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ABSTRACT

Plankton is a fundamental part of the aquatic food chain in aquaculture, serving
as the primary food source for fish. Maintaining optimal plankton levels in fish
farm ponds is essential for sustaining a healthy aquatic ecosystem. However,
traditional monitoring methods, such as using a Secchi disk or manual sampling,
often prove inadequate and may lead to misinterpretation by farmers. This can
result in either insufficient plankton, which hampers fish growth, or excessive
plankton, which can cause harmful algal blooms that deplete oxygen levels in
the pond, leading to mass fish mortality. To address these challenges, this study
proposes an IoT-based smart aquaculture system designed to monitor plankton
growth in real-time using key water quality indicators. The system employs an
IoT-embedded setup consisting of sensors and an Arduino micro-controller to
measure pH, temperature, total dissolved solids (TDS), and turbidity from different
points in the pond. Data was collected from January to mid-June from 13 fish
ponds located in Dhaka, Magura, and Noakhali, Bangladesh. In addition, plankton
samples were collected and analyzed in the laboratory to ensure the accuracy of the
measurements. The data was then pre-processed and used to train and test various
machine learning models for predicting plankton abundance and dissolved oxygen
(DO), with DO serving as a critical feature in plankton prediction. The machine
learning models explored include Support Vector Machine (SVM), Random Forest
(RF), and K-Nearest Neighbors (KNN), Convolutional Neural Networks (CNN),
Recurrent Neural Networks (RNNs), Gradient Boosting, and XGBoost. Among
these, the RNN model delivered the highest accuracy for plankton abundance
prediction at 93%, while XGBoost followed with 90% for Phytoplankton and 93%
Zooplankton accuracy. The best-performing models were subsequently integrated
into a mobile application that provides fish farmers with real-time updates on
plankton levels. This system enables early detection of abnormal plankton growth,
allowing farmers to take preventive measures, ensuring healthy fish production
and increased profitability.

Keywords: Phytoplankton, Zooplankton, IoT, Aquaculture, Life Under Water.
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Chapter 1

Introduction

1.1 Background Study

The adoption of IoT technologies in aquaculture has brought significant advance-
ments in water quality monitoring and management, offering real-time insights
that enhance fish production and sustainability. Maintaining a balanced aquatic
environment in fish farming is critical to fish health, growth, and productivity,
particularly in large-scale operations like those in Bangladesh, where aquaculture
contributes significantly to national fish production.

However, traditional practices in monitoring plankton growth, water quality,
and environmental conditions have posed several challenges. These methods,
which rely on laboratory tests or expensive technologies, often fall short due to cost,
time, and accessibility issues for small and medium-scale fish farmers.

IoT-based solutions provide a more cost-effective and scalable alternative by
integrating sensors to continuously monitor critical water quality parameters such
as pH, temperature, turbidity, and total dissolved solids (TDS). These parameters
are directly linked to plankton growth, which plays an essential role in aquaculture
ecosystems by serving as a primary food source for fish. Maintaining the right
balance in plankton growth is vital, as both excessive and insufficient growth can
result in harmful consequences like toxic algal blooms or oxygen depletion, causing
massive fish deaths.

Recent research has emphasized the importance of monitoring plankton abun-
dance and dissolved oxygen (DO) levels to prevent such risks. Although DO sensors
are expensive, IoT-based systems offer innovative approaches to estimating DO
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using indirect parameters like temperature and turbidity, reducing costs while en-
suring accurate predictions. Furthermore, advancements in machine learning (ML)
algorithms like Random Forest, Decision Trees,Convolutional Neural Networks
(CNN), Gradient Boosting and Support Vector Machines (SVM) have allowed for
predictive analytics, making it possible to forecast plankton growth and water
quality trends.

These technological developments highlight the potential of IoT and ML to
revolutionize aquaculture by improving resource management, sustainability, and
profitability. Integrating real-time monitoring with predictive analytics through
mobile applications can provide fish farmers with timely insights, empowering
them to make informed decisions that ensure a healthy aquatic environment. As
research in this field grows, IoT-based monitoring systems stand poised to offer
comprehensive solutions that are both accessible and efficient, meeting the needs of
the modern aquaculture industry.

1.2 Problem statement

Phytoplankton and Zooplankton are vital in maintaining the health and productiv-
ity of aquatic ecosystems, serving as the foundation of the food chain. So balancing
plankton abundance through constant monitoring is essential for ensuring healthy
and stable aquatic life. Unfortunately, traditional methods of checking plankton
abundances such as lab testing on nitrogen, and phosphorus levels, measuring
the chlorophyll-a, and monitoring high-resolution zooplankton growth images are
still inadequate and challenging in terms of real-time monitoring and cost. Mea-
suring nitrogen and phosphorus levels through lab testing is time-consuming and
impractical for constant monitoring. Measuring chlorophyll-a using sensor offers
an automated solution but remains prohibitively expensive for small-scale fish farm
owners. Furthermore, real-time monitoring of high-resolution zooplankton growth
images becomes unfeasible in turbid water conditions due to the high cost and time
demands. These issues create the need for a more affordable and time-effective
smart solution for phytoplankton and zooplankton growth monitoring.
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1.3 Objectives and Significance of the study

1.3.1 Aims

This research aims to design and propose an IoT-based Phytoplankton and Zoo-
plankton growth monitoring system for ensuring a smart aquatic ecosystem. The
real-time monitoring system will be capable of monitoring the abundance and
growth of plankton depending on a few vital parameters of water such as water
pH, temperature, turbidity, total dissolved solids(TDS), and dissolved oxygen(DO).
The implementation of IoT sensors will ensure system efficiency at a low cost.

1.3.2 Objective

• Design a cost and time-effective IoT system for Phytoplankton and Zooplank-
ton growth monitoring.

• Introduce a real-time plankton growth monitoring system to develop a smart
aquatic environment.

• Mitigation of the financial loss faced by fish farm owners due to the large-scale
fish deaths every year.

1.3.3 Motivation

In 2020, News18 (2020) reported that an acute shortage of oxygen resulting from
plankton imbalance killed over 600 metric tonnes of fish worth Rs 10 crore in
Bangladesh.

On 7 January 2022, Filstrup et al. (2018) published that advanced imaging tech-
niques such as Video Plankton Recorders (VPRs) and other high-tech imaging
systems are expensive and require significant processing power for real-time moni-
toring, which makes them difficult to use for continuous, cost-effective plankton
growth tracking.

Additionally, On July 27, 2020, the Hablützel et al. (2021) published that phos-
phorus and nitrogen levels directly affect chlorophyll-a, a proxy for phytoplankton
biomass, but applying this knowledge to real-time, large-scale monitoring is difficult
and resource-intensive.
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Figure 1.1: Imbalanced plankton growth threatening aquatic ecosystem

1.3.4 Significance

The significance of this research relies on its probable ability to transform the way
aquatic ecosystems are monitored and managed. By designing a cost-effective
and time-efficient system, the fish farm owners can monitor Phytoplankton and
Zooplankton growth in real-time, ensuring a stable and healthy aquatic ecosystem.
This innovation is crucial in reducing the financial losses that fish farm owners face
due to large-scale fish deaths, often caused by imbalances in plankton abundance.
Through constant monitoring, early detection of harmful conditions is possible,
allowing for timely interventions that can prevent mass fish deaths and improve
overall productivity in aquaculture. Consequently, this promotes a more sustainable
and economically feasible approach to fish farming.

1.4 Scope and Limitation

1.4.1 Design specifications and success criteria

The design specifications and success criteria for the IoT-based Phytoplankton and
Zooplankton Growth Monitoring System for Smart Aquaculture are outlined as
follows.

1. Measurement Precision:

Specification: Sensors should have a precision within ±0.1 for pH, ±0.2°C for
temperature, ±0.5 mg/L for DO, ±1 NTU for turbidity, and ±5 ppm for TDS.
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Success Criteria: The accuracy should meet or exceed 95% consistency in
sensor readings when compared to calibrated instruments over a 24-hour
period.

2. Real-Time Monitoring and Data Transmission:

Specification: Real-time data collection and transmission should occur at a
rate of one reading per minute for each parameter.

Success Criteria: The system should be able to consistently transmit data every
60 seconds with no more than 1% of data loss over a 24-hour period.

3. Plankton Growth Prediction Accuracy:

Specification: Prediction models should achieve at least 85% accuracy in
predicting plankton growth.

Success Criteria: A validated accuracy of 85% or higher across all algorithms
during testing phases with test datasets.

4. Power Efficiency:

Specification: The system should consume less than 10 W of power on average
during operation.

Success Criteria: The system should operate within the specified power limit
for 90% of operational time.

5. Environmental Robustness:

Specification: The sensors and IoT devices should function effectively in
temperatures ranging from 5°C to 35°C and depths up to 3 meters.

Success Criteria: The system should maintain 100% operability under specified
conditions during testing.

6. Scalability:

Specification: The system should support scalability to monitor at least 10
different aquaculture ponds with up to 5 sensors per pond.

Success Criteria: The system should maintain real-time monitoring across all
sites without performance degradation.
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1.4.2 Scopes of the research

1. Real-Time Data Collection and Analysis:

The system will continuously collect data on four key water parameters(pH,
temperature, turbidity, and total dissolved solids). Data will be collected in
real-time using IoT-enabled sensors deployed in aquaculture ponds. Machine
learning models such as SVM, LR, DT, and RF will analyze this data to predict
phytoplankton and zooplankton growth. The system will use real-time data
to improve the accuracy of predictions.

2. Alerts on the mobile application or web application:

The system will send real-time alerts (via mobile app or web interface) to
the fish farm quality controllers if certain thresholds are breached, such as
low total dissolved solids or abnormal turbidity that may indicate a rapid
plankton bloom or harmful condition.

3. Adaptive Machine Learning Models:

The system will continuously learn and adapt from the data it collects. With
time, machine learning models will be retrained with new datasets to improve
prediction accuracy.

4. Environmental Sustainability Focus:

This system will contribute to sustainable aquaculture practices by optimizing
resource usage such as water and feed, reducing the need for manual testing,
and preventing potential environmental issues such as overpopulation of
plankton or poor water quality that can lead to fish kills.

5. Scalability and Integration:

The system will be designed to scale easily, allowing for the future integration
of more ponds and sensors. The system architecture will be flexible, allowing
for the introduction of new technologies such as more nitrogen sensors or
machine learning models for predicting additional environmental variables.
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1.4.3 Limitations of the research

1. Data Reliability and Sensor Accuracy:

The accuracy of predictions and real-time insights heavily depends on the
reliability and precision of the sensors. Sensors exposed to harsh environmen-
tal conditions like extreme temperatures, and heavy biofouling may degrade
over time, leading to inaccurate readings. Sensor calibration and maintenance
will be crucial. The system’s effectiveness will diminish if sensors become
uncalibrated or malfunction. Hence, regular maintenance will be required,
which adds to operational costs.

2. Model Limitations and Generalization:

While machine learning models can predict plankton growth with a high
degree of accuracy, they may struggle to generalize beyond the specific con-
ditions for which they were trained. For example, models trained on data
from one pond may not perform well when applied to a different pond with
unique environmental conditions. The system’s predictive capabilities may be
limited during extreme weather events or abrupt environmental changes such
as storms, or pollution incidents that were not present in the training data.

3. Network and Connectivity Issues:

The system’s ability to transmit data in real-time depends on network connec-
tivity. Remote aquaculture locations might have poor connectivity, leading to
data delays or interruptions in monitoring and predictions. Backup data stor-
age options may be needed to ensure that data is not lost during connectivity
issues. Real-time data processing may be hampered by slow or unreliable
internet connections, especially in rural or remote areas where aquaculture
fish farms are often located.

4. Power Dependency:

The IoT devices, including sensors, controllers, and communication modules,
are dependent on a reliable power supply. If the system is deployed in
remote locations without stable power sources, solar or battery-powered
options may be necessary. However, these options may add costs or limit the
operational time between charges. In the case of extensive system deployment
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across multiple ponds, increased power consumption may become a concern,
particularly for the continuous operation of sensors and data transmission
modules.

5. Environmental Variability:

The system’s prediction models assume a stable or predictable relationship
between water parameters and plankton growth. However, environmental fac-
tors such as weather, seasonal changes, or the introduction of new species into
the pond may disrupt these relationships, leading to inaccurate predictions.
Abrupt ecological changes, such as pollution, intrusive species, or chemical
spills, might not be effectively accounted for by the machine learning models,
requiring manual intervention and reevaluation of the system’s operation.

The scope of the IoT-based smart aquaculture system is determined, with the poten-
tial to significantly change sustainable aquaculture practices. However, its success
will be determined by the technology’s precision, the adaptability of machine learn-
ing models, and the availability of reliable power and connectivity infrastructure.
Addressing these limits through good planning, frequent maintenance, and the
implementation of backup systems will be essential for building a reliable and
efficient solution.

1.5 Project Planning

The project planning strategy for the IoT-based phytoplankton and zooplankton
growth monitoring system for smart aquaculture is structured into several well-
defined phases, ensuring the systematic execution and achievement of project
milestones.

The project began with a research phase, starting on September 15, 2023, focusing
on the in-depth exploration of the topic. This research phase is set to conclude on
October 31, 2023, laying the foundation for the subsequent stages of development.
Figure 1.2 shows a timeline of the project.

Simultaneously, a literature review was conducted over a longer period, extend-
ing from September 15, 2023, to April 30, 2024. This phase allows for a comprehen-
sive review of existing research, helping identify the gaps in current knowledge and
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guiding the direction of the project. Following this, the requirement analysis phase
ran from January 20 to May 15, 2024, during which the system’s specifications were
clearly defined to inform the design process.

Figure 1.2: Project Timeline

The data collection phase, running from January 1 to July 10, 2024, focused on
gathering essential real-world data on phytoplankton and zooplankton growth in
aquaculture environments. During this period, IoT-based sensors monitor water
quality and plankton metrics across various sites, ensuring diverse and reliable
datasets. This data is critical for training and validating the predictive models,
setting the stage for the system’s accuracy and effectiveness in later phases of the
project.

The design and planning phase took place from April 16 to June 12, 2024,
focusing on creating an architecture for the system that integrates IoT technology
and machine learning algorithms for real-time data collection and analysis. Once
the design is complete, the project is expected to move into the implementation
phase from June 14 to September 15, 2024, during which the system will be built
and deployed.
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Rigorous testing on the system will be done from August 15 to September 15,
2024, to ensure the system’s reliability, accuracy, and cost-effectiveness.

Finally, the project will conclude with the report writing phase, from August 1
to October 13, 2024, synthesizing all findings and outcomes into a comprehensive
document.

1.6 Report Layout

• Chapter 1: Introduction

This chapter introduces the core idea behind the project, providing an overview
of the importance of plankton in aquaculture. It outlines the need for real-time
monitoring of plankton growth and explains the inadequacies of traditional
methods. The chapter also states the problem, objectives, and significance of
the study, framing the research as a solution to issues faced by fish farmers in
maintaining balanced aquatic ecosystems.

• Chapter 2: Literature Review

In this chapter, a comprehensive review of related literature is presented,
including studies on IoT applications in aquaculture and the role of machine
learning in water quality prediction. It examines the importance of plankton in
fisheries, and various characteristics of plankton in aquaculture, and reviews
the different machine learning models that can predict water quality and
plankton abundance. This sets the foundation for the technical approaches
adopted in the project.

• Chapter 3: Design and Development

This chapter focuses on the project’s design and development process. It
covers the work breakdown structure, project management activities, and
financial considerations. The selection of sensors, microcontrollers, and com-
munication modules is discussed, alongside the system architecture. This
chapter also explains how IoT devices are integrated and how the data from
sensors are collected and processed.
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• Chapter 4: Result Analysis

This chapter presents the analysis of data collected through the IoT-based
system, including plankton sampling, water quality, and environmental cor-
relations. It evaluates the performance of various machine learning models
like Support Vector Machines (SVM), Random Forest (RF), and others in
predicting plankton abundance. Comparative analyses of different models’
accuracy and effectiveness are also discussed, alongside the cross-validation
and performance metrics for both phytoplankton and zooplankton.

• Chapter 5: Conclusions and Future Work

The final chapter summarizes the research findings and discusses the impact of
the project on aquaculture, including its societal, environmental, and ethical
implications. It highlights the project’s contributions toward sustainable
aquaculture practices and presents recommendations for future research,
particularly focusing on areas where the system can be improved or expanded
to meet additional challenges in aquaculture.

Each chapter builds on the previous one to provide a comprehensive understand-
ing of how the IoT-based monitoring system was developed and its impact on
aquaculture management.
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Chapter 2

Literature Review

2.1 Introduction

Aquaculture, a rapidly growing sector, plays a crucial role in global food production,
yet maintaining water quality and plankton balance in fish farms remains a chal-
lenge. Plankton, serving as the primary food source for fish, is heavily influenced
by various environmental parameters such as temperature, pH, Total Dissolved
Solids (TDS), and Dissolved Oxygen (DO). Monitoring these factors traditionally
involves manual methods that are prone to inaccuracies. Recent advancements in
technology have introduced the Internet of Things (IoT)-based systems for real-time
water quality monitoring, automating data collection, and ensuring optimal condi-
tions. For instance, Anani et al. (2022) developed an IoT-based monitoring system to
measure these parameters and ensure the sustainability of fish production, while Ku-
mar et al. (2023)created a system specifically designed to maintain an eco-friendly
environment for particular fish species. These innovations, alongside machine
learning techniques for predicting plankton abundance, are significantly improving
farm management practices, enhancing productivity, and ensuring sustainable fish
farming operations.

2.2 IoT-based Aquaculture Monitoring

Recent advancements in aquaculture have explored various IoT-based fish farm
monitoring systems that utilize water quality sensors to track key parameters like
pH, Total Dissolved Solids (TDS), temperature, turbidity, and Dissolved Oxygen
(DO), ensuring optimal fish farming conditions. These systems provide fish farmers
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with real-time data, helping them maintain water quality through mobile applica-
tions. As a result, IoT-based systems automate critical processes, minimize human
error, and detect unfavorable conditions faster, ensuring a healthy environment for
fish.

Several studies have demonstrated how these systems enhance fish farming
operations. Saha et al. (2018), for example, designed a water quality monitoring
system using Raspberry Pi, Arduino, and various sensors alongside a smartphone
camera and an Android application. This setup allowed for real-time monitoring
and data collection, with the system being able to detect and alert farmers about
the water conditions, ensuring early intervention to maintain optimal water quality
in aquaculture environments.

Similarly, Manoj et al. (2022) introduced an IoT-based Water Quality Monitoring
System (WQMS) for fish ponds, which employed underwater sensors to measure
water parameters such as DO, temperature, and turbidity. Their system aimed
to provide farmers with an effective means to monitor and maintain the water
conditions necessary for healthy fish growth. It emphasizes the integration of
IoT and sensor technologies to streamline the management of fish ponds, thereby
increasing productivity and reducing the risks of fish mortality caused by poor
water quality.

Islam et al. (2020) developed a system that utilized wireless sensor networks
(WSNs) to monitor water contamination levels. The system continuously compared
collected data with predefined threshold values and made decisions about the
water quality. If the quality dropped below acceptable levels, the system would
immediately send notifications to the farmer’s mobile app. This decision-making
process not only automated water quality control but also offered an easy-to-use
interface for fish farmers, ensuring quick responses to potential hazards.

In another contribution, Rashid et al. (2021) proposed an IoT-based solution
designed to increase both the efficiency and productivity of aquaculture. Their
system employed sensors to gather data, which was then analyzed using a machine
learning model. The system incorporated Artificial Intelligence (AI) to generate
decisions and provide feedback to the user, sending notifications via a mobile app.
The integration of AI allowed the system to predict water quality trends and suggest
preventive measures, making it an intelligent solution that significantly improved
water quality monitoring processes.
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Additionally, Nayan et al. (2020) designed a system to predict and detect water
quality changes early, preventing potential losses. They used a Gradient Boosting
Model (GBM) to forecast water quality by analyzing parameters collected from
rivers across Bangladesh. The system employed automatic water parameter mea-
suring tools, which gathered real-time data and facilitated predictive analysis to
enhance water quality monitoring and early intervention.

These contributions illustrate the growing trend toward using IoT and machine
learning technologies in aquaculture. Each system has successfully automated
key aspects of water quality monitoring, reducing manual efforts while ensuring
real-time control of water conditions. By providing accurate data and decision-
making capabilities, these systems enable farmers to maintain a healthier and more
sustainable aquatic environment.

2.3 Importance of Plankton in Fisheries

In aquaculture, plankton, particularly phytoplankton and zooplankton, play an
essential role in ensuring the health and productivity of fish farms. Plankton forms
the base of the aquatic food chain, providing nutrients and energy for fish at various
stages of growth, especially during early development. Das & Sharma (2022)
observed that fish cultures, particularly in lakes, depend heavily on the abundance
of phytoplankton and zooplankton.

Fertilization of water bodies to encourage phytoplankton growth subsequently
leads to an increase in zooplankton, which serves as natural feed for fish. The study
highlighted a strong correlation between plankton abundance and fish production,
suggesting that higher zooplankton and phytoplankton levels can improve fish
yields and diversity in aquaculture systems.

Similarly, Lomartire et al. (2021) emphasized the significance of zooplankton as a
preferred food source for fish, particularly during early life stages. The study found
that long-term monitoring of zooplankton populations helps in understanding
environmental conditions and predator-prey dynamics. Zooplankton not only
serves as a direct food source for many fish species but also acts as a bio-indicator
for water quality, influencing fish recruitment.
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Several other studies have corroborated the impact of plankton on fish health.
Abdel-Wahed et al. (2018) and El-Feky et al. (2019) found that plankton-rich water
environments promote fish health by providing direct nourishment to planktivore
fish species. Additionally, the development of phytoplankton and zooplankton in
these waters supports the growth of fouling communities, which further benefits
fisheries.

Araujo et al. (2022) also stressed the importance of cultivating plankton in
aquaculture systems. By managing plankton populations, farmers can ensure a
consistent and nutrient-rich food source for fish, which is vital for maintaining the
overall productivity and sustainability of fish farms. Brander (2017) explored the
relationship between plankton productivity and fishery production, noting that fish
production tends to be highest in areas with significant plankton growth, such as
nutrient-rich up-welling zones and shelf seas.

In conclusion, the balance and availability of phytoplankton and zooplankton
are vital to the health and productivity of aquaculture systems. Their role as
a primary food source and bio-indicator makes them essential components for
successful fish farming, and monitoring their levels can greatly enhance fish yield
and environmental health.

2.4 Characteristics of Plankton in Aquaculture

To further understand plankton population dynamics, several studies have explored
the relationship between zooplankton and various environmental parameters, high-
lighting the importance of continuous monitoring in aquaculture settings. One
notable investigation is by Odulate et al. (2017), which studied the water quality of
the lower Ogun River with plankton abundance and diversity. This study showed
highly significant correlations (P ≤ 0.05)between plankton abundance, diversity,
and physico-chemical parameters monitored during the study period.

The findings emphasize that the abundance and diversity of plankton are directly
influenced by factors such as pH, DO, and transparency. Continuous monitoring of
these water quality parameters is vital for maintaining the delicate balance of the
ecosystem, ensuring that plankton populations are sustained and fish farms remain
productive.
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In a similar vein, Musa et al. (2022) analyzed the relationship between phyto-
plankton availability and the growth rate of Vannamei shrimp in response to water
quality changes. The study employed both Principal Component Analysis (PCA)
and Canonical Correspondence Analysis (CCA) to assess the impact of environ-
mental parameters on phytoplankton abundance. Results demonstrated that pH,
nitrate, and total organic matter (TOM) significantly influenced phytoplankton
populations.

These findings indicate that water parameters can either promote or hinder the
growth of phytoplankton, which serves as a critical food source for shrimp. By
incorporating secondary water quality data into the PCA, the study provided a
comprehensive understanding of how these factors interact, further emphasizing
the need for precise control of water quality in aquaculture environments.

Khan et al. (2023) conducted a study in a eutrophic fish pond in Bangladesh to
analyze the seasonal dynamics of zooplankton with environmental factors. Pear-
son’s correlation coefficient analysis showed a positive correlation between to-
tal zooplankton abundance and pH, while negative correlations were observed
with transparency, dissolved oxygen, phosphates, nitrates, and temperature. The
Canonical Correspondence Analysis (CCA) further illustrated how environmental
parameters like pH, transparency, and temperature significantly influenced the
distribution and abundance of zooplankton groups. This highlights the importance
of understanding seasonal and environmental fluctuations, as such knowledge
can help fish farmers adapt their practices to maintain optimal zooplankton levels,
thereby sustaining the health of aquatic ecosystems and improving fish production.

Smith & Piedrahita (1988) investigated the relationship between phytoplankton
density and dissolved oxygen levels at dawn, proposing two mathematical models
to describe this relationship. An analytical model predicted the upper limit of
oxygen production by phytoplankton, while an empirical model, based on data
from channel catfish ponds, helped quantify the interaction between these factors.
This research is particularly relevant to fish farming, as it provides insight into how
phytoplankton density affects oxygen levels, which are critical for maintaining a
healthy aquatic environment. The study’s findings support the idea that effective
monitoring of DO and phytoplankton densities is essential for optimizing fish pond
conditions.
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Abdel-Wahed et al. (2018) explored the relationship between water quality,
plankton abundance, and fish growth performance. Their findings indicated that
water quality parameters like TDS, pH, and temperature have a direct impact
on the growth rates of plankton, which in turn influence fish development. By
monitoring these parameters, fish farmers can optimize the conditions required
for both plankton and fish to thrive. This study aligns with the broader body of
research that stresses the importance of maintaining water quality to ensure the
sustainability of aquaculture operations.

Ding et al. (2018) investigated the contribution of internal phosphorus (P) load-
ing to nitrogen (N) limitation in aquaculture systems. Their study found that
internal phosphorus loading played a significant role in causing nitrogen limitation
during the pre-bloom period, affecting the growth of phytoplankton. This finding
is particularly relevant for fish farms where nutrient management is crucial for
maintaining the balance between plankton populations and water quality.

Rui & Qiu-jin (2013) demonstrated that during the logarithmic phase of phyto-
plankton growth, increases in total dissolved solids (TDS) were positively correlated
with increases in phytoplankton growth rate, biomass, and chlorophyll-a concentra-
tion. These results emphasize that maintaining appropriate TDS levels is essential
for promoting phytoplankton growth, which is critical for supporting the aquatic
food chain in fish farms. High TDS levels not only improve phytoplankton produc-
tivity but also enhance the overall stability of the pond ecosystem.

Finally, Pulsifer & Laws (2021) analyzed the temperature dependence of growth
rates and grazing rates of both phytoplankton and zooplankton. Their research re-
vealed virtually identical temperature dependencies, as predicted by the metabolic
theory of ecology. This study highlights the role of temperature as a major en-
vironmental factor regulating the balance between phytoplankton growth and
zooplankton grazing. By understanding these dynamics, fish farmers can better
manage water temperature to ensure the sustainability of their aquaculture systems.

The study by Kumar et al. (2023) focused on the diversity and seasonal density
variation of plankton in the Yamuna River, particularly in Auraiya district, Uttar
Pradesh. The researchers monitored the river’s plankton over multiple seasons,
identifying different groups, including protozoa, rotifers, crustaceans, and insect
larvae. Their findings showed seasonal fluctuations influenced by environmen-
tal factors, with higher zooplankton density in winter and summer compared to
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monsoon and autumn. The study highlighted how these variations are linked to
changes in abiotic factors like temperature and water flow, which affect species
succession and ecosystem dynamics.

In conclusion, the extensive body of research reviewed here underscores the criti-
cal importance of monitoring various environmental parameters, including pH, DO,
TDS, temperature, and turbidity, to optimize plankton populations in aquaculture.
Through real-time monitoring systems and advanced analytical techniques such as
PCA and CCA, fish farmers can better understand the complex interactions between
water quality and plankton abundance, enabling more effective management of
aquatic ecosystems.

2.5 Machine Learning in Water Quality and Aquacul-
ture Prediction

The integration of Machine Learning (ML) techniques into water quality prediction
systems has significantly enhanced the accuracy and efficiency of environmental
monitoring. The rise of Internet of Things (IoT) technologies further amplifies
these advancements, allowing for real-time data collection and analysis in water
bodies, particularly in aquaculture and public health sectors. Predicting water
quality using models like Support Vector Machines (SVM), Random Forest (RF),
Decision Trees (DT), and ensemble methods has emerged as an essential method to
ensure sustainable water resources management. This literature review examines
several recent studies that apply ML algorithms to predict various water quality
parameters, focusing on their performance and utility in different settings.

Wang et al. (2023) conducted an extensive study comparing various machine
learning models for predicting water quality parameters. They utilized algorithms
like Support Vector Machines (SVM), Multilayer Perceptron (MLP), Random Forest
(RF), XGBoost, and Long Short-Term Memory (LSTM). Their results showed that
SVM performed exceptionally well, especially in predicting Dissolved Oxygen
(DO), due to its strong generalization capabilities. MLP, known for its strength in
modeling nonlinear relationships, also performed effectively across various water
quality parameters. Interestingly, the study found that RF and XGBoost, which are
typically used for their robustness in classification tasks, demonstrated relatively
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lower prediction accuracy for water quality in this specific study. However, LSTM, a
recurrent neural network (RNN), excelled in processing time-series data, providing
stable and accurate predictions for water quality parameters by capturing dynamic
patterns in the data.

Rai et al. (2024) designed an IoT-based system that addressed existing water
quality monitoring challenges, providing a modern alternative to conventional
water monitoring systems. Their work focused on utilizing machine learning
techniques such as XGBoost, Random Forest, AdaBoost, and Decision Tree models.
These methods were employed to predict water quality parameters and exhibited
strong predictive performance, reinforcing the idea that IoT combined with ML can
offer powerful solutions for continuous water quality monitoring.

Yan et al. (2024) presented a comprehensive study on water quality prediction in
coastal areas, focusing on challenges and advancements in using machine learning.
The authors highlighted how algorithms like Random Forest, SVM, and Decision
Tree were effectively applied to predict critical water quality parameters, such as
chlorophyll-a, salinity, and DO. Despite the promising results, the study also ad-
dressed the limitations in improving the overall Water Quality Index (WQI) through
these methods, emphasizing the ongoing need for reducing model uncertainties
and refining ML architectures for more accurate predictions.

Sakaa et al. (2022) constructed a hybrid artificial intelligence model, combining
Sequential Minimal Optimization-Support Vector Machine (SMO-SVM) with Ran-
dom Forest (RF) as a benchmark for predicting water quality at the Wadi Saf-Saf
river basin in Algeria. By using 15 physicochemical parameters, the study demon-
strated that RF improved predictive accuracy while reducing the number of input
variables. This hybrid approach showed that combining SVM and RF models could
offer significant advantages for environmental monitoring systems.

In another study Akhlaq et al. (2024) address the challenges of monitoring water
quality in glacial lakes and rivers due to contamination by heavy metals and other
pollutants. The study applies models such as decision trees, KNN, MLP, SVM, and
random forest, using the Boruta algorithm to select critical features. Random forest
and SVM achieved the highest accuracy (88 percent) in predicting water quality.
The findings highlight the need for real-time machine learning systems for better
water management and environmental protection.
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Nasir et al. (2022) examined various machine learning classifiers, including
SVM, RF, Logistic Regression (LR), Decision Tree (DT), CATBoost, XGBoost, and
Multilayer Perceptron (MLP), for classifying water quality data. The study also
introduced stacking ensemble models to improve prediction accuracy. Among the
models tested, CATBoost achieved the highest accuracy at 94.51%, followed by
Random Forest and SVM, demonstrating the effectiveness of ensemble methods for
water quality prediction.

Abbas et al. (2024) focused on water quality prediction using an IoT-based
system, integrating AI forecasting models to enhance prediction accuracy while
minimizing errors. The study employed multiple ML classifiers, with RF and
Gradient Boosting models achieving the highest accuracy rates (95% and 96%,
respectively). SVM followed closely at 92%, while KNN and Decision Trees lagged
behind. This study highlighted the potential of combining IoT and ML to improve
real-time water quality monitoring in aquaculture and other settings.

Nayan et al. (2024) explored the application of Long Short-Term Memory (LSTM)
models in analyzing IoT-collected data for water quality prediction. The LSTM
model achieved an average R² score of 93.33%, demonstrating its ability to provide
accurate real-time forecasts. This study emphasizes the potential of LSTM for time-
series prediction in dynamic environments like aquaculture, where continuous
monitoring is crucial for maintaining optimal water conditions.

Hemal et al. (2024) introduced AquaBot, an IoT-based system designed for auto-
mated water quality monitoring in aquaculture. The system utilized ML algorithms,
including RF, SVM, DT, KNN, and LR to evaluate water quality parameters in real
time. Among these, Random Forest and the custom ensemble model provided
the highest accuracy, suggesting that ensemble techniques offer robust solutions
for water quality prediction. The application of machine learning in water quality
prediction has evolved significantly with the integration of IoT technologies.

Abirami et al. (2023) addresses the problem of predicting water quality using
machine learning techniques. It applies algorithms such as Random Forest, SVM,
and Decision Tree to classify water quality based on various parameters in syn-
thetic and real datasets. The study found that non-parametric models, especially
Random Forest, delivered higher accuracy, highlighting the potential for improved
automation in water quality management.
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Models such as Random Forest, SVM, and LSTM have proven effective in
predicting water quality parameters, with each model excelling under different con-
ditions. While RF and SVM offer robust performance in classification tasks, LSTM
has demonstrated exceptional abilities in handling time-series data. Hybrid and
ensemble models further enhance prediction accuracy by combining the strengths
of multiple algorithms. These advancements, particularly in IoT-based systems,
hold great promise for improving water quality monitoring and ensuring sustain-
able water management practices across various sectors, including aquaculture and
environmental protection.
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Chapter 3

Design and Development

3.1 Project Management and Financial Activities

Project management is essential for the successful execution of projects by provid-
ing structure, direction, and control. It ensures clear goals and alignment among
stakeholders, promotes efficient resource allocation, and mitigates risks to keep
the project on track. Through effective scheduling and quality assurance, project
managers maintain timelines and ensure high standards are met. Additionally,
project management frameworks handle changes efficiently without disrupting
progress. Delivering within scope, time, and budget, ensures stakeholder satis-
faction and builds trust. Meanwhile, financial operations like budgeting play a
crucial role in maintaining the project’s long-term sustainability. It also enables
better decision-making, supports risk mitigation, and ensures the project can adapt
to unforeseen challenges while remaining financially viable. This section addresses
how project management and finance strategies operate within the framework of
an IoT-based phytoplankton and zooplankton growth monitoring system for smart
aquaculture.

3.1.1 Work Breakdown Structure(WBS)

The Work Breakdown Structure (WBS) in Figure 3.1 outlines the major tasks in-
volved in executing a project, providing a clear and organized view of each phase. It
helps in managing the project from beginning to end. It begins with Project Control,
which covers planning, requirement analysis, supply chain management, and cost
estimation to ensure the project starts on a solid foundation.
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The Design phase involves creating IoT device circuits, integrating hardware
with cloud platforms and software, and developing the overall software archi-
tecture. Following this is Hardware Development, which includes building the
physical components, conducting performance tests, and ensuring durability under
various conditions. In parallel, Software Development focuses on creating the user
interface, implementing the software, and ensuring its performance meets desired
benchmarks.

The Data Collection and Processing phase emphasizes gathering data both from
physical samples and IoT devices, preparing datasets, and training, testing, and
deploying machine learning models for data analysis. Finally, Project Management
ensures smooth operations by focusing on governance, ongoing maintenance, and
quality control to maintain high standards throughout the project. This WBS serves
as a structured guide for efficiently managing all aspects of a project, likely focusing
on an IoT-based solution that involves both hardware and software components
working together seamlessly.

Figure 3.1: Work Breakdown Structure
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3.1.2 Budget Plan

Budgeting: The budget for the IoT-based phytoplankton and zooplankton growth
monitoring system for smart aquaculture project is structured to ensure efficient
resource management and to cover all aspects, from research to deployment, in a
cost-effective manner. In Table 3.1 a comprehensive, cost-effective, and efficient
budget allocation has been shown.

Table 3.1: Cost Estimation Table

Sector Items Cost

Research, Laboratory, Utility

Sample Collection Instrument 4000TK

Sample Logistical Bills 3000TK

Lab Testing 15000TK

Hardware Procurement

pH Sensor 2500TK

Temperature Sensor 200TK

Total Dissolve Solid (TDS) Sen-
sor 450TK

Turbidity Sensor 900TK

Arduino Uno 1000TK

WiFi Module 300TK

Bread Board 200TK

Wires & Register 200TK

Battery 200TK

Software Development
Backend Server

200,000TK (est.)
Mobile Application

Deployment

Backend Server Hosting and Mo-
bile Application Release (1 year) 20000TK (est.)

IoT Hardware Cloud Integration
(1 year) 5000TK (est.)

Maintenance 100,000TK

Total 352,950 TK
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In the Research, Laboratory, and Utility section, the budget includes expenses
for sample collection instruments, logistical arrangements for transporting and
managing samples, and lab testing to analyze water quality. These are essential for
gathering baseline data, and the total cost of 22,000 TK ensures that the research
phase is well supported. The testing and analysis will help fine-tune the sensors
and the system as a whole. Hardware Procurement involves the acquisition of
key components that form the backbone of the IoT system. This includes various
sensors such as pH, temperature, and total dissolved solids (TDS) sensors, as well
as other essential electronics like the Arduino Uno, WiFi modules, and breadboards.
These components are crucial for the system to monitor water quality in real time.
The total cost of 5,950 TK reflects a focus on affordability while ensuring that high-
quality, reliable equipment is used. The sensors are expected to collect the necessary
data for the machine learning models and analytics to make accurate predictions
about water quality.

The budget for Software Development is significantly larger, estimated at 200,000
TK. This reflects the complexity and importance of developing both the backend
server and the mobile application. The backend server will handle data from the
IoT sensors, process it, and store it for further analysis, while the mobile application
will provide users with real-time insights into water quality. The server will be
designed for scalability, ensuring that as more sensors are added or more data is
processed, the system will continue to perform efficiently. Finally, an allocation
of 100,000 TK from the budget has been reserved for maintenance activities. This
covers costs related to system monitoring, regular upkeep, and continuous support
for the deployed solution, ensuring it remains fully operational and efficient in
monitoring water quality parameters in aquaculture ponds. This budget ensures
the system’s long-term stability and effectiveness over time.

Deployment costs are primarily concerned with ensuring the system is up and
running for the first year. This includes hosting the backend server and releasing
the mobile application, with an estimated cost of 20,000 TK. Additionally, cloud ser-
vices for integrating the IoT hardware with platforms like Amazon IoT and Digital
Ocean will require an estimated 5,000 TK for the first year. These cloud services are
vital for storing, managing, and analyzing the large volumes of data generated by
the sensors, while also enabling the deployment of machine learning models for
real-time predictions. The use of cloud services ensures reliability, scalability, and
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secure data management without the need for extensive on-premises infrastructure.

In total, the project is estimated to cost 352,950 TK, encompassing research,
hardware procurement, software development, and deployment. This carefully
planned cost-effective budget ensures that all necessary components are covered,
from the early research and hardware acquisition to the final deployment of the IoT
system and cloud integration.

3.2 Requirement Analysis

Requirement analysis is the process of identifying, documenting, and validating the
needs of stakeholders to ensure a project aligns with both business goals and user
expectations. This process plays a critical role in reducing risks, preventing costly
rework, and improving communication among stakeholders. It ensures that the
project scope is clear, requirements are actionable, and outcomes are aligned with
objectives, leading to higher stakeholder satisfaction and better project management
Reqtest (2018).

For IoT based Phytoplankton and Zooplankton Growth Monitoring Systems we
have done requirement analysis and have identified the hardware and software
requirements.

3.2.1 Hardware Requirements

• pH Sensor: A water pH sensor is a device designed to measure the acidity or
alkalinity of water, providing real-time data essential for various industries.
These sensors use a glass electrode and a reference electrode to detect the
concentration of hydrogen ions in the solution, converting this into a pH
value. Proper pH levels help safeguard aquatic life, maintain water quality,
and prevent equipment corrosion in water systems Meacon Co., Ltd. (2023).

• Temperature Sensor: A water temperature sensor is a device used to measure
the temperature of water in various environments, such as aquaculture sys-
tems, laboratories, and industrial processes. It operates by detecting changes
in temperature through properties like electrical resistance or voltage shifts.
These sensors are essential in maintaining water quality by ensuring optimal
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temperatures for aquatic organisms or chemical processes Atlas Scientific
(2023).

• Turbidity Sensor: A turbidity sensor is a device used to measure the clarity or
cloudiness of water, which results from the presence of suspended particles
such as sediments, pollutants, or microorganisms. It works by emitting a
light beam into the water and measuring how much light scatters when it
encounters particles. Higher turbidity indicates more scattered light, sug-
gesting poorer water quality. These sensors are essential for environmental
monitoring, water treatment, and pollution control as they provide real-time
data to detect contamination, and risks to aquatic ecosystems or public health
Sensorex (n.d.).

• TDS (Total Dissolved Solids) Sensor: TDS (Total Dissolved Solids) sensor
measures the concentration of dissolved substances, such as minerals, salts,
and organic compounds, in water. This measurement is crucial for assessing
water quality, as high TDS levels can affect taste, safety, and the performance
of aquatic systems. The sensor works by gauging the electrical conductivity of
water, since dissolved solids allow the current to flow more easily. It is often
used in water treatment, aquariums, and environmental monitoring to ensure
the water is within safe and acceptable TDS ranges for human or aquatic use
AquaHow (2023); Osmotics (2023).

• Arduino UNO: The Arduino UNO is a microcontroller board based on the
ATmega328 microcontroller, widely used for prototyping, education, and IoT
applications. It features 14 digital input/output pins, 6 analog inputs, and
supports serial communication via USB. Arduino UNO is valued for its ease of
use, with support from the open-source Arduino IDE, which simplifies coding
and uploading programs. Its versatility makes it suitable for applications
ranging from robotics and home automation to sensor-based data logging and
product development Hack the Developer (n.d.).

• ESP8266 ESP-01 WiFi Module: The ESP8266 ESP-01 is a compact and low-
cost Wi-Fi module designed for providing wireless connectivity to electronic
projects. Equipped with a built-in TCP/IP stack, this module allows microcon-
trollers to connect to Wi-Fi networks, enabling the transmission of data over
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the internet. It is particularly popular in Internet of Things (IoT) application
Components101 (2024).

3.2.2 Software Requirements

• Arduino IDE: The Arduino Integrated Development Environment (IDE) is
a software platform designed for programming Arduino microcontrollers.
It simplifies the coding process by providing a user-friendly interface that
allows users to write and upload code to their Arduino boards easily. The IDE
supports programming in a language based on C/C++, making it accessible
for beginners and experienced programmers alike. Its purpose is to facilitate
the development of a wide range of applications, from basic projects to com-
plex embedded systems, by offering tools such as syntax highlighting, code
suggestions, and an integrated debugger Arduino (n.d.); Control.com (2022).

• Google Colab: Google Colab, short for Colaboratory, is a free cloud-based
platform developed by Google that allows users to write and execute Python
code within a Jupyter notebook environment. It is particularly advantageous
for tasks related to machine learning and data analysis, as it provides free
access to powerful hardware resources, including GPUs and TPUs. The
platform also supports collaborative coding, enabling multiple users to work
on the same notebook simultaneously, similar to Google Docs. Additionally,
Colab’s integration with Google Drive enhances accessibility, making it easy to
save and share notebooks with others Marqo (2024); Google Research (2023).

• Flutter & .NET CORE: Flutter and .NET Core are widely used frameworks
for application development. Flutter, developed by Google, is a UI toolkit
that enables developers to create natively compiled applications for mobile,
web, and desktop platforms from a single codebase Karunasena (2023). Con-
versely, .NET Core is a cross-platform, open-source framework developed
by Microsoft, intended for building modern web applications, cloud-based
services, and Internet of Things (IoT) solutions. It supports multiple pro-
gramming languages, such as C#, F#, and VB.NET, allowing developers to
create applications that run seamlessly across various platforms, including
Windows, macOS, and Linux TrustRadius (2024).
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• Cirkit Designer: Circuit Designer software is a tool used for creating and
simulating electronic circuits, allowing users to visualize and analyze circuit
designs before implementation. Its primary purpose is to facilitate the design
process by providing a user-friendly interface where users can draft schemat-
ics, run simulations, and prepare layouts for printed circuit boards (PCBs).
This software is beneficial for engineers, hobbyists, and students, enabling
them to experiment with circuit configurations and improve their designs
efficiently Altium (2023).

• Amazon IoT Cloud server: Amazon IoT Cloud Server, specifically AWS IoT
Core, is a platform that enables secure and scalable connections between
Internet of Things (IoT) devices and cloud applications. Its primary purpose is
to facilitate the management and integration of vast networks of IoT devices,
allowing for data collection, processing, and real-time analytics. AWS IoT
Core supports various communication protocols and offers features like device
authentication, data routing, and a rules engine, which collectively enhance
the operational efficiency of IoT applications while ensuring security and ease
of use Amazon Web Services (n.d.).

• Digital Ocean: DigitalOcean is a cloud infrastructure provider that focuses
on simplifying the deployment, management, and scaling of applications.
It offers a user-friendly interface designed for developers, enabling busi-
nesses—ranging from startups to large enterprises—to efficiently utilize cloud
resources. The platform is suitable for tasks such as launching websites and
running scalable applications. Its emphasis on performance and ease of use
has established DigitalOcean as a popular choice for those looking to harness
cloud computing capabilities Howtodojo (n.d.).

• LaTex: LaTeX is a typesetting system commonly used for producing scientific
and mathematical documents due to its ability to handle complex formulas
and structures efficiently. It allows users to create high-quality documents
with precise formatting, making it a preferred choice in academia for articles,
theses, and books. The primary purpose of LaTeX is to provide a consistent
layout while enabling advanced typographical features, thereby enhancing
the readability and professionalism of documents Overleaf (n.d.).
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• Microsoft Excel: Microsoft Excel is a widely-used spreadsheet software devel-
oped by Microsoft that enables users to organize, analyze, and visualize data
efficiently. Its primary purpose is to facilitate financial analysis, budgeting,
and forecasting, making it essential for professionals in finance and account-
ing. Excel offers various features, including data entry, management, and
powerful functions for calculations and data manipulation Corporate Finance
Institute (2024).

• LucidChart: Lucidchart is a web-based diagramming application that allows
users to create flowcharts, organizational charts, wireframes, mind maps, and
other types of visual representations. It is widely used for its collaborative
features, enabling teams to work together in real time on diagrams and designs.
Lucidchart integrates with various other software tools, making it a versatile
choice for project management, software development, education, and more
Lucid Software Inc. (n.d.).

3.3 Adopted Tools and techniques

This section describes the selection criteria for required tools such as Sensors, mi-
crocontrollers, and Communication Modules for the IoT-based phytoplankton and
zooplankton growth monitoring system for smart aquaculture.

3.3.1 Sensor Selection

In selecting sensors for an IoT-based phytoplankton and zooplankton growth moni-
toring system, the primary criteria included accuracy, sensitivity, and compatibility
with water parameters like pH, temperature, turbidity, and total dissolved solids
(TDS). Sensors must provide real-time data with minimal lag to ensure timely mon-
itoring of environmental conditions. Power efficiency and wireless communication
capabilities were also considerable criteria. Additionally, cost-effectiveness and ease
of maintenance were considered especially for large-scale or long-term deployment
in aquaculture systems.
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pH sensor:

• Model Name: SEN-00239 pH Sensor

• Measurement Range: 0 to 14 pH

• Accuracy: ± 0.1 pH (at 25°C)

• Selection Rationale: The SEN-00239 pH sensor is ideal for aquaculture due to
its wide measurement range (0-14 pH) and high accuracy (±0.1 pH), ensuring
reliable water quality monitoring. It’s durable, designed for long-term sub-
mersion, and offers real-time data, making it perfect for IoT-based systems.
Its compatibility with Arduino simplifies integration into smart aquaculture
setups.

(a) pH Sensor (b) Tempareture Sensor

Figure 3.2: pH and Temperature sensor

Temperature sensor:

• Model Name: SEN-00072 Digital Temparature Sensor

• Measurement Range: -55°C to +125°C

• Accuracy: ±0.5°C (from -10°C to +85°C)

• Selection Rationale: The SEN-00072 digital temperature sensor is ideal for
aquaculture monitoring due to its wide temperature range and reliable ac-
curacy of ±0.5°C, ensuring precise water temperature tracking for optimal
plankton growth. It is waterproof, durable, and designed for long-term use in
aquatic environments, making it suitable for continuous IoT-based monitoring.
It can be easily integrated with microcontrollers like Arduino UNO.
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(a) Turbidity Sensor (b) TDS Sensor

Figure 3.3: Turbidity and TDS sensor

Turbidity sensor:

• Model Name: SEN-00179 Analog Turbidity Sensor

• Measurement Range: 0 to 4000 NTU (Nephelometric Turbidity Units)

• Accuracy: ±5% of measured value

• Selection Rationale: The SEN-00179 analog turbidity sensor is well-suited
for aquaculture systems due to its wide measurement range, covering low
to high turbidity levels essential for monitoring water clarity and plankton
growth. Its ±5% accuracy ensures reliable detection of suspended particles in
water. The sensor is easy to integrate with microcontrollers for real-time IoT
applications.

TDS sensor:

• Model name: SEN-00222 Analog TDS Sensor

• Measurement Range: 0 to 1000 ppm (parts per million)

• Accuracy: ±10% of measured value

• Selection Rationale: The SEN-00222 Analog TDS sensor is highly suitable
for aquaculture as it effectively monitors total dissolved solids (TDS), which
are crucial for water quality and plankton health. Its 0-1000 ppm range
is suitable for most aquaculture water conditions, and its ±10% accuracy
provides reliable measurement of dissolved substances. The sensor is durable
and easy to integrate with microcontrollers.
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3.3.2 Microcontroller and Communication Modules Selection

The primary selection criteria for choosing a microcontroller and WiFi module
included compatibility, ensuring seamless integration between both components
and processing power, where the microcontroller should handle the required tasks
efficiently. Power consumption is crucial for energy efficiency, especially in IoT
systems. Connectivity range and data transmission speed were key factors for the
choosing WiFi module, ensuring stable and fast communication. Additionally, ease
of programming, available libraries, and cost-effectiveness were also considered for
smooth development and deployment in IoT applications.

• Arduino UNO: The Arduino UNO was an ideal choice for IoT IoT-based
phytoplankton and zooplankton growth monitoring system due to its sim-
plicity, versatility, and ease of use. It offered sufficient processing power and
input/output pins to handle multiple sensors, such as those for pH, tempera-
ture, and turbidity, making it suitable for real-time environmental monitoring.
Its wide range of libraries and community support enabled quick integration
with various IoT components, including WiFi modules like the ESP8266. Ad-
ditionally, the Arduino UNO is cost-effective, making it a practical option for
scalable smart aquaculture applications.

• ESP8266 ESP-01 WiFi Module: The ESP8266 ESP-01 WiFi module was ideal
for IoT-based phytoplankton and zooplankton growth monitoring system
due to its low power consumption, affordable cost, and reliable wireless
connectivity, enabling real-time data transmission from sensors monitoring
plankton growth parameters. Its compact size and built-in TCP/IP stack made
it efficient for IoT applications, allowing seamless communication between
the monitoring system and remote servers or mobile devices. Additionally, its
compatibility with Arduino UNO ensured easy integration, while its ability
to support IoT protocols makes it well-suited for continuous environmental
monitoring in smart aquaculture systems.
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Figure 3.4: Arduino UNO

Figure 3.5: ESP8266 ESP-01 WiFi Module
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3.4 Design the Solution

3.4.1 Innovative Aquaculture Solutions

• Concept Generation: In the ideation phase, the team explored various strate-
gies to improve the monitoring of plankton growth in aquaculture. The initial
concepts spanned from conventional sensor-based water quality measure-
ments to advanced machine learning models for predictive analysis. The core
objective was to develop a solution that could provide real-time monitoring
and forecasting of plankton levels, offering fish farmers timely insights. The
system needed to be flexible enough to adapt to different aquatic conditions
while delivering meaningful data on plankton abundance.

• Concept Reduction: After a thorough evaluation focusing on criteria like
accuracy, scalability, cost, and flexibility, the team narrowed down the op-
tions. Traditional methods such as Secchi disks, though considered, could
not predict plankton population dynamics based on changing environmental
factors. The final decision was to adopt an IoT-based approach combined with
machine learning algorithms. This choice offered a more dynamic solution by
predicting plankton levels through water quality indicators like pH, tempera-
ture, turbidity, and dissolved oxygen, thereby improving the management of
fish farms.

• Justification and Novelty: The innovation of this solution lies in its combina-
tion of IoT devices and machine learning techniques, particularly the use of
XGBoost, to predict plankton growth. This marks a departure from traditional
manual methods, introducing the advantage of predictive capabilities. The
system not only provides real-time insights but also forecasts future plankton
levels, enabling proactive measures. This leads to better aquaculture manage-
ment by helping farmers avoid critical issues such as oxygen depletion and
harmful algal blooms, ultimately boosting fish production and profitability.
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3.4.2 Methodology

Figure 3.6: Methodology

The flowchart 3.6 shown in the figure outlines the methodology of IoT based
Phytoplankton and Zooplankton Growth Monitoring System for Smart Aqua-
culture. It begins with data collection, followed by data processing and feature
engineering to prepare the data. After the data is split into subsets for train-
ing and testing, machine learning models such as Random Forest, XGBoost,
Gradient Boosting, KNN, CNN, RNN, and SVM are trained for Plankton and
DO using their respective training datasets. After training, the models are
evaluated using the test dataset, ensuring they perform well. The results are
fed into the model evaluation step, where the performance of ML models is
assessed. The best-performing algorithm which is XGBoost is then selected
through the best fit algorithm step, and finally, the most suitable model will
be deployed in the mobile application for use.
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3.4.3 System Architecture

Figure 3.7: System Architecture

3.4.3.1 System Architecture Overview

The architecture of the IoT-based plankton growth monitoring system inte-
grates sensor-based data collection, cloud computing, and machine learning
to offer real-time pond condition analysis and plankton status monitoring. As
illustrated in the image, the system starts by deploying multiple sensors in
the pond to capture key environmental parameters essential for aquatic life.
These sensors measure critical factors such as pH levels, water temperature,
turbidity, and total dissolved solids (TDS). The collected data is then trans-
mitted via an ESP8266 microcontroller, which serves as the communication
bridge between the sensors and the cloud server.

Once the data is collected, it is sent to the Firebase Cloud server, where it is
securely stored and processed. The system’s machine learning component is
housed in the cloud. This component involves a pre-trained machine learning
(ML) model, which has been trained using various supervised algorithms to
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analyze the environmental data and predict the growth and status of plankton
in the pond. The selected ML model, based on its optimal performance in
terms of accuracy, recall, and other metrics, is utilized to predict whether
the current pond conditions support healthy plankton growth or signal an
imbalance.

The processed results from the ML model are sent back to the cloud server,
which is then fetched by a dedicated mobile application. Farmers can access
the application to view real-time insights, such as the status of plankton
growth, pond conditions, and necessary corrective actions if required. The
app allows farmers to make informed decisions and manage their ponds
efficiently. The integration of cloud computing, machine learning, and sensor
networks ensures continuous data flow, precise monitoring, and user-friendly
access through the mobile platform.

3.4.3.2 Communication Protocols and Data Flow

The communication within the system architecture is engineered for efficient
and secure data transmission. The IoT device employs the ESP8266 WiFi
module to wirelessly transmit sensor data from the pond to the cloud server.
Various sensors, including pH, temperature, turbidity, and dissolved oxy-
gen sensors, continuously monitor pond conditions, ensuring real-time data
collection.

The collected data is then sent to the Amazon IoT Cloud server, where it is
processed and stored. The server integrates a trained machine learning (ML)
model, which is used to analyze the data and predict plankton growth. This
processed information is sent to the mobile application, where farmers can
view the plankton growth status based on the ML model’s predictions.

The server-to-application communication is secured with robust HTTP pro-
tocols, ensuring data integrity and protection against cyber threats. This
end-to-end system ensures reliable monitoring of pond conditions and timely
updates for farmers, enabling more effective aquaculture management.
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3.4.4 Use Case Diagram

3.4.4.1 General User Use Case Diagram

The use case diagram shown in the figure 3.8 represents a detailed interaction
framework for an IoT-based Phytoplankton and Zooplankton Growth Moni-
toring System, highlighting how a general user engages with various system
functions. The process begins with the user creating an account, which allows
them to sign in and access the system’s features. Once logged in, the user can
view and edit their profile, enabling them to manage personal information
and preferences. A key functionality is the ability to view real-time pond
status, where IoT sensors provide live data on the growth and conditions of
phytoplankton and zooplankton in the monitored environment. This allows
the user to track ecological trends and assess the health of the pond. Addition-
ally, the system will send notifications to the user, alerting them to any critical
updates or changes in the pond’s ecosystem, ensuring proactive monitoring.
Finally, the user can securely sign out, completing their interaction. Overall,
the diagram emphasizes user-friendly and real-time monitoring capabilities,
designed to facilitate ecosystem management through IoT technology.
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Figure 3.8: General user use case diagram

3.4.4.2 Admin Use Case Diagram

The diagram shown in the figure 3.9 represents the Admin Use Cases for
an IoT-based Phytoplankton and Zooplankton Growth Monitoring System,
depicts how the admin interacts with the system. The View Real-Time Status
feature enables continuous monitoring of pond conditions and ecosystem
health for admin. Monitor data collection use case allows admins to super-
vise the process of data collection from IoT devices deployed in the system.
Admins can ensure that data is being recorded accurately and transmitted
properly to the monitoring platform. They can also troubleshoot any issues
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related to data inconsistencies or transmission failures. Admins can adjust sen-
sor settings through Configure Sensor Parameters, fine-tuning data collection
and calibration. The Manage Application Users function ensures that admins
can perform user management, providing role-based access control for differ-
ent user types. Finally, View Analytics and Reports allows admins to generate
detailed reports and analytical insights, enabling data-driven decisions to
maintain a balanced ecosystem. Together, these functions equip admins with
comprehensive tools for system oversight and operational efficiency.

Figure 3.9: Admin Use Case Diagram
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3.4.5 Activity Diagram

3.4.5.1 Admin Activity Diagram

In the admin activity diagram, the process begins with the login phase, where
the admin enters credentials to gain access to the system. Once authenti-
cated, the admin is presented with a range of options to manage the system
effectively. One key responsibility is profile maintenance, where the admin
oversees user management. This involves viewing the list of users, adding
new users as needed, and ensuring that user details are kept up-to-date. Ad-
ditionally, the admin has access to the device list, where they manage all
devices linked to the system. This includes adding new devices, such as
sensors, and performing regular maintenance to ensure that each device is
functioning properly. These tasks are crucial to maintaining the system’s in-
tegrity and ensuring smooth operation. After completing these administrative
tasks, the admin can log out, thereby ending their session securely to prevent
unauthorized access.

Figure 3.10: Admin Activity Diagram
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3.4.5.2 User Activity Diagram

The user activity diagram, on the other hand, outlines a more focused set of
tasks related to monitoring and interaction with pond data. After logging
in, the user selects the pond they wish to monitor, allowing them to focus on
specific pond conditions. The system displays real-time data for the selected
pond, providing insights into water parameters and overall pond health.
Users can also view notifications that alert them to any significant changes or
conditions that may require attention. Additionally, the system offers access
to historical data, enabling users to review past conditions and track trends
over time. Alongside monitoring capabilities, the system allows users to view
and edit their profiles, ensuring that their personal information is accurate.
Once users have completed their tasks, they can log out, secure the system,
and end their session.

Figure 3.11: User Activity Diagram

In both diagrams, the flow is designed to ensure secure access, efficient system
management, and real-time monitoring, with tailored roles and responsi-
bilities for admins and users alike. The streamlined processes enhance the
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usability and functionality of the system, supporting effective pond manage-
ment and device oversight.

3.4.6 Level-1 Data Flow Diagram

The provided Figure 3.12 illustrates a Data Flow Diagram (DFD) that outlines
the interaction between different modules and users within the system, likely
connected to aquaculture or environmental monitoring. It highlights the flow
of information between users, services, and administrative functions to ensure
smooth operation and effective management of the system.

The system begins with the Login (1.0) module, where both Users and Admin
must authenticate to access their respective features. Once logged in, users can
interact with various Services (2.0), such as monitoring pond water quality,
viewing plankton levels, and receiving notifications. These services provide
real-time insights into environmental parameters, helping users stay informed
and take appropriate actions when needed. Users also can securely log out
via the Logout (3.0) function, ensuring session management and preventing
unauthorized access.

Figure 3.12: Level-1 Data Flow Diagram
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Users can manage their personal information through the Profiling (4.0) mod-
ule, which offers options to view and update their profiles. This feature
ensures that users can keep their information current and aligned with sys-
tem preferences. The Admin role, on the other hand, includes additional
management responsibilities, such as User Management (5.0) and Device
Management (6.0). Admins can add, update, or remove users, maintaining
a well-organized user database. Similarly, they can manage the devices con-
nected to the system by adding, updating, or removing IoT sensors and other
hardware, ensuring the system functions smoothly.

The DFD shows how data flows between modules and distinguishes between
the roles of Users and Admins. Users primarily engage with monitoring
services and manage their data, while Admins are responsible for maintaining
system operations by overseeing users and devices. The modular structure
ensures secure access control, role-based permissions, and efficient manage-
ment of system resources, contributing to the long-term sustainability and
effectiveness of the platform.

3.5 Implementation

3.5.1 Hardware Implementation

This section describes the key components required for designing the Embedded IoT
system for monitoring vital water quality parameters(pH, temperature, turbidity,
TDS) to build a smart aquaculture for phytoplankton and zooplankton growth
monitoring.

• Arduino UNO: The Arduino UNO is a microcontroller that acts as the system’s
brain. It controls the sensors, reads data from them, and sends/receives signals
to and from other components, such as Wi-Fi modules or output devices.

• ESP8266 ESP-01 Wi-Fi Module: This module provides wireless connectivity,
allowing the system to send sensor data over Wi-Fi to a remote server or cloud
service. It is essential for enabling IoT functionality, where data from the
sensors can be monitored remotely.
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• pH Sensor: This sensor is used to measure the pH level of the water in
the system. The pH level is crucial for monitoring the growth conditions
for phytoplankton and zooplankton in aquaculture. It is connected to the
Arduino to continuously monitor the water’s acidity or alkalinity.

• Temperature Sensor: This sensor is responsible for measuring the water
temperature. Temperature plays a significant role in aquaculture as it affects
the growth of organisms.

• Turbidity Sensor: The turbidity sensor measures the clarity of the water,
which is essential for assessing the water quality. Higher turbidity indicates
more particles or microorganisms in the water, potentially affecting phyto-
plankton and zooplankton growth.

• TDS (Total Dissolved Solids) Sensor: The TDS sensor measures the concen-
tration of dissolved solids in the water. It provides important information
about the water’s mineral content, which affects plankton and overall water
quality. This sensor connects to the Arduino to monitor and transmit water
quality metrics.

• Battery Pack: The battery pack powers the entire system. It ensures that the
Arduino and the connected sensors can operate without a direct connection to
a power outlet, making the system more portable and adaptable for remote
environments.

• Breadboard: The breadboard is used to connect all components without
soldering, allowing for easier prototyping and testing of the circuit. The
power and ground lines are distributed through the breadboard, and it serves
as the main hub for connecting the sensors to the Arduino.
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Figure 3.13: Circuit Diagram

Overall Circuit Connection Description: The pH, temperature, turbidity, and
TDS sensors are all connected to the Arduino, and each sensor continually collects
data from the water. Following that, Arduino processes the data. The ESP8266 Wi-Fi
module enables the Arduino to send collected sensor data to a remote server or
cloud platform, allowing for real-time monitoring of water quality indicators. This
is critical for ensuring optimal plankton growth conditions in the smart aquaculture
system. The battery pack powers the entire circuit, allowing for mobility and
flexibility during field deployment in remote or aquatic situations.

3.5.2 Sensor Tuning

Sensor Tuning to the process of adjusting and fine-tuning sensors for optimal
performance in a system, ensuring accurate and reliable data collection. This
includes calibration to establish correct measurement baselines, filtering to minimize
noise, and adjusting sensor sensitivity to the environment. Once tuned, sensors will
be integrated into the system where they communicate with microcontrollers or IoT
platforms, allowing collected data to be processed and used effectively in real-time
applications like monitoring, control, or automation tasks.

1. pH Sensor Tuning: To calibrate the SEN-00239 pH Sensor, the system was
warmed up for at least 15 minutes to stabilize its electronics. To eliminate
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inaccuracies, we utilized two buffer solutions, typically pH 7.00 and one
near the desired measurement range, while keeping both the sensor and the
solutions at the same temperature. After cleaning with distilled water, we
immersed the sensor in the pH 7.00 buffer, then waited for the reading to
stabilize, and then set the meter to 7.00. We repeated the technique for the
second buffer. We did calibration regularly, especially after extensive usage,
contamination, or storage, to ensure accuracy.

2. Temperature Sensor Tuning: For the calibration of the Waterproof DS18B20
Digital Temperature Sensor (Model No: SEN-00072), we initially placed the
sensor in a reference solution with a known temperature (such as an ice bath
at 0°C or boiling water at 100°C) to ensure accuracy. After the sensor was im-
mersed, the reference temperature was compared to the sensor’s results. After
that, the reported temperature was compared with the sensor’s output, and
any deviations were noted. To ensure accuracy and linearity, we performed
the procedure at several temperature ranges. To ensure accurate temperature
readings going forward, the acquired data was then utilized to modify the
calibration variables in the system’s programming.

3. Turbidity Sensor Tuning: To calibrate the SEN-00179 Analog Turbidity Sensor,
we used pure water (0 NTU) as a baseline and standard turbidity solutions
like 100 NTU and 400 NTU. The sensor was submerged in these solutions, and
the corresponding analog voltage outputs were recorded. From the collected
data, we generated a calibration curve to map voltage to turbidity in NTU.
The microcontroller’s code was then updated with the calibration formula
to ensure accurate turbidity readings during operation, ensuring consistent
performance in water quality monitoring.

4. TDS Sensor Tuning: For the calibration of the Analog TDS Sensor (Model
No: SEN-00222), we began by using a reference solution with a known Total
Dissolved Solids (TDS) value, typically a calibration solution with a defined
ppm (such as 1413 ppm). The sensor’s output voltage was measured after it
was immersed in the solution. The difference between the measured output
and the known TDS value was used to establish a calibration curve. To ensure
accuracy over a range of values, this procedure was performed using other
TDS reference solutions.
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3.5.3 Software Implementation

• Data Collection & Transmission: Sensor data (pH, temperature, turbid-
ity, TDS) collected by the Arduino UNO was transmitted wirelessly via the
ESP8266 Wi-Fi module to a cloud server for storage and analysis.

• Data Preprocessing: Once stored in the cloud, the raw data underwent prepro-
cessing to clean and normalize the values. Ensuring consistency and removing
any missing data.

• Machine Learning Model Development: Various machine learning models,
including XGBoost, CNN, and RNN, were developed and trained on the
preprocessed data to predict phytoplankton and zooplankton abundance.
These models used the sensor data to make accurate predictions.

3.5.4 System Integration and Data Collection Process

3.5.4.1 Integration Process

To integrate the pH, temperature, TDS, and turbidity sensors with the Arduino
UNO, ESP8266 ESP-01 Wi-Fi Module, breadboard, and battery pack, we started
by establishing the power supply. All sensors required a voltage of 5V, which
we provided using the Arduino UNO’s 5V pin. Each sensor’s power input was
connected to the 5V rail on the breadboard, and the ground (GND) pins of both the
Arduino and breadboard were connected to ensure a common ground.

For signal connections, the pH sensor was connected to one of the Arduino’s
analog input pins to monitor its output. The temperature sensor (DS18B20) was
interfaced using a digital pin, with a 4.7kΩ pull-up resistor placed between the data
pin and the 5V supply. The TDS sensor’s analog output was connected to another
analog input pin on the Arduino, while the turbidity sensor’s output was linked to
a free analog pin.

The ESP8266 Wi-Fi Module required a 3.3V supply, so its VCC and CH PD
(enable) pins were connected to the 3.3V output from the Arduino. To safely
interface the 3.3V signals with the Arduino’s 5V logic for the RX and TX lines,
we used a logic level shifter. Alternatively, if a level shifter was unavailable, we
implemented a resistor divider for the TX signal from the Arduino to the ESP8266.
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The RX pin of the ESP8266 was connected to the TX pin of the Arduino, and the TX
pin of the ESP8266 was linked to the RX pin of the Arduino.

The battery pack was then connected to the power input (VIN) of the Arduino
to provide continuous 5V power to the system. This setup allowed the Arduino to
regulate the power of the sensors and the Wi-Fi module. We wrote the Arduino
code to read the sensor values continuously from the analog and digital pins. This
data was then sent to the ESP8266 module via serial communication, enabling
it to transmit information to a server or cloud platform for real-time monitoring.
This integration facilitated the collection of water parameter data, processed by the
Arduino, and made accessible remotely through the ESP8266 Wi-Fi module.

Figure 3.14: IoT Hardware System

3.5.4.2 Data Collection Process

Figure 3.15 shows the data collection in testing sites. We collected data from across
13 ponds situated in Magura, Noakhali, and the Botanical Garden in Dhaka, com-
mencing on January 1st and concluding on July 10th. Over these seven months,
approximately 4,500 samples were gathered, highlighting the extensive monitor-
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ing efforts undertaken in these diverse locations. The sensor data were recorded
continuously, with measurements taken twice daily during peak hours, specifically
between 9-10 AM and 5-6 PM. To streamline data logging and ensure real-time
accessibility, the collected data were directly uploaded to a Google Sheet using an
Arduino microcontroller integrated with a Wi-Fi module. This setup facilitated
efficient data management and analysis, enabling it to monitor environmental
conditions and track trends in water quality across the selected sites effectively.

Figure 3.15: Data Collection in testing sites
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Chapter 4

Result analysis

4.1 Plankton Sampling and Abundance Measurement

Water samples for plankton analysis were collected biweekly from each pond
and preserved with a formalin solution for later examination in the laboratory, as
illustrated in Figure (4.1). In the lab, the samples were passed through a plankton
net with a 25 µm mesh size for filtration.

Figure 4.1: Plankton Analysis in Lab

Plankton abundance was measured using a Sedgewick-Rafter Counting Cham-
ber under a binocular microscope. The quantification process followed the method
outlined previously. The plankton abundance was calculated using the formula
shown in Equation (1).
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N =
A × C

V × F × L
(1)

where,

• N represents the number of phytoplankton cells or units per liter of the original
sample

• A denotes the total number of plankton counted

• C is the volume of the final concentrate of the sample in milliliters (mL)

• V indicates the volume of a field in milliliters (mL)

• F is the number of fields counted

• L is the volume of the original water sample in liters (L)

4.2 Summary of Water Quality Dataset Overview

The provided Table 4.1, shows a sample of the dataset collected during the study
period. The dataset presented here contains water quality parameters collected
from different ponds on various dates. These parameters include temperature, pH,
TDS (Total Dissolved Solids), turbidity, and DO (Dissolved Oxygen). The dataset
also includes two biological indicators: Phytoplankton and Zooplankton, which are
crucial in determining the ecological health of the water bodies.

Significant Features of the Dataset:

• Temperature (Temp): Recorded in degrees Celsius, ranging from 29.8°C to
33.1°C, indicating the temperature variation between different ponds and
times.

• pH: Reflecting the acidity or alkalinity of the water. Values vary from 7.4
to 10.2, showing different water conditions, from slightly alkaline to highly
alkaline.
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• TDS (Total Dissolved Solids): These values range significantly, from 83 ppm
to 511 ppm, showing variability in the concentration of dissolved materials in
the water.

• Turbidity: Measured in NTU (Nephelometric Turbidity Units), indicating
how clear the water is. Values range from 8 to 58 NTU, where higher values
signify more suspended particles.

• DO (Dissolved Oxygen): A critical parameter for aquatic life, values here
vary between 4.3 mg/L and 5.2 mg/L, which can influence the biodiversity of
the pond.

• Phytoplankton and Zooplankton: These two biological indicators show large
fluctuations across different ponds and times, ranging from a few hundred to
millions, reflecting varying levels of productivity and potential eutrophication
in these water bodies.

The dataset was collected from various pond locations, including BG 1, BG 2,
BG 3, and several ponds in the Magura region. The data spans different dates and
times, specifically on January 3rd and May 10th, 2024, reflecting seasonal variations
in water quality parameters. These temporal differences highlight the natural fluc-
tuations in environmental conditions across the ponds, providing insight into how
factors such as temperature, pH, and biological indicators change over time.

This dataset provides a comprehensive overview of the environmental and
biological conditions of the ponds, useful for further analysis of water quality,
pollution levels, and ecosystem health. The variability across locations and times
reflects both natural fluctuations and possibly anthropogenic influences, making it
suitable for ecological monitoring and environmental studies.
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4.3 Data Preprocessing

In this section, steps were taken to ensure the dataset was clean, with no missing
or duplicate values, making it suitable for analysis. A data balancing technique
was implemented alongside feature modification to minimize bias toward the
target variable. The Phytoplankton and Zooplankton data were categorized into 10
distinct levels based on plankton counts. The procedure for creating these levels is
outlined in Table 4.2.

Table 4.2: Plankton value leveling

Level Phytoplankton Zooplankton

Level 1 ≤ 10000 ≤ 1000

Level 2 ≤ 50000 ≤ 10000

Level 3 ≤ 100000 ≤ 20000

Level 4 ≤ 500000 ≤ 30000

Level 5 ≤ 1000000 ≤ 40000

Level 6 ≤ 2000000 ≤ 50000

Level 7 ≤ 3000000 ≤ 70000

Level 8 ≤ 4000000 ≤ 100000

Level 9 ≤ 5000000 ≤ 200000

Level 10 >5000000 >200000

In this study, the optimal range for phytoplankton was identified as 10,000 to
2,000,000 cells/L, and for zooplankton, it was 10,000 to 50,000 cells/L. Levels 3
to 6 were considered optimal for phytoplankton, while levels 7 and 8 indicated a
warning, and levels 9 and 10 were deemed harmful. Levels below 3 were classified
as neutral for phytoplankton. Similarly, for zooplankton, levels 2 to 6 were optimal,
levels 7 and 8 served as a warning, levels 9 and 10 were harmful, and level 1 was
regarded as neutral Aravinth et al. (2023) and Duré et al. (2021).
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4.4 Environmental and Biological Correlation Analysis

Using the first 103 data samples, the correlations between environmental parame-
ters and biological indicators, as shown in Figure 4.2, will provide a more robust
and realistic understanding of the relationships within the given data.

Phytoplankton: Correlations between phytoplankton and environmental factors
are generally moderate. The strongest positive correlation is with turbidity (0.48)
meaning that phytoplankton levels increase as turbidity increases, possibly due to
an increase in suspended particles that can provide nutrients. pH (0.43) also showed
a positive correlation, suggesting that more alkaline conditions may support greater
phytoplankton growth. Other positive but weak correlations include TDS (0.35) and
temperature (0.15) indicating that higher TDS (total dissolved solids) and tempera-
ture slightly favor phytoplankton growth. However, the negative correlation with
DO (-0.38) suggests that higher dissolved oxygen levels are associated with lower
phytoplankton concentrations, possibly due to oxygen consumption by competition
with other organisms.

Zooplankton: The zooplankton correlations show a similar pattern but are gen-
erally stronger. Turbidity (0.61) has the highest positive correlation, indicating that
turbid conditions are highly favorable for zooplankton, possibly due to increased
food availability from suspended organic matter. pH (0.47) also correlates positively,
suggesting that more alkaline water supports higher zooplankton populations. Ad-
ditionally, TDS (0.41) and Temperature (0.26) are positively correlated, although
temperature’s influence is relatively weaker. Like phytoplankton, zooplankton
shows a negative correlation with DO (-0.4), indicating that lower oxygen levels
may support larger zooplankton populations.
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Figure 4.2: Correlation Matrix

4.5 Comparative Analysis of Plankton Classification
Performance

This section provides a comparative analysis of different models’ performance in
classifying Phytoplankton and Zooplankton. High accuracy and robust f1-scores
were observed for most classes. The analysis highlights the models’ strengths in
generalization and ability to manage multi-class classification effectively.

4.5.1 Support Vector Machines (SVM)

SVM is highly effective for classifying Phytoplankton and Zooplankton. SVM
works by finding an optimal hyperplane that separates the classes and using the
radial basis function (RBF) kernel, it can handle non-linear data well. Its strength
lies in managing high-dimensional spaces and ensuring robust classification, even
with smaller datasets. By tuning parameters like C and the kernel, SVM becomes a
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strong choice for achieving accurate classification in this multi-class problem.

Phytoplankton: Using parameters ’C’: 10, ’kernel’: ’rbf’, the model achieved
strong performance in classifying Phytoplankton across 10 levels, with an overall
accuracy of 90.19%. The classification report shows excellent precision, recall, and
f1-scores for the majority classes, particularly Level 1 and Level 4, both scoring
near-perfect values. However, for some minority classes, such as Level 8, the
model struggles with lower precision (0.45) and recall (0.29), indicating difficulty in
correctly identifying this class.

The macro-average f1-score of 0.82 suggests that, although the model performs
well across most levels, the performance of minority classes could be improved.
Overall, the high weighted average f1-score of 0.90 reflects the model’s robust
ability to classify the majority of the samples correctly, while maintaining good
generalization across different levels.

Zooplankton: With parameters ’C’: 10, ’kernel’: ’rbf’, the model performed
impressively in classifying Zooplankton levels, achieving an overall accuracy of
93.16%. The classification report shows outstanding precision, recall, and f1-scores
for most classes, with Level 1, Level 2, and Level 10 scoring perfect 1.00 in all
metrics. Levels such as 4 and 5 exhibit slightly lower performance, with f1-scores
of 0.93 and 0.83, respectively, indicating some misclassifications. Notably, Level 6
has the lowest precision at 0.58 but compensates with a high recall of 0.93, which
suggests the model tends to overclassify this level but manages to capture most of
the true positives.

The overall macro-average f1-score of 0.92 reflects the balanced performance
across all levels, while the high weighted average of 0.93 confirms the model’s
strong ability to generalize and provide accurate predictions across the dataset.
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4.5.2 RandomForestClassifier (RF)

RandomForestClassifier’s ability to manage multiple classes, even in an imbalanced
dataset, makes it a valuable choice for this project.

Phytoplankton: The RF with parameters {’max depth’: 8, ’max features’: 0.6,
’max samples’: 1.0, ’n estimators’: 60} achieved an accuracy of 90.41% in classifying
Phytoplankton. The model performs exceptionally well for major classes like Level
1 and Level 4, achieving f1-scores of 1.00 and 0.98, respectively. For minority classes
such as Level 8, the model struggles, with a low f1-score of 0.27 due to poor recall
(0.16). Overall, the macro-average f1-score of 0.80 and the weighted average of 0.89
indicate strong performance across the dataset with slight difficulties in handling
the less frequent classes.

Zooplankton: The RF for Zooplankton, using the parameters {’max depth’:
8, ’max features’: 0.6, ’max samples’: 0.5, ’n estimators’: 120}, achieved a high
accuracy of 93.05%. Major classes, like Level 1, Level 2, and Level 10, performed
perfectly with an f1-score of 1.00. Most other levels also performed well, such as
Level 4 and Level 9, with f1-scores of 0.94 and 0.99, respectively. However, Level 6
had a lower f1-score of 0.69 due to lower precision (0.58). Despite this, the overall
macro-average and weighted average f1-scores of 0.92 reflect strong performance
across all levels, demonstrating the model’s robustness.

4.5.3 k-nearest neighbors (KNN)

KNN is a strong classifier for multi-class problems like Phytoplankton and Zoo-
plankton classification, especially when fine-tuned with optimal parameters.

Phytoplankton: Using KNN for Phytoplankton classification, the model achieved
an accuracy of 88.97%. The model performs exceptionally well for Level 1, Level 4,
and Level 5, with f1-scores of 1.00, 0.98, and 0.97, respectively. However, for Level 8,
the performance is lower, with an f1-score of 0.41 due to a precision of 0.35 and recall
of 0.49. The overall macro-average f1-score is 0.80, indicating that while the model
performs well for the majority classes, improvements are needed for the minority
classes. The weighted average f1-score of 0.90 reflects strong general performance.
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The best parameters for kNN in classifying Phytoplankton are {’n neighbors’: 3,
’weights’: ’distance’}, which helped achieve an accuracy of 88.97% and strong per-
formance for most classes, particularly Level 1, Level 4, and Level 5.

Zooplankton: The kNN model for Zooplankton, using the best parameters
{’n neighbors’: 5, ’weights’: ’distance’}, achieved an accuracy of 92.28%. The model
performed perfectly for Levels 1, 2, and 10, each with f1-scores of 1.00. Strong
results were also seen for Levels 9 and 8, with f1-scores of 0.99 and 0.91, respectively.
However, Level 6 had a lower f1-score of 0.68 due to reduced precision (0.59). The
overall macro-average f1-score of 0.91 and weighted average of 0.92 demonstrate
the model’s solid classification ability across most levels.

4.5.4 Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNN) are powerful models commonly used
for image and pattern recognition tasks. They work by applying convolutional
layers that detect spatial hierarchies and features in data through filters, followed
by pooling layers that reduce the dimensionality. As the data passes through
successive layers, CNN learns more abstract features. For classification tasks, the
learned features are fed into fully connected layers to generate predictions for each
class, which in this case allows the model to identify patterns among different
Phytoplankton and Zooplankton levels based on input data.

Figures (4.3, 4.4, 4.5, and 4.6) represent the training and validation loss of the
Phytoplankton and Zooplankton classification model as a function of epochs during
training.
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Figure 4.3: Phytoplankton Model Loss vs Epoch (CNN)

Figure 4.3 shows that both the training and validation loss decrease initially,
indicating that the model is learning and improving. After around 10 epochs, both
losses flatten out, suggesting that further training may not lead to significant im-
provements. Typically, overfitting occurs when the training loss decreases while the
validation loss starts to increase. However, in this case, both training and validation
loss stay consistent and low after stabilization, suggesting the model is not overfit-
ting to the training data. The low values of both training and validation loss nearly
(0.25) imply that the model is performing well in classifying the Phytoplankton data.

Training Loss (Blue Line): This line tracks the loss on the training dataset dur-
ing each epoch. At the start (epoch 0), the training loss is high, but it decreases
rapidly as the model learns, eventually stabilizing around 0.25 after about 10 epochs.

Validation Loss (Orange Line): This line tracks the loss on the validation dataset,
which is used to evaluate how well the model generalizes to unseen data. Like the
training loss, it decreases at the beginning and stabilizes around 0.25, remaining
fairly consistent across epochs.
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Figure 4.4 shows that the Phytoplankton classification model is performing well,
with validation accuracy stabilizing around 90%. The lack of significant overfitting
and the convergence of both training and validation accuracy implies that the model
is well-tuned for this task.

Figure 4.4: Phytoplankton Model Accuracy vs Epoch (CNN)

Training Accuracy (Blue Line): This line tracks the accuracy of the model on
the training dataset. At the start (epoch 0), the training accuracy is low nearly 60%,
but it increases rapidly and stabilizes around 85% after about 10 epochs.

Validation Accuracy (Orange Line): This line tracks the model’s accuracy on
the validation dataset, used to evaluate generalization on unseen data. Validation
accuracy starts around 80% and rises quickly, stabilizing between 87% and 92%
after the first few epochs.

Figure 4.5 suggests that the Zooplankton model is learning effectively without
overfitting, as both the training and validation losses are low and consistent. The
model achieves optimal performance after around 10 epochs, with further training
showing minimal improvement. Both training and validation loss stabilize at a low

64



value of nearly 0.2, indicating the model is performing well and has minimized the
error in predictions for both the training and validation datasets.

Figure 4.5: Zooplankton Model Loss vs Epoch(CNN)

Training Loss (Blue Line): This line tracks the loss on the training dataset.
Initially, the training loss is high nearly 1.3, but it decreases sharply and stabilizes
around 0.2 after approximately 10 epochs.

Validation Loss (Orange Line): This line tracks the loss on the validation dataset,
which is used to evaluate how well the model generalizes. It follows a similar down-
ward trend, starting around 0.6 and decreasing to approximately 0.2 after 10 epochs,
with minimal fluctuation afterward.

Figure 4.6 represents the accuracy of the Zooplankton classification model using
a Convolutional Neural Network (CNN) over 30 epochs. It shows both the training
accuracy (in blue) and validation accuracy (in orange) over time.

Both training and validation accuracy increase rapidly during the first few
epochs. By epoch 5, the validation accuracy is already close to 90%, and the
training accuracy catches up shortly after. Around epoch 10, both training and
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validation accuracies begin to stabilize, indicating that the model is no longer
learning significant new patterns.

Figure 4.6: Zooplankton Model Accuracy vs Epoch (CNN)

After epoch 15, the two curves remain close, fluctuating slightly, but neither
shows significant divergence, which is a good sign that the model is not overfitting.
The model achieves around 92% accuracy for both training and validation at the end
of the 30 epochs, which suggests that the model is well-optimized and generalizes
well to unseen data.

Phytoplankton: The CNN model achieved a 90% accuracy for Phytoplankton
classification, demonstrating strong overall performance across most levels. Levels
1, 4, and 5 performed exceptionally well, with f1-scores of 1.00, 0.98, and 0.97,
respectively, indicating perfect or near-perfect precision and recall. Level 6 also
exhibited high performance with an f1-score of 0.94. However, Level 8 showed
lower performance with an f1-score of 0.39, primarily due to a recall of 0.31, sug-
gesting that it had difficulty detecting true positives. Levels 7 and 10 achieved
moderate f1-scores of 0.74 and 0.75, respectively, while Level 9 scored 0.82. Despite
some variability in class performance, the macro-average f1-score of 0.82 and the
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weighted average f1-score of 0.90 indicate a well-performing model overall.

Zooplankton: The CNN model for Zooplankton classification achieved an over-
all accuracy of 93%, reflecting strong performance across most levels. Levels 1,
10, and 2 performed flawlessly, each attaining f1-scores of 1.00. Levels 8 and 9
also showed excellent results, with f1-scores of 0.92 and 0.98, respectively. Level
5 had moderate performance, achieving an f1-score of 0.83, while Level 6 exhib-
ited some challenges with an f1-score of 0.66, due to lower precision. The overall
macro-average f1-score of 0.91 and weighted average f1-score of 0.92 indicate a
well-balanced model that handles both frequent and less frequent classes effectively.

4.5.5 Recurrent Neural Network (RNN)

Recurrent Neural Networks (RNNs) handle sequential data by maintaining infor-
mation through loops in their architecture, making them ideal for tasks like time
series and text classification. For multi-class problems, the RNN processes the
sequence and passes the final hidden state through a dense layer with a softmax
activation, which outputs class probabilities. The class with the highest probability
is selected as the prediction. RNNs are trained using backpropagation through time
(BPTT) to adjust weights and improve classification accuracy across multiple classes.

Figure (4.7,4.8, 4.9, 4.10) shows the loss over epochs for a Recurrent Neural
Network (RNN) during training and validation. Here’s a summary of what the plot
indicates:
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Figure 4.7: Phytoplankton Model Loss vs Epoch (RNN)

Figure 4.7 shows that both train Loss (blue curve) and Validation Loss (orange
curve) decrease significantly as the number of epochs increases, indicating that
the model is learning and the training process is effective. By around epoch 10,
both losses stabilize at lower values, showing that the model has learned to a good
extent.

The losses continue to decrease slightly but remain relatively stable after epoch
20. There is no visible indication of overfitting, as the validation loss closely follows
the training loss, remaining consistent throughout the epochs.

Figure 4.8: Phytoplankton Model Accuracy vs Epoch (RNN)
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In Figure 4.8 the Accuracy vs. Epochs graph shows a rapid rise in both training
and validation accuracy during the first 10 epochs, reaching around 0.9. After this,
both accuracies stabilize with minimal fluctuations. The training accuracy remains
slightly higher, but the small gap indicates minimal overfitting. Beyond 30 epochs,
there is little improvement, suggesting the model has converged.

Figure 4.9: Zooplankton Model Loss vs Epoch (RNN)

In Figure 4.9 around 20 epochs the training and validation losses start stabilizing
and converge, showing minimal fluctuation towards the later epochs (between 40
to 50 epochs). This suggests the model has learned well and is not overfitting, as
the validation loss follows the training loss closely without increasing. The steady
decrease and close alignment between training and validation losses indicate good
generalization of the model. There is no significant overfitting since the validation
loss remains low and mirrors the training loss, which is a positive outcome for the
model.

The model training for Zooplankton classification is proceeding successfully,
with both training and validation losses being minimized effectively over time.
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Figure 4.10: Zooplankton Model Accuracy vs Epoch (RNN)

In Figure 4.10 both training and validation accuracy start at relatively low values
(below 60%) but improve rapidly during the initial epochs. After approximately
10 epochs, both accuracies exceed 85%, indicating the model is learning effectively.
By around 20 epochs, accuracy stabilizes at a high value (around 90%), with both
training and validation accuracies converging near 92–93%.

The accuracy continues to increase for both training and validation datasets
but stabilizes after about 30 epochs. This close alignment between training and
validation accuracy indicates that the model is generalizing well without overfitting.

The model achieves peak accuracy, with both training and validation accuracy
remaining consistently above 90% from around epoch 30 onwards. There are slight
fluctuations in validation accuracy, but it remains tightly aligned with the training
accuracy, which suggests the model is robust and performing well on unseen data.

Phytoplankton: Overall accuracy of 93%. Levels 1, 4, 5, and 6 showed excellent
performance with f1-scores above 0.97, while Level 10 and Level 9 also performed
moderately well. However, the model struggled with Level 8, which had a low
f1-score of 0.45, mainly due to poor recall. Overall, the model demonstrated strong
predictive capabilities, although improving performance for less represented levels
(like Level 8) could enhance its accuracy further.
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Zooplankton: Zooplankton classification performed very well, achieving an
overall accuracy of 93%. Levels 1, 2, and 10 demonstrated perfect performance with
f1-scores of 1.00, while Level 9 also achieved near-perfect results with an f1-score of
0.99. Levels 3, 4, 5, and 7 showed solid results, with f1-scores ranging from 0.82 to
0.92. However, Level 6 had a lower f1-score of 0.74 due to a recall of 0.93 but weaker
precision. Overall The model effectively classified most levels, with minor room for
improvement in balancing precision and recall for certain levels like Level 6.

4.5.6 Gradient Boosting

Gradient Boosting tackles multi-class classification by extending its binary classifi-
cation framework through strategies like ”One-vs-All”. In this method, it creates
separate binary classifiers for each class.

The algorithm employs a multi-class loss function, such as softmax or logistic
loss, to compute class probabilities. During training, it iteratively builds decision
trees that minimize the residual errors of previous trees, enhancing accuracy with
each iteration.

For final predictions, the output from all trees is combined to calculate probabili-
ties for each class, and the class with the highest probability is selected as the final
prediction. This iterative and corrective approach makes Gradient Boosting highly
effective for multi-class classification tasks.

Phytoplankton: The performance analysis of the Phytoplankton classification
using the Gradient Boosting Classifier reveals a commendable accuracy of 89.86%,
indicating solid classification capabilities for a multi-class problem. The model ex-
cels in predicting Level 1 and Level 4, achieving perfect scores for Level 1 and high
precision (0.99) and recall (0.97) for Level 4, leading to excellent F1-scores of 1.00
and 0.98, respectively. However, it struggles with Level 2 and Level 8, showcasing
low precision (0.38) and recall (0.33), which highlights areas for improvement. The
macro average F1-score of 0.78 suggests room for enhancement across classes, while
the weighted average metrics indicate strong performance in the majority of classes.
To boost overall performance, especially for the underperforming classes, strate-
gies such as addressing class imbalance through oversampling or under-sampling,
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enhancing feature engineering, and further hyperparameter tuning should be con-
sidered.

Zooplankton: The Zooplankton classification using the Gradient Boosting Clas-
sifier achieved excellent results with a 92.50% accuracy. Level 1, Level 10, and Level
2 had perfect precision, recall, and F1-scores (1.00), while Level 9 also performed
exceptionally (F1-score of 0.97). Moderate performance was seen in Level 4 (F1-
score of 0.88) and Level 7 (0.87). Weaker results were observed for Level 5 (F1-score
of 0.80) and Level 6 (0.74). Overall, the model performed strongly, but improving
predictions for Levels 5 and 6 could enhance its accuracy further.

4.5.7 XGBoost

For both Phytoplankton and Zooplankton classification, XGBoost employed a struc-
tured approach to handle the complexity of multi-class classification. By using
a moderate depth and controlling the learning process, the model was able to
effectively capture relationships within the dataset. The classifier managed class
imbalances, ensuring that even minority classes received adequate focus. This
strategic setup allowed XGBoost to provide accurate and reliable predictions across
diverse levels in ecological datasets, making it a powerful tool for classifying intri-
cate biological data.

Phytoplankton: With 91% accuracy for Phytoplankton classification, the model
demonstrated robust results. Levels 1 and 4 showed excellent performance with
high f1-scores (1.00 and 0.98, respectively). However, Level 8 had a lower f1-score
of 0.38 due to a low recall of 0.25. The overall macro average f1-score is 0.80, and
the weighted average f1-score is 0.90, indicating strong overall performance with
some variation in the lower-performing levels like Level 8.

Zooplankton: At 93.49% accuracy for Zooplankton classification, the model
excelled in predicting several levels. Levels 1, 2, and 10 achieved perfect f1-scores of
1.00. Levels 4, 5, and 6 showed moderate performance, with f1-scores of 0.94, 0.80,
and 0.74, respectively. The overall macro average f1-score is 0.92, and the weighted
average f1-score is 0.94, indicating a solid performance across most levels.
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4.6 Comparative Analysis of Top Model in Phytoplank-
ton Classification

Table 4.3 presents a performance comparison of various machine learning algo-
rithms for Phytoplankton classification, including SVM, Random Forest, KNN,
CNN, RNN, Gradient Boosting, and XGBoost, evaluated on metrics such as accu-
racy, precision, recall, and f1-score. RNN has the highest accuracy 0.93. Among
the models, KNN and CNN achieve an accuracy at 0.910, while Gradient Boosting
has the lowest at 0.898. RNN stands out with the highest precision (0.85) and recall
(0.93), indicating its strong capability to identify true positives effectively. In terms
of f1-score, RNN also excels with a score of 0.90, highlighting its balanced perfor-
mance. The macro and weighted averages show consistency across models, with
RNN leading in overall metrics. Despite Gradient Boosting respectable accuracy, its
lower precision and f1-scores suggest room for improvement. All models perform
well, RNN emerges as the most effective choice for Phytoplankton classification
with Random Forest and XGBoost also demonstrating strong performance suitable
for scenarios requiring robustness and interpretability.

Table 4.3: Performance comparison among various ML algorithms for Phytoplank-
ton

Model Name Accuracy Precision Recall f1-score

Macro Avg Weighted Avg Macro Avg Weighted Avg Macro Avg Weighted Avg

SVM 0.901 0.80 0.90 0.86 0.90 0.82 0.90

Random Forest 0.904 0.84 0.92 0.83 0.90 0.80 0.89

KNN 0.910 0.80 0.90 0.81 0.91 0.80 0.90

CNN 0.910 0.81 0.91 0.86 0.91 0.82 0.90

RNN 0.930 0.85 0.93 0.83 0.93 0.83 0.92

Gradient Boosting 0.898 0.77 0.90 0.79 0.90 0.78 0.90

XGBoost 0.905 0.82 0.91 0.82 0.91 0.80 0.90

The provided Table 4.4 compares the performance of various machine learning
algorithms for the classification of Zooplankton, featuring models such as SVM,
Random Forest, KNN, CNN, RNN, Gradient Boosting, and XGBoost. In terms of
accuracy, XGBoost achieves the highest score at 0.934, closely followed by KNN
and SVM, both at 0.931. All models exhibit strong precision, with SVM, Random
Forest, and XGBoost leading with scores of 0.92. The recall scores are also robust,
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highlighting the models’ effectiveness in identifying true positive instances, with
SVM, Random Forest, and XGBoost achieving a recall of 0.94. The f1-scores reflect
a similar trend, with SVM, Random Forest and XGBoost achieving the highest
f1-scores of 0.93. The macro and weighted averages indicate consistent performance
across the models, with all maintaining similar metrics. All models perform ex-
ceptionally well in classifying Zooplankton, with XGBoost emerging as the top
performer due to its superior accuracy, precision, and f1-score, while SVM and
Random Forest also demonstrate reliable capabilities.

Table 4.4: Performance comparison among various ML algorithms for Zooplankton

Model Name Accuracy Precision Recall f1-score

Macro Avg Weighted Avg Macro Avg Weighted Avg Macro Avg Weighted Avg

SVM 0.931 0.92 0.94 0.93 0.93 0.92 0.93

Random Forest 0.930 0.92 0.94 0.92 0.93 0.92 0.93

KNN 0.931 0.91 0.93 0.92 0.93 0.91 0.93

CNN 0.930 0.91 0.93 0.92 0.93 0.91 0.93

RNN 0.930 0.92 0.94 0.92 0.93 0.92 0.93

Gradient Boosting 0.925 0.91 0.93 0.91 0.93 0.91 0.93

XGBoost 0.934 0.92 0.94 0.93 0.93 0.92 0.94

4.7 ML Cross-Validation Performance for Phytoplank-
ton and Zooplankton

Table 4.5 presents the cross-validation performance of various machine learning
models for both Phytoplankton and Zooplankton classification, showing the ac-
curacy scores across five folds and the mean cross-validation (CV) scores. For
Phytoplankton, KNN, CNN, RNN, and XGBoost achieve strong mean CV scores
of 0.90 or higher, with CNN slightly outperforming the others at 0.90, showing its
consistency across folds. SVM demonstrates slightly lower but stable performance
with a mean CV score of 0.87. Gradient Boosting performs reasonably well with a
mean score of 0.89, while Random Forest shows solid results at 0.89, with slightly
higher scores in some folds.

For Zooplankton, XGBoost achieves the highest mean CV score at 0.92, display-
ing consistent performance across folds. SVM, KNN, and CNN also perform well
with mean CV scores of 0.91, showing strong predictive capability. Random Forest
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and Gradient Boosting demonstrate reliable but slightly lower performance with
mean CV scores of 0.90 and 0.91, respectively. RNN also performs strongly, with a
mean CV score of 0.91, indicating robustness across multiple folds.

Table 4.5: Cross-Validations Performance

Models Plankton CV Accuracy Scores Mean CV Score

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

SVM Phyto 0.87 0.87 0.86 0.87 0.87 0.87

Zoo 0.91 0.92 0.92 0.91 0.92 0.92

RF Phyto 0.88 0.90 0.89 0.89 0.90 0.89

Zoo 0.91 0.90 0.89 0.90 0.90 0.90

KNN Phyto 0.88 0.91 0.91 0.91 0.90 0.90

Zoo 0.91 0.91 0.92 0.91 0.90 0.91

CNN Phyto 0.90 0.90 0.88 0.89 0.93 0.90

Zoo 0.92 0.92 0.91 0.89 0.89 0.91

RNN Phyto 0.90 0.89 0.90 0.90 0.92 0.90

Zoo 0.90 0.90 0.91 0.91 0.92 0.91

Gradient Boosting Phyto 0.89 0.90 0.89 0.88 0.91 0.89

Zoo 0.91 0.92 0.90 0.91 0.91 0.91

XGBoost Phyto 0.89 0.90 0.91 0.91 0.91 0.91

Zoo 0.92 0.91 0.91 0.92 0.90 0.92
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4.8 ROC Analysis of Model Performance in Phytoplank-
ton Classification

The ROC curve shown in Figure 4.12 is another metric used to compare the per-
formance of ML models in terms of phytoplankton. The One vs Rest method has
been used to draw the ROC curve for multi-class classification. From the curve,
it can be stated that the RNN model performed best. The Area score of the RNN
model is between 0.97 to 1.00. On the other hand, it can be stated that KNN is
the worst-performed ML model in differentiating classes for this dataset as the
Area score is between 0.91 to 1.00. Level 8 has demonstrated lower classification
performance compared to other levels in the dataset, despite respectable ROC-AUC
scores across various models. While models like SVM (0.95), CNN (0.96), RNN
(0.97), and XGBoost (0.96) show strong results, the overall performance for Level 8
lags behind. Random Forest and KNN models both recorded an ROC-AUC score of
0.91. Gradient Boosting, with a score of 0.95, also performed well, but not enough
to mitigate the lower general classification results. This indicates that while the
models achieve good ROC-AUC scores, the classification challenges for Level 8
persist, likely due to the complexity in its features.

SVM RF
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KNN CNN

RNN Gradient Boosting

XGBoost

Figure 4.12: ROC Curve for Phytoplankton
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4.9 ROC Analysis of Model Performance in Zooplank-
ton Classification

The ROC curve shown in Figure 4.14 is an analysis of various machine learning
models for Zooplankton classification revealing impressive performance across the
board. The Support Vector Machine (SVM) achieved outstanding results, scoring
1.00 for most levels, with only minor reductions to 0.97 and 0.98 for levels 7 and 6,
respectively. Similarly, Random Forest (RF) exhibited strong results, with several
levels also scoring 1.00 and slight dips to 0.99 for levels 5, 6, and 7. K-Nearest
Neighbors (KNN) performed well, reaching 1.00 for levels 1, 10, and 2, while scores
for other levels ranged from 0.96 to 0.99. Convolutional Neural Network (CNN)
and Recurrent Neural Network (RNN) maintained robust performance with many
levels scoring 1.00, and minor decreases to 0.99 for some levels. Gradient Boosting
mirrored RNN’s results, achieving high scores of 1.00 across multiple levels with
slight dips to 0.99. XGBoost also demonstrated similar effectiveness, reinforcing its
strong classification capabilities.

SVM RF
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Figure 4.14: ROC Curve for Zooplankton
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4.10 Balanced and Efficient Model for plankton Predic-
tion

Confusion Matrix of XGBoost Model for
Phyto

Confusion Matrix of XGBoost Model for
Zoo

Figure 4.15: Confusion Matrix

The XGBoost model proves to be a highly effective choice for predicting both
Phytoplankton and Zooplankton. For Phytoplankton, XGBoost achieved an accu-
racy of 91%, with impressive precision, recall, and F1-scores across multiple classes,
demonstrating its ability to handle the multi-class classification task effectively.
Similarly, for Zooplankton, XGBoost outperformed other models, achieving the
highest accuracy of 93.4%. It also showed strong precision, recall, and F1-scores,
indicating its capability to accurately classify the various levels of Zooplankton.
XGBoost’s advantages include high accuracy, robustness against overfitting, and
computational efficiency, making it particularly suitable for predictions where com-
putational cost is a concern. Overall, XGBoost stands out as a strong candidate for
both Phytoplankton and Zooplankton prediction due to its high performance and
ability to manage complex classification tasks effectively.
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Chapter 5

Conclusions

5.1 Societal, health, safety, legal and cultural aspects

This IoT-embedded phytoplankton and zooplankton growth monitoring system for
smart aquaculture can impact the project’s societal, health, safety, legal, and cultural
aspects. These issues arise due to the data collection, automation, and real-time
predictive features enabled by machine learning algorithms. Below is an evaluation
of each aspect and a proposed course of action to mitigate potential concerns.

1. Societal Impact

• Economic Growth and Job Creation: The system has the potential to boost
aquaculture productivity, resulting in increased economic growth in the fish-
eries sector. However, automation may lower the demand for conventional
labor, displacing workers.

Mitigation: Improving workers’ skills in technology management and data
analysis can be a good solution to cope with this societal impact. Providing
training programs to help farmers and workers so that they can migrate into
roles that require system maintenance, data analysis, or farm management.

2. Health Impact

• Food Safety: The system’s ability to monitor water quality parameters (pH,
temperature, TDS, turbidity) in real-time ensures healthier environments
for aquatic life, reducing the risk of disease in aquaculture products. This
improves food safety for consumers.
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Mitigation: Ensuring continuous monitoring and timely alerts for dangerous
water conditions that may affect plankton growth or cause the spread of
diseases can be a way to cope with this health impact. Creating protocols
for immediate intervention when hazardous levels are detected might be
beneficial too.

• Consumer Health: By ensuring that aquaculture water quality is maintained
at optimum levels, the system reduces the risk of harmful microorganisms or
pollutants entering the human food chain, improving overall public health.

Mitigation: Working with local health authorities to maintain high standards
of water quality and promoting safe farming practices that align with food
safety guidelines will be an ideal solution for consumer health protection.

3. Safety Issues

• System Reliability: If the IoT sensors or machine learning algorithms fail,
incorrect predictions could result in poor water quality management, leading
to the destruction of aquatic life or contamination of the water system.

Mitigation: Implement redundancy in sensor systems such as having backup
sensors or alternative data sources. Regular maintenance schedules and per-
formance testing should be enforced to ensure system accuracy and reliability.
Additionally, manual overrides can be included in the system in case of system
failure. These steps can help to mitigate the safety issues related to the system.

• Risk of Data Breaches: The collection and transmission of real-time data
through wireless networks pose a cybersecurity risk. If data is intercepted or
tampered with, it could disrupt aquaculture operations or lead to false water
quality readings.

Mitigation: Using secure communication protocols like encryption, and fire-
walls to protect the system from unauthorized access can be proven as a good
solution. Conducting regular cybersecurity audits and implementing fail-safe
mechanisms to detect and block cyber-attacks will mitigate the data breach
issue.
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4. Legal Issues

• Data Privacy and Protection: As the system collects sensitive environmental
data, it must comply with legal standards on data privacy and protection. If
the system shares data with third-party providers like cloud services, strict
data handling protocols must be in place.

Mitigation: Ensuring compliance with data protection regulations such as
GDPR (General Data Protection Regulation) or CCPA (California Consumer
Privacy Act), depending on the geographical region must be done. Obtaining
consent from users for data collection, and clarifying how the data will be
used should be done.

• Environmental Regulations: The system must comply with local and interna-
tional environmental regulations regarding water quality standards and safe
practices in aquaculture.

Mitigation: The ways of dealing with this issue can be, working sincerely
with local environmental agencies to ensure the system adheres to legal water
quality parameters (pH, temperature, TDS, turbidity) for sustainable aqua-
culture. Performing regular environmental audits to ensure that operations
remain within legal parameters.

• Intellectual Property Rights: The technology, algorithms, or data collected
might be subject to intellectual property (IP) laws. If any proprietary technolo-
gies are used in the system, legal challenges may arise regarding their use or
modification.

Mitigation: Ensuring that all software, algorithms, and hardware are either
open-source, properly licensed, or original developments to avoid infringing
on any patents or IP rights will prevent this legal issue.

5. Cultural Issues

• Cultural Acceptance of Technology: In some regions, there may be resistance
to adopting new technologies in traditional aquaculture practices. Cultural
views on automation and machine learning could hinder the widespread
implementation of the system.
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Mitigation: Engaging with local communities through workshops and demon-
strations to showcase the benefits of the system and tailoring the system to
respect cultural values, ensuring that it complements traditional aquaculture
practices rather than replacing them.

• Local Ecosystem Knowledge: Different regions may have unique aquatic
ecosystems that require specialized monitoring techniques. The system’s
generalized approach may not account for local variations in water chemistry
or species behavior.

Mitigation: A possible solution could be customizing the system to incor-
porate local ecosystem knowledge, such as adjusting machine learning algo-
rithms to account for region-specific variables that affect plankton growth.
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5.2 Impact on Environment and Sustainability

The IoT-embedded phytoplankton and zooplankton growth monitoring system
for smart aquaculture significantly impacts the environment and sustainability. By
leveraging real-time data collection and machine learning algorithms to predict
plankton growth, the system will promote a more sustainable approach to aquacul-
ture while protecting and enhancing the aquatic ecosystem. Below are key points
detailing the positive environmental and sustainability impacts:

• Improved Water Quality Management: Continuous monitoring of critical
water parameters (pH, temperature, TDS, turbidity) helps maintain optimal
aquaculture conditions, preventing issues like eutrophication, which can harm
aquatic ecosystems.

• Sustainable Plankton Management: The system helps to optimize plankton
growth, which is essential for aquatic food chains, while reducing resource
waste like fertilizers, nutrients, etc. This ensures sustainable management of
plankton populations, promoting ecosystem balance.

• Energy Efficiency: Automation of processes like feeding, aeration, and water
control reduces the need for manual labor and minimizes energy consumption,
thereby lowering the overall carbon footprint of aquaculture operations.

• Mitigation of Environmental Risks: Real-time monitoring helps detect harm-
ful conditions such as harmful algal blooms (HABs) or water quality imbal-
ances early and allows quick intervention to prevent environmental damage.

• Biodiversity Conservation: By maintaining healthy water conditions, the
system supports plankton, which are crucial to marine ecosystems. This
fosters biodiversity and reduces reliance on wild fish populations, promoting
sustainable aquaculture practices.

• Reduction in Chemical Use: Real-time data reduces the need for excessive
chemical treatments like antibiotics or algaecides, minimizing pollution and
protecting surrounding aquatic ecosystems from harmful chemical runoff.

85



• Sustainable Fish Farming: The system supports more efficient management
of resources such as water and feed, which minimizes the environmental
footprint of fish farming operations and promotes long-term sustainability.

• Data-Driven Sustainability: The system’s long-term data collection informs
decisions on environmental conservation and aquaculture policies. This helps
to guide sustainable practices and ensures compliance with environmental
regulations.

5.3 Ethical and professional principles

Several ethical concepts and professional ethics were and will be carefully incor-
porated into the IoT-based phytoplankton and zooplankton growth monitoring
system for smart aquaculture to assure safety, compliance, and environmental sus-
tainability. This project is consistent with basic engineering obligations, prioritizing
public safety, environmental protection, and adherence to legal standards.

1. Ethical Responsibility to the Public and Environment

The primary ethical duty of an engineer is to ensure that the solution is safe
for both the public and the environment. For this project, the following steps
were and will be taken to meet these obligations:

• Public Safety: The system will continuously monitor water parameters
(pH, temperature, TDS, turbidity) and detect unsafe levels early, prevent-
ing unhealthy conditions in aquaculture and minimizing risks to human
health from contaminated products.

• Environmental Protection: The system is designed to prevent harm-
ful practices, such as the overuse of chemicals or fertilizers, which can
damage ecosystems. By using real-time data and machine learning pre-
dictions, farmers can maintain optimal water conditions, preventing
events like algae blooms or oxygen depletion, which could devastate
local ecosystems
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2. Design for Safety and Hazards and Failure Analysis

To ensure the system is robust and safe to use, Design for Safety methods and
Hazards and Failure Analysis were and will be incorporated into the design
process.

• Hazards Identification: Potential hazards such as sensor failures, in-
correct data processing, or communication breakdowns were identified.
These hazards could lead to incorrect predictions, poor water quality, or
plankton die-off.

• Failure Analysis: A detailed failure analysis was conducted to assess
potential risks. For example, sensor malfunction could lead to inaccurate
data, which could disrupt plankton growth predictions or lead to harmful
environmental conditions. To mitigate these risks, sensor redundancy
was implemented and automated system checks would be incorporated.

• Safety Measures: Redundant sensors and regular maintenance schedules
were incorporated to ensure accurate data collection. In the case of system
errors, manual overrides will be included to allow for immediate human
intervention. Additionally, the system is intended for real-time alerts to
prevent escalation of issues and minimize environmental harm.

3. Addressing Legal Requirements

Both local and international legal requirements will be carefully considered in
the development of the project. The following steps are and will be considered
to ensure compliance with regulatory standards:

• Environmental Regulations: The system monitors water quality in real-
time and ensures compliance with local and international water quality
standards. The parameters tracked (pH, temperature, TDS, turbidity)
align with water quality thresholds set by regulatory bodies for safe
aquaculture operations.

• Data Privacy Laws: Since the system will collect and transmit real-time
data, it will adhere to data privacy and protection laws, such as the
General Data Protection Regulation (GDPR) in Europe or the California
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Consumer Privacy Act (CCPA) in the US. Data will be encrypted during
transmission, and user consent will be taken for data collection.

• Intellectual Property: The project will comply with intellectual property
laws, ensuring that proprietary technology or software used in the system
will be properly licensed or developed in-house. This will protect the
project from potential legal disputes.

4. Incorporation of Safety into the Design

Safety was a core principle in every step of the design process and how safety
was and will be incorporated into the design is described below:

• Redundancy and Backup Systems: To ensure reliability, backup sensors
and data processing redundancies will be included. This will prevent
any single point of failure from causing critical issues in monitoring or
predictions.

• Real-Time Alerts: The system is designed to send alerts to operators
when water parameters exceed safe thresholds, allowing for quick cor-
rective action to ensure the safety of both plankton populations and the
broader environment.

• Manual Override and Control: In case of system malfunctions or ex-
treme conditions, manual overrides will allow aquaculture operators to
regain control of the system and make adjustments as needed, ensuring
human oversight and safety.

5. Addressing Ethical Concerns

In addition to safety and legal compliance, ethical principles were and will be
incorporated to ensure that the system benefits society at large:

• Sustainability: By optimizing water quality and plankton growth, the
system will support sustainable aquaculture practices, reducing the need
for harmful chemicals and minimizing waste. This aligns with ethical
considerations for environmental sustainability and responsible resource
management.
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• Fair Access: Ethical considerations were also made to ensure that the
system can be scaled and adapted for small-scale or local farmers, pro-
viding access to technology that promotes sustainable aquaculture, even
in resource-limited settings.

5.4 Brief Summary

The IoT-based phytoplankton and zooplankton growth monitoring system for smart
aquaculture is designed to achieve the following outcomes:

1. Real-time Monitoring: The system will provide real-time tracking of criti-
cal water parameters such as pH, temperature, TDS, and turbidity through
embedded sensors. This allows fish farm owners to continuously monitor
water conditions and respond promptly to changes that could affect plankton
growth.

2. Accurate Plankton Growth Prediction: Machine learning algorithms such
as RF, SVM, CNN, RNN, KNN, XGB Boosting, and Gradient Boosting have
already been implemented to analyze the relationship between the collected
water data and plankton growth. The system can predict plankton growth
with a high degree of accuracy based on these correlations, ensuring optimal
management of aquaculture ecosystems.

3. Data-Driven Decision Making: By leveraging the data collected, fish farmers
will be able to make informed decisions regarding water quality manage-
ment, ensuring sustainable plankton growth and minimizing the risks of
overfeeding, chemical overuse, or environmental imbalances.

4. Mobile App Development: The system will eventually integrate with a
mobile application, which will provide users with real-time alerts, data vi-
sualizations, and predictive insights. This will make managing aquaculture
systems more accessible and efficient for fish farmers.

5. Sustainability and Resource Optimization: The system is expected to pro-
mote sustainable aquaculture practices by optimizing resource usage such as
feed and chemicals, reducing waste, and preventing harmful environmental
impacts like algal blooms or oxygen depletion.
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Overall, the project aims to enhance productivity in aquaculture by ensuring opti-
mal plankton growth conditions while maintaining environmental sustainability
through smart, data-driven insights.

5.5 Future works

The Future Works for the IoT-Embedded Phytoplankton and Zooplankton Growth
Monitoring System can be but not limited to:

1. Mobile Application Development: Create a mobile app that interfaces with
the system and provides real-time data visualization, warnings, and plankton
growth projections. The software will provide farmers with an easy-to-use
interface for remote monitoring of water parameters and system operation.

2. Enhanced Data Analytics: Refine the machine learning algorithms by adding
additional data and increasing model accuracy. This might include adding
more water characteristics, such as salinity, and investigating new correlations
to improve plankton growth predictions.

3. Scalability and System Optimization: Test the system at various scales of
aquaculture operations, from small to large. Optimize the system to ensure
reliability and accuracy in a variety of situations and climates.

4. Integration with Control Systems: Develop features that allow the system
to autonomously control water conditions by adjusting parameters such as
aeration, nutrient levels, or water filtration, minimizing manual intervention.

5. Regulatory Compliance and Standards: Verify that the system conforms with
local, national, and global laws concerning data privacy, water quality, and
aquaculture. Update as needed to comply with changing environmental and
regulatory standards.

6. IoT Device Enhancements: Enhance the battery life, accuracy, and depend-
ability of the sensor for long-term, low-maintenance operation. For improved
performance, consider either introducing new kinds of sensors or updating
communication protocols.
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7. Field Testing and User Feedback: Conduct field trials in diverse aquacul-
ture environments to validate the system’s performance under real-world
conditions. Gather user feedback to improve usability, efficiency, and system
features.

8. Machine Learning Model Integration: Integrate additional machine learning
models, such as time series forecasting, to predict long-term plankton growth
trends and offer advanced recommendations for water management and
resource optimization.

By addressing these future works, the project will continue evolving into a fully
automated, scalable, and sustainable solution for smart aquaculture management,
ensuring both environmental and economic benefits.
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