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Abstract—This paper presents an IoT-enabled digital twin
framework designed to enhance real-time monitoring and
management of freshwater pollution. The framework integrates
distributed IoT sensors to collect high-resolution data on
dissolved oxygen (DO), temperature, and pollution dynamics,
enabling the timely detection of ecological stressors. A four-layer
architecture, comprising device, virtualisation, aggregation, and
service layers, facilitates scalable data processing, visualisation,
and stakeholder engagement. Key contributions include empirical
validation of the IoT-enabled digital twin framework to monitor
fresh water pollution, a modular system for anomaly detection
and historical trend analysis, and actionable insights derived
from spatially distributed edge nodes. The results highlight
the inverse correlation between temperature and DO levels,
disrupted during storm events by abrupt oxygen crashes (e.g.
below 4 mg/l) and the critical role of edge node deployment
in the river bed. The digital twin monitoring, recollection,
and predictive modules collectively support proactive water
quality management, identifying pollution gradients and seasonal
patterns. Testing and evaluation on the Derwent river shows the
system’s practical efficacy in reducing environmental risks and
informing sustainable interventions.

I. INTRODUCTION

The adoption of digital twin and Internet of Things (IoT)
technologies can improve river pollution monitoring. To build
a monitoring model of river water quality, IoT approaches
collect real-time water quality data, such as temperature,
dissolved oxygen (DO), pH, and pollutants. Ramadan et al.
(2024) [1] state that collecting streaming data is essential
for early detection and response to pollution incidents. Thus,
an IoT-enabled digital twin model offers detailed real-time
insights into water quality conditions, allowing proactive
environmental management and can help trigger actions to
reduce pollution before it harms ecosystems. Also, an IoT-
based digital twin uses real-time sensor data (e.g., pH,
turbidity) to continuously monitor and model the pollution
levels of a river’s water. By correlating real-time inputs with
historical trends (e.g., recollection feature of digital twin), the
digital twin system can detect anomalies, pinpoint pollution
sources more quickly and precisely, and set off automated
alerts. This digital twin feature complements the traditional
IoT monitoring approach with dynamic decision-making that
supports environment regulators and clean-up teams in taking
timely and targeted action.

IoT plays an important role in the realisation of digital
twins allowing collecting data from the physical twin without
human intervention as well as manoeuvring of physical part.
For example, the Climate Resilience Demonstrator (CReDo)
digital twin uses both IoT and non-IoT data to assess the
impact of floods on infrastructure networks such as electricity,
water, and telecommunications [2]. Similarly, the DK-model
provides a web-based digital twin to enhance climate adaption,
disaster risk mitigation, and water management [3]. A smart
water quality monitoring system for the Pearl River utilizes
IoT and digital twin technologies for real-time pollution
tracking and targeted action [4].

In river ecosystems, the health of aquatic life is greatly
influenced by temperature and dissolved oxygen (DO).
However, DO and temperature has inverse relationship
[5]; as temperatures rise, DO decreases, and vice versa.
Understanding this relationship is essential for comprehending
how seasonal and climatic changes affect a river ecosystem.
Our empirical findings support this relationship. As the
environment continues to change as a result of global warming,
river water temperatures are expected to rise, resulting in lower
DO levels, worsening conditions not just for humans but also
for aquatic life.

Considering aquatic life, fish are extremely sensitive to
variations in temperature and DO levels. According to [6],
[7], fish migrate to cooler waters with sufficient DO levels
to survive. However, this is not possible always, especially in
highly polluted river systems, leading to their poor growth,
reduced reproduction, and higher mortality. Therefore, among
water quality indicators, DO is among the most crucial.
Healthy rivers and other freshwater ecosystems depend on
enough DO because fish and other aquatic life need oxygen
in the water to breathe [8]. This paper presents an IoT-
enabled digital twin system designed to support the real-
time monitoring and management of freshwater quality, with
a main focus on temperature and dissolved oxygen (DO)
levels. By combining multi-sensor data, the proposed system
improves river water pollution detection capabilities, facilitates
the identification of temporal and spatial water quality patterns,
and provides valuable information for stakeholders involved
in environmental governance. The main contributions of this
paper are:

• Proposed a four-layer framework for scalable monitoring



and impact analysis of river water pollution.
• Prototype implementation of monitoring, recollection,

and predictive modules in the digital twin framework to
detect anomalies, archive seasonal patterns, and simulate
future scenarios using historical and real-time data.

• Evaluation of the system along the river Derwent,
demonstrating its efficacy in tracking temperature-DO
relationships, and pollution gradients through spatially
distributed sensors.

• Empirical validation of mid-channel sensors deployment
to mitigate effects caused by stagnant water and
sediment accumulation, ensuring accurate representation
of systemic water quality trends.

The rest of this paper is structured as follows. Section II
reviews the related work. Section III introduces the conceptual
model of the proposed digital twin framework. Section IV
provides the details of implementation. Section V describes
the selected use case. Section VI presents the results and
discussions. Finally, Section VII concludes the study and
highlights future research directions.

II. RELATED WORK

A. Dissolved Oxygen and Water Temperature Dynamics

Human activities like industrial discharges, agricultural
runoff, and deforestation raise temperatures and lower
dissolved oxygen (DO) levels in rivers. According to Bu et al.
[9], these factors lead to eutrophication and hypoxia, harming
aquatic ecosystems. Nutrient-rich runoff, particularly nitrogen
and phosphorus, fuels algal blooms that deplete oxygen
during decomposition, threatening aquatic life. Additionally,
industrial discharges elevate water temperatures, further
reducing DO and exacerbating pollution effects.

Therefore, long-term monitoring and advanced modelling
are essential for predicting DO and temperature dynamics.
These methods assess ecological impacts of environmental
changes and manage river health [10]. Monitoring programs
track DO and temperature trends, identifying ecosystem
threats, while models simulate interactions and forecast
conditions. This helps managers mitigate human and climate
change effects on rivers.

B. Information and communication technologies based real-
time river pollution monitoring

Several recent studies have explored the use of IoT and
digital twin technologies for water quality monitoring. For
example, a real-time digital twin detects utility network
failures during severe weather, but faces challenges in
data integration, stakeholder involvement, and scalability [2].
Another platform utilizes a microservices architecture and
edge computing for wastewater treatment, yet struggles with
security and management issues [11]. Other IoT-supported
systems demonstrate low power consumption and cost-
effectiveness, but encounter challenges in sensor placement
and reliability [12], [13]. The AQUATWIN platform can
detect early contamination but lacks operational validation and
comprehensive AI integration [14]. Anglian Water’s ecological

TABLE I: Summary of existing contributions and limitations

Study Contribution Limitations
CReDo
digital twin
[2]

Credo models the
interdependencies among
energy, water, and telecoms
networks to identify failures
during severe weather.

Limitations include data
integration challenges, reliance
on stakeholder collaboration,
restricted regional scalability,
and potential simulation
inaccuracies.

Digital twin
for water
treatment
plants [11]

Proposed customised digital
twin platform for wastewater
treatment plant using
microservices and edge
computing concepts.

Edge computing security faces
limitations such as complex
protocol implementation,
difficulty in consistent updates,
challenges in physical security,
and managing segmented
networks.

Water
quality
monitoring
in real-time
using IoT
[12], [13]

Developed a water quality
monitoring system that collects
real-time data from multiple
sensors and provides summary
on hourly basis, offering low
power consumption and cost
efficiency.

Data accuracy, system
reliability, proper sensor
placement, security, scalability,
and laboratory implementation.

AQUATWIN
[14]

Introduced a Digital Twin
framework for early
contamination detection.

Prototype stage; not validated
in operational water systems.

Ecological
digital twin
Anglian
water [15]

World’s first ecological digital
twin to improve river health.

Limitations include scalability
across different river systems
and keeping up-to-date data
and data integration
complexities.

digital twin aims to enhance river health using collaborative
data but faces data integration challenges and requires frequent
updates for accuracy [15]. Table I summarizes the pros and
cons of current water quality monitoring efforts using these
technologies.

III. PROPOSED LAYERED FRAMEWORK FOR IOT-ENABLED
DIGITAL TWIN

Figure 1 shows the layered framework of our proposed IoT-
enabled digital twin system inspired from our previous work
[16]. This framework enables real-time, reliable, and secure
data collection, processing, storage, and services provisioning
interface for monitoring key water quality parameters. The
framework is comprised of four layers: 1) Device Layer, 2)
Virtualisation Layer, 3) Aggregation Layer, and 4) Service
Layer.

A. Device Layer

The device layer consists of edge devices, IoT gateways,
sensors, and actuators that collect real-time data from the
physical environment. For example, sensors such as pesticide,
flow rate, DO, and temperature. In our setup, sensor data
for DO and temperature are sent to IoT gateways via LTE
networks. The frequency of data transmission can be changed
based on environmental parameters to guarantee that important
changes are identified and addressed promptly.

B. Virtualization Layer

The virtualization layer aggregates data from different
sensors, converting it into a format that enables seamless
integration and analysis. VO creation process utilises
virtual object (VO) templates, a VO factory, and a VO
optimisation engine [17]. VO database tracks the status of
VOs, maintain records such as VO type, creation date,



Fig. 1: Layered architecture of proposed digital twin system

and usage. Additionally, VOs facilitate a real-time digital
link that represents the state of a physical entity or its
components, using data from sensors. VO supports an instance
of digital model and represents environmental conditions
using recorded data on DO and temperature. VO status is
updated regularly and includes both predictive and monitoring
modules, alongside a digital twin, to predict changes in
the states of the river . Moreover, the VO concept enables
interoperability between different devices and modes of
communication, facilitating future integration of other IoT
devices.

C. Aggregation Layer

The aggregation layer takes data from VO layer and
performs harmonisation. Aggregation layer has several
modules to support the digital twin functionality like
monitoring physical environment, modelling future
behaviours, and generating historical trends. The digital
twin management function acts as a bridge, collecting data
from the VO layer and sending control commands to physical
part. The data repository keeps track of all information
that the data aggregation and analytics engine collects and
updates. Digital twin factory function customises a basic
digital twin template so that it can represent and show reports
about physical parts at macro and nano levels. Similarly,
the management function role is to make sure that all
components of digital twin work smoothly and synchronise
inputs and outputs and allow saving feature to save useful
templates for later usage. The twin database makes it easier
to customise and retrieve templates for frequent tasks like
modelling, analysis, and visualisation. Twin factory and

twin database both play important roles in the processes of
creating, customising, updating, and querying, which facilitate
synchronisation between physical entities and their virtual
counterparts.

The monitoring module uses fuzzy logic to check
conditions in the physical environment, and send alerts to
subscribers and relevant authorities. The customised twin
template enables stakeholders to monitor specific aspects,
such as water quality in the Derwent river. Additionally, the
recollection module maintains a comprehensive history of
rare or unique events in physical environments, documenting
information on water temperature, pollution levels, fish
activity, and flow rates. Recollection module is essential
for enhancing safety, mitigating environmental risks, and
improving flood management policies. Prediction module
combines information from the recollection and monitoring
modules, along with external APIs through the VO layer.
The digital twin functions track environmental parameters’
changes across time, thereby making it possible to predict
water flow, fish activity, DO levels, and other relevant
metrics. Stakeholders like fishing clubs, local councils, and
recreational walkers can utilise this information to manage
fishing activities, track river flooding and pollution levels, and
plan recreational activities, respectively.

D. Services Layer

The service layer offers mechanisms for the users to interact
and engage with the digital twin. It offers a simple interface to
access live and historical information regarding the physical
environment, such as water quality and alerts for the Derwent
river. Users can view key environmental and water quality
parameters such as dissolved oxygen (DO), temperature, and
pollution events, enabling evidence-based decision-making.
The service layer provides access to real-time information and
supports the personalised alerts, for instance, if DO levels
fall below a specified threshold, automated notifications are
triggered to facilitate prompt action.

The service functions support displays of historical
information, helping users understand how conditions evolve
over time, which is crucial for identifying long-term trends,
such as seasonal changes in water quality or the effects of
pollution control. Users can analyse trends across various
timeframes (daily, weekly, monthly) based on fluctuations in
pollution levels. Moreover, authentication techniques ensure
secure access to the services, allowing authorised users such as
researchers, environmental organisations, and local authorities
to access information. The user interface presents information
in a straightforward and actionable manner, leading to better
decision-making.

IV. IMPLEMENTATION OF THE PROPOSED SYSTEM

This section provides an implementation description of
proposed IoT-enabled digital twin. Figure 2 shows the
prototype of IoT edge node deployed at a remote location,
followed by details of the various subsystems used in the
proposed framework.



Fig. 2: IoT edge device prototype at the remote location

A. Hardware Setup

The hardware configuration, as shown in Figure 2, features
several edge nodes deployed on the riverbank. Each edge
node is equipped with two types of environmental sensors.
The first sensor subsystem (e.g. Sensorex Optical DO S650)
measures dissolved oxygen (DO) in mg/L and sends data
to another microcontroller. Accurate DO measurements are
important for identifying dead zones where aquatic life
cannot thrive. Comparing DO levels between neighbouring
sensors helps pinpoint pollution sources; high DO upstream
and low DO downstream indicate pollution. If one sensor
shows low DO while others are normal, it may be faulty or
tampered. This decentralised architecture effectively detects
pollution gradients and enhances data reliability. The second
subsystem uses a waterproof temperature sensor to monitor
water temperature. According to Henry’s Law, the solubility
of oxygen in water decreases with temperature rises; warmer
water holds less DO. This connection helps to figure out if
a drop in DO is caused by pollution (e.g., organic waste
or chemical discharge) or by natural temperature changes.
A sharp decrease in DO with constant temperature may
suggest pollution, while gradual drops linked to increasing
temperatures likely reflect seasonal cycles.

Including both DO and temperature sensors at each
monitoring point is vital for accurately distinguishing between
pollution events and normal environmental fluctuations. This
arrangement allows the system to correlate data and support
targeted responses when issues are detected. The sensors are
connected to a central microcontroller, which collects and
processes the data before transmitting it for further analysis
and real-time monitoring. Each unit also records its location,
and all are powered by renewable energy sources.

B. Network Setup

For the network setup, 4G LTE technology is leveraged
for reliable and robust data transmission for remote
river environmental monitoring applications. The central
microcontroller communicates with the LTE module via
a serial interface, managing network registration and data
transfer using standardised AT commands. After connecting
to the network, the microcontroller organize sensor data, such

as DO levels, temperature, GPS coordinates, and timestamps,
into JSON payloads to ensure consistency and interoperability.
These payloads are continuously transmitted to a cloud-based
broker via the MQTT protocol, which provides efficient,
lightweight, and scalable real-time data delivery between edge
nodes and cloud infrastructure. Our approach to network
setup guarantees dependable long-distance communication,
continuous and seamless data flow even in challenging
environments, and comprehensive integration of critical
environmental metrics for accurate monitoring and analysis.

C. Data Collection, storage and retrieval

The system collects data using a subscriber station which
connects with the MQTT broker and subscribes to the
topics created by the corresponding edge node ID for
real-time delivery of the sensor data. It is stored in a
MySQL database, hosted on an AWS EC2 instance for
scalability and data integrity. Key tables such as the
raw_sensor_data table captures telemetry, including
timestamps, sensor IDs, DO, temperature, GPS coordinates,
and system status. The sensor_metadata table provides
sensor IDs, deployment dates, calibration data, and geographic
zones. The alert_thresholds table defines DO and
temperature limits with associated alert severity levels. Live
information feed, historical queries, and alert triggers are
accessible via a RESTful API, which also returns data in JSON
with filtering options.

D. Functional output of digital twin: visualisation,
monitoring, prediction, recollection

We have developed an interactive portal that displays
dynamic dashboards and provides real-time alerts based
on thresholds. The developed systems also analyses the
relationship between temperature and DO levels measured
by sensors in the River Derwent, allowing for easier
data interpretation and year-round monitoring. The main
features of the developed system include sensor registration,
customisable dashboard, time-based analysis support and
dynamic interaction. In sensor registration, the user can
assign unique identifiers to each sensor along with associated
GPS coordinates and operational metadata. The customisable
dashboard feature allows users to retrieve information from
specific sensors. The temporal analysis feature provides time-
based analysis functions in order to explore information
across selected time windows. This feature is useful for
examining seasonal trends or assessing conditions during
specific events, such as pollution events. Moreover, dynamic
graphical interfaces enable users to choose specific time ranges
or pick individual sensors to analyse overall water pollution
events.

The digital twin framework for monitoring freshwater
pollution consists of three interconnected modules. The
monitoring module tracks real-time water quality parameters
(e.g., temperature, DO). It uses fuzzy logic to analyse
sensor data, detecting anomalies and generating alerts
for swift intervention. The recollection module stores



Fig. 3: River Derwent virtual monitoring, river Derwent near
Hathersage (Left) source Wikipedia

historical data on water quality and pollution events. It
helps identify trends and informs effective environmental
policies. The predictive module module combines real-
time and historical data to model future environmental
conditions, helping stakeholders anticipate and mitigate
potential ecological impacts. Collectively, these three modules
improve environmental monitoring and support the sustainable
management of pollutant-free river systems.

V. A USE CASE OF RIVER DERWENT

Figure 3 depicts the physical environment of the Derwent
River versus its virtual counterpart, which has been tagged
with IoT devices. The river is 55 miles long, from Ladybower
reservoir in the north to the Trent River in Shardlow, south
of Derby [18]. It is a vital natural resource of significant
ecological, economic and cultural importance to the area.
It supports local biodiversity, provides water for industrial
and domestic use, and offers recreational opportunities for
residents and visitors. Historically, the river was important
for Derbyshire’s development as an industrial hub, powering
mills and factories during the Industrial Revolution. Today, it
remains a key part of the region’s identity and landscape. The
river system is highly vulnerable to damage, which is often
challenging and costly to remediate. With better detection and
an early warning system to understand where key points of
pollution occur, there will be significant economic and societal
benefits. Every pollution event affects life in the river in some
way, be it fish, insects, or plant life. Toxins, such as Nitrates,
Phosphates, Organic effluents, or de-icing compounds, have
a direct and continuing effect on life by lowering the level
of DO. IoT-based digital twin solution can mitigate water
pollution in the Derwent River. In our use case we consider
the digital twin as a virtual replica of the river system
that uses real-time data enabled through IoT devices and
predictive modelling to monitor water quality, track pollution
sources, and model the impact of mitigation strategies. Our
proposed solution will enhance pollution detection, improve
response times, and support sustainable water management,
ensuring the river remains a thriving asset for Sheffield and
its surroundings.

VI. RESULTS AND DISCUSSIONS

Figure 4 shows temperature (°C) and DO (mg/l) variations
from August 2023 to October 2023. Temperature ranged from
11°C to 15°C, showing daily and weekly patterns influenced

Fig. 4: Variations in temperature (orange, °C) and dissolved
oxygen (blue, mg/l)

by environmental factors. DO levels were stable at 10–12 mg/l
initially but declined and varied toward late September and
October, dropping below 6 mg/l in mid-October, indicating
possible environmental disturbances. The negative correlation
between DO and temperature, where increasing temperature
results in decreasing oxygen levels, is apparent and in
accordance with the physical properties of water. This trend
reflects seasonal changes, with more temperature variability in
August stabilising by October. Overall, the patterns suggest
interactions between temperature and DO, influenced by
natural and external factors.

Fig. 5: Temperature (orange, °C) and dissolved oxygen (blue,
mg/l) October 13 to 23, 2023

Figure 5 presents a detailed view for the period of October
13 to October 23, 2023, showing the relationship between
dissolved oxygen (mg/l) and water temperature (°C) during
a storm. Temperature fluctuated between 8°C and 14°C,
while DO varied from 8 mg/l to 12 mg/l, with a significant
drop below 4 mg/l around October 20, likely due to storm
disturbances. The inverse relationship between temperature
and DO indicates that cooler temperatures correlate with
higher oxygen levels. The storm significantly impacted water
quality, highlighting the ecological consequences of such
weather events. Figure 6 presents DO and temperature data
over five months (August 2024 to December 2024) after
relocating the sensor from the riverbank to mid-channel. The
initial location caused inaccuracies due to stagnant water and
pollution. The mid-river placement minimised these factors,
resulting in clearer data and a stronger inverse correlation,
indicating improved water quality monitoring. This adjustment
emphasises the importance of strategic sensor positioning for
accurate long-term environmental assessments.



Fig. 6: Temperature (orange, °C) and dissolved oxygen(blue,
mg/l) over 5-months period

A. Discussion

The results show significant variations in DO and
temperature due to sensor relocation and storm events.
When the sensor was near the riverbank, fluctuations in DO
and temperature were more evident, likely from localised
influences like runoff and sediment. After moving the sensor
to mid-channel, data stabilised to reflect reduced effects
of edges and improved portrayal of water quality. The
inverse relationship between temperature and DO was clearer
in the mid-channel location, as higher temperatures lower
oxygen solubility. Storm events further exposed the effects
of turbulence, sediment resuspension, and pollution influxes,
causing sharp changes in DO levels. Particularly, significant
drops in DO below critical thresholds suggest increased
biological oxygen demand, posing risks for aquatic life.
Utilising the digital twin approach with the IoT underscores
the importance of real-time monitoring and predictive
analysis in managing river water pollution. Continuous
monitoring of DO and temperature facilitates to identify
critical environmental changes, while historical trend analysis
(e.g., through digital twin recollection features) reveals both
seasonal and long-term shifts. Predictive modelling can further
model DO variations under various scenarios, enhancing
proactive water quality management strategies and informing
conservation efforts.

VII. CONCLUSION

This paper proposed a digital twin framework for freshwater
pollution management within in the context of river Derwent.
The findings show that there is an inverse relationship
between temperature and DO level, with higher temperatures
leading to low oxygen concentration. The results also reveal
that DO also drops significantly during storms, indicating
environmental stressors. The repositioning of the sensors
at mid-channel locations improved the data accuracy by
minimising the effects of stagnant water. The presented
framework enabled real-time monitoring, historical analysis,
and predictive analytics, essential for detecting anomalies and
modelling ecological impacts. It detects unexpected drops in
DO levels, sends prompt alerts, and reveals seasonal pollution
patterns. Predictive models simulated hypoxia risks during

extreme weather, which aided in proactive measures. This
framework that combines IoT data with advanced analytics,
provides stakeholders with actionable insights for river
management. Future efforts will concentrate on expanding
sensor networks and improving predictive models to address
broader environmental challenges.
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