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As global demand for shrimp rises and the importance of resource management
becomes more critical, precision shrimp aquaculture has become essential for
sustainable seafood production. Traditional shrimp production is known to have poor
water quality assessment, delayed water quality responses, high operation costs, and
low productivity due to pond instability. Thus, there is a need for real-time intelligent
monitoring systems to enhance productivity and environmental sustainability. This
research introduces a multi-sensor edge computing model to monitor water quality and
biomass parameters in shrimp farms in real time, supporting precision shrimp farming.
The system combines pH, dissolved oxygen, temperature, salinity, turbidity and
ammonia sensors with edge enabled processing units providing low-latency monitoring
and intelligent analytics. Water-quality prediction programs are based on Long Short-
Term Memory (LSTM) models and underwater image analysis to predict biomass is based
on MobileNetV2 models. The experimental results show that the monitoring accuracy is
high, the inference time is reduced and the energy efficiency is improved when
compared to traditional cloud-based systems. The proposed framework was able to
predict the water quality with an accuracy of more than 95% and biomass estimation
with an accuracy of more than 93%. It offers a scalable, energy-saving and smart
solution for future shrimp precision farming.

ARTICLE HISTORY:

Submitted : 21.07.2026
Revised : 17.08.2026
Accepted : 23.09.2026

Author’s e-mail: andrewbitw@163.com

How to cite this article: Bitw A, Multi-Sensor Edge Computing Framework for Precision
DOI: Shrimp Aquaculture with Real-Time Water Quality and Biomass Monitoring, National
https://doi.org/10.17051/NJSFAI/04.02.06  Journal of Smart Fisheries and Aquaculture Innovation, Vol. 4, No. 2, 2026 (pp. 68-78).

are not able to give real-time environmental
1. INTRODUCTION awareness and quick corrective measures [8].
The shrimp aquaculture industry has grown into one of

the most dynamic and promising parts of the global These traditional aquaculture monitoring methods

have drawbacks such as slow sampling times, low

seafood industry, because of the rising demand for
high-protein aquatic food and the economic
significance of shrimp commercial farming [1, 3].
Precision aquaculture technologies are becoming more
prominent due to their ability to enhance productivity,
minimize losses, and promote sustainable aquaculture
practices [3, 11]. Good water quality is necessary for
the well-being, growth, feed utilization and
prevention of shrimp diseases. The dissolved oxygen,
pH, temperature, salinity, turbidity, and ammonia
concentration are among the parameters that need to
be monitored continuously to keep the pond
parameters at an optimum level [1, 4, 10]. However,
the general shrimp farming system still uses the
traditional sampling and inspection techniques which

scalability, low automation and inaccurate estimation
of biomass [9]. Manual techniques are time-consuming
and cannot detect sudden changes in the environment
such as low oxygen, disease outbreak, and shrimp
mortality [2, 4]. In addition, cloud-based Internet of
Things (IoT) systems also adds latency in
communication, consumes high bandwidth and
requires constant internet connectivity, which limits
their effectiveness in remote aquaculture applications
where local decisions need to be taken quickly [9].

However, with the recent developments in edge
computing and intelligent sensor technologies, real-
time monitoring systems have become possible that
can process and analyze data locally in the sensing
environment [9]. Edge computing not only decreases
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latency and cloud communication overhead but also
enhances energy efficiency and enables rapid response
to vital aquaculture operations [3]. Machine learning
methods additionally enable improvement in
predictive ability for water-quality forecasting and
biomass estimation with the use of multi-sensor and
image-based data [4]-[7], [10], [12]. Many current
smart aquaculture systems, however, are primarily
concerned with the monitoring of individual sensors
rather than incorporating edge intelligence, predictive
analytics and intelligent biomass assessment in one
system [11].

This study aims to present a multi-sensor edge
computing approach for precision shrimp farming that
enables real-time monitoring of water quality and
biomass. The system combines several water-quality
sensors, edge-powered processing devices, and
machine-learning algorithms for intelligent water
quality monitoring and predictive analysis. Water-
quality prediction models are based on LSTM models,
and the shrimp biomass estimation models are based
on MobileNetV2 image analytics. The framework will
enable low-latency edge inference, efficient resource
utilization and automated alert generation to support
sustainable aquaculture management.

2. RELATED WORK

With the recent breakthroughs in smart aquaculture,
Internet of Things (IoT) based monitoring systems are
now being adopted to enhance the productivity and
environment-friendly shrimp farming [3] [9]. Water-
quality sensors are typically used in loT-assisted
aquaculture systems to track water quality parameters
like dissolved oxygen, pH level, temperature, salinity,
turbidity, and ammonia concentration [1] and [10].
Such systems are capable of automatically gathering
data about the environment and monitoring it
remotely, which eliminates reliance on manual
inspection methods [9]. It has been proved by several
studies that monitoring water parameters using loT
can enhance water management efficiency and help to
identify the adverse condition of the pond in the initial
stage [3]. But most of the current systems however,
are limited to simple integration of sensors in the
cloud and don't include intelligent local analysis or
real-time edge processing [11].

With its capability of reducing communication latency
and increasing response time, edge computing has
recently been adopted as an effective solution for
smart farming applications [9]. For aquaculture
applications, edge architectures enable data to be
processed at the point of monitoring and reduce
bandwidth usage and reliance on continuous internet
connectivity [3]. In the field of agriculture and
aquaculture, prior research on edge computing has
demonstrated better data processing efficiency, data
in time, and local decision-making [11]. However,

there are some existing frameworks still heavily
dependent on cloud infrastructure to perform analytics
and storage, which leads to high latency and limited
scalability in remote aquaculture settings [9].

Water quality prediction and intelligent aquaculture
management also benefited from the application of
machine learning techniques [2], [4]-[8], [10] and [12]
respectively. Several models, including Long Short-
Term Memory (LSTM), Support Vector Machines (SVM),
Random Forest algorithms, have been used to predict
the trends related to dissolved oxygen, temperature
variation and water contamination [7, 10, 12]. In this
regard, LSTM models have demonstrated their
excellent ability to model temporal relationships in
aquatic environmental data [2], [8], [10]. Although
prediction models are very useful, many of them are
deployed in the centralized cloud environment where
they are unaware of the possibility of optimizing
inferences at the edge of the network for low latency
aquaculture monitoring [11].

Similarly, the methods of biomass estimation have
developed with the incorporation of computer vision
and deep learning methods [11]. Underground fish
growth estimation using underwater images has been
extensively used by Convolutional Neural Networks
(CNNs), MobileNet architectures and object detection
models like YOLO. The above methods have improved
the accuracy of biomass monitoring over manual
sampling methods. Most of the current biomass
estimation systems, however, are resource-intensive
and cloud-based, which hinders their use in resource-
limited aquaculture settings.

Previous studies have made significant contributions
towards the development of smart aquaculture,
however, there are some still unanswered questions.
Current systems may have inherent sensor instability,
communication delay, high energy usage and limited
real-time decision support capability [3, 9, 11].
Additionally, the present practice of various
frameworks do not provide inbuilt edge intelligence
support to integrate multi-sensor monitoring,
predictive analytics and intelligent biomass estimation
at the same time in a precision shrimp aquaculture
environment [2], [7], [11].

3. PROPOSED MULTI-SENSOR EDGE COMPUTING
FRAMEWORK

3.1 System Architecture

The proposed multi-sensor edge computing framework
aims to offer real-time monitoring of environmental
conditions, predictive analytics, and intelligent
decision-making for precision shrimp farming. The four
layers of the architecture are: Sensing layer, loT
sensor node layer, Edge computing layer, and Cloud
and user layer. The system combines various water
quality sensors, Al-powered modules that are edge-
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driven, cloud storage, and farmer-friendly monitoring
apps to create a low-latency and energy-efficient
management solution for aquaculture.

The sensing layer is placed directly in the shrimp pond
environment and continuously collects the important
water quality data. Environmental variations that
influence the health and growth of shrimp are
monitored using sensors such as pH, dissolved oxygen
(DO), temperature, salinity, turbidity, ammonia, and
water-level sensors. Furthermore, an underwater
camera module is embedded, which is used for
biomass estimation by images and visual monitoring of
shrimp activity. The gathered environmental and
image information is wirelessly sent to the loT sensor
node layer periodically.

The loT sensor node layer comprises of ESP32 sensor
nodes, wireless gateways, and LoRa/WiFi
communication modules for real-time data collection
and secure data transmission. This layer is responsible
for communicating efficiently between the sensing
devices and the edge computing unit and for having
the ability to sample sensors periodically and to
operate sensors in a low-power manner.

The proposed framework's edge computing layer is the
intelligence backbone. It executes local data
processing, noise filtering, anomaly detection and
machine learning based predictive analytics. Water
Quality prediction uses Long Short-Term Memory
(LSTM) models, and biomass prediction uses image
analytics using MobileNetV2. Using the edge layer, real
time inference and automatic alerts can be generated
locally, in or near the aquaculture environment, which
significantly reduces communication latency and
dependency on cloud resources.

The cloud and user layer offers central data storage,
dashboard visualization, historical analysis and remote
monitoring. Data from the edge layer is synchronized
to cloud servers to facilitate data analysis over time
and farmer decision-making. Mobile Apps and alert
notification systems are embedded to give real-time
alerts and monitoring updates to the farm operators.
The entire multi-sensor edge computing system of
precision shrimp aquaculture is shown in Figure 1,
which consists of the sensor layer, wireless
communication infrastructure, edge Al modules, cloud
dashboard, and mobile alert system.
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Layer 1 e bt o it
Pond Environment Water Body ; pH DO Temperature Salinity
5 (Shrimp Habitat) H Sensor Sensor Sensor Sensor
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Fig. 1. Overall Multi-Sensor Edge Computing Architecture for Precision Shrimp Aquaculture

3.2 Sensor Deployment and Data Acquisition

The suggested precision shrimp culture system utilizes
an array of sensors that can be deployed to
continuously monitor and report on a variety of critical
environmental data variables that influence shrimp
health and growth as well as pond stability. The
shrimp pond is equipped with several water-quality
sensors to provide precise monitoring of the water
quality in real-time and enhance spatial water-quality
data collection. Intelligent aquaculture management
with pH, dissolved oxygen (DO), temperature, salinity,

turbidity, and ammonia in the

infrastructure.

sensors sensing

The pH sensor is used to measure the acidity/alkalinity
of the water, which has a great impact on shrimp
metabolism and biological activity. Dissolved oxygen
sensors continuously monitor the amount of oxygen in
the pond environment and ensure that oxygen does
not become depleted or cause pond stress.
Temperature sensors are used to monitor the thermal
changes that are observed around the shrimp and
shrimp growth and feed conversion efficiency. Salinity
sensors are used to monitor the salt concentration
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level for optimum water quality in shrimp farming.
The turbidity sensors are used to assess suspended
particles and water clarity, and ammonia sensors to
measure toxic buildup of nitrogen from the feed
residues and biological wastes. These sensors can be
combined to provide full environmental knowledge and
predictive monitoring operations.

Periodic data collection in the deployed sensor nodes
is done at regular sampling intervals to achieve the
continuous assessment of the environment. The
proposed framework calls for sampling water- quality
parameters at regular time intervals of 30 seconds to 5
minutes, depending on the sensitivity of the
parameter and requirements for water quality
monitoring. Parameters that are sampled more often
include those that have a rapid change over time and
are critical for shrimp survival, including high priority
parameters such as dissolved oxygen and temperature.
The sensor data acquired are sent to the edge gateway
using low-power wireless communication modules.

The framework employs LoRa and WiFi communication
protocols for the reliable real-time data delivery
between sensor nodes, edge gateways and cloud
infrastructure. LoRa communication is used for long
range low power transmission over large aquaculture
ponds and WiFi communication is used for high speed
local communication and edge-cloud synchronization.
Lightweight messaging protocols are included to
handle efficient exchange of sensor data and minimize
communication overhead, such as MQTT.

The collected sensor data are preprocessed in the
edge computing layer before they are used in
predictive analytics. Some of the data preprocessing
tasks are normalization, filtering noise, filling missing
values, outlier removal, and temporal synchronization.
These pre-processing techniques contribute to the
reliability of data, better performance of machine
learning models, and minimise the effect of sensor
instability during real-time aquaculture monitoring
applications.

3.3 Edge Computing Workflow

The proposed edge computing workflow is expected to
enable low latencies in the environmental monitoring
and intelligent decision-making for precision shrimp
aquaculture. The workflow combines multiple sensor
data acquisition, edge processing, machine learning
inference, anomaly detection, alert generation and
synchronization of the collected data with the cloud.
The proposed architecture reduces communication
overhead and enhances the real-time responsiveness in
aquaculture applications by performing most
computational operations close to the sensing
environment.

First, water-quality data are gathered from several
water-quality sensors that are continuously installed in

the shrimp pond environment. Various parameters
such as pH, dissolved oxygen, temperature, salinity,
turbidity, ammonia concentration and underwater
image data are wirelessly transmitted to the edge
computing unit on a regular basis. The edge layer
carries out real-time pre-processing tasks prior to
running predictive analytics and intelligent monitoring
tasks.

The preprocessing is composed of filtering,
normalization, and outlier removal, which enhance the
reliability of sensor data and minimize the impact of
noises and fluctuating measurements. The abnormal
fluctuation caused by sensor interference and
communication instability is eliminated through the
edge filtering mechanism, improving the accuracy of
the subsequent inference operation of the machine
learning model. This eliminates the need for
unnecessary cloud transmissions, leading to reduced
energy consumption and bandwidth usage, especially
in the edge layer.

The edge Al inference module runs predictive analytics
on the fly with machine learning models after
preprocessing. LSTM-based inference is applied for
predicting water quality and analyzing trends in the
environment, and MobileNetV2-based image processing
is used for shrimp biomass estimation. Local inference
mechanism helps to quickly detect conditions in ponds
that are not suited to fish, such as oxygen deficiency,
abnormal ammonia levels and sudden environmental
changes. The anomaly detection modules analyze
sensor outputs and automatically alert if the specified
thresholds are exceeded.

Thanks to the alerts generated by the system, farmers
can receive SMS alerts, mobile apps and monitoring
dashboards for swift action and pond management
decisions. At the same time, the environment data and
prediction results are uploaded to the cloud server
when processing, and the data are synchronized to the
cloud server for long-term storage, visualization, and
historical analysis. The edge-cloud synchronization
mechanism allows to perform periodic updates of the
models and central monitoring without adding any
significant communication delay.

The proposed edge workflow substantially cuts down
the response latency: By doing local processing of
critical environmental data rather than full cloud-
based analytics, the edge workflow will significantly
decrease the response latency. This latency reduction
mechanism is beneficial in terms of monitoring
efficiency, reliability of operation and real-time
intelligent aquaculture management. The edge-based
data processing and intelligent monitoring workflow,
such as sensor acquisition, edge preprocessing,
machine learning inference, anomaly detection, alert
generation and cloud synchronization processes are
shown in Figure 2.
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Fig. 2. Edge-Based Data Processing and Intelligent Monitoring Workflow

4. MATHEMATICAL MODELING AND MACHINE LEARNING
FRAMEWORK

4.1 Water Quality Prediction Model

The suggested framework uses a Long Short-Term
Memory (LSTM) prediction model to forecast water
quality in precision shrimp aquaculture systems in
real-time. Water quality parameters including
dissolved oxygen, pH, temperature, salinity, turbidity,
and ammonia concentration have a high temporal
dependency and dynamic environmental response.
Many traditional machine learning models are unable
to reflect the long-term sequential correlation
between the aquatic environmental data. This is why
LSTM networks are employed due to their ability to
learn temporal patterns and predict time-series
accurately from sequential observations from sensors.

The LSTM model deployed on the edge receives the
multi-sensor sequences that are continuously obtained
from the edge monitoring layer. The historical sensor
readings are grouped into the input sequences, which
are time dependent, and fed into the LSTM network
for predictive learning. The LSTM architecture
contains hidden memory cells that can store
information from the previous environment, allowing
efficient modelling of temporal dependencies that
have an impact on the shrimp pond environment. This
sequence modeling mechanism enables the framework
to predict future change in water quality and detect
unusual environmental trends in the pond before the
pond becomes unstable.

For model training and evaluation, the prediction
performance is assessed by the Root Mean Square Error
(RMSE) that represents the error between the real
sensor measurements and the LSTM model predictions.
Increase in the RMSE value indicates decrease in the
accuracy of the prediction and increase in the
reliability of the prediction.

Equation 1. LSTM-Based Water Quality Prediction
Error

RMSE =

In Equation 1, Y; represents the actual sensor value, Y,
denotes the predicted sensor value generated by the
LSTM model, and NNN indicates the total number of
observations used during prediction analysis. By
forecasting environmental degradation and forecasting
abnormal pond conditions in advance, the proposed
prediction framework enables more accurate real-time
environmental monitoring and to make intelligent
decisions in aquaculture operations.

4.2 Biomass Estimation Model

The proposed model is designed with an image-based
biomass estimation model for intelligent monitoring
and assessment of shrimp growth. Biomass estimation
is a crucial aspect of precision aquaculture as it allows
for optimized feeding management, growth analysis,
and the ability to detect abnormal farming conditions
at an early stage. The traditional manual methods of
biomass estimation are time-consuming, labor
intensive and may be inaccurate due to the limitations
of sampling and environmental disturbance. To
address these problems, the designed system is based
on deep learning image analytics techniques for
biomass prediction of shrimp based on underwater
images.

The underwater camera modules are used to acquire
images of shrimp in the pond environment. Under
various environmental conditions, the camera will
continuously record the real-time visual data of shrimp
movements, density and body size characteristics.
After acquiring the image frames, they go to the edge
computing unit for pre-processing, including image
resizing, noise removal, normalization, and contrast
enhancement, before running the inference.

The image data are processed and analyzed by a
Convolutional Neural Network (CNN) model developed
based on MobileNetV2 that runs in the edge inference
layer. MobileNetV2 has been chosen for its lightweight
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design, computational efficiency, and its suitability for
real-time edge Al applications. CNN inference model
extracts spatial features from shrimp images and
biomass estimation is done by analyzing shrimp shape,
size distribution and visual growth patterns. The local
inference mechanism allows low latency biomass
prediction without a continuous dependence on image
processing in the cloud.

The effectiveness of the biomass estimation
framework is assessed with classification accuracy
indicators derived from prediction results obtained
from the CNN model. The accuracy of biomass
estimation is calculated based on the true positive,
true negative, false positive and false negative
classification results.

Equation 2. Biomass Estimation Accuracy

TP+TN
TP+TN+FP+FN

In Equation 2, TP denotes the true positive
predictions, TN represents the true negative
predictions, FP indicates false positive classifications,
and FN corresponds to false negative classifications
generated during biomass estimation analysis. The
higher value of the accuracy shows the more reliable
the prediction is, and the better the performance of
the biomass monitoring system that is proposed based
on the MobileNetV2 network. Combining the
estimation of biomass using edge Al helps to enhance
the efficiency of real-time shrimp monitoring and
facilitates intelligent aquaculture  management
operations.

Accuracy =

5. EXPERIMENTAL SETUP AND IMPLEMENTATION
5.1 Hardware Configuration

The proposed precision shrimp aquaculture framework
will be executed by low power edge-enabled hardware

architecture which can monitor the environment
continuously and analyse, while being intelligent in
real time. The hardware setup includes several water-
quality sensors, edge processing devices, underwater
imaging modules, and wireless communication units,
all of which contribute to streamlined and efficient
data collection and predictive monitoring. Sensing
infrastructure is placed inside the shrimp pond
environment to provide a continuous stream of
environmental parameters, which is important for the
growth and stability of the pond.

A Raspberry Pi-based edge gateway is used as the main
edge computing unit to perform local pre-processing,
machine learning inference, anomaly detection and
synchronization with the cloud. The Raspberry Pi
platform is chosen due to its low power consumption,
computational power, and compatibility with
lightweight edge Al frameworks like TensorFlow Lite
and OpenCV. Furthermore, ESP32 based sensor nodes
are also used for interfacing the sensors and
transmitting environmental information wirelessly
because of their built-in support for WI-FI and energy-
efficient design.

The sensing layer contains several water-quality
sensors in order to evaluate the environment in real-
time: pH, dissolved oxygen (DO), temperature,
salinity, turbidity, and ammonia sensors. An additional
camera module is also installed in the hydrophone to
capture underwater images for biomass estimation and
shrimp activity monitoring, which is a form of HD
underwater camera. The LoRa and  WiFi
communication modules are used to facilitate wireless
communication between the sensor nodes, edge
gateways, and cloud infrastructure, ensuring low-
latency and reliable data transmission in large
aquaculture settings. The hardware and sensor
parameters used in the suggested aquaculture
monitoring system are presented in Table 1.

Table 1. Hardware and Sensor Specifications of the Proposed Aquaculture Monitoring System

Component Specification Purpose
pH Sensor Analog pH module Water acidity monitoring
DO Sensor Optical DO sensor Dissolved oxygen monitoring

Temperature Sensor | Digital temperature sensor

Thermal monitoring

Salinity Sensor

Conductivity-based sensor

Salinity measurement

Turbidity Sensor

Optical turbidity module

Water clarity monitoring

Ammonia Sensor

Ammonia detection module

Toxic gas monitoring

ESP32 Dual-core MCU

Sensor interfacing and data transmission

Raspberry Pi Edge gateway

Local Al inference and preprocessing

LoRa/WiFi Module

Wireless communication unit

Real-time data communication

Camera Module HD underwater camera

Biomass estimation and shrimp monitoring

5.2 Software and ML Configuration

The proposed precision shrimp aquaculture framework
consists of lightweight software tools, edge Al libraries
and machine learning environments that enable real-
time monitoring and predictive analytics. The software
architecture aims to deliver efficient local inference,

low latency data processing and reliable
communication among the sensing devices, edge
gateways and cloud infrastructure. The monitoring
system is developed based on TensorFlow Lite, Python
based analytics, OpenCV image processing libraries
and MQTT communication protocols to provide
intelligent aquaculture management at the edge.
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The edge gateway inference model is running
TensorFlow Lite to enable the lightweight execution of
Machine Learning Inference Models in resource-
constrained environments. The framework supports
the efficient deployment of water-quality prediction
model based on Long Short-Term Memory (LSTM) and
biomass estimation model based on MobileNetV2 with
low memory footprint and low inference latency. The
sensor data is handled and pre-processed using Python
programming, integrated with machine learning, and
used for automated monitoring operations. The
OpenCV libraries are included for obtaining
underwater images, image pre-processing, feature
extraction, and biomass analysis.

The communication layer uses the MQTT protocol to
send real time messages between sensor nodes, edge
devices and cloud servers with a light-weight
approach. MQTT helps to minimize message overhead
and provides reliable communication in low-bandwidth
aquaculture conditions. A Linux platform with the
TensorFlow Lite runtime, Python libraries, OpenCV
modules, and MQTT brokers are integrated in the
complete Raspberry Pi edge deployment platform to
provide intelligent local analytics and edge-cloud
synchronization. The machine learning models and
performance measurement used in the suggested
framework are summarized in Table 2.

Table 2. Machine Learning Models and Performance Evaluation Metrics

Model Application Metrics Achieved Performance

LSTM Water quality prediction RMSE, MAE RMSE = 0.18, MAE = 0.11
MobileNetV2 Biomass estimation Accuracy, F1-score | Accuracy = 93.4%, F1-score = 0.92
Random Forest | Water quality classification | Precision, Recall Precision = 94.1%, Recall = 92.8%

The chosen machine learning models are highly
accurate for prediction and offer efficient edge
inference for real-time aquaculture monitoring
applications. The wuse of lightweight edge Al
frameworks and optimized communication protocols
enhances the reliability of monitoring, responsiveness,
and intelligent decision-making in the suggested
precision shrimp aquaculture system.

6. RESULTS AND DISCUSSION
6.1 Water Quality Prediction Performance

The proposed water quality prediction framework with
edges was tested with various machine learning
algorithms such as LSTM, Random Forest, Support
Vector Machine (SVM), and Artificial Neural Network
(ANN). The experimental analysis was conducted to
examine the prediction accuracy, Root Mean Square
Error (RMSE), Mean Absolute Error (MAE), stability of
sensors, and efficiency of edge inference under real-
time aquaculture monitoring conditions. Data from the
deployed multi-sensor monitoring infrastructure were
gathered that contained dissolved oxygen, pH,
temperature, salinity, turbidity, and ammonia
measurements.

The results yielded indicate that the suggested
prediction model based on LSTM performed better
than the traditional machine learning methods. The
LSTM model achieved the lowest RMSE and MAE values,
which were 0.18 and 0.11, respectively, indicating
high accuracy in predicting the water-quality data and
superior temporal learning ability in sequential water-
quality data. Random Forest had lowest RMSE (0.29)

and MAE (0.21) values, and SVM had highest RMSE
(0.35) and MAE (0.27) values when compared. The
moderate prediction performance was obtained by the
ANN model, which gave the RMSE and MAE values as
0.24 and 0.18 respectively.

The lower prediction error achieved by LSTM model
indicates that it can effectively model the temporal
dependence and fluctuations of the monitoring data of
the shrimp ponds. The use of edge preprocessing
methods such as filtering, normalization, and outlier
detection further enhanced sensor stability and
minimized the impact of environmental measurements
during real-time monitoring efforts. The deployed
edge inference mechanism also reduced the amount of
communication overhead, limited cloud dependence,
and enabled quick response time and minimized
monitoring latency.

Additionally, the suggested edge computing
architecture facilitated real-time processing of
environmental data on-site, reducing the need for
excessive data transfers to the cloud and enhancing
the energy efficiency and resilience of remote
aquaculture operations. The decreased inference
delay was enabling fast detection of anomalies and
immediate triggering of alerting on critical pond water
parameters of oxygen and ammonia fluctuations. The
RMSE and MAE of all the water quality prediction
models are compared to each other, and it is seen that
the proposed water quality monitoring framework
based on LSTM is more accurate in predicting water
quality than other models (as shown in Figure 3).
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Fig. 3. Performance Comparison of Water Quality Prediction Models Using RMSE and MAE Metrics

6.2 Biomass Monitoring Performance

The biomass monitoring performance of the proposed
precision shrimp aquaculture framework was assessed
through multiple deep learning models in real-time
edge computing environment. The experimental study
was conducted on the accuracy of biomass estimation,
edge inference latency, as well as detection efficiency
and underwater shrimp image datasets captured in the
deployed monitoring environment. The proposed
MobileNetV2 edge Al framework was compared with
traditional CNN, ResNet50 and YOLOv5 models to study
the  effectiveness of  lightweight inference
architectures in real-time aquaculture monitoring
applications.

The results achieved show that the proposed
MobileNetV2 model has the best biomass estimation
accuracy (93.4%) and the lowest edge inference
latency (48ms). Due to the light architecture of
MobileNetV2, local inference was conducted in the
edge environment with a Raspberry Pi processor with
high  reliability of detection and minimal
computational burden. The conventional CNN model
performed at 89.7% accuracy with an inference time of
83 ms, while ResNet50 was able to reach accuracy of
91.2% but had a much higher inference time of 126 ms
because it's a much deeper network architecture.
YOLOvV5 model also has a test accuracy of 92.1%, and a

latency of 97 ms when performing biomass estimation
operations in real-time.

MobileNetV2's lower inference latency signals its
applicability to edge computing scenarios with limited
resources and the need for quick decision-making and
continuous environmental monitoring. The lightweight
CNN architecture minimized the processing delay and
allowed for quicker biomass prediction with minimal
reliance on cloud cover. The proposed edge inference
framework also boosted the efficiency of detection by
conducting edge-level image analysis and reducing the
communication overhead of cloud-based image
processing methods.

Moreover, the integrated edge monitoring system
facilitated continuous shrimp activity monitoring, real-
time biomass estimation, and prompt abnormal growth
alarm generation. This resulted in quicker response
mechanisms and increased operational reliability in
precision aquaculture management due to reduced
latency. The obtained results show that lightweight
edge Al architectures are an effective solution for the
real-time aquaculture environment to monitor biomass
in a scalable and intelligent way. To demonstrate the
accuracy of real-time biomass estimation, the results
of different deep learning models were compared and
analyzed with the edge inference latency of the
proposed edge monitoring framework as shown in
Figure 4, which shows that the proposed edge
monitoring framework has superior performance.
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Fig. 4. Real-Time Biomass Estimation Accuracy and Edge Inference Latency Analysis
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6.3 Comparative Analysis

The proposed multi-sensor edge computing framework
was compared with the traditional monitoring system
based on loT, cloud-based aquaculture monitoring
system, and existing intelligent aquaculture
management systems in terms of performance to
examine its effectiveness for real-time shrimp farming
application. Key performance metrics such as latency,
prediction accuracy, energy efficiency and overall
response time were compared under continuous
environmental monitoring conditions.

The conventional aquaculture-based loT systems are
mostly cloud communication based, where the data is
stored and analyzed in the cloud and communication
overhead is high, and the response time is delayed
when the pond is abnormal. Likewise, cloud-only
monitoring architectures have high transmission
latency and bandwidth dependence issues, since all
sensor data needs to be constantly uploaded to remote
servers for processing. Current aquaculture monitoring
methods also have low level of real-time intelligence
because localized edge inference is not available and
lightweight Al deployment mechanism is not available.

The proposed framework with edge showcased better
operational performance than conventional monitoring
systems. Local edge preprocessing and Al inference
combined greatly decreased the communication delay
and allowed for quick analysis of the environment in
the aquaculture environment. The experimental
results demonstrated that the proposed system had
reduced latency and quicker response time due to the
fact that the critical prediction and anomaly detection
processes were executed at the edge computing layer
itself rather than relying fully on the remote cloud
computing infrastructure.

As for prediction performance, the proposed LSTM-
based monitoring framework showed better water
quality prediction accuracy and smaller RMSE
compared to traditional machine learning techniques.
Likewise, the MobileNetV2-based biomass estimation
model showed higher detection efficiency and reduced
edge inference latency compared to deep learning
architectures that are compute-intensive. With the
lightweight edge Al deployment, the energy
consumption was further reduced by reducing
continuous communication with the cloud and
optimizing local processing operations.

The comparative analysis also showed that the
framework proposed vyielded better operative
reliability and stability of sensors in real-time
aquaculture environments. The efficient long-term
monitoring did not involve excessive bandwidth
overhead or processing delay, because of the edge-
cloud synchronization mechanisms. Overall, the multi-
sensor acquisition, edge intelligence, lightweight Al
inference, and real-time alert generation were all

integrated, which greatly enhanced the scalability and
responsiveness of the proposed aquaculture monitoring
architecture.

In summary, the results acquired demonstrate that the
proposed edge computing framework outperforms the
traditional loT and cloud-based aquaculture
monitoring systems in terms of reducing the latency,
prediction accuracy, energy efficiency, and intelligent
decision-making capabilities. The resulting framework
is therefore conducive and scalable for the next
generation precision shrimp aquaculture applications.

7. ADVANTAGES AND PRACTICAL IMPLICATIONS

The proposed multi-sensor edge computing framework
offers various benefits in precision shrimp
aquaculture, such as intelligent monitoring, predictive
analytics, and decision support systems in real time.
Precision feeding optimization is one of the real-world
applications of the developed system. MobileNetV2-
powered image analysis for continuous biomass
estimation helps farmers accurately assess the shrimp
growth pattern and population density in the ponds,
optimize their feeding plans and reduce feed wastage.
Additionally, effective feeding management can not
only lower operation costs, but also enhance the feed
conversion ratio and shrimp productivity.

This framework also plays a very important role in
disease prevention and early risk detection in
aquaculture settings. Dissolved oxygen, ammonia
concentration, pH, temperature and salinity are
measured continuously, allowing the immediate
detection of abnormal environmental conditions which
can lead to disease outbreaks or shrimp population
stress. Combining anomaly detection and real-time
alert generation helps with timely corrective actions,
preventing major pond disturbances. The early
environmental prediction by the LSTM based
forecasting  further enhances the preventive
aquaculture management and decreases the risk of
large-scale production loss.

The second major benefit of the proposed system is
the continuous monitoring of the environment and
intelligent analytics at the edge of the system, which
ensures water quality stabilization. The deployed layer
of edge computing allows for quick processing of the
sensor data locally and reduces the latency of the
communication with the cloud-only monitoring system.
Permits early detection of environmental changes and
enables optimal pond management practices in a
changing aquaculture environment.

The suggested framework also minimizes shrimp
deaths by providing a faster response during the
critical environmental events like oxygen depletion,
ammonia buildup and sudden temperature change.
The immediate response to the edge's speedy
inference and automated notification systems
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enhances  operational reliability and timely
intervention by farmers. The light weight edge Al
architecture also helps reduce bandwidth consumption
and energy use by avoiding unnecessary
communication to and from the cloud and by
centralizing processing.

The sustainability concept is aligned with
environmentally responsible shrimp farming, as the
framework promotes optimized use of resources, lower
feed loss, efficient use of water and energy. When
deployed in remote aquaculture settings, where
connectivity infrastructure is scarce, the integration of
edge Al technologies further improves upon this with
low latency, intelligent local decision making, and
scalability. In summary, the precision aquaculture
structure put forward in the article is a practical and
scalable solution for intelligent shrimp farming, which
integrates multi-sensor monitoring, edge computing,
and machine learning-based aquaculture analysis and
control into a comprehensive real-time aquaculture
management system.

8. CONCLUDING REMARKS AND FUTURE WORK

This research proposed a multi-sensor edge computing
system for precision shrimp aquaculture for real-time
monitoring of water quality and biomass. The
proposed system combines a variety of environmental
sensors, edge processing devices, machine learning
algorithms, and cloud-based monitoring systems,
enabling intelligent aquaculture  management.
Dissolved oxygen, salinity, turbidity, underwater
image acquisition, pH, temperature, ammonia
concentration, and underwater image acquisition were
continuously monitored by water-quality parameters
and an loT-enabled sensing machine, respectively, and
biomass estimation was done in real time.

The realization of the developed edge computing
architecture allowed for local pre-processing, anomaly
detection, predictive analytics and automatic alert
generation, with minimized communication latency
and minimized cloud dependence. The combination of
LSTM-based time-series prediction models resulted in
more accurate water-quality predictions, and the
MobileNetV2-based biomass estimation framework
showed ability to deliver efficient inference in real-
time, with lower computational requirements. The
developed framework was validated through
experimental testing and compared with the existing
monitoring techniques of IloT and cloud-based
techniques, which showed that the proposed
framework improved the accuracy of prediction,
inference latency, energy efficiency, and response
time.

Finally, the results obtained showed that the proposed
edge Al framework had a significant positive impact on
the reliability of environmental monitoring in precision
shrimp farming, speed of decision-making, and

operational efficiency. The lightest edge inference
mechanism also contributed to lower bandwidth usage
and scalable deployment in the remote aquaculture
environment where network connectivity is limited.
The framework thus serves as an effective and
sustainable solution for next-generation intelligent
aquaculture systems.

The framework presented in this paper has shown good
performance, but there are still some suggestions for
further improvements in the future to enhance system
scalability and intelligence. Future work will involve
the integration of digital twin technologies for real-
time simulation of a virtual pond and prediction of
pond environmental parameters. Additionally,
federated learning methods can be used to allow for
distributed collaborative model training without
compromising local aquaculture data privacy. Real-
time biomass prediction and environmental analytics-
based autonomous feeding systems could also enhance
shrimp growth and feed utilization efficiency.
Integrating drone assisted pond monitoring system
with aerial environmental surveillance can also be
helpful to enhance the monitoring coverage and
intelligent management operations of large-scale
aquaculture.
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