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This thesis proposes an loT-enabled data visualization and analysis system for
enhancing the educational experience in water quality monitoring. The system
utilizes modern loT technologies to collect, store, visualize, and analyze environ-
mental data, with a focus on air quality metrics such as temperature and humidity.
Through integration with platforms like ThingsBoard and Grafana, real-time mon-
itoring, predictive analytics, and comprehensive data analysis are made possible.
The thesis presents detailed descriptions of the system architecture, hardware
components, software components, data collection and storage processes, data
visualization and analysis results, and a comparison between existing and pro-
posed solutions. Future work is outlined, suggesting for further enhancement and
adaptation of the system for water quality monitoring. Overall, the thesis utilizes
IoT technologies in environmental monitoring, with the potential to significantly
improve data accuracy, real-time monitoring capabilities, and prepare students
for industry practices.
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ABBREVIATIONS AND TERMS

DO= Dissolved Oxygen

PH= Potential of Hydrogen

loT=Internet of Things

LoRa=Long Range

LPWAN=Low-Power Wide Area Network

WQ= Water Quality

RPI= Raspberry Pi

Arduino=An Open-source platform for electronics projects, combining hardware
and software for easy prototyping and programming.

Arduino Uno= A popular Arduino board featuring a user-friendly design, based
on the ATmega328 microcontroller. It is compatible with various sensors and
actuators.

NodeMCU = An open-source firmware and development kit tailored for loT ap-
plications. It uses the ESP8266 or ESP32 Wi-Fi module, allowing devices to

connect to the internet.



1 Introduction

Effective monitoring and analysis of water quality plays an important role in the
field of water engineering, especially in small-scale wastewater treatment sys-
tems. At TAMK's Water Engineering Department, a specific course is designed
to equip students with practical knowledge and skills for collecting and analysing
data related to water temperature, DO, and PH.

Currently, students in the course use Arduino and a Real-Time Clock (RTC), to
gather data from various sensors and store it on an SD card. The data is then
visualized using Microsoft Excel. While this method is valuable, there is a growing
need for a more advanced and reliable approach that incorporates with modern
IOT technologies. These technologies would enable continuous data visualiza-
tion and analysis.

The goal of this thesis is to enhance the course provided by TAMK's Water Engi-
neering Department. Through this study, will propose implementations of an loT-
enabled data visualization and analysis system. Specifically, will review relevant
literature and articles to demonstrate how water quality data analysis and visual-
ization can be conducted using modern technologies and platforms. An example
case will be presented, showcasing the utilization of popular cloud technologies
such as ThingsBoard, InfluxDB, and Grafana for data visualization and analysis.
This approach aims to provide students with hands-on experience in monitoring

and analysing loT data.

1.1 Internet of Things (loT) and Its Applications

loT in the context of water quality monitoring refers to the integration and utiliza-
tion of electronic sensors, communication technologies, and data processing ca-
pabilities to establish a comprehensive and real-time monitoring system for as-
sessing and managing water quality. (Jiao & Liu, 2018)

The LPWAN technologies, such as LoRa, offer a solution by enhancing monitor-
ing accuracy and efficiency. Traditional 10T technologies face various limitations,
including the need for a continuous and stable power source, limited communi-
cation ranges that make it challenging to cover expansive areas or remote loca-
tions, scalability issues when accommodating many devices or sensors, and

higher costs associated with deploying and maintaining loT systems. However,
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LoRa's advantages in terms of low power consumption, long-range communica-
tion, and cost-effectiveness make it a promising choice for water quality monitor-
ing. (Jiao & Liu, 2018)

One notable application of loT technology involves the integration of wireless
sensor networks with IoT devices like NodeMCU. This integration enables the
continuous collection of data from a range of WQ parameters. In a specific study
(Ajith et al., 2020), an loT-based system was developed, incorporating a network
of sensors and wireless communication devices to monitor parameters such as
pH, humidity, temperature, and pollutant levels in real-time. These sensors trans-
mitted the collected data to a cloud-based platform using loT devices like
NodeMCU, facilitating remote access and analysis. By using loT technology, this
system ensured the prompt detection of water contamination, offering a cost-ef-
fective, eco-friendly, and efficient solution to address environmental concerns
and enhance water resource management. This application of IoT in WQ moni-
toring has the potential to significantly improve environmental practices and prove
invaluable in various related fields.

Another WQ system (P. Baskaran et al.,2019) utilized sensors to continuously
measure key parameters like temperature, pH, turbidity, and conductivity in real
time. The collected data is processed by an RPI B+ model, and cloud computing
is employed to make this information accessible via the internet. Machine learn-
ing, particularly Naive Bayes classification, is integrated into the system for auto-
mated assessment of water quality levels based on pH and turbidity values. This
loT system showcases how the synergy of sensor data, cloud computing, and
machine learning can provide high-frequency, automated monitoring of water

quality, offering potential solutions for safe water supply challenges.

1.2 Data Visualization Techniques and Tools

1.2.1 Static Visualization

Static visualization is a commonly used technique for presenting data in various
fields including scientific research, business analytics, and information technol-
ogy. It involves creating graphical representations of data that do not allow for
user interaction, providing a fixed view of the information. Static visualization

holds an author-driven approach, where the presentation of data is
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predetermined and does not allow for the reader or viewer to interact with the
data. (Mahajan & Gokhale, 2018)

One commonly used technique is a graphical static visualization, which focuses
on presenting a single view of the selected data story. This approach provides a
concise and clear representation of the data and is well-suited for small-sized
datasets. Another popular technique is the use of charts and graphs to represent
the data visually. These visual representations can include bar charts, line
graphs, pie charts, and scatter plots, among others. These static visualizations
allow for a quick and easy understanding of the data, as they provide a visual
summary of the information. (Mahajan & Gokhale, 2018)

Static data visualization tools play a crucial role in presenting loT data collected
from sensors and devices in a meaningful and understandable way. Among the
prominent tools, Tableau has been widely adopted due to its user-friendly inter-
face and extensive data integration capabilities (Tableau, 2023). Similarly, Power
Bl by Microsoft is recognized for its robust data visualization features, making it
a popular choice for loT applications (Microsoft, 2023). Another tool is D3.js, a
JavaScript library that offers flexibility and customization in creating static visual-
izations for loT data (Bostock et al., 2011). These tools allow us to create static
visualizations, such as charts, graphs, and dashboards, that provide insights into

historical l1oT data, facilitating informed decision-making and trend analysis.

1.2.2 Dynamic Visualization

Dynamic data visualization in 10T is essential for gaining insights into rapidly
changing data streams (Mahajan & Gokhale, 2018). Grafana, an open-source
software, has emerged as a popular choice due to its flexibility and ease of use.
Grafana allows users to create dynamic dashboards that connect to various data
sources, making it suitable for visualizing real-time sensor data and loT metrics
(Grafana Labs, 2023). Additionally, InfluxDB, often integrated with Grafana,
serves as a time-series database optimized for storing and querying time-sensi-
tive 10T data, thus complementing the dynamic visualization process (InfluxData,
2023).

The need for real-time analytics in 0T applications has also led to the adoption
of Apache Kafka and Apache Flink. Apache Kafka is an industry-leading platform
for real-time data streaming, known for its capabilities in efficiently handling large
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volumes of IoT data through distributed event streaming (Abhishek K. S,2023).
On the other hand, Apache Flink is a versatile stream processing framework that
plays a pivotal role in empowering loT practitioners to react swiftly to critical
events. This robust open-source tool excels at handling complex event pro-
cessing and offers dynamic visualization capabilities (Gebis, W.,2022).
Furthermore, advancements in edge computing have had a profound impact on
dynamic loT visualization. Edge devices, equipped with processing capabilities,
can preprocess and filter data at the source, reducing the volume of data trans-
ferred to central servers. This localized processing enhances the efficiency of
dynamic visualization tools and minimizes latency in critical applications (Shi et
al., 2016).

Mainly, the choice of tools and techniques depends on the specific requirements
and objectives of 0T applications, emphasizing the need for continuous explora-

tion and adaptation in this rapidly evolving field.

1.3 Data Analysis Techniques

The analysis of WQ is reliant on various statistical techniques. Commonly em-
ployed descriptive statistics, such as mean, median, and standard deviation, en-
able the comprehensive presentation of water quality data (Helsel and Hirsch,
2002).

Advanced machine learning algorithms, such as multiple linear regression, gra-
dient boosting, Lasso regression, Support Vector Machines (SVM), decision
trees, and Artificial Neural Network (ANN), are adopted to predict and classify
water quality based on key parameters including temperature, pH, turbidity, and
coliforms. These data analysis techniques are instrumental in not only assessing
water quality but also in enhancing water quality management practices, ulti-
mately contributing to more efficient monitoring, and reduced associated costs.
(Azrour et al.,2021)

Time series data analysis techniques, including ARIMA, SARIMA, and the
Prophet model, are effective tools for forecasting water quality trends over time.
These techniques allow for the identification of patterns and prediction of future
water quality conditions, contributing to more accurate and timely decision-mak-

ing processes (A. P. Kogekar et al.,2021)
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In addition to these techniques, the integration of Geographic Information Sys-
tems (GIS) has been instrumental in the spatial analysis of water quality param-
eters. By overlaying the results of laboratory analyses onto the study area shape-
file, GIS has enabled the creation of spatial variation maps, allowing for a visual
representation of the distribution of key parameters such as Total Dissolved Sol-
ids (TDS), Electrical Conductivity (EC), and pH across different regions of the
reservoirs. This approach has facilitated a more comprehensive understanding
of the spatial patterns and has aided in the identification of areas with potential

contamination or variations in water quality parameters. (Oseke et al, 2021)

1.4 loT Data Visualization and Analysis Stack

1.4.1 ThingsBoard

ThingsBoard is an open-source |oT platform that enables users to collect, store,
visualize, and analyze data from loT devices. It is suitable for data visualization
and analysis, particularly for water quality data, due to its powerful features and
flexibility that cater to various needs within the water metering industry. Its
applicability lies in its ability to facilitate real-time data visualization, reliable data
collection, and seamless integration with various loT devices. Specifically, for
water quality data, it can provide insights into water consumption patterns, identify
anomalies, and facilitate prompt action through its alarm and notification systems.
(ThingsBoard, 2023)

In the context of WQ data visualization and analysis, ThingsBoard stands out as
a comprehensive and robust platform for numerous reasons. First, it ensures the
reliable collection of data from loT devices and sensors, thus maintaining the
accuracy of water quality data. Its powerful rule engine facilitates the processing
of data, enabling the generation of alerts and valuable insights for prompt
responses to potential water quality issues. Moreover, the platform's advanced
visualization capabilities empower users to create interactive dashboards that
offer real-time and historical data, aiding in the identification of trends and
anomalies. Customizable end-user dashboards further facilitate the easy sharing
of monitoring results, tailored to specific requirements. Offering both on-premises
and cloud deployment options, ThingsBoard provides users with deployment
flexibility that suits their infrastructure and security needs. It also enables remote



11

control and over-the-air updates for loT devices, ensuring seamless management
and maintenance of water metering solutions. With its scalability and high
availability, ThingsBoard efficiently handles large-scale deployments, making it
suitable for projects involving numerous water meters. The platform prioritizes
data security, employing industry-standard encryption algorithms during data
transfer to safeguard sensitive water quality data. Its multi-tenancy support allows
for the efficient management of multiple customers, tenants, and devices,
catering to the needs of diverse stakeholders within the water quality sector.
Additionally, ThingsBoard's compatibility with various connectivity options for loT
sensors, including LoRaWAN, SigFox, and NB-IoT, makes it a versatile solution
compatible with a wide range of water metering devices. Collectively, these
features make ThingsBoard an ideal solution for effective water quality data
visualization and analysis, presenting a comprehensive and versatile tool for

research and implementation purposes.(ThingsBoard, 2023)

%Thlﬂgﬁ%ﬁ%rd Total (© History - Current week (Mon -Sun) | UTC

ANALYTICS DEVICES ALARMS SETTINGS

+ 1768464.12 m* 6045739.06 m*
WMO000125

- 3 Consumed per day Consumed per current week

WHO000124 Active Alarms a=m:
@

v
Created time Originator Type Severity Status

WMQ000123

No alarms found

Water Consumption

== Daily Consumption 604126312 m*

Picture 1: Water Metering Dashboard Tamplate (ThingsBoard,2023)
1.4.2 Grafana
Grafana is a widely used open-source analytics and monitoring software that

serves as a user interface (Ul) for visualizing and understanding time-series data.
With its user-friendly interface and extensive customization options, it has gained
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popularity in various fields, including data analysis, system monitoring, and loT
applications. One of the key features of Grafana is its ability to integrate with
multiple data sources, such as databases, cloud services, and loT platforms,
allowing users to consolidate and analyze data from diverse sources within a
unified dashboard. Grafana primarily retrieves data from connected databases

and other sources to generate visualizations and insights (Grafana Labs,2023).

Regarding the integration of data from different sensors and monitoring devices,
Grafana does not directly support sensors but rather acts as a dashboard where
data gathered from sensors and devices is displayed and analyzed. Users can
connect Grafana to databases or other data repositories where sensor data is
stored, enabling comprehensive real-time analysis and visualization. The
interactive dashboard features of Grafana enable users to monitor trends and

anomalies efficiently, facilitating comprehensive analysis and decision-making

based on sensor data (Grafana Labs,2023).
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Picture 2: Example Of Using Grafana for Realtime Water Quality Data visulization
(Chen et al., 2018)

1.4.3 InfluxDB

InfluxDB is a high-performance, open-source time-series database designed for
efficiently storing and retrieving large volumes of time-stamped data. Its robust
architecture and optimized storage format make it well-suited for handling water
quality data collected from loT devices. InfluxDB integrates seamlessly with
Grafana, enabling users to utilize its querying capabilities for data analysis and
visualization.It uses compression techniques and retention policies that allow for
long-term storage of historical data while maintaining fast query performance.
This makes it suitable for storing water quality data over extended periods,
enabling retrospective analysis and trend identification. InfluxDB also provides
data aggregation and downsampling options, allowing users to efficiently analyze

large datasets and extract meaningful insights (InfluxData, 2023).

1.5 Examples of IoT Devices for Water Quality Monitoring

Arduino stands out as a widely utilized microcontroller enabling the integration of
diverse sensors crucial for water quality assessment, such as temperature, pH
levels, dissolved oxygen (DO), and conductivity. Keshipeddi's work (2021) em-
ployed Arduino Uno and NodeMCU as microcontrollers to interface with sensors
for water quality monitoring. The system, encompassing pH, temperature, and
soil moisture sensors, processes data through Arduino Uno before transmitting it

to NodeMCU, which serves as a core controller for data transfer to a web browser.
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Picture 3: Block diagram of loT Based Smart Water Quality Monitoring System
(Keshipeddi et al. ,2021).

In another study, Hamid et al. (2020) introduced a Smart Water Quality Monitoring
System (SWQMS) tailored for public swimming pools. The loT device comprises
NodeMCU, integrated with an ESP8266 Wi-Fi module; a pH sensor with built-in
LEDs for power indication; a DS18B20 digital temperature sensor; and an loT
platform, Ubidots, for data upload and visualization. This system enables real-
time monitoring of pH levels and temperature in swimming pool water, featuring
automated pH regulation through water pumps to promptly maintain water quality.
The device offers an efficient and cost-effective alternative to conventional man-
ual monitoring methods.

Additionally, Salleh et al.'s research (2022) proposes an loT-based system ad-
dressing water overflow challenges faced by households. The system utilizes an
HC-SRO04 Ultrasonic Sensor connected to a NodeMCU ESP8266 microcontroller
to monitor water levels in tanks in real-time. The Blynk App on a mobile phone
serves as the interface, displaying water percentages and eliminating the need
for manual checks. Emphasizing the importance of water conservation, the low-
cost system contributes to efficient monitoring, with potential future enhance-
ments including the incorporation of turbidity elements for comprehensive water
quality assessment.

These examples highlight how microcontrollers are utilized in loT water quality
monitoring, enabling data processing, connectivity, integration, control, and en-

ergy efficiency.
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2 Methodology

21 System Architecture

As an example, a small loT device is utilized, which measures air quality metrics

such as temperature and humidity. In implementation, the main objective was to

provide loT enabled data visualization and analysis.

Data Visualization and Analysis

ThingsBoard Dashboard

Grafana I Grafana Dashboard

Data Cellection and Storage

Arduino IDE ThingsBoard
—] TimescaleDB

Software Components

InfluxDE Cloud Buckets

Secure Transmission

ardware Components

Secure Transmission

ESP8266 NodeMCU

Pull-up Resistor

Picture 4: System Architecture for loT-Based Air Quality Monitoring and Data

Analysis.

2.2 Hardware Components & Block Diagram
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Data Tragsmission

Programming & Moniforing

Arduino IDE

Picture 5: Air Quality Measuring HW Block Diagram.

The DHT11 sensor is utilized for monitoring temperature and humidity. It operates
within a temperature range of 0°C to 50°C (32°F to 122°F) and a humidity range
of 20% to 80% (Zahid Ali, 2019). The sensor sends air quality data to the
ESP8266 NodeMCU microcontroller. Specifically, we utilized the Lolin D1 Mini, a
compact Wi-Fi development board based on the ESP8266 microcontroller. The
microcontroller processes this data and ensures signal stability with a pull-up re-
sistor. It connects to the internet via a router or access point using Wi-Fi. A com-
puter running the Arduino IDE is used to program the ESP8266 NodeMCU and
monitor data transmission, facilitating further processing and visualization of the

collected data.

Software Components
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In this section, we will explore the key software components used for visualizing

and analyzing data through the proposed cases.

2.3.1 ThingsBoard

ThingsBoard Cloud Platform

/ Root Rule[———>ThingsBoard
API e
Rule Engine
Custom
\ Rules
(optional)
Y =]
2
2
v ¥ =
N : ; Real Time Dashboard z
{:8 elemetry Reques .| TBmarT

A

| Broker — —
10T Device [ ——
Telemetry Response -—

..............................

TB Trendz Platform

Analytics

R
il

““““““““““““““““““““““““““

Picture 6: Proposed Architecture for IOT Data Visualization and Analysis Utilizing

ThingsBoard.

When an loT device sends out telemetry data, it undergoes a series of steps
within the ThingsBoard environment. Initially, the data is dispatched to the
ThingsBoard MQTT broker, where it is received and then processed by the
ThingsBoard server node. The server node, using the ThingsBoard API,
assesses and processes the incoming data according to predefined rules and
transformations. After processing, the telemetry data is stored using the
ThingsBoard API in the platform's dedicated data storage. Then the data is then
accessible through a dashboard, which retrieves and displays the information,

providing real-time insights and visualizations.
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2.3.2 InfluxDB and Grafana

10T Device

! InfluxDB Cloud |

i
HTTPSMAQTT!
'

Y

Bucket

18

Grafana Cloud

Data
Processing
(Flux Query)

Datasource

InfluxDB

Grafana Dashboard

Picture 7: Proposed Architecture for Data Visualization and Analysis Ultilizing

InfluxDB and Grafana.

We integrated an IoT device with the InfluxDB Cloud service and Grafana to

achieve effective data visualization and analysis. The loT device securely

transmits sensor data to the InfluxDB Cloud. Using the InfluxDBClient library, the

loT device establishes a secure connection to the InfluxDB Cloud, where the data

is securely stored.

Grafana serves as the visualization and monitoring layer, connecting to the

InfluxDB Cloud as a data source. Through Grafana's user-friendly web interface,

users can effortlessly create dashboards displaying real-time or historical sensor

data in various visual formats, such as charts and graphs.

Data Collection and Storage
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Picture 8: loT Data Collection and Storage for InfluxDB and ThingsBoard

In InfluxDB, the device establishes a connection to the InfluxDB server using
specified credentials. It creates data points containing sensor data along with rel-
evant tags and fields. These data points are then written to the designated In-
fluxDB bucket. If successful, the data is stored in the bucket. If writing fails, the
data points are buffered locally for later transmission. The device periodically

checks for stored data and attempts to send it when a connection is available.

In ThingsBoard, the device publishes telemetry data to the MQTT broker on a
specific topic. The ThingsBoard server node subscribes to that topic, processes

the incoming data, and stores it using the ThingsBoard API. This API facilitates
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efficient storage and management of the telemetry data within the ThingsBoard

platform.

Data Visualization and Analysis

2.5.1 Data Visualization

The ThingsBoard platform serves as the canvas for data visualization through
user-created dashboards employing widgets. These dashboards enable the
representation of real-time and historical sensor data using ThingsBoard API.
The visualization includes time-series line charts depicting trends and patterns,
along with total alarms triggered (see Picture 15).

While InfluxDB stores the data, the actual visualization takes place in Grafana.
Utilizing InfluxDB Cloud as a data source, Grafana dashboards showcase current
temperature and humidity. Visualization is extended to include minimum,
maximum, and average values, depicted in time series charts. Additional visual
representations like standard deviation and derivative analysis, offering a

comprehensive view of the data dynamics (see Picture 16).

2.5.2 Data Analysis

The collected temperature and humidity data were stored in an InfluxDB bucket.
Itis linked to Grafana for further analysis. The Grafana dashboard was configured
to calculate and display essential statistics, including the minimum, maximum,
average, and standard deviation of temperature and humidity. Time series charts
were utilized to observe trends and patterns over time. Additionally, derivative
charts were generated to analyze the rate of change in temperature and humidity,
providing deeper insights into the environmental dynamics (see picture 16). This
approach ensured a thorough and meaningful analysis of the sensor data.

Also, We utilized the ThingsBoard Rule Engine to monitor and analyze humidity
levels, generating alarms for unexpected values to enable real-time anomaly
detection. Additionally, we integrated Trenz Analytics within ThingsBoard to
provide predictive analytics, offering forecasts of humidity and temperature

trends. This combination of rule-based processing and predictive analytics
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enabled us to perform data analysis, enhancing our ability to understand, monitor,

and predict environmental conditions effectively (see picture 15 &17).
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3 Implementation
3.1 Hardware Setup

The hardware setup involves connecting a DHT11 sensor to an ESP8266
NodeMCU (Lolin D1 Mini) using additional components like a resistor, jumping

wires, and a breadboard.

RST LR
RST TX
AD RX
AD RX
Do - (]| g R1 1
DO 2 D1 vce
D5 ; D2 2 g
D5 ot D2 DATA 5
D6 3 D3 3 ==
D6 3 D3 NULL
D7 D4 4
D7 D4 GND
D8 GND
D3 GND
3V3 5V
W3 NpE—

Picture 9: Circuit diagram
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Picture 10 : IOT device to meaure temperature and humidity.

Developing the Data Collection and Storage System

After setting up the software (see Appendix 3), we used both InfluxDB and
ThingsBoard to efficiently capture and store environmental data. The ESP8266
microcontroller was programmed using the Arduino IDE and interfaced with a
DHT11 sensor to collect temperature and humidity data (see Appendices 1 and
2). Wi-Fi credentials were configured for both InfluxDB and ThingsBoard to ena-
ble the ESP8266 to connect to the internet.

For InfluxDB integration, the InfluxDB client library was included in the ESP8266
code to facilitate communication with the InfluxDB server. The device connected
to the InfluxDB server using the specified URL, organization, bucket, and authen-
tication token. Data points were created with relevant tags and fields to encapsu-
late sensor readings. Error handling mechanisms were implemented to buffer
data points locally if the initial write to the InfluxDB server failed, ensuring periodic
checks for sending buffered data once the connection was restored.

For ThingsBoard integration, the ESP8266 used the PubSubClient library to pub-
lish telemetry data to the ThingsBoard MQTT broker. The device connected to
the ThingsBoard server using the provided access token and periodically pub-
lished telemetry data, formatted as JSON, to the "v1/devices/me/telemetry"” topic.
Connection retries and error handling ensured reliable data transmission to

ThingsBoard.

Developing the Data Visualization and Analysis System

In the development of the data visualization and analysis system, dashboards
were created on ThingsBoard Cloud and Grafana Cloud. ThingsBoard widgets
were configured for real-time and historical sensor data visualization, while
Grafana offered a versatile range of visualization options. The implementation
included the incorporation of custom rules within ThingsBoard for enhanced data

analysis. In Grafana, flux query can be used for data visualization and analysis.

Integration of the System Components
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The integration process focused on ensuring communication between hardware
and software components. This involved verifying that the ESP8266 effectively
transmitted data to both ThingsBoard Cloud and InfluxDB Cloud. Additionally, the
configured dashboards in ThingsBoard and Grafana were examined to ensure

accurate reflection of real-time and historical sensor readings.
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4 Results and Analysis

4.1 Embedded Hardware and Software Result

After uploading code (appendix 1) to esp8266, the Arduino IDE's Serial Monitor
was used to display real-time temperature and humidity readings captured by the
DHT11 sensor. This provided immediate feedback on the sensor's performance
and ensured that the data was being accurately captured. Upon establishing a
connection with the ThingsBoard Cloud platform, a confirmation message was
displayed, indicating that the ESP8266 microcontroller successfully communi-
cated with ThingsBoard. It validates the connectivity and data transmission capa-

bilities of the device.

r
F
e e =l =

11:19:18.510

Picture 11: Arduino IDE serial monitor result for sending data to things board.

Then, the data received from the ESP8266 is showcased on the ThingsBoard

device’s latest telemetry, confirming that real-time data is being sent.
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Air Quality Monitoring

Device details
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Telemetry + Q
[] Lastupdate time Key * Value
[J 202311-0803:16:45 humidity T 37.0 []
[J 202311-0803:16:45 temperature 21.0 []

Picture 13: Air Quality Monitoring device in Things Board.

By uploading a new sketch (appendix 2) to the ESP8266, data was successfully

written to InfluxDB. Also, this ensures that the sensor data is captured.

3 )

Ouiput ~ Serial Monitor % ¥ @ =

D 2
R I R R e e A

NEW SKETCH

Picture 12: Arduino IDE serial monitor result for sending data to InfluxDB.

A dedicated InfluxDB Cloud bucket airCheck is used to securely store the sensor
data. By querying the database, it is possible to confirm the successful transmis-

sion and storage of data.
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Picture 14: Visual confirmation of successful data transmission in InfluxDB.

4.2 Data Visualization Results

The ThingsBoard Cloud dashboard presents a user-friendly interface with widg-
ets displaying real-time temperature and humidity data. Custom rules, including
alarms triggered by unexpected humidity levels, are visible on the dashboard.
The successful implementation of these visualizations enhances the user's ability

to monitor and interpret the loT device's environmental data.

Timeseries Line Chart B
(@ Realtime - last minut;

a Temperature

22°C

@ Humidity
Alarms a = m@B o

Gritieal Clesred Acknawledged

Gritieal Clesred Unscknowl edged

1 00D 0D OO

Picture 15: Data visualization in ThingsBoard.
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The Grafana Cloud dashboard shows a diverse set of visualizations, including
current temperature and humidity, minimum, maximum, and average values, time
series charts, standard deviation, and derivative analysis. This versatile dash-

board offers users a holistic view of sensor data.

Temperature

Picture 16: Data visualization in Grafana.
Data Analysis Results

Trenz Analytics in ThingsBoard uses Fourier transformation and average aggre-
gation on the last one week's data to predict the next 24 hours of humidity and
temperature. The screenshots reveal insightful visualizations, offering users a
forecast of humidity and temperature trends. This predictive analysis enhances
the system's capability to anticipate environmental changes, contributing to a

more proactive approach in decision-making.
Hurmidity Prediction EZ= Temperature Prediction

Picture 17: Predictive analysis using Trenz Analytics.
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In Grafana, additional data analysis is performed through standard deviation and
derivative calculations. Standard deviation visualizations provide insights into
data variability, helping identify periods of unusual sensor behaviour. Derivative
analysis captures the rate of change in temperature and humidity, offering valu-
able information on trends and transitions. These analyses, integrated into the
Grafana Cloud dashboard, contribute to a more comprehensive understanding of
the dynamics within the collected sensor data (see picture 16).

4.4 Comparison and Discussion of Results

This section compares the existing solution used in TAMK's Water Engineering

Department course with the newly proposed loT-enabled system and discusses

the results of its implementation.

Table 1: Comparison of Existing and New Solutions

Aspect

Existing Solution

New Solution

Data

and Retrieval

Storage

SD cards,

needing physical access

Relies on

to retrieve data.

Uses cloud platforms (e.g., In-
fluxDB, Thingsboard API) for
centralized and secure data

storage with remote access.

Data Visualiza-

tion and analy-

Utilizes Microsoft Excel

for static, manual visuali-

Implements dynamic dash-

boards on platforms like

sis zations. ThingsBoard and Grafana for
real-time interaction.
Scalability and | Limited scalability and | Designed for scalability and
Flexibility flexibility. adaptability to evolving needs.
Cost-effective- Lower initial costs but | Higher initial setup costs but

ing Experience

ern loT technologies.

ness higher long-term mainte- | more cost-effective over time
nance. due to remote monitoring.
Student Learn- | Limited exposure to mod- | Provides hands-on experi-

ence with modern |oT technol-
ogies, enhancing data visuali-

zation and analysis skills.

The discussion of results reveals the effectiveness of the implemented system in
loT-enabled data visualization and analysis for small-scale environmental moni-

toring. Both InfluxDB and ThingsBoard API demonstrated reliable data collection
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and storage, ensuring data integrity and accessibility. While ThingsBoard pro-
vided intuitive real-time visualization with customizable widgets and custom rules
for anomaly detection, Grafana offered diverse visualization options for compre-
hensive data analysis, including standard deviation and derivative analysis. The
integration of Trenz Analytics in ThingsBoard enabled predictive analysis, fore-
casting humidity and temperature trends based on historical data. Overall, the
system excelled in real-time monitoring, analysis, and prediction of environmental

conditions, offering valuable insights for informed decision-making.
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5 Conclusion

In conclusion, this thesis has presented a proposal for enhancing the educational
experience in water quality monitoring at TAMK's Water Engineering Department
through the implementation of an loT-enabled data visualization and analysis
system. The focus was on improving the existing methodology used by students
for data collection, visualization, and analysis by incorporating modern loT tech-

nologies.

The comparison between the proposed loT-enabled system and the existing
methodology highlighted significant advancements. The new system offers cen-
tralized and secure data storage, real-time interaction through dynamic dash-
boards. Moreover, it provides hands-on experience with modern loT technolo-

gies, aligning with the evolving needs of the water engineering field.

The successful implementation of the system demonstrated its effectiveness in
real-time monitoring, analysis, and prediction of environmental conditions, in the
context of air quality checking. While the example |oT device used was for air
quality monitoring, the principles and methodologies proposed in this thesis can

be adapted for water quality monitoring with minor modifications.

Overall, the thesis has laid a solid foundation for the integration of loT technolo-
gies into water quality monitoring. It has provided information for future research

and development in this area.
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6 Future Work

Moving forward, there are several ways for future work and research to be ex-
plored to further enhance the proposed system. Firstly, there is a need to adapt
the system specifically for water quality monitoring by modifying it to accommo-
date the integration of appropriate hardware components relevant to water quality
assessment. This may involve replacing the example loT device used for air qual-
ity checking with one tailored for water quality monitoring, thus ensuring the sys-
tem's applicability to the intended educational context. Integrating Wi-Fi modules
into the existing systems would eliminate the reliance on SD cards and RTC
clocks, streamlining data transmission and storage processes. This step would
not only enhance the system's efficiency but also make it more user-friendly and

aligned with modern loT practices.

Additionally, the exploration of additional sensors could enrich the system's ca-
pabilities by capturing a broader range of water quality parameters, such as pH,
dissolved oxygen, turbidity, and conductivity. By incorporating these sensors, stu-
dents would have access to more comprehensive data for analysis and decision-

making, thus enhancing their learning experience.

Furthermore, continuous improvement of the data visualization tools used in the
system is essential. Exploring new software platforms or developing custom vis-
ualization solutions tailored to specific educational needs would provide students
with more advanced and customizable visualization options, thus enriching their

understanding of water quality data analysis.

Lastly, conducting real-world evaluations of the adapted system in actual water
treatment facilities would be beneficial. Field trials and assessments would allow
for the assessment of the system's practical applicability and effectiveness in di-
verse environmental conditions. This real-world feedback would be invaluable for
further refinement and optimization of the system, ensuring its relevance and ef-
ficacy in preparing students for the challenges of the modern water engineering
field.
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APPENDICES

Appendix 1. C++ code for sending sensor data to ThingsBoard Cloud

#include <DHT.h>
#include <ESP8266WiFi.h>
#tinclude <PubSubClient.h>

#tdefine DHTPIN D2 // Digital pin connected to the DHT sensor
#define DHTTYPE DHT11 // DHT 11

DHT dht(DHTPIN, DHTTYPE);

const char* THINGSBOARD_HOST = "thingsboard.cloud";
const char* ACCESS_TOKEN = "4HCCTE9p©6d1m9UBMBMG" ;

WiFiClient espClient;
PubSubClient client(espClient);

void setup() {
Serial.begin(9600);
dht.begin();
Serial.println();
WiFi.begin("WIFI", "SSID");

Serial.print("Connecting");
while (WiFi.status() !'= WL_CONNECTED)
{
delay(500);
Serial.print(".");
}
Serial.println();

Serial.print("Connected, IP address: ");
Serial.println(WiFi.localIP());

client.setServer(THINGSBOARD HOST, 1883);
while (!client.connected()) {
Serial.println("Connecting to ThingsBoard...");
if (client.connect("ESP8266 Device", ACCESS_TOKEN, NULL)) {
Serial.println("Connected to ThingsBoard");
} else {

Serial.println("Failed to connect to ThingsBoard, retrying..

delay(2000);
}

}
}

")

37



38

void loop() {
delay(2000); // Wait for 2 seconds between readings

float temperature = dht.readTemperature(); // Read temperature in Cel-
sius
float humidity = dht.readHumidity(); // Read humidity as a percentage

Serial.print("Temperature: ");

Serial.print(temperature);

Serial.print(" °C, Humidity: ");

Serial.print(humidity);

Serial.println("%");

// Create a JSON payload with the temperature and humidity data

String payload = "{\"temperature\":" + String(temperature) + ",\"humid-

ity\":" + String(humidity) + ;

// Publish the payload to the ThingsBoard MQTT broker
client.publish("vl/devices/me/telemetry", (char*) payload.c_str());

// Wait for the publish operation to complete
client.loop();

}
Appendix 2. C++ code for sending sensor data to InfluxDB cloud server

#include <ESP8266WiFi.h>
#include <InfluxDbClient.h>
#include <InfluxDbCloud.h>
#include <DHT.h>

#define INFLUXDB URL "https://eu-central-1-1.aws.cloud2.influxdata.com"
#define INFLUXDB_TOKEN "Token"

#tdefine INFLUXDB ORG "c921803260fff"

#define INFLUXDB_BUCKET "AirQulity" //Bucket name

#define DHTPIN D2
#define DHTTYPE DHT11

#define TZ_INFO "UTC3"

InfluxDBClient client(INFLUXDB_URL, INFLUXDB ORG, INFLUXDB BUCKET, IN-
FLUXDB_TOKEN, InfluxDbCloud2CACert);
DHT dht(DHTPIN, DHTTYPE);

void setup() {
Serial.begin(9600);
dht.begin();
WiFi.begin("SSID", "PASSWORD");
Serial.print("Connecting");
while (WiFi.status() != WL_CONNECTED) {



delay(500);
Serial.print(".");
¥
Serial.println();
Serial.print("Connected, IP address: ");
Serial.println(WiFi.localIP());
timeSync(TZ_INFO, "pool.ntp.org", "time.nis.gov");

if (client.validateConnection()) {
Serial.print("Connected to InfluxDB: ");
Serial.println(client.getServeruUrl());

} else {
Serial.print("InfluxDB connection failed: ");
Serial.println(client.getlLastErrorMessage());

void loop() {
float temperature = dht.readTemperature();
float humidity = dht.readHumidity();
Serial.print("Temperature: ");
Serial.print(temperature);
Serial.print(" °C, Humidity: ");
Serial.print(humidity);
Serial.println("%");

// Create a data point for the sensor readings
Point dataPoint("dht11");

// Add tags and fields to the data point
dataPoint.addTag("location", "living room");
dataPoint.addTag("sensor_type", "DHT11");
dataPoint.addField("temperature", temperature);
dataPoint.addField("humidity", humidity);

// Write the data point to the InfluxDB server

if (client.writePoint(dataPoint)) {
Serial.println("Data written to InfluxDB.");

} else {
Serial.print("InfluxDB write failed: ");
Serial.println(client.getlLastErrorMessage());
// Store the data point in a buffer for offline sending
client.storePoint(dataPoint);

// Check if there are any stored data points to send
if (client.hasStoredPoints()) {
// Send the stored data points to the InfluxDB server
if (client.sendStoredPoints()) {
Serial.println("Stored data points sent to InfluxDB.");
} else {
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Serial.print("Failed to send stored data points: ");
Serial.println(client.getLastErrorMessage());

}
}

delay(10000);

}
Appendix 3. Software Setup

To enable seamless communication between the hardware components and
facilitate efficient data processing, the following software tools were utilized:

e Arduino IDE: Install the ESP8266 board support in Arduino IDE, select the
appropriate board (Lolin D1 Mini), and ensure the correct port is chosen for
programming.

¢ ThingsBoard Cloud: Set up an account on ThingsBoard Cloud, create a new
device corresponding to the ESP8266, and configure telemetry settings to
enable the transmission of sensor data to ThingsBoard.

¢ InfluxDB Cloud: Set up an InfluxDB Cloud account, configure a bucket to store
the data, and establish a connection with the ESP8266 to store the sensor
readings.

e Grafana Cloud: Create an account on Grafana Cloud, connect it to the
InfluxDB Cloud as a data source, and design dashboards showcasing real-

time and historical sensor data.

Appendix 4. Flux Query Samples used in making Grafana dashboard.

Calculate the rate of change of temperature over time:

from(bucket: "AirQulity")
range(start: -12h)

filter(fn: (r) r["_measurement"] "dht11" r["_field"]
"temperature™)
derivative(unit: 1s, nonNegative: true, columns: [" value"])

Fetches the most recent humidity reading from the "dht11" measurement within
the last 5 minutes:

from(bucket: "AirQulity")
range(start: -5m)

filter(fn: (r) r["_measurement"] "dht11" r["_field"]
"humidity")
last()




