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Abstract: Water quality is the most critical factor affecting fish health and performance in aquacul-
ture production systems. Fish life is mostly dependent on the water fishes live in for all their needs. 
Therefore, it is essential to have a clear understanding of the water quality requirements of the fish. 
This research discusses the critical water parameters (temperature, pH, nitrate, phosphate, calcium, 
magnesium, and dissolved oxygen (DO)) for fisheries and reviews the existing sensors to detect 
those parameters. Moreover, this paper proposes a prospective solution for smart fisheries that will 
help to monitor water quality factors, make decisions based on the collected data, and adapt more 
quickly to changing conditions. 
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1. Introduction 
Water contamination is a significant problem worldwide, and it is essential to moni-

tor the contaminating ions to keep the water safe regularly. Moreover, fresh water and 
marine water fisheries contribute significantly to various countries such as Australia, Vi-
etnam, Japan, and the Philippines [1]. It is accepted worldwide that good water quality 
must maintain viable aquaculture production and compete with the growing aquaculture 
industry [2]. The poor water quality outcomes result in inferior quality products, health 
risks for humans, and low profit. Water contaminants harm the growth, development, 
reproduction, and mortality of the fishes cultured on a farm, which vastly reduces farm 
production [3]. Some pollutants may remain in small quantities but may threaten human 
health [4]. 

The fishes breathe, excrete waste, feed, reproduce, and maintain salt balance inside 
the water they live in [5]. Hence, maintaining water quality is the key to ensure the success 
and failure of an aquaculture project. It is necessary to have a guideline for the farmers on 
the essential water quality factor and any parameters’ safe level. Otherwise, continuous 
water quality degradation because of anthropogenic sources would reduce the farm’s 
productivity and profit [6,7]. Therefore, control and management of water quality in wa-
ter resources are pivotal for both fresh water and marine aquaculture. 

The water quality of fisheries can be controlled by monitoring the water quality pa-
rameters such as temperature, pH, nitrate, phosphate, calcium, magnesium, and dis-
solved oxygen regularly using sensors. Inclusion of the Internet of Things (IoT) and com-
munication technology with the sensors will bring significant advantages to monitoring 
the farm even from a remote location. Suppose the collected data are stored in a cloud 
server and shared with experts. In that case, the farmers can receive expert feedback from 
anywhere globally, irrespective of their time and location. Figure 1 shows a typical dia-
gram of smart fisheries. That is why, nowadays, agricultural countries such as Australia, 
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New Zealand, Japan, and the USA are interested in incorporating agriculture with tech-
nology. This necessitates a clear understanding of the vital water quality factors, their im-
pact, and the development of smart systems that can be used by the farmers with minimal 
training. 

 
Figure 1. A typical diagram of smart fisheries. 

This review article discusses the parameters of deciding water quality, the optimum 
requirement for various fishes, and sensors associated with those parameters. This paper 
also reviews the software related to water quality management and related research and 
discusses those algorithms’ advantages and disadvantages. Moreover, it also proposes a 
low-cost, low-power system as a solution to smart farming. Access to real-time data 
through IoT-enabled sensors will allow farmers to identify issues affecting farms’ condi-
tions and make decisions to improve productivity efficiently. Due to the collection of a 
large amount of data, predicting situations is also possible to ensure that farmworkers are 
engaged most productively. 

2. Factors Deciding Water Quality and Related Sensors 
The essential parameters defining water quality are water temperature, pH, nitrate, 

phosphate, calcium, magnesium, and dissolved oxygen. Numerous studies have been car-
ried out on detecting and measuring the amount of those parameters. These are discussed 
in this section.  

2.1. Water Temperature 
Fishes are poikilothermic animals whose body temperatures are almost the same as 

the water temperature they live in [8]. Water temperature and fish metabolism are closely 
related to each other. The fishes in higher temperatures have a more significant metabo-
lism than those living in lower temperature water [9]. This applies to warm-water fishes. 
The optimum temperature range for tropical water fish is 24~27 ℃, whereas for cold-wa-
ter fish it is below 20 ℃. Cold-water fishes such as whitefish, salmonids, and burbot have 
higher metabolism at a lower temperature. They become less active due to consuming less 
food at a temperature above 20 ℃. Fish diseases may initiate and spread because of water 
temperature [10]. Different fishes require different temperatures for their health and well-
being. These are summarised in Table 1 [11]. Most of the fishes have the highest immunity 
at a temperature of about 15 °C. Fishes naturally adapt to seasonal changes such as, at 0 
°C in the winter and 20 ℃ to 30 ℃ in the summer. However, the temperature should not 
change abruptly as fishes are shocked if they are put in a new environment with a tem-
perature change of 12 °C than the original water [12,13]. Fishes may be paralysed or die 
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under these circumstances. The young fry may show these symptoms, even the tempera-
ture variation is as low as 1.5 ℃ to 3 °C. The digestive systems of fishes may slow down 
or stop if they are transferred to colder water by 8 °C or more after feeding. When the food 
is not entirely digested, gases are produced. Fishes become bloated, imbalanced, and fi-
nally, die [14–17]. Figure 2 depicts the influence of water temperature on fish lives. There-
fore, monitoring water temperature is essential to control and maintain optimum condi-
tions so that all the potential fishes can gain maximum weight. 

Table 1. Temperature requirement for different fishes. 

Type of Fish Optimum Temperature Range (°C) 
 Crappie 22~24 

Smallmouth Bass 18~21 
Largemouth Bass 18~23 

Walleye 18~21 
White Bass 18~21 
Rock Bass 21~23 

Channel Catfish 28~31 
Rainbow Trout 16~17 

Brown Trout 13~19 
Yellow Perch 20~22 
Lake Trout 10~13 

Steelhead Trout 13~16 
Chinook and Coho Salmon 13~15 

 
Figure 2. Influence of water temperature on fish lives. 

Numerous studies have been carried out on developing a sensor for measuring water 
temperature. Some researchers used Lithium niobate (LiNbO3) interdigital sensor, 
whereas some researchers used fibre Bragg grating (FBG) sensors for measuring water 
temperature [18,19]. The detection range and limit are deficient, and these sensors need 
complex electronics to make them suitable for the IoT environment. Several sensors are 
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commercially available for measuring water temperature. The most used sensor is an op-
tical sensor (DS18B20) [20–22]. It provides a wide detection range (−55 ℃~+125 ℃), re-
sponse fast within a second, and suitable for smart aquaculture. However, the cost is very 
high. Therefore, it is necessary to develop a low-cost, low-power, wide range detection 
temperature sensor applicable for fresh water and marine fisheries. 

2.2. pH 
The pH level is another critical parameter for water corrosivity. It measures water’s 

acidity or alkalinity by determining hydrogen ions (H+) [23]. Water with a pH value of 
less than 7.0 is acid, whereas a pH level above 7.0 is considered a base. The range of pH 
values for natural waters is from 5.0~10.0, whereas for seawater, it is from 5.0~8.3 [24]. 

Rapid changes in the pH level of water may have a significant impact on many or-
ganisms. Different organisms (fish, eggs, and fry) are adapted to live in water, have a spe-
cific pH, and die whenever a slight change in pH value [25]. The pH also varies due to 
other factors such as hardness, alkalinity, and dissolved carbon dioxide. The toxicity oc-
curred because this may influence other elements such as ammonia, heavy metals, cya-
nides, and hydrogen sulphide. All these phenomena change the pH level in aquaculture 
and affect fish health, as mentioned in Table 2 [26]. 

Table 2. Impact of pH level on aquaculture. 

Value of pH Impact on Warm-Water Fish 
Less than 4.0 Reach to the point of acid death 

4.0 to 5.0 Not productive 
6.5 to 9.0 Fish production desirable range 

9.0 to 11.0 Slow growth 
Greater than 11.0 Reach to an of alkaline death  

The ideal pH range for marine fishes is from 7.5 to 8.5, whereas most freshwater 
fishes can sustain within a wide range of pH, ideally from 6.5–9.0. Table 3 shows the pre-
ferred pH level for various freshwater fish [27]. 

Table 3. Optimum pH level for various freshwater fish. 

Name of the Fish Optimum pH Level 
Zebra Danio 6.5–7.0 
Tiger Barb 6.0–6.5 

Silver Dollar  6.0–7.0 
Plecostomus  5.0–7.0 
Neon Tetra  5.8–6.2 
Hatchet fish 6.0–7.0 

Harlequin Rasbora  6.0–6.5 
Goldfish 7.0–7.5 

Clown Loach  6.0–6.5 
Angelfish  6.5–7.0 

The desired range for producing cold-water fishes is between 6.4–8.4, which is dif-
ferent from the warm-water fishes. The optimum pH range for freshwater and marine 
fisheries usually varies from country to country, mainly between 5.0 and 9.0. In Australia, 
freshwater’s pH level is 5.0–9.0, and marine water is 6.0–9.0 [28–30]. Therefore, it is neces-
sary to have accurate pH management in freshwater to produce healthy fishes. Numerous 
studies have been conducted on developing a pH sensor, and there are commercially 
available sensors. A summary of the existing sensors is given in Table 4. 

  



Computers 2021, 10, 26 5 of 20 
 

Table 4. A comparative study on the water pH level measurement. 

Sensing Material Detection Range Detection Limit Ref 
Ag/AgCl 4.01–6.86 4.01 [31] 
Platinum 4–10 4 [32] 

SEN-10972 (commercial) 1–14 1 [33] 
Colorimetric pH sensor 1–10 1 [34] 
Polysulfone/Polyaniline 4–12 4 [35] 

Ruthenium (IV) oxide (RuO2) 1.5–12 1.51 [36] 

Most lab-based sensors are cost-effective and provide a wide range of pH level de-
tection but still need improvement to apply in a real-life scenario such as corrosion-free. 
The commercially available sensors are wide range, fast response, IoT compatible but ex-
pensive. 

2.3. Nitrites and Nitrates 
Nitrites exist in the surface water with nitrates and ammonia nitrogen, albeit at low 

concentrations due to instability. They transform into nitrate or ammonia both chemically 
and biochemically through bacteria [37]. Nitrates are formed due to organic nitrogen com-
pounds’ aerobic decomposition [38]. Retention soil does not contain nitrate and leached 
to lakes, ponds, or creeks so easily. The surface water becomes nitrate polluted because of 
using manures on arable land and nitrogen fertilisers. These are diffused in the soil and 
discharge into sewage, lakes, or ponds [39]. Figure 3 shows a typical example of nitrate 
leaching. 

Nitrate leaching to aquaculture affects the life of aquatic animals, although different 
species are affected differently. The maximum tolerable limits of nitrate for freshwater 
and marine water fisheries are 110 ppm and 40 ppm, respectively. A nitrite range of 
0.0~0.2 ppm is ideal for both freshwater and marine water fisheries, whereas any concen-
tration of more than 0.5 ppm is considered harmful, and 1.6 ppm is considered lethal. The 
optimum nitrites and nitrate levels for freshwater fisheries are summarised in Table 5 [40]. 

Table 5. Optimum nitrite and nitrate levels for freshwater fishes. 

Parameter 
Freshwater Com-

munity 
Brackish Discus African Cichlids 

Nitrate (ppm) <50  <30  <10  <50  
Nitrite (ppm) 0.0~0.2  0.0  0.0 0.0 

Fishes gain nitrite ions through chloride cells of the grills [41]. As soon as nitrites 
enter the blood, it bound to haemoglobin. As a result, methaemoglobin increases, which 
lowers the capacity of the blood’s oxygen transportation. A high level of methaemoglobin 
appears as a brown colour of the blood and gills. Fishes usually survive if methaemoglo-
bin in the blood does not cross beyond 50% [42]. However, if the methaemoglobin level in 
their blood increased to 70% to 80%, fishes lose their orientation, react differently to stim-
uli, and become torpid. If fishes are kept in nitrite-free water, they can survive. Erythro-
cytes in the blood cell contain enzymes that transform methaemoglobin to haemoglobin. 
As a result, fishes behave normally within two days [43,44]. Hence, it is necessary to mon-
itor and manage nitrate concentration in water using sensors for efficient and economic 
farming. 
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Figure 3. A typical example of nitrate leaching and the nitrogen cycle. 

Some researchers used graphene-based electrochemical sensing methods [45–52], 
whereas some researchers used the colorimetric [53] method for detecting nitrate in water 
samples. A summary of the existing nitrate sensors is included in Table 6. Although these 
sensors can detect a wide range of nitrate concentrations, the process still needs improve-
ment of response time, high-sensitivity, low-power, low-cost, and easily operable sensors 
applicable to real-time monitoring in any environmental condition. 

Table 6. A comparative study on nitrate detection in water. 

Sensing Material Detection Range Detection Limit Ref 
AuNps/SG 10~3960 0.2 [45] 

AuNps/Graphene sheet 0.3~720 0.1 [46] 
Ni@Pt/Graphene sheet 10~1500 10 [47] 

 rGO/TEBAC 0.2~200 0.2 [48] 
 AuNPs/rGO 0.1~20 0.1 [49] 

Cu@Pt/Graphene 1~1000 1 [50] 
MMA-DMA copolymer 0.5~10  0.55 [51] 

AuNPs/ERGO 0.1~10 M 0.1 [52] 
Colorimetric  0.03~5.19 0.03 [53] 
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2.4. Phosphorous (P) 
Phosphorous (P) exists in the natural water in organic and inorganic phosphates 

(PO4) form. Polyphosphate and orthophosphate are inorganic forms, whereas organically 
bound phosphates are called organic phosphates [54]. All plants—aquatic plants and al-
gae—require a minimal amount of phosphate for their growth. Phosphate (PO₄³⁻) ions is 
an essential mineral to generate usable energy from the sunlight. It helps cells to grow and 
reproduce. Therefore, a small amount of phosphorus loss from soil may reduce algae and 
freshwater weeds growth [55]. Phosphorus also damages the environment when added 
to the lake in a plethora of amounts due to inconsiderable human activities, including 
urban sewage, street runoff, and rural home septic tanks [56]. Phosphorous may migrate 
with the groundwater and mix with the surface water. Therefore, excessive phosphorus 
in groundwater may also affect surface water quality, a serious concern [57]. A high phos-
phate level in water reduces the amount of dissolved oxygen in lakes and rivers. This 
phenomenon has adverse effects on the life of flora and fauna inside rivers or lakes. Phos-
phates are not harmful to humans or animals unless they exist in too high concentrations. 
Fishes may have digestive issues if they live in water, having very high levels of phos-
phates [58]. The phosphate level usually varies from 0.005 ppm to 0.05 ppm in any fisher-
ies. A phosphate level of 0.08 ppm to 0.10 ppm triggers periodic blooms. However, the 
eutrophication process will stop if phosphate levels remain at 0.05 ppm for the long-term 
[59]. Hence, it is necessary to have the best phosphate management in water used in farm-
ing and lakes or rivers for economic and environmental reasons. 

Some researchers used graphene-based electrochemical sensing methods [60–66], 
whereas some researchers used the colorimetric [67] method for detecting phosphate in 
water samples. A summary of the existing phosphate sensors is included in Table 7. Alt-
hough the current sensors can detect a wide range of phosphate concentrations, the re-
sponse time is relatively high and needs vigorous testing to fit real-life scenarios. There-
fore, there is a lot to improve in the phosphate sensing research in terms of high-sensitiv-
ity, low-power, low-cost, and applicability in any environmental condition. 

Table 7. A summary of the existing phosphate sensor applicable to water bodies. 

Sensing Material Detection Range Detection Limit Ref 
Ag/rGO 5~6000  1.20 [60] 

Al2O3/rGO 1~10 1 [61] 
rGO/ferritin 16.7~500 0.806  [62] 

Co/Pt/C/Ag-AgCl 1~9500 0.3 [63] 
Poly vinyl chloride/Polyurethane 0.096~960 0.096 [64] 

Cobalt/Glass 1~3300 0.08 [65] 
Wax paper 4~300 4  [66] 

Coulometric titration 1.5~55  1.5 [67] 

2.5. Calcium (Ca) and Magnesium (Mg) 
Calcium (Ca) and magnesium (Mg) are vital nutrients necessary for aquatic animals. 

They gain these nutrients either from food or water. Calcium (Ca) is a crucial nutrient of 
water in a fish hatchery. Fish hatcheries having low calcium concentration may suffer be-
cause the eggs hydrate and do not mature to hatch appropriately in that water [68]. The 
required calcium concentration varies based on the type of fishes. For example, the mini-
mum concentration for brown trout is 10 ppm, whereas it is 4 ppm for channel catfish [69]. 

Magnesium (Mg) is another essential mineral needed for the development of fresh-
water fish. Some fish species such as tilapia, catfish, rainbow trout, and carp need dietary 
intake for their development [70]. These fishes’ growth largely depends on Mg and pro-
tein diets. Carp fishes’ activity and performance depend on various nutrients’ deposition 
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rates on their bodies [71]. When the diet contains 0.08 g Mg kg−1 of Mg, the fishes’ growth 
reduces, muscle flaccidity, and skin haemorrhages may appear [72]. 

The fishes having a high protein diet may suffer due to Mg deficiency because the 
higher the protein diet they receive; the higher the required Mg level [73]. However, this 
generalisation does not apply to all fishes. The Tilapia, having a high protein diet, may 
suffer Mg deficiency. This research outcome is found by measuring the feed efficiency 
ratio, specific growth rate, and weight gain [74]. Hence, it is essential to manage and con-
trol the Ca and Mg level in fisheries to increase the farm’s quality, productivity, and prof-
itability. In addition to fisheries farm, if someone wants to keep the aquarium, they also 
need to maintain the calcium and magnesium-based on the type of aquarium. The opti-
mum Ca and Mg levels for different types of aquariums are summarised in Table 8 [75]. 

Table 8. Preferred calcium and magnesium concentrations for various aquariums. 

Parameter Coral Reefs FOWLR Aquarium Reef Aquarium 
Calcium (ppm) 380~420  350~450  350~450 

Magnesium (ppm) 1300  1150~1350  1250~1350 

There are various methods of determining phosphate concentrations, including high-
performance liquid chromatography (HPLC) [76], UV-spectroscopy [77], and chromatog-
raphy [78]. These methods provide highly accurate results but are time-consuming, com-
plicated, and require regular care such as cleaning, storage, and maintenance [79]. One 
has to be highly educated and trained to use these machines. Hence, it is essential to de-
velop low-cost, low-power sensing devices for detecting nutrients accurately in different 
water bodies, which anyone can use with minimal training for economic and effective 
farming. 

2.6. Dissolved Oxygen (DO) 
Oxygen is diffused into fisheries from the atmosphere during surface turbulence and 

water when photosynthesis occurs in fisheries’ plants. However, oxygen is removed from 
the water due to all the organisms’ respiration and organic substances aerobic degrada-
tion caused by bacteria [80]. The oxygen requirement varies among the fish species. For 
example, the optimum need for salmonids is 8 ppm to 10 ppm, and they suffocate if the 
concentrations go below 3 ppm, whereas Cyprinids require less oxygen. They are very 
active and thrive in water having 6 ppm to 8 ppm of DO. However, they suffocate in case 
the concentration goes low from 1.5 ppm to 2 ppm [81]. Silver perch can tolerate up to 2 
ppm of DO for few hours only. If it is exposed to this level for a long term, fish growth will 
be reduced, and stress will be increased. The required DO level changes depending on the 
species of fish. Worms, oysters, crabs, and bottom feeders require at least 1–6 ppm of ox-
ygen (1–6 ppm), whereas shallow-water fishes need more oxygen from 4 ppm to 15 ppm. 
Yellow Perch, White Perch, Largemouth Bass, and Bluegill are known as warm-water 
fishes and require DO levels of more than 5 ppm [82]. They cannot stay in the areas having 
less than 3 ppm of DO levels and suffer badly when the oxygen level is reduced to 2 ppm. 
The average DO level should be maintained around 5.5 ppm for survival and optimum 
growth [83]. 

The fishes’ oxygen requirement also depends on water temperature, the total weight 
of fish per unit water volume, and individual weight. Fishes demand more oxygen when 
they live at a higher temperature. The oxygen requirement becomes double if the water 
temperature increases from 10 °C to 20 °C. When the number of fishes in a specific volume 
of water increases, fishes become more active. As a result, they demand more oxygen be-
cause of increased respiration rate due to overcrowding [84,85]. Therefore, the balance 
among these factors needs to understand clearly. It is also important to remember that an 
adequate oxygen level observed during the day does not ensure the same amount will 
remain at night. A sunny day indicates extreme oxygen deficiency at night [86]. 
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Oxygen deficiency harms fish life. When the fishes are exposed to water having oxy-
gen deficiency, they stop eating, gather near the surface water where the oxygen level is 
high, gasp for air, not react to irritation, become torpid, and lose the strength of escaping 
from capture, and finally die [87]. Figure 4 shows the impact of DO on the fishpond. The 
significant effect on fish health due to oxygen deficiency includes pale skin, small haem-
orrhages on the ocular cavity’s front and the covered grill, adherence of the gill lamellae, 
and congested cyanotic blood in the gills [88]. Therefore, it is essential to monitor the 
amount of dissolved oxygen inside fisheries farms to take the necessary actions before-
hand. 

 
Figure 4. Dissolved oxygen and its effect. 

Researchers have developed dissolved oxygen sensors using various detection meth-
ods, including electrochemical, optical, and colorimetric. A summary of the existing DO 
sensors is shown in Table 9. Some lab-based sensors provide a wide range of detection but 
need complex electronic circuitry to make the sensor applicable for a real-life scenario [89–
92]. They are also prone to corrosion. The commercial sensors respond fast, IoT compati-
ble, but very costly [93]. Some researchers used sensors for real-time monitoring DO in 
water, whereas some researchers combined sensor and machine learning models to pre-
dict results if the sensor fails. Therefore, it is essential to develop low-cost, low-power, 
wide detection range, IoT compatible sensors applicable to the practical field. 

Table 9. A summary of the existing dissolved oxygen sensor. 

Sensing Material Detection Range Detection Limit Ref 
PtOEP-C6/Poly 

(St-TFEMA) 
0.1~39.3 0.1 [89] 

Ceramic Soil Microbial Fuel Cells 1.0~10.0 1.0 [90] 
Nitrogen and Boron-Doped Reduced 

Graphene Oxide Membrane-Less 
1.5~10.0 1.5 [91] 

Ruthenium Complex Doped with 
Silver Nanoparticles 

1.0~15.0 1.0 [92] 

Seabird 63 DO 1.0~10.0 1.0 [93] 
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Polymer Optical Fibers (POF) 1.0~10.0 1.0 [94] 
Cu (II) Complex Modified 

Electrode 
2.1~8.5 2.1 [95] 

3. Necessity of IoT-Based Farming and Related Research 
The fascinating ability of the Internet of Things (IoT) is converting a dumb system 

into smart by incorporating it with the internet. It helps sense the physical objects and 
control them from any remote location. It integrates the physical world with a computer-
based system [96]. Data from IoT-enabled devices can guide farmers’ taking decisions, 
making farms smart enough to adapt more quickly to changing conditions. Remotely 
monitoring the farm conditions and infrastructure helps in saving time, labour, and cost, 
enabling farmers to focus on other things. It also improves the ability to decide based on 
data analysis. It helps build capabilities to respond to technological advancement by in-
vesting in research and development to contribute to innovation to improve the agricul-
tural sector’s productivity and profit [97]. 

Nowadays, researchers utilise information and communications technology (ICT) 
with sensors to monitor, transmit, and manage fisheries’ quality of water and develop 
efficient quality management based on the collected data. Some researchers used ma-
chine-learning algorithms to predict and analyse the water quality parameters. The most 
popular machine-learning algorithms for water quality analysis are the K-nearest neigh-
bour (KNN) algorithm, random forest (RF) model, decision tree regression, polynomial 
regression, multiple linear regression, and principal component analysis (PCA). The algo-
rithms and applications of these methods in water quality management are discussed in 
this section. 

3.1. K-Nearest Neighbour (KNN) 
K-nearest neighbour is one of the most popular supervised algorithms to identify a 

new entry’s patterns or behaviour based on the trained data. It classifies the incoming data 
by looking at similar data at the neighbours. Rose et al. used this algorithm to identify the 
unknown solvents of water by determining known total dissolved solvents (TDS) [98]. 
Adidrana et al. applied this method to predict nutrient conditions in a hydroponic nutri-
tion control system for lettuce [99]. Although this method is simple and easy to imple-
ment, it has some shortcomings. The number of samples plays a vital role in the classifi-
cation speed for highly complex scenarios. The accuracy of this method significantly re-
duces when the samples are unevenly distributed [100]. 

3.2. Random Forest (RF) Model 
An RF machine-learning model solves the classification and regression problems. 

The system is trained with a dataset, and a group of decision trees is constructed. A new 
entry is predicted based on the mean value from the set of decision trees. The users specify 
the maximum tree number for making the forest while developing the random forest 
model. A bootstrapped random sample is used to construct a tree from the training data 
set [101] 

Devi et al. used this method for predicting the quality of water in the Kadapa District 
of India and classifying the regions into three classes such as excellent, good, or poor for 
drinking [102]. Benedict et al. applied the RF model to predict water quality parameters 
such as pH, temperature, and turbidity from remote locations [103]. The major advantage 
of using this algorithm is that it can automatically handle missing values. However, this 
model requires more time for training as compared to decision trees. It also requires gen-
erating a lot of trees to decide on the majority of votes [104].  
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3.3. Decision Tree Regression 
A decision tree model is used for both regression and classification of data. The sys-

tem is trained with a set of data, and decision trees are constructed. After that, the system 
takes decisions based on the relevant input parameter values. Using entropy, it selects the 
root variable and looks for values of other parameters. Different input parameters are 
given at various steps of the tree to finalise the decision based on the trained data [105]. 

Liao et al. used this model to predict and evaluate Chao Lake’s water quality. They 
also improved the decision tree’s learning method for the faster, easier, and accurate fore-
cast of data [106]. Saghebian et al. developed a simple and powerful decision tree to clas-
sify the quality of groundwater in Ardebil [107]. Although this method works well for 
both linear and nonlinear problems, it overfits data and provides inaccurate results on 
small datasets. 

3.4. Polynomial Regression 
The polynomial regression method is used if the input and output variables relations 

are non-linear and complex. A higher-order variable (two or more) is used for capturing 
the non-linear relationship between the input and output parameters. However, overfit-
ting may occur if a higher-order variable is used, as shown in Equation (1). In this equa-
tion, y refers to the output based on the applied machine learning algorithm, x represents 
the obtained value, i is the number of considered parameters, β is the scaling factor, k is 
the polynomial equation order, and ei is the residuals of the ith predictor [108]. 

ݕ = ଴ߚ + ௜ݔଵߚ + ௜ݔଶߚ
ଶ + ⋯ + ௜ݔ௞ߚ

௞ + ݁௜ , ݅ ݁ݎℎ݁ݓ = 1,2, … , ݊  (1)

Huang et al. used this model to assess the change-points and trends of water quality 
parameters. This model successfully evaluates the efficiency of the strategies for control-
ling pollution and predicts the trends of water quality in Shanxi Reservoir [109]. Balf et al. 
proposed this model to predict longitudinal dispersion coefficient in rivers as a function 
of average and shear velocities, flow depth, and channel width [110]. Although this re-
gression analysis works very well on any size of data and nonlinear problems, the selec-
tion of the right polynomial degree for good bias/variance trade-off is difficult [111]. 

3.5. Multiple Linear Regression 
This regression analysis is used when it is necessary to predict more than one varia-

ble. Multiple linear regression is used to assess each variable’s impact on the output when 
numerous input variables are present. Equation (2) is the mathematical representation of 
the multiple linear regression analysis where y refers to the output of the applied machine-
learning algorithm, x is the obtained values, β is the slope on the curve, and e is the error 
coefficient [112]. 

ݕ = ଴ߚ + ଵݔଵߚ + ଶݔଶߚ + ⋯ + ௞ݔ௞ߚ + ݁  (2)

El-Korashey et al. applied this algorithm for estimating concentrations of calcium, 
chloride, sodium, ammonia, total nitrogen, and biochemical oxygen demand from water-
quality data collected in 2004–2006 [113]. Chen et al. used this model for simulating the 
Secchi disk depth (SD), chlorophyll, the total phosphorus (TP), and dissolved oxygen 
(DO) of reservoirs. They also tried to find the complex nonlinear relationships between 
the inputs and outputs in the Mingder Reservoir, Taiwan [114]. Although this regression 
analysis is easy and simple to implement for interpreting the output parameters, the 
outliers of this technique may have adverse effects on the boundaries and regression are 
linear [115]. 

3.6. Principal Component Analysis (PCA) 
This is a method to compute the principal components to use them for performing 

the reason for variation basis of a dataset. Sometimes, the first few principal components 
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are calculated, and the rest are ignored. Data are transferred into a new “coordinate sys-
tem” in a way that the most significant variance falls into the first principal component, 
the second most significant variance on the second principal component, etc. [116]. 

Bhat et al. statistically analysed the deteriorating water quality of the Sukhnag stream 
using principal component analysis (PCA) to predict 26 water quality parameters [117]. 
Mahapatra et al. applied this method to classify water samples based on 10 water quality 
parameters such as sulphate (SO4--), iron (Fe++), biochemical oxygen demand (BOD), 
chloride ion (Cl−), calcium ion (Ca++), hardness, TDS, turbidity, DO, and pH [118]. The 
significant advantages of using the PCA model on a set of data are that all the principal 
components are not correlated. However, this method’s drawback is that it is essential to 
standardise the data before the implementation of PCA. Otherwise, PCA cannot find the 
optimal principal components [119]. 

4. A Proposed System 
After reviewing the existing research about water quality monitoring, we have real-

ised that although the lab-based sensors are low cost and need vigorous testing and elec-
tronics to apply that in a real-life scenario. Some researchers reported where ICT is uti-
lised, but the system cost is very high due to using the commercially available sensor. 
Moreover, real-time water quality monitoring still relies on very few factors, including 
water temperature, velocity, level, conductivity, dissolved oxygen (DO), and pH [120]. 
Therefore, this research proposes a solution to the existing smart farming. Figure 5a shows 
the block diagram of the proposed system. 

Because all the sensors necessary for monitoring water quality are not yet commer-
cially available, an electronic component is included with the existing sensors to make the 
sensors smart. Any interdigital electrochemical sensors can be converted into an intelli-
gent sensor using the AD5933 impedance analyser (Analogue Devices, Wilmington, MA, 
USA). This research proposes a smart system that is a continuation of our previous study 
[121]. The autonomous system consists of two pumps (SFDP1-010-035-21) [122], an LM298 
pump controller (DC Pumps Australia, Littlehampton, SA, Australia) [123], nitrate sensor, 
and AD5933 impedance analyser [124] for taking the impedance measurement, Arduino 
UNO microcontroller (Core Electronics, Kotara, NSW, Australia) [125] is the core of the 
sensing node, LoRa shield (IoT store, Perth, Australia)  [126] for radio communication, 
12V 10W Solar Panel (Jaycar, Australia) [127], Dia Mec (DMU12-12(12V12AH/20HR) 
(Jaycar, Australia) [128] rechargeable battery for providing continuous energy, 12/24V 
10A Solar Charge Controller (Jaycar, Australia) [129] with USB for converting the charging 
the battery utilising solar energy. The system was used to measure the nitrate concentra-
tions in real-time from Macquarie Lake. This system is modified to monitor other water 
quality parameters, including temperature, pH, nitrate, phosphate, calcium, magnesium, 
and DO cascading all the sensors. Therefore, the circuit diagram of the proposed system 
is modified as Figure 5b. All these sensors are very low-cost and fabricated in our lab. For 
nitrate measurement, an FR4- based sensor proposed in our previous study is used [121]. 
For temperature, calcium, and magnesium measurement, an MWCNTs/PDMS sensor pro-
posed by Akhter et al. is used [130]. For phosphate measurement, a graphite/PDMS sensor 
proposed by Nag et al. is used [131]. For pH measurement, a graphene sensor proposed 
by Nag et al. is used [132]. For selective detection of DO, a Microelectromechanical sys-
tems (MEMS) sensor coated with rGO/CuO2 is fabricated in our lab. All these sensors can 
detect a wide range of parameters and respond very fast. 

Figure 5c,d shows the inset and final prototype. A chamber is allocated for water 
collection. Two pumps are used—one for water collection from the creek, and the other 
one that empties the chamber after finishing the measurement. LM298 motor controller 
controls all these. The pump goes to ON and OFF state based on NAND gate logic. When 
both inputs are in the same state, the pump remains OFF, and when both inputs are at 
different states, the pump goes ON. 
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AD5933 impedance analyser is used to read each sensor data and convert it into 
meaningful water quality parameters applying a data processing algorithm. Once the sen-
sors’ data are read, those can be transferred to the ThingSpeak (The MathWorks, Inc.,USA) 
server. The necessary coding to run the system is written in Arduino integrated develop-
ment environment (IDE). A channel is open in ThingSpeak, and different fields are allo-
cated to store each data. While writing the server code, the channel number and applica-
tion programming interface (API) key are given so that the system data is stored in the 
allocated channel. 

After developing the sensor node, it is installed at Macquarie university creek for 
data collection. Figure 6 shows the preliminary results of the collected data into the Thing-
Speak cloud server. Sensors' performances deteriorate when used in the long term. There-
fore, an auto-calibration algorithm will be developed based on the collected data in the 
future, enhancing the reliability of the proposed system. 

The autonomous system can be installed in any fishers for monitoring water quality 
parameters. The farmers can use the system with minimal training and regularly check 
the water nutrient level to efficiently manage the farm’s productivity. They can also re-
ceive feedback from experts whenever necessary from anywhere in the world. This smart 
prototype will significantly impact the agricultural industry, detecting any abnormality 
in an early stage and taking necessary measures before the situation goes out of hand. 

 
(a) 

 
(b) 

 
(c) 
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Figure 5. (a) Block diagram of the proposed system, (b) connection diagram of the system, (c) inset of the proposed system, 
and (d) the final prototype installed for monitoring water quality. 

  
(a) (b) 

  
(c) (d) 

  
(e) (f) 
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(g) 

Figure 6. Sensor data collected into ThingSpeak server—(a) temperature, (b) nitrate, (c) phosphate, (d) calcium, (e) mag-
nesium, (f) pH, and (g) dissolved oxygen (DO). 

5. Conclusions 
The essential parameters deciding water quality, their impact on fresh water and ma-

rine fisheries are successfully discussed in this research. Moreover, the acceptable limits 
of each parameter for healthy fisheries are also discussed. The existing sensors for each 
parameter are discussed; their advantages and disadvantages are presented. Additionally, 
software-based water quality monitoring systems are also discussed. Moreover, an auton-
omous system is proposed to monitor water quality for smart fisheries. The major ad-
vantage of the proposed system is using low-cost, low-power sensors compared to the 
existing systems. The implementation cost of the proposed system is USD 250, which in-
cludes purchasing electronic components in small numbers. However, the overall cost can 
be reduced significantly when the product is developed in large numbers. All the existing 
systems use commercially available sensors, and those are very expensive. Due to using 
the sensors fabricated in our lab, the system cost is significantly reduced. The proposed 
systems fulfil the motives of agriculture 4.0, which no longer only relies on applying pes-
ticides and food into fishers but also running the farms with advanced technology, includ-
ing sensors, machines, devices, and communication systems. The existence of these sys-
tems in any fisheries will help farmers make informed decisions beforehand using ad-
vanced technologies to improve productivity and profitability. 
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