in CSV. 

After the team reviewed and cleaned the data it was reformatted 

for this study into JSON objects or “documents” for uploading 

to the Cloudant simulation database.  

In an interview with Victoria Kelly [25] the team came to 

learn that the 15 minute interval between readings has become 

something of a standard within the Environmental Science 

community.  “Sticking to that standard allows newly collected 

data to be compared more easily to existing data sets. This 

simplifies greatly any attempt to combine datasets”. [25].  

C. Data Analytics 

The data that has been collected, and the data we will have 

access to, is known as “raw” data. It is simply a collection of 

temperatures taken at a specific time on a particular date at a 

specific depth in a particular body of water located at a specific 

place. This in and of itself might be useful if you wanted to 

know the water temperature in Choate Pond on October 25th, 

2016 at 4 feet. That however, does not tell you anything about 

how the various pieces of data relate. “In order for patterns and 

trends to be seen, data must be analyzed and interpreted first” 

[26]. An understanding of the potential within the data is also 

helpful for the analyses process. 

For this study understanding the kind of insight water 

temperature can provide is useful in determining the metrics to 

apply to the data. “Water temperature data can be used to 

monitor long-term changes in climate [25]. It can also be used 

“to predict biological and chemical activity in bodies of water” 

[25]. An example provided by Ms. Kelly [25] is this; 

ectothermic (cold-blooded) aquatic animals do not control their 

own body temperature. Their activity and wellness depends 

greatly on the temperature of the water they live in. 

Temperature extremes and severe changes in temperature over 

a short time period can imperil them. Ms. Kelly also mentioned 

that “water data, including temperature, may be used to judge 

the overall health of an ecosystem and real time temperature 

data allows scientists to predict when species will come out of 

hibernation, or begin their migration” [25]. Obtaining insight 

into questions about the overall health of an ecosystem, and the 

particular species that come out of hibernation, or the effect 

changes in temperature may have on aquatic life is where 

analytics can be applied.  

With this knowledge and the fact that the data occurs in a 

series of temperatures over time, it is common to “look at 

anomalies, or differences from a predefined reference value” 

[26]. Some ways of doing this might be to use the mean as a 

reference value and compare current temperatures with the 

mean within a certain time-frame as described by Legger et al. 

in “Data Analysis and Interpretation” [25]. Another reference 

value to consider is the median within a particular data range. 

A far more ambitious approach to consider would be an 

application known as Reanalysis described by Dee, Fasullo et 

al [8].   

This study has selected to use three metrics based on 

Max/Min and average temperatures since they allow scientists 

to obtain actual measurements of temperature. Daily 

Temperature Range (DTR) which is equal to Tmax – Tmin. 

This can be plotted as a line graph over the course of a month. 

This can be extended to obtaining the average DTR plotted 

over the course of a year.  This metric has implications for 

many aquatic animals who can only survive in water that has a 

consistent temperature. [5].  

Another metric provided by the application is Degree Days 

(DD). This metric uses a Tmax and Tmin for each day and a 

temperature T0 which is the temperature at which growth rate or 

development of a species occurs. The DD = (Tmax –Tmin)/2. 

In some cases, it has been found that when CDD (Cumulative 

Degree Days) reach a certain value, species come out of 

hibernation, or hatch, or perform some other cyclical event. For 

example when the cumulative degree days reaches 44 (degree 
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day base of 3 degrees C), assuming there is water for them to 

live in, the Spring Peepers will come out and start peeping. 

(Lovett 2013). Tracking which day that event occurs over 

several years, allows scientists to understand how the climate is 

changing and how that change is affecting species [5].  

Another technique used in many branches of science is 

known as Data Smoothing. The idea here is that meaningful 

messages or insights may be submerged in what otherwise 

appears to be confusing or noisy data. [15]. This can be 

achieved by plotting Tmax for each day in a month and plotting 

Tmin for each day in a month then plotting a moving average 

over a year’s worth of temperature data [15].    

Whatever the methods chosen for data analysis, one is 

confronted with this classic question, “how to turn a collection 

of measurements into a useful dataset through processing and 

analysis?” [26].  

D. Data Visualization 

From the previous section we learn that “Big Data” and “Big 

Data Analytics” can be a very powerful tool for gaining insight 
into very large sets of data, “But without the right framework 

for understanding it, much of that knowledge may go 

unrecognized” [6]. What then is the “right” framework? Ms. 

Clark asserts that “it’s data visualization that allows Big Data 

to unleash its impact”. One reason for this is that it helps the 

non-technical professional comprehend, gain insight, and 

support their decisions. It is quick, easy [13]. At its best, “you 

can take the concept a step further by using technology to drill 

down into charts and graphs for more detail, interactively 

changing what data you see and how it’s processed“[13].  The 

general concept and its purpose as defined by SaS is this: 

“Data visualization is the presentation of data in a 

pictorial or graphical format. It enables decision makers 

to see analytics presented visually, so they can grasp 

difficult concepts or identify new patterns. “[29] 

At its core data visualization is really nothing new. It is the 

graphical representation of information.  In Michael Friendly’s 

book “A Brief History of Data Visualization” he places the 

roots of the “graphical portrayal of quantitative information” 

before the 17th century with early maps and diagrams [11]. 

What’s new is the manner in which we go about visualizing 

data. We’re no longer using just the paper and pen but have 

managed, through computer technologies, to achieve the same 

goal in a different way. One more suited to the needs of our 

time.  
By now we’re all accustomed to the weather map and our 

favorite meteorologists tracking weather regionally, nationally 

and globally.  This is a familiar example that demonstrates the 

visualization of “Big Data”. Another example would be the 

computer models used in the Jefferson Project witch reveal in 

high-definition changes in physical functions such as weather, 

run-off, and water circulation in Lake George [21].  For the 

human brain “using charts or graphs to visualize large amounts 

of complex data is easier than pouring over spreadsheets or 

reports” [29]. Data visualizations are a quicker, easier, and 

more universal approach for humans to grasp the meaning, 

implications, and concepts within the data sets.  
Yes, data visualization can be very beautiful but the real 

advantage is the insight into complex data it can help us grasp. 

Through data visualization one can more easily detect patterns, 

trends and correlations that might go undetected in text-based 

data [29].  

Though there are many choices on how to visualize data, bar 

charts, histograms, and scatter plots to name a few, this study 

will follow the advice given by Ms. Victoria Kelly, “Line 

graphs are the standard method of displaying data over time. 

They allow trends over time to be easily visualized” [25].  The 

old saying still stands, “A picture is worth a thousand words”.  

III. THE APPLICATION

A. Functional Requirements 

1. A default graph based on the most current data

received by the system will be presented to the user

upon entering the site.

2. The user will be able to select a date range for viewing

returned sensor data.

3. The user will be able to select up to three sensor

locations that they’d like to see represented in a graph.

4. The user will be able to select a metric from a set of

options.

5. The interface will respond dynamically to user

selections.

6. The user will be able to download their data selection

in CSV format.

B. Non-Functional Requirements 

1. The application will not require login authentication.

2. The application will be based on the model-view-

controller architecture.

3. The application should be functional on any device

capable of running the following web browsers IE9+,

Firefox 38+, Chrome 44+, and Safar 7+

4. The application must be deployed on a server that

supports NodeJS.

C. The Application Environment 

The application is deployed on IBM Bluemix as a web 

application. IBM Bluemix, is a Platform-as-a-Service (PaaS) 

and among the large catalog of services the platform provides 

are several open-source runtime environments, and developer 

tools such as continuous delivery [19].  In an effort to maintain 

consistency with the previous work, this study’s web 

application architecture utilizes many of the features offered by 

this platform. Fig.1 below illustrates the various services 

invoked once a user issues a request. In this web application 

step 5 is of particular interest. It is here that the application 

servers return a resource based on the invocation made by the 

web server software. Also of interest in this application are 

steps 9 and 10. If a request for data, such as data from the 

sensors, is made step 9 is the phase where connectivity to the 

database is made and step 10 is where the database is queried to 

generate the requested response. 
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Fig. 1 Environmental Sensing web app architecture based on IBM web 

Application Architecture [18] 

In step 4 and step 5 of Fig 1 the phase where our chosen 

runtime environment is invoked.  This study elected to use a 

NodeJS runtime environment with ExpressJS.  NodeJS is a 

JavaScript runtime environment and is built on top of Google 

Chromes open-source V8 JavaScript Engine [27]. The NodeJS 

architecture is built on an event-driven asynchronous I/O 

model. This kind of design optimizes throughput and scalability 

in Web Applications. It allows for many input/output operations 

and is therefore well suited to high traffic and real-time web 

applications [27]. This study is particularly interested in the 

benefits such an architecture provides for real-time data transfer 

as one requirement is providing this feature to the client.  

Within the model-view-controller (MVC) paradigm this 

application enforces, ExpressJS will take on the Controller role. 

It will handle request routes from the client’s View, manage the 

web server, and handle request/response calls to the Model 

which in this case the database. This study’s MVC model is 

illustrated in the Fig. 2. Note that it includes the communication 

between the Controller and the View. In a strict implementation 

of MVC, the View would always receive its updates from the 

Model.  

Fig. 2 Environmental Sensing MVC Architecture 

D. The Application View 

Rounding out the application’s MVC architecture is the 

View. This is handled by ExpresJS and includes the serving of 

standard web technologies such as HTML for the View 

structure, CSS for styling the View, and JavaScript (JS) for 

managing interactivity. The Particular front-end JS libraries this 

application will incorporate are JQuery and a data visualization 

API from Google known as Google Charts. Fig 3 Illustrates the 

application server with the NodeJS runtime and the 

implementation of ExpressJS. It also depicts the View exposed 

in the client’s browser. 

Fig 3. Environmental Sensing Web Application System 

E. Transforming the Data 

There are two cases where the application will need to 

request data from the data-store. The first case occurs whenever 

a user requests the application’s URL within a browser. This 

case returns to the view the most recent 24 hours of data from 

the database. The second is initiated by the user submitting a 

request with parameters. The optional parameters include a date 

range and a metric from a drop-down list. Fig. 3 illustrates the 

request/response sequence that occurs in the second case. 

Fig. 3. User Input Request/Response Sequence 
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In either case the request for data queries the Cloudant 

Database. It responds by returning a JavaScript Object in 

JavaScript object notation (JSON) format. A small single 

“document” returned from the simulation database in JSON 

format is depicted in Fig. 4. Note that the object is made up of 

a set of key/value pairs. If for example the key was “total rows” 

and had a value of 165. It would mean that the returned dataset 

contained 165 rows.  

The initial key in Fig. 4 is “_id”. This key is auto-generated 

for each new “document” added to the database. The following 

key “_rev” is a revision number. This key is auto-incremented 

each time a chance is make to this documents. The following 

key/values are “date” of the reade, the” hou_min” the reading 

was taken, the “location” and the “temp” in degrees Celsius. 

The values important for this study are the “temp”, “date”, and 

“hour_min”. It is this data that the study needs to extract and 

then transform within its application. 

Fig. 4. Sample sensor data from the data store 

F. Data Visualization Tools 

 The goal here is to present the temperature data in 

graph/chart format. In order to achieve this the application must 

be able to take the retrieved data, returned as a JSON object, 

parse it in such a way as to extract the time and temperature data 

we are interested in, run it through a metric algorithm,  and then 

manipulate it using some web based data visualization software. 

Visualizing data on the web using the web coding ecosystem 

of HTML5, CSS, and JavaScript came into its own when the 

major browsers began adopting the majority of the HTML5 

specification features around 20111[24].  
Currently there are many options for web developers to 

choose from in order to achieve this goal. This study considered 

3 of the top 14 open-source choices reported by “The Next 

Web” [32]. They include Data-Driven-Documents (D3.js), 

Charts.js, and Google Charts. Both Charts.js and Google Charts 

offer galleries of predefined chart types that can handle events 

making them highly interactive with very little coding required. 

Each also offers some measure of customization available to the 

developer. Google Charts is delivered through the Google 

Visualization API, and is exposed through JavaScript. The 

charts are rendered through the HTML5/SVG technology 

providing cross-browser support including VML for older 

version of IE as well as cross-platform portability for iPhones, 

iPads, and Android devices [12]. On the other hand Charts.js is 

a JavaScript library accessible through various methods 

including NPM installation or a GitHub repository [9].  It offers 

a smaller set of chart types and is similar to Google Charts in 

that the charts include some event handling such as tooltips out-

of-the-box. It differs however in its rendering method. Charts.js 

leverages the HTML5/Canvas element along with JavaScript 

rather than HTML5/SVG [9]. The <canvas> element in 

HTML5 defines a space where one can create and manipulate 

rasterized images pixel by pixel. It is a resolution-dependent 

surface. Scalable-vector –graphics (SVG) on the other hand is 

an XML file format designed to create vector graphics [11]. 

Unlike a resolution- dependent bitmap graphic where there is a 

risk of losing quality when the graphic is enlarged or displayed 

on a retina screen, an SVG graphic maintains its crispness when 

increased or decreased.  

Unlike the Google Charts or Charts.js, D3 offers no 

predefined chart gallery. It encourages the developer to build 

visualizations from the ground up. Like Charts.js this is a 

JavaScript library available through a CDN, NPM installation, 

or on GitHub [7]. D3 is based entirely on the familiar web 

coding ecosystem of HTML5/SVG, CSS, and JavaScript. This 

option offers the least amount of visualization restrictions on 

the developer and was designed with maximum expressiveness 

in mind [7].  

Table 1 compares the visualization tools considered for this 

study. In this application iteration the developers have selected 

to implement the Google Visualization API for its use of 

HTML5/SVG, its out-of-the-box readiness and as well as its 

cross-browser and platform capabilities.  

Table 1 

Comparison of the 3 data visualization tools considered 

{ 

  "_id": 

"004a912de0ed04e28155729893000c47", 

  "_rev": "1-

e1dcda2fd66958d251e67a46fdffda80", 

  "date": "4/17/2016", 

  "hour_min": 615, 

  "locations": [ 

    { 

  "name": "New York", 

  "temp": "7.97" 

    } 

  ] 

} 

Library Chart 
Types 

Interactive 
Events 

Customization 
Expressivity 

Rendering 
Method 

D3.js 
Data-
Driven-
Docume
nts 

No 
charts 
out-of-
the box 

Defined by 
developer 
on selected 
elements 
using JS 
event 
handling  

All aspects are 
customizable 
by developer 
using library 
methods, CSS,  
and pure 
JavaScript 

JavaScript, 
CSS & 
HTM5/SVG 

Google 
Charts 
API 

12 core 
chart 
types 
plus 16 
more 

Out-of-box 
tooltips + 
additional 
event 
handling 
through JS 
event 
handling   
functions 

Out-of-box. 
Customizations 
available 
through an 
options object. 
Some specific 
to each chart, 
others generic  

JavaScript, 
HTML5/SVG, 
VML for 
older IE 
browsers 
such as IE8  

Charts.js 9 core 
chart 
types  

out-of-box 
tooltips + 
standard  
JS  events 
passed into 
an options 
object as a 
string[]  

Customizati
on available on 
major  chart 
components 
such as colors, 
fonts, layout, 
legend, and 
ToolTips 

JavaScrip
t HTML5/ 
Canvas 
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G. About the Water Monitoring Analyzer 

The Water Temperature Analyzer presents the user with a very 

simple user-interface (UI) divided into four key sections. The 

header which contains the title, a top window section which 

contains the dashboard, the main window which presents the 

graph, and a download button that offers the option to 

download the data in CSV format. The key component is the 

dashboard which allows the user to select date range and 

options for metrics. Fig. 5 shows the default view with the 

most recent 24 hour period displayed.  

Fig. 5 View of the Application 

Once a user sets their options their inputs to the system are 

dynamically submitted. This action sends the selected inputs to 

a JavaScript function that first initializes the date range values, 

and the sensor value.  A post request is then initiated which 

sends these values to the database and returns the data within 

the selected date range. The code snippet below illustrates this 

post request. 

This request is passed to the application server and the 

database is queried with the requested values in JavaScript 

object. The code snippet below demonstrates this step. The 

object name is sql.  

The data array is sorted and then if its length is > 0 it is passed 

as part of the response object. If not, a “Data not found” 

messages is passed into the response object.  

The next function to be called is a loadchart() function. The 

first thing this function does is determine which metric was 

selected and sets a variable to hold this value. A getData() 

function which takes a callback with the temperature data as a 

parameter is then called. Here Google Charts is set to a line 

graph using the google.charts.load() function. At this point the 

application determines which metric algorithm to call by way 

of a switch statement within a Google Charts setOnLoad 

.Callback() function. A detailed example of this process can be 

found as sample 1 in the Code Sample document that 

accompanies this study.  

Each algorithm takes the temperature data as a parameter, 

and performs the required calculations on the data.  The Daily 

Temperature Range and Max/Min Temperature functions can 

be seen in the Code Sample document accompanying this study. 

Once completed a data table object is obtained from the Google 

Charts API. As shown in the snippet below.  

The first step in the process of building the chart is to add 

columns which will be used in the charts legend. For example, 

The function iterates through the length of the data stored in 

‘td’ and adds the data to the Google Charts API data table. The 

code snippet below demonstrates this process and can be seen 

in context in the pltoMaxTemp() function in the Code Sample 

document.  

At this point in the process options such as chart title, subtitle, 

height, and background color can be defined in a JavaScript 

object and the chart can been drawn. In this application this is 

handled with a custom draw() function. The details of this can 

be seen in the draw() function of the Code Sample document.  

A sample chart returned showing daily max/min 

temperatures between 1/1/2016-3/1/2016 can be seen in Fig 6. 

The legend on the right gives the color coding for max temp in 

blue and min temp in red. Note that the number “Records 

Returned” has been updated to reflect the total records in the 

db.find(sql, function(err, result){ 

If (err) throw err;  

If ( result.doc.length > 0 ) { 

for( var i = 0; i < result.doc.length; i++){  

// iterate over each result run checks and send 

back a response to the client 

} 

} 

} 

If(data.length > 0 ){ 

 res.json({ data: data, msg: ‘ ‘ }) 

 }else{  

res.json({ data: data, msg: “Data not found”} ) 

} 

draw(dat, td.length, ‘Choate Pond Temperuature 

Daily Max/Min Temp’, ‘Day’);  

$.post(“/get-data”, {db:db, from:fromDate, to: toDate, 

function(data, status) { return _callback(data); }); 

data.addColumn(‘number’, ‘Daily max’); 

Var data = new google.visualization.DataTable(); 

for(var I = 0; I < td.length; i++) { 
Td[i][0] = new Data(td[i][0]); 
data.addRow(td[i]) 

}
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data-set and that the data returned is available in tabular format. 

Also note that the x-axis represents time in days and the y-axis 

represents temperature. Fig. 6 also demonstrates that when 

hovering over a data point the chart displays a tooltip with the 

date formatted and time in hours, minutes, and seconds. The 

tooltip also displays the temperature at that point in degrees 

Celsius.  

Fig 6 line chart returned after submitting inputs 

IV Next Steps 

The current state of the application is receiving mock-data 

between 2015 and 2017 and presenting the data as a line graph 

through the Google Charts API. It also offers the user several 

metrics with which to view the data. The use of the mock-data 

has been useful for testing the interface as well as the analytics 

algorithms applied. However, the application has yet to be 

connected to a database that is receiving real-time time data 

from the sensors. Clearly a next step is to make this connection 

and test how well the application integrates with the system 

when receiving live data. This situation will raise questions 

regarding latency and maximum limits on the amount of data 

the application can reasonably consume.  

Beyond the above mentioned step, there are three additional 

features that may be taken under consideration for further 

development. One feature would include additional metric 

options for viewing the data. The second feature would be an 

option for viewing similar data from various locations, and a 

third as suggested by our client, Dr. Matthew Ganis, would 

allow the user to compare and combine the data received from 

the device with other relevant data-sets. An example of this, 

suggested to the team by Victoria Kelly [24], would be 

integrating with Geographical Information System (GIS) data. 

As she mentioned “Bodies of water can be used to understand 

the landscape they exist in”. The water exists within an 

ecosystem. “Adding information about changes in the 

landscape (such as human development), to the water data, 

could provide interesting insight into an ecosystem”.  

IV. CONCLUSION

The project does demonstrate that it is possible to build a 

single-paged web-based tool that incorporates responsive 

design and provides an easy to use solution for visualizing large 

data sets. In doing so it does meet the key requirement set by 

the client. To demonstrate the value of such a tool consider that 

the current application can display up to one month’s worth of 

records. Viewing even this amount of information in tabular 

format would, no doubt, present a challenge when trying to 

compare the various data points. Now imagine the difficulties 

of viewing three, six, or twelve months of readings in a table. 

The charts clearly make it easier for a user to study variations 

between temperatures and to draw conclusions from them. In 

this way, the application supports the notion that when it comes 

to gaining insight into big data, data visualization is the way to 

go [19].  

Related to the above is something this study noticed while 

investigating other organization that provides temperature data 

and visualizations. The team reviewed three organizations 

Hudson River Environmental Conditions Observing System 

(HRECOS) [16], Global Lake Ecological Observatory 

Network (GLEON) [14], and Beacon Institute for Rivers and 

Estuaries (BIRE) [2] whose water temperature project is 

known as (REON).  None of these sites provides visualizations 

of any statistical analysis. In order to see that, the data must be 

downloaded and the analysis run. Allowing a user to view an 

analysis directly saves them much work and allows the public 

to see what kind of analyses are used and what information 

they provide without having to do days of research first. The 

leads us to believe that there is a need for the kind of web-

based tool under development. It could be useful to the public 

as well as the scientific community.  

Finally, this application does reinforce the case for pursing a 

goal briefly mentioned to the team by Dr. Ganis. That goal is to 

offer the device as well as a visualization tool to educators 

interested in exploring “The Internet of Things” with their 

students.  
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