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Abstract: The requirement for high-quality seafood is a global challenge in
today’s world due to climate change and natural resource limitations. Internet
of Things (IoT) based Modern fish farming systems can significantly optimize
seafood production by minimizing resource utilization and improving healthy
fish production. This objective requires intensive monitoring, prediction, and
control by optimizing leading factors that impact fish growth, including
temperature, the potential of hydrogen (pH), water level, and feeding rate. This
paper proposes the IoT based predictive optimization approach for efficient
control and energy utilization in smart fish farming. The proposed fish farm
control mechanism has a predictive optimization to deal with water quality
control and efficient energy consumption problems. Fish farm indoor and
outdoor values are applied to predict the water quality parameters, whereas
a novel objective function is proposed to achieve an optimal fish growth
environment based on predicted parameters. Fuzzy logic control is utilized
to calculate control parameters for IoT actuators based on predictive optimal
water quality parameters by minimizing energy consumption. To evaluate the
efficiency of the proposed system, the overall approach has been deployed to
the fish tank as a case study, and a number of experiments have been carried
out. The results show that the predictive optimization module allowed the
water quality parameters to be maintained at the optimal level with nearly
30% of energy efficiency at the maximum actuator control rate compared with
other control levels.

Keywords: Smart fish farming; internet of things (IoT); predictive
optimization; objective function; fuzzy logic control (FLC)

1 Introduction

Fish farming is one of the world’s largest and fastest-growing food production sectors and it
is expected to play the predominant role in overcoming the requirement for seafood in the future
[1]. Fish farming is the raising, breeding, and harvesting of various fish types in fish tanks and
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ponds in a fully or partly controlled environment to produce fish products during the year [2]. It is a
widely suggested field for investing money because it supports the year-round production of fresh fish
resources, with around a 40% increased production rate compared to natural fish hunting [3]. Water
quality is vital to achieving optimal productivity and enlarging healthy fish. Water quality parameters
include temperature, pH, dissolved oxygen, conductivity, and just a number of a few substances [4,5].
Misbalancing the required water parameters leads to high water pollution and resource wastage,
resulting in several diseases for fish and unexpected costs, respectively [6]. Therefore, optimizing water
quality and resource control plays a crucial role in balancing the overall operational cost and estimating
the fish’s condition in tanks. The fish farming systems’optimal control and efficient resource utilization
approaches were proposed by considering economic features with various optimization algorithms
[7]. Most of these solutions pay attention to increasing the management and financial aspects of fish
farming systems by considering the harvesting period, market type, and customer behavior [8–10].
However, these studies mainly focus on building a general financial framework and do not propose
the environmental features of fish tanks. Other studies have examined the impacts of various factors,
including the fish price and mortality rate, to compute the optimal fish feeding scheme [11,12].
Thus, there are pressing requirements for the development of enhanced aquaculture techniques that
advance fish farm management by optimizing environmental parameters [13]. Furthermore, optimal
control techniques that can be deployed in practice are essential to overcome several challenges
in implementing real-life solutions of fish farming systems due to various indoor and outdoor
environmental parameters.

Modern fish farming systems can take advantage of integrating new technological advancements
and algorithms, such as IoT, machine learning, optimization, and optimal control theory. However,
conventional control solutions are unsuitable due to various biological constraints of the fish farm
environment and its essential components [14]. Hence, optimal fish farming control is generally
obtained as an optimization problem to ensure the desired growth and healthy fish production,
resource utilization, and optimal environment determined by various constraints, water quality,
environmental values, control parameters, and user-desired factors, as depicted in Fig. 1 below.

Figure 1: The predictive optimization-based control framework

Integrating state-of-the-art technological advancements and policies can promote sustainable fish
farm production with optimal resource utilization and control. However, a limited number of optimal
fish farming systems consider the various parameters of fish farming for optimal decision-making
without any human intervention [15].
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Predictive analytics utilizes data mining, statistical techniques, predictive modeling, artificial
intelligence (AI), and machine learning to identify the likelihood of unknown events based on
historical data. Predictive analytics is widely used in industries such as business, healthcare, medicine,
pharmaceuticals, aerospace engineering, manufacturing, and just a few to forecast future outcomes
by applying various historical parameters [16–18]. Mathematical optimization aims to minimize or
maximize existing solutions by systematically applying the input values within the allowed set of
options and is mainly used in mathematics, engineering, economics, and computer science [19,20].
In other words, optimization is the scientific and mathematical field for detecting optimal solutions
under pre-defined constraints and assumptions over the set of available alternatives [21]. Modern
optimization algorithms, such as genetic algorithms, particle swarm optimization (PSO), and whale
optimizations, have emerged to solve complex engineering problems in resource allocation [22],
network routing optimization [23], greenhouse [24], and other areas. Optimal control and efficient
utilization of resources in fish farming has magnificent importance in fish farming. In the design and
installation process, accurate prediction of fish farm environmental parameters can produce enhanced
results for future decision-making in fish farm environment control with efficient resource utilization.
Integrating the optimization algorithm with the prediction module (predictive optimization) allows
for achieving the most optimum results compared with traditional methods.

In this paper, we propose a novel predictive optimization-assisted smart fish farm control
mechanism for solving water quality prediction and optimization problems with efficient energy con-
sumption. Our proposed mechanism can predict water quality parameters in advance, and according
to the predicted parameters an objective function computes the optimum water quality parameters for
fish growth. Afterward, those optimal water quality parameters are applied to a fuzzy logic control
module to automatically compute and set the activation period and operational level for actuators.
The contribution of this paper involves the following four phases:

• Firstly, the development of embedded hardware by installing sensors and actuators to the
fish tank environment for real-time water temperature, pH, conductivity and water level data
gathering.

• Secondly, the development of fish farm software environment using predictive optimization
mechanism to predict and calculate the most optimal water quality parameters for fish growth.

• Thirdly, the development of the fuzzy logic-based control module to compute and set control
values for actuators with energy efficiency using the predicted and optimal water quality
parameters.

• Lastly and most importantly, the deployment of the overall mechanism to the fish tank.

The outline of the rest of the paper is structured as follows. Section 2 highlights water quality
optimization and control solutions for smart fish farming. Section 3 represents the proposed system
architecture, detailed predictive optimization formulation, and control modules. Section 5 illustrates
the experimental setup and the obtained result analysis. Finally, Section 6 includes the conclusion and
future work directions.

2 Related Work

Water quality control and efficient resource utilization are essential for improving fish farming
effectiveness [25,26]. This section of the paper discusses a literature review of essential fish farm
water quality control and optimal resource utilization solutions. Some of the research focuses on
automatically controlling the fish farm environment by developing user-friendly IoT applications
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without optimization and predictive analytics. Other related studies propose the fish farm environment
prediction and optimization without control methods.

IoT-based applications in aquaculture are used to increase fish production and quality and
decrease costs. These applications have been helping fish farmers make clearer and better decisions
[27,28]. South Korea’s largest telecommunications operator South Korean (SK) Telecom introduced
an IoT-based fish farm management concept in North Jeolla Province [29]. Their proposed system
increases the fish farm management process by connecting wireless embedded devices, and it helps to
enable farmers to monitor their fish tanks remotely through their smartphones in real-time. Fishpond
sensors continuously check water temperature, oxygen, and pH to detect minor water changes. SK
Telecom’s open IoT platform controls the data flow through the IoT Gateway and then analyzes the
data, and the current environment results of the fish tank are sent automatically in real-time.

One of the widely used IoT-based applications in the aquaculture field is Indian Eruvaka technol-
ogy [30]. Their platform continuously monitors the water temperature and oxygen condition, and the
user can check the fish farm environment and fish feeding processes through the mobile application.
This system helps to maximize profit by minimizing the monitoring cost. Shareef et al. [31] presented
the real-time aquaculture environment monitoring framework based on IoT, with developing sensor
nodes, actuator nodes, stations, and decision-making units. In that study, the measurement of the
chemical parameters of the water was collected in the database, and notifications were sent to the user
to analyze the current condition of the fish farm. Based on decision-making rules, actuator nodes were
activated to improve the water quality.

Wu et al. [32] proposed an aquaculture multi-parameter monitoring system that included accurate
data collection, real-time data analysis, process control, and notification services. Their proposed
system structure was based on the master-slave concept of the network, fish tanks’ temperature,
salinity, and dissolved oxygen (DO) sensors collected data from the environment as a slave, and the
collected sensing parameters were sent to the Master unit. A Wireless sensors-based aquaculture
monitoring system was introduced in this study [33]. Their proposed system had sensors to monitor
the fish tank’s pH, oxygen, water level, and temperature values via the various IoT sensors, and the
ZigBee protocol was used to forward the collected sensing data to the server. Moreover, they developed
a rule-based control module to activate or deactivate the water pump actuator based on sensing values.
The rule-based control module included IF-THEN rules for activating the actuators. For example, if
the current water level is below the user’s assigned threshold, the water pump is activated to increase
the water level to the user’s preferred level. If the sensor detects the overflow from the tank, then it
automatically activates the overflow system to decrease the water level.

Lafont et al. [34] presented the real-time monitoring of water parameters and algorithmic
prediction for the aquaculture industry. That approach was divided into two phases: in the first
phase, the Agile IoT module, water quality sensors, LoRaWan module, electronic card, and antenna
were employed to collect real-time water quality data. Then, the collected data utilized the optimal
autoregressive integrated moving average (ARIMA) model to forecast the dissolved oxygen and water
temperature.

Liu et al. [35] discussed a support vector regression (SVR) based prediction model to address the
aquaculture water quality prediction problem. The proposed hybrid approach could select the optimal
parameters of SVR using real-valued genetic algorithms. After that, those optimal parameters were
used to build the SVR models. The authors’ proposed approach outperformed predicting water quality
but had not focused on controlling water quality parameters in real-time.
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An optimization-assisted water pump control approach was proposed in [36] to achieve the
minimum energy consumption in smart fish farming. The proposed optimization scheme can achieve
a trade-off pumping duration and flow rate to reach the optimal water level. Whereas the Kalman
filter algorithm was formulated to predict the water level. The proposed system was accurate enough
to provide the optimal water level to the fish tank and could be extended with other water quality
parameters.

Table 1 summarizes comparisons between the proposed approach and a number of well-known
fish farm environment monitoring and control solutions. Existing studies are summarized based on
features, including the approach’s goal, used IoT sensors, availability of water quality prediction
with type of the prediction method, water quality optimization and its type, and control methods
of parameters, and energy efficiency of given studies.

Table 1: Summary of existing fish farm water quality monitoring and control approaches

Goal of the
approach

IoT sensors Water quality
prediction

Water quality
optimization

Control
method

Energy
efficiency

Fish farm
management [29]

Temperature,
DO, pH

No No No No

Water quality
monitoring [30]

Temperature,
DO

No No No No

Environment
monitoring [31]

Temperature,
pH

No No Rule-based No

Multi-parameter
monitoring [32]

Temperature,
salinity, DO

No No No No

Monitoring and
control [33]

Temperature,
pH, oxygen,
water level

No No Rule-based No

Monitoring and
prediction [34]

Temperature,
oxygen

ARIMA No No No

Water quality
prediction [35]

No Support
Vector
Regression
(SVR)

Genetic
Algorithms
(GA)

No No

Water control,
energy [36]

Water level,
water pump

Kalman Filter Objective
Function

Rule-based Yes

Recirculating
aquaculture
systems [37]

DO Convolutional
Neural
Network

No No No

Forecasting and
maintaining water
quality [38]

Temperature,
conductivity,
water level,
pH, DO

Model Tree No Yes No

(Continued)
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Table 1: Continued
Goal of the
approach

IoT sensors Water quality
prediction

Water quality
optimization

Control
method

Energy
efficiency

Water quality
prediction and
suitability [39]

Temperature,
conductivity,
water level,
pH, DO

Random
Forest,
Logistic
Regression

No No No

Proposed System Temperature,
water level,
pH,
conductivity

RNN-LSTM Objective
Function

Fuzzy logic Yes

To the best of the authors’ knowledge, predictive optimization based on fish farm water quality
and efficient resource utilization control mechanisms has not been thoroughly investigated in smart
fish farming. Most existing approaches aim to control fish farm water quality parameters based on
current sensing values. If the sensor-detected water quality parameters exceed the desired threshold,
fish farmers receive alarms and notifications, and then fish farmers must turn on/off actuators
manually or remotely. However, we improved traditional methods with more advanced functionalities;
predictive optimization has been proposed to predict future water quality parameters, and those
predictive parameters are applied to the optimization module to compute the most acceptable values
for fish growth based on fish farmer requirements. Furthermore, the fuzzy logic-assisted control
module allows to compute and set operational time and rate for actuators with energy efficiency.
Control module automatically sets required control values without human intervention. However, this
work has several limitations; on the one hand, the correlation between water quality parameters and
their impacts changes each other. On the other hand, as the number of IoT devices and water quality
parameters increases, the computation of prediction, optimization and control modules influence the
overall operational process.

3 Proposed Predictive Optimization-Based Smart Fish Farm Mechanism

This section of the paper encompasses applied methods for implementing the proposed predictive
optimization-assisted smart fish farm control mechanism. The overall scenario has been described
briefly in the following subsections.

3.1 System Design

The detailed horizontal layered view of the proposed system design is illustrated in Fig. 2. The
layered view comprises three layers: environment of interest, IoT-based hardware environment, and
software environment. The IoT hardware environment is employed with a number of sensors to gather
contextual information from the environment of interest. The software environment is responsible for
analyzing, predicting, and computing the optimal water quality parameters for healthy fish growth
based on collected and real-time data. In the software’s control section, the predicted and optimal
water quality parameters are used to calculate the actuator nodes’ operational level and activation
period. Actuators are controlled based on a set of rules provided by the software’s control module.
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Figure 2: Horizontal layered view of the smart fish farm control mechanism

The detailed conceptual design of the proposed system is presented in Fig. 3. We have implemented
and deployed an integrated system comprising four main modules: IoT data collection, context
awareness, predictive optimization, and control. The implementation of the proposed system includes
four main phases:

• The first phase is implementing an IoT hardware environment that comprises two nodes: sensor
nodes and actuators. Sensor nodes’ responsibility is to collect temperature, pH, water, and
conductivity levels from the fish tank to measure the actual water quality accurately. While
actuator nodes (heater, cooler, water pump, pH, and conductivity actuators) are used to control
the water quality parameters based on control values provided by the fuzzy logic control
module. More precisely, the control module assigns the required on/off time to the actuators
with minimum energy consumption.

• The second phase is implementing the context-awareness module, which analyzes several
essential parameters of the proposed system. This module allows the analysis of sensing
values; the fish farmer preferred minimum and maximum water quality parameters, outdoor
environmental parameters, and actuator control parameters. This module is considered a pre-
processing data module.

• Afterward, the pre-processed data is applied to the predictive optimization module. This module
is divided into two sub-modules: prediction and optimization. Recurrent Neural Network-
Long Short Term Memory (RNN-LSTM)-based prediction module accurately predicts future
water quality parameters based on indoor water quality and outdoor environmental parameters.
While the objective function-based optimization approach computes the optimum water quality
based on predicted water quality.

• In the fourth phase, a Fuzzy logic-based control module is implemented to compute optimal
control values to the actuators using predicted and optimal water quality parameters. The
control module aims to assign the required operational level and activation period to the
actuators without human intervention.

• Furthermore, we also implemented the communication layer that comprises an IoT server,
IoT gateway, and communication protocols such as Hypertext Transfer Protocol (HTTP). An
Arduino equipped with an Open aquarium fish tank monitoring toolkit, manufactured by
Libelium, has been used as an IoT gateway. The gateway forwards the collected water quality
parameters data to the Apache HTTP server.
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Figure 3: The detailed conceptual architecture of predictive optimization-based optimal fish farm
control mechanism

3.2 Long Short-Term Memory Prediction Module

Long Short-Term Memory Networks (LSTM) is one of the particular types of artificial intelli-
gence recurrent neural networks (RNN) that have the capability of learning more extended periods
of data compared with convolutional RNNs [40]. Initially developed and presented by Hochreiter
and Schmidhuber in 1997 [41]. LSTM networks are highly applicable for predicting, classifying, and
processing problems based on time series data. The LSTM network provides higher outperformance
than other RNN branches in gradient disappearance, lack of long-term memory, and gradient
explosions of RNNs. Furthermore, controlling the hidden state of the gates allows for overcoming
the vanishing gradient problem. Before moving to the detailed design of the proposed LSTM-based
prediction module, we prefer to provide the basic structure of the LSTM. Fig. 4 presents the detailed
architecture of the RNN-LSTM-based water quality prediction model, which comprises the input
layer, two LSTM layers, and the network training and output layers. Input parameters of the network
are fish tank indoor and outdoor time series data. Indoor values are time-series temperature, water,
pH, and conductivity levels collected using sensors from IoT-based smart fish tanks. Whereas the
outdoor environmental parameters are time-series temperature, humidity, and solar radiation values.
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The predicted temperature, pH level, water level, and conductivity parameters are outputs of the
prediction model.

Figure 4: RNN-LSTM-based water quality prediction architecture

Each block of the LSTM applied in this paper comprises an input gate, a forget gate, an internal
state, and an output gate. In each time, t, the gates of the LSTM compute the gate parameters by
employing the input, x(ti), the previous cell value, c(ti−1), and the previously hidden state value, h(ti−1),
according to the below given Eqs. (1)–(3):

a(ti) = σ (wax (ti) + whah(ti−1) + ba) , (1)

f(ti) = σ (wfx (ti) + whfh(ti−1) + bf) , (2)

o(ti) = σ (wox (ti) + whoh(ti−1) + bo) , (3)

where the input, forget, and output gate parameters are denoted by a(ti), f(ti), and o(ti), respectively,
at time ti. The logistic sigmoid ranges from 0 to 1, and hyperbolic tangent activation functions are
denoted by σ and tan h, respectively. Bias values, {ba, bf, bo}, are added to each gate to adjust to the
desired fit of the data space based on the training data, while weight matrixes, {wa, wf, wo}, are applied
to calculate the gate values.

The LSTM cell’s responsibility is to decide whether to ignore new input values or the entire
previous memory according to the input block by employing a hyperbolic tangent function. The cell
value for the given time, ti, is calculated by Eqs. (1) and (2):

c(ti) = ft × c(ti−1) + at × tan h(wcx (ti) + whch(ti−1) + bc) (4)

h(ti) = o(ti) × tan h(c(ti)) (5)
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where bias for the cell is denoted by bc, consequently, the result of the multiplication of the forget gate,
ft, the previous cell value, ti−1, and the partial amount of the input gate, at, values are retained in the
LSTM memory. In the next step, the cell value, c(ti), is employed to compute the hidden state value,
h(ti), by applying the hyperbolic tangent function, tan h, to the h(ti).

The performance comparison has been observed by computing the mean square error (MSE),
the mean absolute error (MAE), and mean absolute percentage error (MAPE) between the previously
observed water quality parameters, Ot, and predicted water quality parameters, Pt, at a time, t, that
are presented with the following Eqs. (6)–(8):

MSE =
∑N

t=1 (Ot − Pt)
2

N
(6)

MAE = 1
N

∑N

i=1
|Ot − Pt| (7)

MAPE =
∑N

i=1

∣∣∣Ot− Pt
Ot

∣∣∣
N

× 100 (8)

where N presents the total number of times for the performance evaluation.

3.3 An Objective Function for Water Quality Optimization

This subsection presents the proposed water quality optimization module in detail. We developed
and implemented an objective function to maximize the fish farm’s environmental comfort based
on predicted water quality parameters, user-preferred settings, and system constraints. The objective
function automatically retains water quality parameters at an optimal level in the fish tank. Table 2
presents the used acronyms in objective function formulation.

Table 2: Acronyms used in objective function formulation

Symbol Description

WQPp Predicted water quality parameters
WQPd Desired water quality parameters
WQPopt Optimal water quality parameters
WQPmax The maximum boundary of water quality parameters
WQPmin The minimum boundary of water quality parameters
WQPg The gain for achieving optimal water quality parameters
DX Deficiency in achieving optimal parameters X ∈ {T, pH, W, C}
wX Fish farmer preference for parameters X
�R The ranges between minimum and maximum water quality parameter

boundaries

Let Tp, pHp, Wp, and Cp be LSTM-based predicted water quality parameters (WQPp) for
temperature, pH, water, and conductivity levels. Fish farm users/farmers can select the range of highly



CMC, 2023, vol.75, no.3 5481

desirable water quality parameters according to the type of fish, and the preferred settings are denoted
as following Eq. (9)

WQPd = [Td, pHd, Wd, Cd] (9)

where Td, pHd, Wd, and Cd are the highly desirable user-preferred water quality temperature, pH,
water, and conductivity levels. Farmer-desired water quality parameters are the most acceptable ranges
for fish growth, which can be set according to the type of fish, and fish farmers can insert these
ranges into the system. According to the desired values, the proposed objective function computes
the most optimal water quality parameters to fulfill the farmer’s requirement. Farmer-preferred setup
parameters are allowed between the minimum and maximum values for each water quality parameter
such that (Eq. (10)),

WQPd = [WQPmin, WQPmax], WQP = {T, pH, W, C} (10)

where Tmin, pHmin, Wmin, and Cmin are employed to denote the minimum fish farmer-preferred settings
for the water quality parameters. Tmax, pHmin, Wmin, and Cmax represent the maximum preferred settings.
Based on the farmer’s preferred ranges, the minimum and maximum preferred settings are the least
acceptable and most desirable values for the water quality parameters.

Furthermore, the desired setting ranges present the boundaries for the proposed objective
function. More precisely, if the predicted pH level, pHp, is between the minimum, pHmin, and the
maximum, pHmax, pH level boundaries, then no optimization and actuator control values are needed
for the pH level because the farmer-preferred pH parameter satisfies the optimal water quality for fish
growth. On the other hand, if the predicted pH level is outside of the farmer’s preferred boundaries,
then we need to activate the responsible actuators to increase or decrease the pH levels till reaches
between the minimum and maximum boundaries of the pH level. Setting up maximum water quality
parameters for the fish tank indeed boosts production; however, the maximum configuration for the
actuator control requires high resource utilization, i.e., energy consumption.

Let us assume the optimal water quality parameters can achieve the preferred water quality
settings denoted by Eq. (11):

WQPopt = [
Topt, pHopt, Wopt, Copt

]
(11)

where WQPopt presents the optimal water quality of the fish tank, and Topt, pHopt, Wopt, and Copt

represent the optimal temperature, pH level, conductivity, and water levels, respectively. Optimal
water quality parameters must be between the minimum and maximum farmer-preferred ranges, as
represented in below Eq. (12)

Topt ∈ [Tmin, Tmax]

pHopt ∈ [pHmin, pHmax]

Wopt ∈ [Wmin, Wmax]

Copt ∈ [Cmin, Cmax] (12)

Our main goal is to optimize fish tank water parameters for an optimal water quality environment
for fish growth. The gain in achieving optimal water quality settings, WQPg, can be calculated using
the following Eq. (13)

WQPg =
∑

X∈{T,pH,W,C}
wX · (

1 − DX
2
)

(13)
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DX is the deficiency to achieve optimal water quality parameters for temperature, pH, water, and
conductivity levels. wX is the assigned weight for each water quality parameter based on its importance
for fish growth such that wT + wpH + wW + wC = 1. To maximize the gain for achieving the desired
optimal water quality gain, WQPg, the deficiency component for each water quality parameter must
be minimized, as represented in Eq. (14).

DX =

⎧⎪⎨
⎪⎩

WQPmax − WQPp

�R
if WQPp < WQPmin

WQPopt − WQPmin

�R
if WQPmax < WQPp

(14)

�R depicts the ranges between the user-preferred minimum and maximum levels for each water
quality parameter. To optimize water quality parameters, the deficiency component, DX , needs to
be minimized. If predicted water quality parameters are less than the minimum user-preferred water
quality parameters (WQPp < WQPmin) then the preferred optimal parameters would be set WQPopt =
WQPmax. Whenever predicted water quality parameters are higher than the maximum user-preferred
water quality parameters, then WQPopt → WQPmax then DX → 0, which can support the optimization
of the desired WQPg.

Thus, the final objective function for optimization of the predicted water quality parameters will
be Eq. (15)

Max

( ∑
X∈{T,pH,W,C}

wX · (
1 − DX

2
))

(15)

The constraint for achieving optimal water quality is optimal water quality should be between the
minimum and maximum user-preferred water quality boundaries (Eq. (16)),

WQPmin ≤ WQPopt ≤ WQPmax (16)

3.4 Proposed Fuzzy Logic-Based Control Mechanism

The responsibility of the control module is to increase or decrease the predicted water quality
parameters to the optimal level before any danger happens to fish health. We used five actuators
in this work: a heater, a cooler, pH controller, a water pump, pH, and conductivity actuators to
control water quality parameters based on predicted and optimal parameters. Optimal water quality
depends on the actuators’ operational level and activation period. Currently, most actuators can be
operated at a variable speed and rate according to the user requirements, which allows for controlling
resource utilization, i.e., energy. To control employed actuators, we developed a fuzzy logic control-
based control mechanism for setting the actuators’ operational level and activation period according
to the predicted and optimized water quality parameters.

Fuzzy logic control comprises three essential phases (see Fig. 5 below): fuzzification, fuzzy
inference mechanism, and defuzzification.

In the fuzzification and defuzzification phases, actual crisp values are converted to linguistic
values, and the linguistic values are converted to metric values, respectively. The fuzzy inference
mechanism is the central phase of the fuzzy logic module for decision-making using “IF-THEN” rules.
Human experiences and preferences can be represented in fuzzy logic via membership functions and
fuzzy rules. Every linguistic variable is linked with its confidence values, and it is applied to depict
membership function graphs.
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Figure 5: Fuzzy logic-based control mechanism for water quality control

The fuzzification phase’s responsibility is to employ predicted and optimized temperature, pH,
conductivity, and water levels for the linguistic variables. Predicted input values are labelled as very low,
low, normal, high, and very high, whereas input of the optimized crisp values is labelled as optimized.
In the fuzzy inference mechanism, IF-THEN conditional statements are applied to compute the
operational level and activation period. Afterwards, the defuzzification submodule sets the control
rule with the actuators’ exact operational level and activation period.

Fuzzification is a process that converts crisp input values to linguistic variables. The below-given
parameters depict the input and output parameters for the proposed fuzzy logic control mechanism
to control the actuators for optimizing the water quality parameters.

• Input: Predicted water quality parameters {very low, low, normal, high, and very high}
• Input: Optimal water quality parameters {optimal}
• Output: Actuators’ operational level {minimum, medium, maximum}
• Output: Actuators’ activation period {offtime, very little, little, much, very much}
Input parameters present that the predicted water quality parameters are labelled in five levels

based on their specific range. The other input parameter of the fuzzy logic is optimal water quality
parameters computed using the objective function. To increase the efficiency of the proposed system,
we consider available and optimal ranges for water quality parameters, as shown in Table 3. The
available ranges present the overall water quality cases for each parameter in general, whereas the user-
preferred values are the most acceptable water quality parameters for healthy fish production. Fish
water quality-related studies illustrate that the available ranges for temperature, pH, and conductivity
levels are 0–40°C, 0–14 acid, and 0–800 μS/cm in a fish tank environment, while optimal user-preferred
ranges are 22–25°C, 6.5–8.0 acid, and 400–500 μS/cm, respectively. The water level observation is based
on the fish tank’s height (350 mm), and we assumed that a 300–320 mm water level is the optimum
water level.
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Table 3: Fish tank water quality parameters with user-preferred ranges

Parameters Available range User-preferred range

Min Max

Temperature 0°–40°C 22°C 25°C
pH level 0–14 acid 6.5 8.0
Conductivity 200–800 μS/cm 400 μS/cm 500 μS/cm
Water level 0–350 mm 300 mm 320 mm

Considering the available ranges, we converted the crisp predicted input values to the linguistic
variables, as represented in Table 4. If we take the fish tank water level as an example, the predicted
temperature is between 0–10°C, and then the fuzzy set for temperature is labeled as Very Low. If
the predicted temperature is between 15°C and 30°C, it is labeled as Normal. Above mentioned
considerations are set to other water quality parameters’ labels too. 0 to x10 ranges present the range
points of membership function graphs for the predicted water quality parameters, as illustrated in
Fig. 7a.

Table 4: Linguistic description of the predicted water quality parameters

Predicted
parameters

Linguistic description

Very Low (x1, x3) Low (x2, x5) Normal (x4, x7) High (x6, x9) Very High
(x8, x10)

Temperature (°C) 0–10 5–20 15–30 20–35 30–40
pH 0–4 3–7 6–10 9–13 12–14
Conductivity
(μS/cm)

0–300 275–375 425–525 500–600 575–800

Water level (mm) 0–100 75–175 150–225 200–300 275–350

Water quality parameters are needed to compute between the minimum and maximum bound-
aries to achieve the most acceptable optimal water quality parameters. An objective function-based
optimization scheme calculates the optimal water quality parameters between the user’s desired ranges.
These optimal values are labelled as optimized in the membership function, as presented in Fig. 6b.
The available range of the water quality parameters is described between a1 and a4. Whereas a2 and
a3 present the minimum and maximum user-preferred water quality ranges, respectively.

Defuzzification is a process that produces a set of output values from the crisp logic based on
fuzzy sets and membership function graphs. The fuzzy inference rules compute and set the actuators’
required operational level and activation period based on predicted and optimized input water quality
parameters. According to the actuators’ operational level, the actuators also spend various periods
providing optimal water quality resources. For instance, when the heater operates with maximum
operational level, it spends little time increasing the water temperature. Conversely, when the heater is
activated with the minimum operational level, a very much activation period is needed to achieve the
optimal temperature.
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Figure 6: Membership function graphs for the input parameters (a) predicted water quality parameters;
(b) optimized water quality parameters

Fig. 7 depicts the membership function graphs for the outputs of the FLC module. Six mem-
bership function parameters are assigned to the output parameters, namely actuator off , very little,
little, normal, much, and very much activation periods for the actuators labelled and abbreviated as
OFF , VLT , LT , NT , MT , and VMT , respectively. The given operational level and activation period
membership function are acceptable for all actuators’ activation periods. However, if the predicted
water quality parameters are low compared to the optimized water quality parameters, actuators must
be activated for much time (9–12 min) to achieve optimal water quality.

Figure 7: Membership function graph for actuators’ operational period (min)

The fuzzy inference mechanism combines inference and knowledge conditions to solve a wide
range of engineering problems. Fuzzy inference is the computation process where the input parameters
are analyzed and evaluated using conditional statements. The fuzzy associate matrix (FAM) table is
vital in efficiently evaluating the fuzzy rules for presenting all possible outputs based on all possible
outputs. For example, the FAM table of the temperature control mechanism is presented in Table 5. As
can be seen, the inputs of the FAM table are predicted temperature and optimized temperature. The
outputs of the temperature control mechanism are the temperature control actuators’ operational level
and activation duration. The heater and cooler actuators are activated dependently when the predicted
temperature is below than optimal temperature and out of the user-preferred boundaries. Then, the
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heater actuator is activated till reaches the optimal degree. Oppositely, if the predicted temperature is
higher than the optimal temperature level, the cooler actuator is activated to decrease the temperature.

Table 5: Fuzzy associative matrix to control the temperature

INPUT OUTPUT

Predicted temperature Optimized temperature Heater (Level ∗ period) Cooler (Level ∗ period)

Very low Optimized Min∗VMT or Med∗MT or
Max∗NT

Actuator OFF

Low Optimized Min∗MT or Med∗NT or
Max∗LT

Actuator OFF

Medium Optimized Min∗NT or Med∗LT or
Max∗VLT or Actuator OFF

Min∗NT or Med∗LT or
Max∗VLT or Actuator
OFF

High Optimized Actuator OFF Min∗MT or Med∗NT or
Max∗LT

Very high Optimized Actuator OFF Min∗VMT or Med∗MT
or Max∗NT

The programmable actuators were configured with the minimum, medium, and maximum oper-
ational levels. Based on operational levels, actuators spend various time optimizing water quality for
healthy fish production. If the predicted water temperature is very low compared with the optimized
temperature, then (Tp < Topt), then the heater spends very much time with a minimum working level, or
much time with a medium working level or normal time with a maximum operational level. On the other
hand, if the predicted water temperature status is high then and higher than the optimal temperature
boundary (Tp > Topt), then the cooler can operate very much time with a minimum operational level or
much time with a medium operational level or normal time with maximum working level to decrease
the water temperature. Similar rules and logic for the water pump, pH, and conductivity controllers
were implemented to control other water quality parameters.

4 Experimental Environment

This section of the paper presents the experimental environment and implementation technologies
of the proposed optimal water quality control mechanism in detail. Fig. 8 represents the fish tank
environment we designed as a case study. In our experimental fish tank environment, Open Aquarium
monitoring tools manufactured by Libelium were employed to collect and control water quality
parameters. Open Aquarium is fabricated for managing fishponds and tanks’ environment without
human interference. Open Aquarium comprises four sensors to collect temperature, pH, conductivity,
and water level parameters. In addition, several actuators, namely, heater, cooler, pH, conductivity
controllers, water pump, and feeders, are provided to control the water quality parameters.
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Figure 8: Experimental IoT-based fish tank environment

The Open Aquarium shield supports the connectivity of all sensors and actuators to the single
board. This shield is attached to the Arduino board, which is the IoT gateway between IoT devices
and the server. HTTP is a communication protocol between IoT devices and the Apache HTTP server.
Real-time water quality parameters data is collected using sensors and forwarded to the Apache
HTTP server using the HTTP POST method. Afterward, the collected data is used for the predictive
optimization module to compute the most optimal parameters for water quality. Then, the predicted
and optimized water quality parameters are inputted into the fuzzy logic control module to compute
the actuators’ operational level and activation period. Based on control parameters, the fuzzy logic
control module sends ON and OFF commands separately for each actuator in the required time using
the HTTP POST method.

Table 6 presents IoT devices which were used to conduct the experimental fish farm environment.

Table 6: Description of IoT devices used in the experimental fish tank environment

IoT Device Description

Water level sensor Measures water level in fish tank, manufactured by Geekria, voltage
range 3 to 5 V direct current (DC), activation requirement less than
20 mA.

pH level sensor Measures pH level of water. Sensing range: 0∼14 pH, resistant in
0∼60°C, connection type: Bayonet Neil-Concelman (BNC) and sensor
cable length 2.9 meter

Conductivity sensor Measures the electrical conduction of water, resistant in 0∼60°C,
connection type: BNC and the length of the cable 2.9 meter

Temperature sensor Measures temperature levels, power range 3.0–5.5 V, can detect −55°C
to + 125°C temperature ranges, accuracy ±0.5°C 1 wire connection

(Continued)
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Table 6: Continued
IoT Device Description

Water pump actuator Variable speed peristaltic pump for fish tank, power ranges: 600–1800 W,
flow: 20–60 ml/min, 12 V DC input voltage.

pH control actuator Immersible pH control actuator for open garden and aquarium, power
range: 400 W–700W, power supply: 3.5∼12 V DC, 65 mA-500 mA.

Heater and cooler
actuator

Energy: 40–900 W, voltage: 220/240 V 50/60 Hz length: 22 cm diameter:
2.2 cm length of power cord: 85 cm recommended tank size:
20-to-33-gallon temperature range between 5°C and 35°C.

Open Aquarium Shield Produced by Libelium, external power supply 12 V–2 A used for
connecting sensors and actuators to one board, also provides attachment
to the IoT Gateway

Table 7 represents the technologies employed to develop the proposed predictive optimization-
based optimal water quality control system. The RNN-LSTM-based prediction model is developed
using the Keras library based on internal water quality and external environmental data. The
prediction model is trained, tested, and deployed to predict the water quality parameters based on each
sensing time series data. Outputs of the prediction module are inputted to the optimization module
to compute the most optimal water quality parameters. The fuzzy logic-based control mechanism is
implemented in MATLAB and integrated into the C# based desktop application.

Table 7: The implementation environment of the general-purpose PC

Component Description

Operating system Windows 10
CPU Intel (R) Core (TM) i5–4570 CPU @ 3.20 GHz
Primary memory 12 GB
Programming languages Python, C#
Integrated development environment (IDE) .NET, PyCharm, Arduino, MATLAB
Model training libraries Pandas, Keras, SKlearn
Framework .NET Framework
Connectivity Wi-fi and serial connection

The fish tank graphical user interface (GUI) is represented in Fig. 9. Using a user-friendly GUI,
users can easily monitor the overall process of the proposed water quality optimization system. As can
be seen, the sensors and actuators can be activated by selecting and clicking the connect buttons. A
fish farmer can assign the user-preferred minimum and maximum boundaries for the temperature, pH,
water, and conductivity levels separately for each parameter. This function increases the flexibility of
the proposed system; according to the type of fish, the fish farmer can update the preferred parameters
for the water quality parameters by clicking apply changes buttons. The objective function computes
the most optimal parameters based on updated user-preferred water quality boundaries to satisfy user
requirements. The prediction module’s responsibility is to control the prediction process using start,
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pause, and cancel buttons, whereas the optimization module allows controlling the optimization of
water quality parameters.

Figure 9: The fish tank simulator interface

The results tab provides visualized results to analyze water quality parameters in detail. The
context-awareness subtab allows checking actual sensing water quality parameters between user-
preferred boundaries or not. The predictive optimization subtab represents the results of the predicted
and optimized water quality parameters. Finally, the fuzzy logic control module illustrates the
actuators’ activation status (ON or OFF) with their operational level and activation period.

The used dataset contains 3000 rows and nine columns: date, time, temperature, pH, conductivity,
water level, outdoor temperature, humidity, and solar radiation parameters. The first and second
columns of the dataset present the date and time, respectively. The next four water quality parameters
are collected using the installed sensors, while the latter are outdoor environmental parameters. For
the RNN-LSTM-based prediction approach, 70% of available data was used for the training, and 30%
of data was applied for testing. To prove the efficiency, water parameters are frequently increased and
decreased to check how responsive and accurate.

5 Experimental Results

This section of the paper presents the performance evaluation results in four subsections. The
first subsection comprises the predictive analysis of the proposed prediction model. The predictive
optimization results are presented in the second subsection, while the third subsection illustrates
the fuzzy logic-based actuator control results. Finally, the actuators’ energy consumption results are
analyzed in the last subsection.



5490 CMC, 2023, vol.75, no.3

5.1 Predictive Analysis

Predictive analysis is essential in investigating hidden patterns and implicit behavior of the data
and utilizing those findings to conceive efficient solutions. RNN-LSTM is applied to predict water
quality parameters based on internal and external water quality and environmental parameters. Fig. 10
represents the differences between the actual and predicted outcomes for the mentioned temperature,
pH, conductivity, and water level parameters. Red lines represent the boundary between the training
and testing results. The prediction results were obtained using MSE. Tanh optimizer was employed
to compute the accuracy and weights in terms of each epoch. It can be seen that the predicted water
temperature values are slightly higher than the actual values. In contrast, the predicted outcomes of the
water level are marginally less than the actual water level parameters. It can be observed that there is
a significant similarity between the actual and predicted pH and conductivity levels; both maintained
the same level and remained around central pH and conductivity parameters over a period of 3000 h.

Figure 10: RNN-LSTM-based predictive analysis for water quality parameters: (a), (b), (c), and
(d) represent the actual and predicted temperature, pH, conductivity, and water level parameters,
respectively

To further compare of prediction effect for water quality parameters, Table 8 indicates the actual
sensing value at different times, the predictive value of water quality parameters in one day, and the
absolute percentage error (APE) of the prediction results. where the predicted and actual values are
denoted by x∗

i and xi, respectively. The APE allows us to compare the real and predictive values in
percentages efficiently.

APE =
∣∣∣∣xi − x∗

i

xi

∣∣∣∣ (17)



CMC, 2023, vol.75, no.3 5491

Table 8: Predictive parameters and absolute percentage error

Time Temperature (°C) pH level (acid) Conductivity (μS/cm) Water level (mm)

Real Predicted APE
(%)

Real Predicted APE
(%)

Real Predicted APE
(%)

Real Predicted APE
(%)

00:00 18.65 18.58 0.37 8.11 7.93 2.21 564.3 549.2 2.68 285.48 289.64 1.46
02:00 18.94 18.87 0.36 8.09 7.99 1.23 418.6 408.9 2.32 285.46 289.60 1.45
04:00 18.61 18.60 0.05 9.05 8.89 1.76 398.4 388 2.61 285.43 289.57 1.45
06:00 18.91 18.62 1.53 9.62 9.43 1.98 335.8 323.3 3.72 285.41 289.54 1.45
08:00 18.73 18.64 0.48 8.12 7.86 3.20 389.6 373.5 4.13 285.40 289.52 1.44
10:00 18.63 18.73 0.54 7.36 7.22 1.90 425.4 411.2 3.34 285.33 289.49 1.44
12:00 18.70 18.64 0.32 7.11 6.89 3.09 387.8 371.3 4.25 285.31 289.46 1.45
14:00 18.51 18.60 0.49 7.50 7.39 1.47 412.3 400.9 2.76 285.32 289.43 1.46
16:00 18.72 18.70 0.11 7.05 7.23 2.55 400.6 398.2 0.6 285.34 289.40 1.45
18:00 18.61 18.57 0.21 8.17 7.92 3.06 410.1 400.8 2.26 285.30 289.37 1.43
20:00 18.78 18.61 0.91 7.13 6.96 2.38 421.44 408.14 3.15 285.29 289.36 1.43
22:00 18.66 18.54 0.64 7.02 6.78 3.42 469.91 456.8 2.79 285.50 289.63 1.45

In hourly water quality prediction, the absolute percentage error range [0%, 3%] is considered as
a practical error bound. Values above the error range are marked in bold in the table below.

As can be seen that the accuracy of the temperature and water level predicted values is significantly
accurate and fits closer to actual data. In contrast, several error points are greater than the maximum
error bound for pH and conductivity levels. For example, the maximum error bounds for pH and
conductivity values are 3.42% and 4.25% at 22:00 and 12:00, respectively.

To test the forecasting capability of the proposed prediction model, three different statistical
metrics, namely mean absolute percentage error (MAPE), mean absolute error (MAE), and mean
square error (MSE), were applied to evaluate the prediction accuracy. The statistical metric results are
depicted in Fig. 11.

Figure 11: Error index of prediction results
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As expected, the conductivity and water level parameters’ error-index values are substantially
greater than the temperature and pH levels. The MAPE values are 0.63, 10.88, 0.55, and 8.44 for the
temperature, conductivity, pH, and water level parameters, respectively, and these error-index values
are remarkably greater compared to the MAE and MSE results. As can be seen that the MSE-based
error metric tends to fit closer to the actual water quality parameters and has a minor prediction error.
Overall, the value of MSE signifies the accurate forecasting behavior that can positively influence the
water quality parameter-oriented prediction models and fish tank environments to achieve effective
decision-making.

5.2 Optimization Analysis

This section of the paper encompasses the outcomes attained by implementing the optimization of
water quality parameters based on the objective function. Fig. 12 outlines the objective function-based
water quality optimization results in three aspects: (1) actual water quality parameters gathered from
the fish tank using multiple sensors in a timely manner. (2) RNN-LSTM based on predicted water
quality parameters. (3) Objective function employed optimized water quality parameters according to
the user desired minimum and maximum water quality parameters. X-axes represent the timestamp
information for 200 h, and y-axes show the level of the water quality parameters. The red and green
lines illustrate the user desired minimum and maximum ranges, respectively.

Figure 12: An objective function assisted water quality optimization analysis with user desired ranges.
(a), (b), (c), and (d) represent the actual, predicted, and optimized temperature, pH, conductivity, and
water level parameters, respectively
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The actual and predicted temperature and water level parameters are less than the user-preferred
parameters for 200 h. Predicted temperature and water level values are optimized by considering
the user-preferred minimum and maximum ranges. The objective function computes the optimal
temperature and water level for each predicted water quality value. On the other hand, the predicted
pH and conductivity levels are mostly higher or lower than the user-desired ranges.

If predicted pH and conductivity parameters are higher than the preferred maximum range,
the actuators are activated to decrease the pH and conductivity levels. Whenever predicted pH and
conductivity values are less than the user’s preferred minimum range, actuators increase the parameters
to fulfil the user’s requirement to achieve optimal fish growth. If the predicted values are between
user-preferred ranges, then there is no need to activate the actuators. In terms of the temperature and
water level parameters, heater and water pump actuators must be activated each hour for some time
to increase the temperature and water level parameters. However, the pH and conductivity controllers
have a number of inactive slots since the several predicted pH and conductivity parameters are between
user-preferred ranges.

It is evaluated from the analysis that the proposed objective function finds the optimal real-time
water quality parameters in between the minimum and maximum user-preferred ranges. The user-
preferred range can be selected based on the experience of the fish farmer, the type of fish, and different
environmental factors. It can be inferred that the optimized water quality parameters can be applied
to the control module to assign operational level automatically and activation period to the actuators
with minimum energy consumption to achieve optimal water quality for healthy fish growth.

5.3 Control Analysis

In general, fixed, and variable operational level actuators are utilized in real-life fish tank
management solutions. The fixed operational level actuators operate at a specific speed, so the energy
consumption remains static. In contrast, the variable operational level actuators can operate at various
working levels and speeds to provide various water levels, temperature, pH levels, or conductivity levels
according to the user’s requirements.

Fig. 13 shows the fuzzy logic-based actuator control mechanism performance evaluation results.
X-axes illustrate the time stamp information for 200 h, and y-axes represent actuators’ activation
period in three operational levels: minimum, medium, and maximum. Based on three different
operational levels, actuators spend various time and power to increase or decrease the predicted water
quality parameters to the optimal. As expected, the heater and water pump actuators are activated
each hour because the predicted temperature and water level parameters were below than user’s desired
ranges. The heater actuator spent 1–2, 3–5, and 4 to 7 min to increase the predicted temperature value
to the optimal with maximum, medium, and minimum operational levels, respectively. However, as
mentioned earlier, the cooler actuators remained off during the period. Increasing the predicted water
level to the optimal water pump actuator required 3–6, 6–9, and 9–12 min with maximum, medium,
and minimum operational levels, respectively.

Proposed actuators have double-side functionality, which means actuators can decrease or
increase the water quality parameters based on predicted values. For example, in the negative activation
period, the pH controller is activated to decrease the pH level if the predicted pH values are higher
than the user-desired maximum values. In the positive activation period, the pH controller aimed
at increasing the pH level. If the activation period remained at 0, then actuators were not activated
during those hours. To calculate the overall activation period for the actuators, we used the absolute
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values of the actuators’ activation period. The same logic applies to the activation of the conductivity
controller.

Figure 13: Fuzzy logic-based actuator control analysis: (a), (b), (c), and (d) present heater, pH
controller, conductivity, and water pump actuators’ operational level and activation period based on
predictive and optimized water quality parameters

Fig. 14 represents the overall activation period of each actuator for 200 h based on minimum,
medium, and maximum operational levels. Activation of the actuators at various working levels
required different activation periods. For example, the heater actuator spent overall 1196.4, 819.4,
and 248.2 min with the minimum, medium, and maximum operational levels to increase the predicted
water temperature to the optimal in 200 h of data instances. However, the predicted water temperature
was lower than the user’s desired parameters. Therefore, the cooler actuator was not activated during
the mentioned period.

The actuators’ activation at variable operational levels provides different temperature, water, pH,
and conductivity levels to the fish tank at various speeds. The fish farmer wants to provide the optimal
water quality parameters to the fish tank in the shortest period. However, a maximum operational
level can consume more energy than a minimum operational level. In fish farming, actuators’ power
consumption can be minimized by decreasing the operational level, but lower operational levels require
more activation periods. The most optimal operational level can be computed based on actuators’
power ratings at various operational levels. In the following subsection, we present the overall energy
consumption of the actuators based on different operational levels to outline the optimal operational
level for fish tank actuators. However, the proposed fuzzy logic control module chooses the actuators’
optimal operational level and activation period according to the predicted and optimized water quality
parameters.
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Figure 14: Actuators’ overall activation period is based on different operational levels

5.4 Energy Consumption Analysis

Power ratings have been assigned to the fish tank actuators to conduct power consumption
analysis as represented in Table 9. We assume that each actuator consumes different power based on
various operational levels. For example, if the heater is activated with a minimum operational level, 40
watts −100 watts of energy is needed with more activation periods. When the pH controller is activated
at a medium operational level, then the controller consumes 500 watts–600 watts of energy. To simplify
the module, we considered the average point of the power ratings of the operational levels. For example,
with the maximum, medium, and minimum operational levels, the pH controller consumes 650, 550,
and 450 watts per minute, respectively. The overall energy consumption can be computed according
to the activation period.

Table 9: Actuators’ power consumption ratings are based on various operational levels

No. Actuators Power rating (Watts)

Minimum (x1, x2) Medium (x2, x3) Maximum (x3, x4)

1 Water pump 600–1000 1000–1400 1400–1800
2 Heater 40–100 100–160 170–230
3 Cooler 600–700 700–800 800–900
4 Conductivity 300–420 420–540 540–660
5 pH controller 400–500 500–600 600–700

Fig. 15 describes the actuators’ energy consumption results in kWh based on various working
levels. Increasing the predicted water quality parameters to the optimal level is the aim of our proposed
approach. Actuators require a continuous operation that leads to power consumption to achieve
optimal levels. Therefore, we proposed a fuzzy logic-based control mechanism to achieve optimal
energy consumption. In this mechanism, optimizing the predicted water quality parameters is the main
goal, and the fuzzy logic-based control module computes at the most optimal operational level with
less energy consumption. As can be seen, with maximum operational levels, all actuators spent less
energy than the other operation levels. For instance, the heater, pH controller, conductivity controller,
and water pump consumed 49.6, 121.3, 194.8, and 1442.6 kWh of energy, respectively. Whereas the
same actuators spent 106.5, 236.9, 262.7, and 1798.4 kWh of energy at the medium operational level.
It can be evaluated from the energy consumption analysis that the energy consumption of the water
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pump dominates compared with the remaining actuators. The water pump spent 1681.2, 1798.4, and
1442.6 kWh of energy, activating minimum, medium, and maximum operational levels, respectively.

Figure 15: Overall energy consumption analysis based on various operational levels

6 Conclusions

In the last decades, smart fish farming has proven to be one of the fastest-growing food production
industries. However, providing optimal water quality for fish growth with efficient resource utilization
in fish tanks is a challenging task due to several internal and external factors. To maintain intensive
monitoring and control of both water quality and energy consumption, this paper proposed a hybrid
“prediction-optimization-control” mechanism, which combined the RNN-LSTM, the objective func-
tion, and fuzzy logic control to achieve optimal water quality in the fish tank with minimum energy
consumption. First, RNN-LSTM was allowed to predict future water quality parameters with high
accuracy based on internal and external environmental factors. Then, the predicted water quality
parameters were applied to compute the most optimal water quality parameters based on user
preference and system constraints. Finally, predictive optimal water quality values were input into
the fuzzy logic-based control module to control actuators with minimum energy consumption.

The simulation results showed that the predictive optimal temperature, conductivity, pH, and
water level parameters were provided to the fish tank in between the user-preferred minimum and
maximum ranges to maintain enhanced water quality. The actuator control mechanism with the
maximum operational level achieved an overall 30% energy consumption reduction in all actuators
compared to the medium and minimum operational levels.

In conclusion, we found that the water quality parameters were mostly outside of optimal ranges
in the fish production process. However, our proposed approach was capable of computing and
providing the optimal values by considering the user requirement and various influential factors. In
future studies, deep learning techniques will be applied to predict energy consumption and compute
control parameters based on other factors, including weather and season factors. Furthermore, finding
the correlation between water quality parameters and their impact to each other will be one of the
interesting topics of our future work.
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