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Abstract. In general, the water sample from shrimp ponds is sent for testing once in 10 days,
and there are cases where the water sample gets changed within these 10 days and it can
sometimes adversely affect the growth of shrimps. This paper proposes and develops a real-
time cloud based water quality monitoring and automated aerator actuation in shrimp farming
system. The prototype mainly consists of sensor modules, relay modules, Long Range Radio
(LoRa) transmitter, LoRa receiver, node microcontroller unit (NodeMCU) and other interfacing
circuitry. This system uses the low power LoRa module as transceiver connected with an
Arduino which interfaces various sensors and NodeMCU which sends the sensor data to the
Google database. The parameters like dissolved oxygen, pH, turbidity, total dissolved solids
(TDS), temperature and conductivity are measured to assess the water quality in shrimp pond.
The dataset is formed based on the acquired values of the parameters and machine learning
algorithms are used to predict water quality index. Water quality index is predicted by training
the system using various machine learning models. The performance of various machine
learning algorithms is compared. Problem of high electricity charges faced by aqua farmers is
also addressed by turning on the aerators only when oxygen level in water is insufficient for the
rearing of shrimps. The use of machine learning models to forecast water quality and the LoRa
module for communication, effectively and remotely monitors the shrimp farming system,
which saves time, money, and hazards.
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1 INTRODUCTION

Shrimp farming is a significant economic activity in many nations since it
increases employment prospects in the fields of production, processing, marketing,
transportation, and other related services. Good quality of water is needed for shrimp
growth which in return results in farm profit. The water parameters such as dissolved
Oxygen, pH, turbidity, total dissolved solids (TDS), temperature and conductivity are
few of the main conditions that are to be tested often in the pond [1]. Water quality
monitoring is done manually in shrimp farms. The conventional way of water quality
monitoring is to collect the water sample from the pond and send it to the test center.
But, by the time the report is received from the test center, the characteristics of the
aquaculture pond changes. This proves to be ineffective if the farmer wants to take
any immediate action in order to control the damage to the shrimps.


mailto:chakradhar.abhinay@gmail.com
mailto:seetharamreddy30@gmail.com
mailto:vamsiramg@gmail.com
mailto:vegenaveen@vit.ac.in

Periodic sampling of shrimp pond is highly necessary to monitor, their growth
performance. The Internet of Things (IOT) assists smart farming by connecting
people and farm remotely through various gadgets. Based on shrimp parameters, IOT
is used to estimate and forecast trends in the quality of water conditions utilizing
water quality index (WQI) models. Different approaches came into existence for the
determination of WQI in the aquatic environment. Rahman et al. [2] proposed a
classification problem. A Multivariate time series data set obtained from time series
data of aforementioned parameters, is applied as input to the machine learning model.
There exist different approaches for the estimation of WQI in the aquatic environment
such as particle swarm optimization [3], statistical and deterministic models [4-6].

Long et al. [7] developed a system with a sensor node that measures the water's
pH, dissolved oxygen, and temperature. The results can be viewed on Android
devices once the sensed data was relayed through Zigbee to a distant server. Aerators
and pumps can both be controlled remotely by the server. The device was equipped
with a camera module to transmit a real-time view of the producing pond. Rajesh et
al. [8] proposed a system that enables users to check water temperature, turbidity, and
pH on any internet-connected device without having to join the system's WiFi
network. Cesar et al. [9] stored data with MYSQL server for further processing,
communication between sensor block and the Arduino via UART, then transmission
of data through Zigbee to the server and cloud service. Kuang et al. [10] proposed an
extreme learning algorithm for the prediction of dissolved oxygen. The performance
of the ANN-based estimation models was explained and compared with the multi
linear regression (MLR) based model [11]. Carbajal et al. [12] used fuzzy inference
system for assessment of WQI of shrimp pond.

Even though there are so many methods of automatic monitoring of shrimp
framing are proposed, the following problems needs to addressed and solved. At
present, the water sample from shrimp ponds is sent for testing once in 10 days, and
there are cases where the water sample gets changed within these 10 days and it can
sometimes adversely affect the growth of shrimps. The shrimp farmers also face
problem of high electricity charges as most of them keep their aerators turned on even
when oxygen level in water is sufficient for the rearing of shrimps. The other major
problem that we tried to solve in this system is the lack of internet connection at the
location of the shrimp farm. These issues motivated us to propose a system for real
time cloud enabled water quality supervising and aerator actuation in shrimp farming.
Various sensors such as analog turbidity sensor, analog pH sensor, TDS sensor,
temperature sensor, dissolved Oxygen sensor are interfaced with Adrunio Uno,
NodeMCU, LoRa transreceiver. The NodeMCU, ESP8266 is integrated with LoRa
module to automate and remotely monitor the shrimp pond. The uniqueness of the
system is the usage of two LoRa modules to transmit bi-directional information over a
long range. In absence of internet connectivity, monitoring and controlling of the
sensor values and the relay states can be done with the help of GSM module. In this
paper we used both IBM cloud and Google database for storage of data and
communication. Also, we used seven machine learning algorithms mainly, support
vector machine, K-nearest neighbours, Gaussian Naive-Bayes, decision Tree, multi-
layer perceptron, logistic regression and random forest for accurate prediction of WQI



to assess the survival of shrimp with a confidence score 1’ or ‘0’ along with
percentage of survival.

2 IMPLEMENTATION OF PROPOSED SHRIMP FARMING SYSTEM

The block diagram of proposed real-time cloud based water quality monitoring and
automated aerator actuation in shrimp farming system is depicted in figure 2.1. In a
typical shrimp pond, the parameters which are to be kept in optimal levels are
dissolved oxygen, temperature, salinity, turbidity, pH level, alkalinity and hardness,
ammonia and nutrient levels. Of these parameters the major ones which are required
to supervise the water quality are found to be dissolved oxygen, pH, turbidity,
temperature, and TDS. For real time monitoring and control of a shrimp farming
system, the vital parameters required to supervise the water quality are dissolved
oxygen (> 3 mg/l), pH (7.0 — 8.5), turbidity (< 1500 NTU), temperature (15 — 45 °C),
and TDS (< 1100 ppm). Sensors required to obtain the values of the above-mentioned
parameters are incorporated within a prototype so that all these values can be
dynamically monitored. The prototype mainly consists of sensor modules, relay
modules, LoRa transmitter, LoRa receiver, NodeMCU and other interfacing circuitry.
A dataset is formed based on the acquired values of the parameters and machine
learning algorithms are used to predict water quality index. These values are
continuously monitored by the user in real time and necessary action can be taken
whenever it is required to do so. The following sections describe various modules and
procedures of the proposed system.

2.1 Hardware Design

As shown in the Figure 2.1, sensors are calibrated and placed in the water and the
sensor values are periodically monitored by Arduino UNO which reads sensor values
from all sensors and serially transmits the sensor values to LoRa module. The LoRa
module wirelessly transmits these sensor values up to a range of 15 KM. At the
receiver LoRa which is placed within 15 KM range of the shrimp pond, the
NodeMCU circuit serves the webpage and sends sensor data, relay state and water
quality information to the Google sheets database and also IBM cloud. It even notifies
users about abnormal sensor readings, changes in relay states and internet
connectivity issues through text and email notifications. The machine algorithms will
use the dataset available in the Google database to predict the water quality index.

The sensor values are periodically monitored by the NodeMCU and are serially
transmitted to the LoRa Transmitter module. At the receiver, the LoRa module will
wirelessly transmit these values to Blynk App and are updated in the IBM cloud. The
NodeMCU will also send the data to Google database. In this paper we used both
IBM cloud and Google database for storage of data and communication. If the
measured values are not in optimal range, the user can supervise the sensor values
anywhere in the world where there is internet connectivity. The predicted WQI of the
machine learning model will assist the LORA receiver to transmit back the control
information to NodeMCU at the shrimp pond. This NodeMCU thereby control the
aerator connected to Arduino Uno through Relay module. The Figure 2.2 depicts the
flow chart of the two way communication between the NodeMCU and LoRa modules.
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Figure 2.1. Block diagram of proposed real-time cloud based water quality monitoring
and automated aerator actuation in shrimp farming system.

2.2 Acquisition of Dataset and Machine Learning Algorithms

Water Quality Index (WQI) can help the user to understand the condition of the
shrimp pond and notify necessary steps to be taken to improve the water quality. To
predict water quality, a binary value is assigned to WQI. A dataset is formed by
collecting 6507 samples at different life cycles of the shrimp with each containing an
array of sensor values as in the order of dissolved Oxygen, pH, turbidity, TDS,
temperature and conductivity are collected. This dataset is used to train different
machine learning models to predict the water quality. Given a random sample of
water, the sensor modules sense the six parameters. These are applied as inputs to
different machine learning algorithms. Support vector machine [13], K-Nearest
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neighbour [13], Naive-Bayes [14], multilayer perceptron [15], logistic regression [16],
decision tree [17] and random forest [18] are the different machine learning models
used for prediction of WQI. These models predict the water quality whether it is good
(W|th label 1) or bad (with label 0) and returns a Water Quality Index.
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Figure 2.2. Two way communication between the two LoRA modules and NodeMCU



3 RESULTS AND DISCUSSIONS

The experimental set-up of sensor modules and related interfacing circuitry of the
proposed system is shown in figure 3.1. The Arduino Uno reads sensor values from
all sensors and serially transmits the sensor values to LoRa module. The LoRa
module transmits these sensor values to LoRa receiver station which is up to a range
of 15 KM. The sensor values are periodically monitored by the NodeMCU and are
serially transmitted to the LoRa Transmitter module. At the receiver, the LoRa
module will wirelessly transmit these values to Blynk App and are updated in the
IBM cloud. The NodeMCU will also send the data to Google database. The LoRa
module can even receive back the information about relay states from our receiver
NodeMCU circuits and thereby control the aerator connected to Arduino UNO
through Relay module. In this paper we used both IBM cloud and Google database for
storage of data and communication. If the measured values are not in optimal range,
the user can supervise the sensor values anywhere in the world where there is internet
connectivity. The predicted WQI of the machine learning model will assist the LORA
receiver to transmit back the control information to NodeMCU at the shrimp pond.

In the training of the models, an acquired dataset of 6507 samples are used. The
performance of machine learning algorithms mainly support vector machine, K-
Nearest neighbour, Naive Bayes, multilayer perceptron, logistic regression, decision
tree and random forest are compared. The performance of these models is
summarized in Table 1. The random forest model prediction has highest accuracy.

TABLE 1. AcCCURACY COMPARISON

Algorithm used for | Accuracy Score (in
model percent)

SVM 74.96

KNN 96.15

Naive Bayes 86.94

Decision Tree 99.94

MLP Neural | 97.23

Network

Random Forest 99.89

Logistic Regression 97.49

Figure 3.1. Hardware of proposed system

In this paper, real time cloud enabled water quality supervising and aerator
actuation in shrimp farming project solves the problems that aquaculture farmers are
facing right now. In this system, we are continuously monitoring the water quality
every 10 seconds and the values are continuously stored in a database and are
displayed in a website. Whenever the water quality degrades, we immediately notify
the farmer through text messages, website notifications and even email notifications
are sent regarding the same information. In order to cut down their electricity charges,
we are using relay module to control aerators and we can now turn on the aerators
only when the oxygen level goes below the fixed threshold value. The aerators can be
controlled from our website when there is an internet connection and can be
controlled through GSM module when there is no internet connection. The other
major problem that we tried to solve in this system is the lack of internet connection



at the location of the shrimp farm. We are using LoRa module, which wirelessly
transmits sensor data up-to a range of 15 kilometers. Even in case if we still lose our
internet connection after finding a perfect place within 15-kilometer range for our
LoRa receiver modules, we interfaced SIM800A GSM module, so that we can still
read sensor values and control our aerator in farm. We have also deployed a machine
learning model using seven algorithms mainly, support vector machine, K-nearest
neighbours, Gaussian Naive-Bayes, decision Tree, multi-layer perceptron, logistic
regression and random forest. These Algorithms are used to for accurate prediction of
survival of shrimp with a confidence score ‘1’ or ‘0’ along with percentage of
survival.

4 CONCLUSION

In this paper, a novel prototype is developed for effective monitoring and control of
the shrimp farming system. The real time cloud enabled water quality supervising and
aerator actuation in shrimp farming addresses the problems of aquaculture farmers.
The proposed system continuously monitors the water quality every 10 seconds and
the values are continuously stored in a database. Whenever the water quality
degrades, the system immediately notifies the farmers through text messages, website
notifications and even email notifications. The user may remotely monitor their farm
from anywhere with the usage of NodeMCU and LoRa modules. It has achieved all of
the necessary goals, thus the system now automatically monitors the shrimp farm,
resulting in high accuracy and a decrease in the amount of manpower required. This
system saves sensor data in the cloud over an internet connection. The integration of
the LoRA transmitter and receiver for this prototype results in superior quality data
for the owner of the shrimp farm. Finally this system offers efficiency and accuracy
while being economical.
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