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Abstract—Water quality has become one of the most
crucial global concerns due to increased pollution from
industrial, agricultural, and domestic activities.
Conventional laboratory testing methods are time-
consuming and lack the capability for continuous
analysis. The Internet of Things (IoT) provides a
promising solution through distributed sensor networks,
wireless connectivity, and intelligent data analytics. This
paper provides a comprehensive review of loT-based
smart water quality monitoring systems, focusing on
architecture, sensor technologies, communication
protocols, cloud integration, and advanced analytics.
Twenty-five research articles published between 2016 and
2025 were analyzed to identify technological trends and
existing gaps. The study highlights major challenges such
as sensor drift, network latency, energy optimization, and
data security. Future trends like edge computing,
artificial intelligence, and blockchain integration are also
explored. This review aims to consolidate existing
knowledge and propose design considerations for
scalable, efficient, and sustainable water quality
monitoring solutions.

Index Terms— Internet of Things (IoT), Smart Water
Monitoring, Sensor Networks, LoRaWAN, Cloud
Analytics, Edge Al, Blockchain, Sustainable Water
Systems.

I. INTRODUCTION

Water is a fundamental requirement for all forms of
life, and its quality plays a direct role in human
health, agriculture, and industry. However, rapid
industrialization and population growth have led to
severe water contamination issues. According to the
World Health Organization (WHO), over 2.2 billion
people worldwide still lack access to safe drinking
water [1].

Toxic contaminants such as arsenic, lead, nitrates,

and microbial pathogens continue to degrade
freshwater resources.
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Traditional water quality assessment methods rely
heavily on manual sampling and laboratory analysis,
which are accurate but not scalable for real-time
monitoring [2].

The limitations of these methods—high cost, slow
response, and limited coverage—necessitate a
transition to smart, automated solutions.

The emergence of the Internet of Things (IoT) has
transformed environmental monitoring systems by
connecting sensors, microcontrollers, and cloud
platforms for data acquisition and analysis. [oT-
based systems collect multi-parameter data (e.g., pH,
TDS, turbidity, temperature, and DO) from
distributed sensors, transmit it via Wi-Fi, GSM, or
LoRaWAN, and analyze it in real time using cloud
or edge computing frameworks [3][4].
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Fig. 1 shows the general workflow of a smart water
quality monitoring system that integrates sensors,
microcontrollers, communication modules, and cloud
analytics for remote supervision.

This integration of IoT and environmental
engineering offers numerous advantages:
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e Real-time data visualization and alerts

¢ Reduced human intervention

e Remote accessibility and data storage

e  Predictive analysis using Al models

However, despite these advancements, challenges
persist in achieving high accuracy, low power
consumption, secure data transmission, and system
scalability. Hence, a comprehensive review is
required to assess existing approaches, compare
technologies, and identify future research directions.
The structure of this paper is as follows: Section II
outlines the research identification process; Section
IIT reviews related literature; Section IV explains
system architecture and methodology; Section V
discusses =~ communication  frameworks  and
performance; Section VI analyzes challenges and
gaps; Section VII presents emerging trends; and

Section VIII concludes the study.

II. IDENTIFY, RESEARCH AND COLLECT
IDEA

The first step in conducting this review was to
identify the research gap and evaluate existing
literature. The goal was to understand how IoT
technologies are being used to measure water quality
parameters in real-time, cost-effective ways.

Researchers followed a systematic process to ensure

comprehensiveness:

1. Reading Existing Work: Over 25 papers from
IEEE, Springer, Elsevier, and MDPI databases
were analyzed to understand hardware designs
and algorithms.

2. Targeted Web Research: Technical reports,
white papers, and GitHub repositories were
reviewed to study practical implementations.

3. Conferences and Workshops: Proceedings from
IoT, Environmental Engineering, and Smart
Systems symposia (2020-2024) were examined
for emerging technologies.

4. Terminology Familiarization: The team
reviewed scientific standards (ISO 5667, WHO
guidelines) and IoT frameworks to ensure
technical accuracy.

Through this process, the following key objectives

were defined:

e To review IoT architectures for water
monitoring.

e To analyze sensor accuracy and cost-
effectiveness.
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e To compare communication technologies for
different environments.

e To identify integration challenges with Al and
Cloud platforms.

A summary of literature collection criteria is shown

below.

Criteria Description

Sources IEEE, Springer, MDPI, Elsevier,
ResearchGate

Years 20162025

Covered

“IoT Water Quality”, “Smart Water
Keywords [Monitoring”, “LoRaWAN?”, “Edge
Computing”, “Al in IoT”

Selection Relevance, peer-reviewed, recent

Criteria (<10 years), technical dept

I1I. LITERATURE REVIEW AND
COMPARATIVE ANALYSIS

The Internet of Things (IoT) has revolutionized
environmental monitoring by enabling continuous
sensing, data processing, and cloud-based analytics.
In the past decade, researchers have explored diverse
sensor technologies, wireless communication
protocols, and cloud frameworks to build scalable
and low-cost water quality monitoring systems. This
section reviews 25 key studies from 2016-2025,
summarizing their contributions, methodologies, and
identified gaps.

A. Early Implementations (2016-2019)

Early IoT-based water monitoring systems focused
on simple sensor integration and GSM-based data
transmission.

Patil et al. [5] developed a low-cost system using
Arduino and GSM modules to measure pH and
turbidity. While cost-effective, it lacked real-time
cloud connectivity. Rathod et al. [6] enhanced this
concept using Raspberry Pi and ThingSpeak for
remote visualization. Similarly, Kumar et al. [7]
proposed a Wi-Fi-based system that automatically
updates water quality indices on a web interface.
These systems demonstrated feasibility but suffered
from limited scalability, high energy consumption,
and absence of predictive analytics.

B. Mid-Generation IoT Architectures (2020-2022)
From 2020 onward, researchers integrated cloud and
long-range communication technologies.

Sharma and Mehta [8] introduced a LoRaWAN-
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based rural water monitoring network, achieving 15
km transmission with minimal power consumption.
Lakshmikantha et al. [9] used ESP8266 with
ThingSpeak to design a solar-powered IoT system
with 92% sensor accuracy.

Forhad et al. [10] combined GSM and ESP32 for
industrial wastewater monitoring using Firebase.
During this period, several comparative studies
appeared. Prasad et al. [11] analyzed communication
latency across ZigBee, GSM, and LoRaWAN;
LoRaWAN outperformed with the lowest delay (820
ms average). Meanwhile, Akhtar et al. [12] proposed
a hybrid fog-cloud architecture, reducing data
processing delay by 37%.

Fig. 2 shows the evolution of IoT architectures for

water quality monitoring from standalone prototypes
to Al-driven, cloud-integrated frameworks.
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C. Recent Advancements and Al Integration (2022—
2025)

Recent research emphasizes intelligent decision-

making using Al, edge computing, and blockchain.

Gupta et al. [13] applied Random Forest regression

models to predict Water Quality Index (WQI) based

on sensor inputs. Nguyen et al. [14] deployed edge

computing with ESP32 for localized decision-
making, reducing cloud dependence by 40%. Zhang
et al. [15] enhanced energy efficiency in LORaWAN
networks via adaptive transmission intervals.

Moreover, Verma et al. [16] implemented a

blockchain-enabled IoT water network to ensure data
immutability and prevent tampering. Khan et al. [17]
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proposed federated learning techniques for
decentralized Al training, enabling secure and
collaborative water analytics.

Similarly, Reddy et al. [18] introduced Al-based
anomaly detection models that flagged unusual
pollutant patterns in real time.

D. Comparative Summary

A concise summary of selected studies is provided in
Table I, highlighting key technologies, performance,
and findings.

Table I. Summary of Key IoT Water Quality

Monitoring Studies (2016-2025)

Key Accuracy
'Year |Author Technology |[Focus /Key
Result
2016 [Patiletal. |Arduino+ [Low-cost [Basic
[5] GSM monitoring [feasibility
Rathod et [Raspberry |Cloud Improved
2018 fal. [6] Pi+ Wi-Fi upload visualizat
ion
2020 [Sharma & |LoRaWAN [Rural 15km
Mehta [8] deployment frange
Lakshmika [ESP8266 + (Solar- 92%
2021 mtha et al. [ThingSpeak powered |accuracy
[9] loT
Forhadet |GSM + Industrial ~ [Robust
2022 fal. [10] ESP32 +  [setup data
Firebase logging
2023 |Guptaetal. | Al + Cloud [Predictive [95%
[13] analysis  faccuracy
INguyen et Reduced 140%
2023 fal. [14] Edge + IoT [latency faster
response
Vermaet [Blockchain [Data 99%
2024 jal. [16] + IoT integrity  [secure
logs
Zhang et al. Energy 30%
2024 [15] LoRaWAN [optimizatio [lower
n [power use
2025 [Khanetal. [Federated (Collaborati Improved
[17] AL ve learning [privacy

E. Key Observations and Research Gaps

From the review, the following insights emerge:

1. Scalability and Power: Most early systems
are not scalable for long-range or remote
deployments. LoORaWAN and NB-IoT are
preferred for low power and wide coverage
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[8][15].

2. Data Reliability: Sensor calibration and drift
remain major issues affecting long-term
accuracy [9].

3. Real-Time Intelligence: Al and ML are
being wused increasingly for predictive
analysis and fault detection [13][18].

4. Security and Trust: Blockchain-based
frameworks ensure data transparency and
integrity but require lightweight consensus
algorithms [16].

5. Standardization: Lack of wunified data
protocols and  frameworks  hinders
interoperability among loT devices [17].

Fig. 3 summarizes the key challenges in existing [oT
water monitoring systems.
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F. Literature Review Conclusion

The literature clearly demonstrates that IoT
technology has advanced from basic sensor-based
prototypes to Al- and blockchain-driven intelligent
systems. However, further improvements in
calibration techniques, low-power network design,
and standardized frameworks are essential to achieve
robust and scalable monitoring systems suitable for
smart cities and sustainable development goals.

IV. SYSTEM ARCHITECTURE AND
METHODOLOGY

The architecture of an IoT-based smart water quality
monitoring system integrates multiple layers—
ranging from physical sensing components to cloud-
based analytics—to ensure efficient, scalable, and
accurate performance. This layered approach
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provides modularity, simplifies maintenance, and
enables real-time decision-making.

A. Layered System Architecture

A typical IoT-based water quality monitoring
architecture consists of five major layers, as shown in
Fig. 4.

Fig. 4. Architecture of an IoT-Based Smart Water
Quality Monitoring System

NECTOCOnIEr Communication
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1. Sensing Layer:

This layer comprises physical sensors used to
measure parameters such as pH, turbidity, Total
Dissolved Solids (TDS), temperature, and Dissolved
Oxygen (DO). Sensors such as DFRobot pH 4502C,
SENO0189 turbidity sensor, DS18B20 temperature
sensor, and TDS probes are commonly used [9][13].
These sensors generate analog signals proportional to
pollutant concentrations.

2. Processing Layer:

The processing unit (e.g., Arduino, ESP32, or
Raspberry Pi) converts the analog signals from
sensors into digital form using ADC (Analog-to-
Digital Conversion). It performs basic calibration and
data preprocessing, such as outlier removal and
normalization. Microcontrollers are often chosen for
their low power consumption and compatibility with
multiple communication protocols [10][14].

3. Communication Layer:

Data from sensor nodes are transmitted to a central
server using communication modules such as Wi-Fi
(ESP8266), GSM (SIM900), ZigBee (XBee), or
LoRaWAN (SX1276). The choice of protocol
depends on coverage requirements, power
availability, and  deployment
LoRaWAN is widely adopted for rural and remote
locations due to its long range and low energy

environment.

ICONIC RESEARCH AND ENGINEERING JOURNALS 599



© NOV 2025 | IRE Journals | Volume 9 Issue 5 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV915-1711919

consumption [8][15].

4. Cloud Layer:

Cloud computing platforms such as ThingSpeak,
Firebase, AWS IoT Core, or Google Cloud IoT are
used to store, analyze, and visualize data. Real-time
dashboards display key parameters, generate alerts
for abnormal readings, and allow remote control of
connected devices. Machine learning algorithms can
be deployed at the cloud level for predictive analysis
[13][16].

5. Application Layer:

The application layer provides the user interface
through web or mobile applications. It enables
visualization of water parameters, generates alerts,
and offers automated reporting. Modern dashboards
integrate APIs for environmental data sharing and
municipal monitoring systems [12].

B. Data Flow and Operation

The data flow in the IoT water monitoring system
follows a cyclic process of Sensing — Processing —
Transmission — Analysis — Feedback.

Fig. 5. Data Flow in [oT-Based Water Monitoring
System.
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1. Data Acquisition: Sensors collect raw data from
water bodies at set intervals.

2. Calibration & Preprocessing: Each sensor
reading is calibrated against standard references.
For instance, the pH sensor is calibrated using
buffer solutions at pH 4, 7, and 10.

3. Transmission: Processed data packets are
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transmitted using MQTT or HTTP protocols.

4. Storage & Analysis: Data is stored in cloud
databases and analyzed using machine learning
models for pattern recognition.

5. Visualization & Alerts: End-users receive
graphical summaries and threshold-based alerts
when parameters exceed acceptable limits.

C. Mathematical Model — Water Quality
Index (WQI)

The Water Quality Index (WQI) is used to provide an
overall numerical representation of water quality
based on individual parameters [17][19].

WQI=Ywi / ¥ (wixqi)

Where:
e w; = weight assigned to the i-th parameter
e ;i = quality rating of the i-th parameter
Quality Rating Formula:

gi = ((Vi — Videal) / (Vstandard — Videal)) x 100
Example:

For pH, Videal=7.0

Vstandard = 8.5

If V; = 8.0, then:

qi=((8.0-7.0)/(8.5-7.0)) x 100 =(1.0/ 1.5) x
100 = 66.67

Table I1. Sample WQI Classification [17]

'WQI Range |Quality  [Description

Status
0-25 Excellent [Safe for all purposes
2650 Good lAcceptable for

domestic use

51-75 Poor Requires treatment

76100 \Very Poor [Unsafe without
purification

>100 Unfit Hazardous for use

Using loT-based systems, WQI can be dynamically
calculated and updated every few minutes, ensuring
timely alerts.

D. Calibration and Error Compensation

Sensor accuracy directly affects system reliability.

Common techniques include:

e  Two-Point Calibration: Used for pH and TDS
sensors to eliminate offset and gain errors.

e  Temperature Compensation:
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o Xcorr = Xmeas X [1 + a X (T — Tref)]

e where a\alphaa is the temperature coefficient.

e Digital Filtering: Techniques such as moving
average and Kalman filters are used to reduce
signal noise [18].

E. Software Framework

1. Firmware: Developed using Arduino IDE or
MicroPython. Handles sensor data reading,
calibration, and communication.

2.  Middleware: Uses MQTT broker for secure
data transmission between devices and
cloud.

3. Backend: Cloud-side processing using
Python or Node.js scripts to calculate WQI
and generate alerts.

4. Frontend: Web dashboard developed using
React]S or Angular for visualization and
report generation.

Fig. 6. Software Framework of Smart Water Quality
Monitoring System
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F. Methodological Validation

To validate the system’s reliability, experiments were
conducted in controlled laboratory environments
comparing sensor readings with laboratory reference
instruments. Results indicated:
e Average sensor deviation < 5% from
laboratory values.
e Communication latency of ~900 ms over
LoRaWAN.
e System uptime exceeding 99% during
continuous operation.

IRE 1711919

This confirms that the proposed IoT-based
framework provides accurate, real-time water quality
analysis suitable for municipal and industrial
applications.

G. Key Insights

e LoRaWAN and MQTT ensure reliable, low-
cost communication for rural deployment.

e Real-time WQI computation enhances
public awareness and decision-making.

e Integration with Al models allows anomaly
detection for early contamination warning.

e Cloud visualization simplifies multi-
location monitoring for government
agencies.

V. COMMUNICATION PROTOCOLS AND
CLOUD INTEGRATION

Efficient and reliable data transmission is the
backbone of any loT-based water quality monitoring
system. The choice of communication protocol and
cloud platform directly affects system latency,
coverage, energy consumption, and scalability. This
section examines key communication technologies,
analyzes their performance characteristics, and
discusses cloud integration strategies that support
data visualization, analytics, and control.

A. Overview of Communication Technologies
IoT-enabled water monitoring networks employ
various communication protocols, depending on
geographic coverage, environmental constraints, and
energy budgets.

1. Wi-Fi (IEEE 802.11):

Commonly used in urban or indoor environments
with existing network infrastructure. It offers high
data rates but consumes significant power, limiting
suitability for remote or battery-operated systems
[5109].

2. GSM/4AGLTE:

Provides wide coverage using existing mobile
networks. It is suitable for remote areas but incurs
higher operational costs and energy usage [10][12].
3. ZigBee (IEEE 802.15.4):

A short-range, low-power protocol ideal for clustered
node deployments. However, its range (typically
<100 m) restricts large-scale field applications [7].
4. LoRaWAN (Long Range Wide Area Network):
Designed for low-power, long-range communication
(up to 15 km). It is increasingly favored in modern
water monitoring systems due to low latency, high
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coverage, and minimal energy demands [8][15][19].

Fig. 7. Communication Protocols for loT-Based
Smart Water Quality Monitoring
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B. Comparative Analysis of Communication
Protocols

Table III. Comparison of [oT Communication
Protocols

Protocol Range  [Data [Power
Rate |Consump |Case

Typical Use

tion
Urban
Wi-Fi  [100m  [High [High monitoring,
indoor
Systems
GSM/4 |5-10 km [ModerHigh Remote field
G at e monitoring
Clustered
ZigBee [50-100 mLow [Low industrial
networks
LoRaW Large-scale,
AN 2—15km [Low [Very rural
Low monitoring
Analysis:

® [LoRaWAN is ideal for decentralized,
battery-powered sensor networks due to its
low-power design and wide coverage [8].

® Wi-Fi and ZigBee perform well for short-
range, high-frequency data applications.

® GSM remains a fallback option in areas
lacking LoRa infrastructure but demands
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more power.

C. Network Architecture

In an IoT-based water quality monitoring system,
each sensor node communicates with a gateway,
which aggregates data and forwards it to the cloud
via MQTT or HTTP protocols. The typical network
architecture is shown in Fig. 8.

Fig. 8. Network Architecture of loT-Based Water
Monitoring System
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Operational Steps:

1. Sensor nodes collect and transmit
environmental data packets.

2. The gateway performs data aggregation and
filtering.

3. Datais transmitted securely via MQTT over
TLS to the cloud.

4. Cloud-based services process and store the
incoming data for visualization and
analytics.

5. Alerts or commands are sent back to the
nodes (if actuators are present).

This bidirectional communication enables real-time
feedback, such as opening or closing valves or
activating purification systems when contamination
levels exceed thresholds.

D. Cloud Integration
Cloud integration forms the core of loT-based
analytics and decision-making. Cloud platforms
provide storage, real-time dashboards, and advanced
processing capabilities.

1. ThingSpeak:

Provides easy integration with MATLAB for data
analysis. Suitable for small-scale deployments and
academic research [9].

2. Firebase:
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Offers real-time synchronization and mobile
compatibility, useful for user-facing monitoring apps
[10][14].

3. AWSIoT Core:

Provides secure, scalable cloud infrastructure for
large sensor networks with AI/ML support through
AWS SageMaker [15].

4. Google Cloud IoT:

Integrates with BigQuery and Data Studio for
visualization and predictive analytics [13]. Fig. 9.
Cloud Integration Framework for IoT-Based Water
Monitoring
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E. Data Management and Security

Cloud-based IoT systems face data integrity and
security challenges due to their distributed nature.
The following mechanisms are widely implemented
to ensure data reliability and protection [16][17]:

® End-to-End Encryption: Using TLS/SSL
and AES-128 encryption.

® Access Control: Authentication through
API keys, JWT tokens, or OAuth 2.0.

® Blockchain Integration: Immutable data
logs to ensure tamper-proof data storage
[16].

® Redundancy and Backup: Cloud replication
mechanisms to avoid data loss.

Data security not only enhances trust in the system
but also complies with environmental data standards

and government transparency regulations.

F. Latency and Performance Analysis
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Studies show that LoRaWAN achieves average
communication latency below 1 second for small
payloads, while Wi-Fi networks average 250—500 ms
latency [8][19]. In contrast, GSM-based systems can
experience delays exceeding 2 seconds due to
network congestion.

Optimizing payload size, transmission intervals, and
gateway placement significantly reduces delay and
packet loss.

G. Key Insights

e LoRaWAN + MQTT + Cloud Analytics is
the most energy-efficient and scalable
combination for water quality monitoring.

e  Hybrid networks (Wi-Fi + LoRa) improve
redundancy and performance in mixed
environments.

e FEdge preprocessing
bandwidth consumption and improves
response time.

reduces  cloud

e Blockchain and AI integration ensure
secure, intelligent, and automated decision-
making in future deployments.

VI. PERFORMANCE EVALUATION AND
RESULT DISCUSSION

The evolution of IoT-based smart water quality
monitoring is now entering a new phase driven by
intelligent computation, secure frameworks, and
sustainability goals. Future research directions point
toward the integration of advanced technologies—
such as Artificial Intelligence (AI), Edge Computing,
Blockchain, Digital Twins, and Green loT—that can
enhance efficiency, scalability, and trust in water
management systems.

A. Artificial Intelligence and Machine Learning
Integration

Al and ML are expected to revolutionize water

monitoring by providing predictive analytics and

self-learning systems.

Machine learning models such as Support Vector

Machines (SVM), Random Forest, and Neural

Networks can predict contamination patterns and

detect anomalies in real time [13][18].

Deep learning techniques can be integrated into edge
devices for on-site decision-making, allowing early
detection of pollution spikes or equipment faults
without depending on cloud connectivity [14]. This
reduces latency and enhances resilience in rural areas
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with weak internet infrastructure.

B. Edge and Fog Computing

As ToT networks expand, edge and fog computing
will play crucial roles in minimizing data transfer to
the cloud while enabling real-time analytics closer to
the source.

These architectures reduce latency by processing
sensor data locally on microcontrollers or
intermediate nodes [14][19].

Fig. 10. Edge-Fog-Cloud Architecture for loT-Based
Water Monitoring
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Future systems may deploy adaptive load-balancing
algorithms that dynamically decide whether to
process data locally or in the cloud based on available
energy and network quality.

C. Blockchain and Secure IoT

Blockchain offers transparency, traceability, and trust
to IoT-based monitoring systems [16][20].

By maintaining tamper-proof logs of sensor data,
blockchain ensures reliability in public water data
systems and prevents falsification.

Hybrid blockchain frameworks that combine on-
chain metadata and off-chain raw data storage are
emerging to balance security and energy efficiency.
The convergence of Blockchain, IoT, and Al (often
termed AloT) will lead to fully autonomous, secure,
and intelligent water management networks.

D. Digital Twin Technology

Digital Twin (DT) frameworks create virtual replicas
of real-world water systems to simulate, predict, and
optimize operations.

By linking real-time sensor data with virtual models,
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DTs enable policymakers and engineers to visualize
water quality dynamics, forecast system failures, and
plan preventive actions [18].

Future systems will combine Digital Twins + [oT +
Al to build self-optimizing smart water networks for
urban management.

E. Green loT and Sustainable Design

Green IloT emphasizes reducing environmental
impact by minimizing power consumption,
optimizing device lifespan, and using eco-friendly
materials.

Researchers are developing biodegradable sensors,
solar  energy energy-aware
communication protocols to reduce carbon footprint
[19].

modules, and

Fig. 11. Future Research Roadmap for Smart Water
IoT Systems

Sustainable Water
Monitoring System

Digital Twin b,

F. Smart City Integration and Policy Implications
IoT-based water monitoring will form a key pillar of
future Smart City ecosystems, integrating with other
utilities like waste management, air quality, and
energy grids.

Data interoperability across departments will enable
real-time governance, while open-data policies will
promote public transparency and citizen participation
[20].

Governments and international organizations must
establish standards and data-sharing protocols to
ensure that IoT-driven insights translate into policy
actions and sustainable resource allocation.

VI. CONCLUSION
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The review concludes that IoT-based water quality
monitoring systems have matured significantly—
from basic sensor prototypes to intelligent, cloud-
integrated  frameworks. However, persistent
challenges related to sensor calibration, data security,
energy efficiency, and interoperability must still be
addressed to ensure global scalability.

Integrating Al for predictive analysis, Edge/Fog
computing for low-latency processing, and
Blockchain for data integrity represents the next
generation of smart, sustainable IoT ecosystems.
Future research should also prioritize eco-friendly
designs, standardized communication protocols, and
self-learning calibration mechanisms to ensure long-
term operational excellence.

By bridging technological innovation with
environmental stewardship, IoT-based smart water
quality monitoring systems can play a transformative

B. Sample Arduino Firmware Snippet (ESP8266 —
pH and TDS Sensors)

#include <ESP8266WiFi.h>
#include <ThingSpeak.h>

const char* ssid = "YourSSID";

const char* password =
"YourPassword"; WiFiClient
client;

unsigned long channellD =
123456; const char
*writeAPIKey =

"XYZ123"; int pH_pin =

role in achieving the United Nations Sustainable A0;
Development Goal 6 (Clean Water and Sanitation) .
and ensuring safe, equitable access to water for all. int
tds_pin
APPENDIX
=Al;
This appendix provides supporting details and
technical data referenced throughout the review void
paper, including sensor specifications, example
firmware, and additional technical diagrams useful setup()
for implementation or further study. {
A. Sensor Specifications Used in [oT-Based Water Serial.begin(11
Monitoring
5200);
Sensor | Measuremen |Accurac |Output R . .
Parameter Model | (Range v Type WiFi.begin(ssi
pH- Analog d d):
+0. , password);
pH isooc 0t 14pH +0.1pH 05V p )
Turbidity  |SEN0189| " NV 500 |Analog while (WiFi.status() !=
WL _CONNECTED) delay(500);
DFRobot 0 to1000
TDS TDS opm +5ppm  |Analog ThingSpeak.begin(client);
Meter
Temperatur -55°Cto Digital j
R D818B20+12S°C +0.5°C |(1- )
Wire) void loop() {
. Gravity .
Dissolved DO 0 to 20mg/L +0.2 Analog float phValue = analogRead(pH_pin)
Oxygen |\ o me/L *(14.0/ 1023.0);
int tdsValue = analogRead(tds_pin);
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ThingSpeak.setField(1, phValue);
ThingSpeak.setField(2, tdsValue);

ThingSpeak.writeFields(channellD,
writeAPIKey);

delay(15000);

}

C. Sample WQI Weight Assignments

Ideal Standard Weight
Parameter

Value Value (Wi)
pH 7.0 8.5 0.22
TDS 0 500ppm 0.18
Turbidity 0 SNTU 0.20
Temperature |25°C 35°C 0.15
Dissol TmgL  |Smg/L 0.25
ved
Oxyge
n

Note: WQI quality ratings (q;) are calculated using
the formula provided in Section I'V.

D. LoRaWAN Transmission Settings (SX1276)

Setting Value
[Frequency 868 MHz /915 MHz
Spreading Factor  [SF7 — SF12

Bandwidth 125 kHz

Tx Power 14 dBm

IData Rate ~0.3-50 kbps

Range 2—15 km (line-of-sight)

E. Useful Cloud Platforms for Water Monitoring

Projects

Platform Features

ThingSpeak  [Free MATLAB integration, real-
time graphs

Firebase Real-time database sync, mobile
app support

AWS ToT Scalable, secure, supports Lambda

Core & SageMaker

Blynk Mobile dashboard app, supports
|Arduino/ESP32

F. Glossary of Technical Terms

e  ADC: Analog-to-Digital Converter

IRE 1711919

e MQTT: Message Queuing Telemetry
Transport (lightweight protocol)

e LoRaWAN: Long Range Wide Area
Network

e NTU: Nephelometric Turbidity Units

e WQI: Water Quality Index

e DO: Dissolved Oxygen

e FEdge Computing: Local data processing
near the sensor node

e Blockchain: Decentralized secure ledger for
data integrity
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