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Abstract. Edge Computing is the new paradigm to process data at the
edge of the network. The scenario of edge computing varies, depending on
the case and problem. In this paper, we investigate an architecture that is
suitable for Intelligence Aquaculture. This system will handle tasks such
as collecting the water sensor data and running an Artificial Intelligence
algorithm to train model prediction and run real-time object detection
with a Deep learning algorithm and Deepstream. All applications were
deployed with a docker container and managed with Lightweight Kuber-
netes (K3s). Rancher is also used to coordinate and visualize the resource
system of the edge devices. This system architecture could be a reference
for edge computing ecosystems and monitoring system of Aquaculture.
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1 Introduction

Nowadays, the use of the internet of things creates new challenges for cloud
computing. In the cloud computing paradigm, data is stored centrally in the
data center. However, sometimes real-time response and low latency become a
burden for Cloud Computing when dealing with emerging technologies such as
smart cities or Smart Aquaculture. Some researchers propose a new computing
paradigm as extended of Cloud computing as known as Edge Computing. Edge
computing is a paradigm where the resources of an edge server are placed at
the edge of the network close to the things or data sources, integrating the
capabilities of networks, storage, and applications [3]. Generally, the edge of the

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2022
Published by Springer Nature Switzerland AG 2022. All Rights Reserved

Y.-B. Lin et al. (Eds.): SGIoT 2021, LNICST 447, pp. 38-45, 2022.
https://doi.org/10.1007/978-3-031-20398-5_4


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-20398-5_4&domain=pdf
http://orcid.org/0000-0002-5485-172X
http://orcid.org/0000-0002-9579-4426
https://doi.org/10.1007/978-3-031-20398-5_4

Aquaculture Monitoring Systems 39

networks is located only one hop away from the associated end devices. The
purpose is to reduce network transmission, reduce response time and increase
the security for data privacy. Some intelligence services also deploy to meet the
key requirements of industry digitization for agile connectivity, real-time data
optimization, and application intelligence [2]. Recently, Intelligence applications
cannot be avoided by edge computing. Machine Learning and Deep Learning are
commonly used in Traditional Cloud Computing. Data send to the cloud, and
then the best model will support inference in the edge devices to deploy services.

The development of Edge Computing is still growing. Some researcher has
proposed some edge computing architecture, for example, Cloudlet [5], Fog Com-
puting [15], Microdata Center [8], Multi-Access Edge computing [7] and other
systems [11] that work on the edge of the network which has same principles but
different focuses. However, there has not yet been consensus on standardized
definitions, architectures, and protocols of edge computing.

This work investigates an architecture that is suitable for Intelligence Aqua-
culture architecture. Aquaculture is one of the ways to ensure good seafood
for the world [14]. Nowadays, traditional aquaculture faces severe environmen-
tal pollution, diseases, and a lack of product traceability [4]. Through Edge
Computing principles, it is needed a fundamental architecture that can use for
Intelligence Aquaculture. This Architecture will use a container to ensure an
efficient deployment in every edge device, and all containers will be orchestrated
with lightweight Kubernetes K3s.

This article is structured as follows: Sect. 2 Literature Review of the technolo-
gies in the architecture; Sect. 3 presents the design architecture; Sect. 4 presents
the performance result of our architecture; Sect. 5 is discussion.

2 Literature Review

2.1 LoraWAN

LoraWAN is an open standard for link and network layers that operate on top of
LoRa as the physical layers [12]. LoraWAN is one of LPWAN technologies where
it uses low power and long-range communication. This technology is suitable
for rural areas with an insufficient infrastructure of Wi-Fi or a similar network
for sending data to a server. LoraWAN can cover around 20km in the line-
of-sight situation, and it was designed to work on unlicensed frequency bands
(433MHz, 868MHz, or 915Mhz) depend on a regulator of the area. LoraWan
focuses on uplinks for efficient power usage. The use of two-way communication
will drain more energy from LoraWan devices which are generally powered by
batteries. Therefore, LoraWAN defines classes based on the energy consumption
constraints of different end devices. Class A implements the basic set of features;
Class B enables scheduled listening; Class C has bi-directional communication.

2.2 Rancher Kubernetes Engine

Rancher Kubernetes Engine (RKE) is one of the container management that can
help deploy Kubernetes engine anywhere. Rancher also unites the Kubernetes
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clusters with centralized authentication, access, and observability [13]. Rancher
also offers K3s as Lightweight Kubernetes. K3s has a small memory footprint or
binary, which contains the components to run a cluster. To keep the size small,
K3s replace etcd by another datastore with sqllite3.

2.3 Docker

Docker is a lightweight container system to support rapid deployment [11].
Docker relies on the Kernel of the host OS, increasing the performance and
reducing the footprint. Docker supports process-level isolation, with two con-
cepts from the Kernel that are used: namespace and Cgroup. The namespace
will isolate the communications in the container so the container cannot inter-
act with other containers. Cgroup is used to specify which computer resources
the container should be able to access, such as a certain amount of RAM, CPU
cores, file system access.

2.4 InfluxDB

InfluxdB is an open-source tool for time series data [10]. Influxdb supports devel-
opers because it has many features that can be used for IoT development. Some
features of InfluxdB are 1. SQL style query Language where it is has commonly
used by a developer, 2. Retention Policies: Influxdb uses retention policies to
handle data retention periods, 3. Automatically. Continuous Queries; these fea-
tures make run as a continuous query which essentially means telling InfluxDB
to run a query in the background and compare it automatically, 4. HTTP API-2
endpoints.

3 System Design

In this study, we addressed questions dealing with the configuration of an edge
cluster for monitoring water with an edge computing approach. We configured
Rancher Kubernetes Engine (RKE), Lightweight Kubernetes, and LoraWAN
to run on edge devices. This configuration uses to collect data from the water
sensor and analyze the data in the edge device. In addition, Fish Tracking with
YOLO4 was inferences in Jetson Devices uses Deepstream pipeline and bundled
in a Docker container to test the configuration performance under the RKE. The
illustration of the systems is in Fig. 1.

3.1 Edge Devices

Edge Devices consists of three devices: Jetson-NX, Jetson Nano, and Raspberry-
Pi4. All edge devices are installed with Lightweight Kubernetes (K3S), Docker,
and some apps to support the tasks, such as Node-Red, InfluxDb, MQTT, and
Grafana. Moreover, all devices are linked to the Rancher Kubernetes engine. One
of the tasks on edge devices is receiving data from water sensors. Data in the
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Fig. 1. Aquaculture monitoring system architecture.

database analyze to create a model prediction of Dissolved Oxygen Water. The
tools to analyze data are Miniconda and JupyterLab, which are installed in the
edged devices. In addition, to investigate the uses of GPU in the jetson devices,
we implement Fish Tracking. Deepstream pipeline will use for maximizing the
GPU in Jetson devices, an architecture. All apps that support the Edge server
were a bundle in Docker and managed by K3s, and all devices will monitor in
the Rancher.

3.2 Network

This system uses two kinds of network systems. The first system is to collect
data from the sensors. Second, to coordinate from the cloud to the edge devices.
LPWAN has been used to collect data from the sensor to the edge devices. Data
from sensors will send using LoraWAN to the Lora Gateway. This network use
Lora class A. For deploying an application in edge devices, we use RKE through
the internet.

4 Experimental Results

4.1 Edge Devices

All the edge devices have been successfully installed with lightweight Kubernetes
(K3s) and connected with Rancher Kubernetes Engine. Three devices use ARM-
based processors, and one node was built using VMware ESXi as a comparison,
as shown in Fig. 2. Then each device will deploy an application that is related to
Intelligence Aquaculture. Data from the sensors will be managed with MQTT.
Then with Node-Red, data will be filtered based on the classification and input
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Fig. 2. Edge devices registered in rancher (A) and apps orchestration in every edge
devices (B).

into the database. There are two databases Influxdb and MariaDB. Influxdb has
a function to visualize data in real-time and has a function to set up the alert
when the data has reached a threshold value. MariaDB is used to save data
permanently and used to upload to the cloud. All applications deploy inside the
Docker container. Another application that we try is real-time monitoring for
fish detection on Jetson edge devices. We use the Nvidia Deepstream pipeline,
which maximizes the GPU computation on Jetson devices [1]. Nvidia provides
the Docker environment for Deepstream, so it can be applied on Lightweight
Kubernetes (Fig. 3). The system used a camera to detect a fish in the Aquarium
in real-time to test the Jetson device’s performance [1]. The systems can identify
a fish around 29 FPS. During real-time fish detection, the power consumption
also rises around 8 W, wherein the idle condition is only about 3 W, as shown
in Fig. 4. Fish detection builds using a YOLO4 and Deepsort [6]. A dataset for
the trained model is available in mp4 format and converted into frames. The

Fig. 3. Real-time monitoring with DeepStream for fish detection.
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extracted frames were then annotated using the Labellmg tool [9] with YOLO
label format. All datasets are then Trained with Google Colab using GPU. The
convolution filter size was selected as 21 x 21 since only two classes. The model
then inferences to Jetson nano use DeepStream. All the process was coordinated
using RKE. One of the advantages of using RKE is the availability of a matrix
for the resources used. The matrix is used to monitor the resources of our edge
devices. The edge devices have small resources, so it is crucial to observe the
best conditions continuously.

4.2 Networks and Sensors

The Lora Gateway is set up in the lab of Tunghai University. In this experiment,
we use an indoor Lora gateway. We use three sensors: Temperature, Dissolve
Oxygen water, Conductivity, and pH water. We build water monitor systems
with Arduino board as the main controlling board and use an expansion board
to carry more sensors on the same board. All the sensors’ readings will send to
edge devices through the Lora gateway. MQTT then managed a message from
Lora based on topics. Node-red then uses to insert data to InfluxDB and visual-
ize. All data from the sensors were then visualized with InfluxDB. In addition,
power consumption monitoring is also used to understand the number of power
consumption when running the object detection and data analysis (Fig. 4).

Fig. 4. Power consumption monitoring.
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Fig. 5. A water sensor data collection

5 Discussion

The edge computing paradigm was run well in these systems. All edge nodes
can collect data from sensors ideally. The graphic User Interface provided by
RKE was easy to use and can help beginners deploy the system on edge devices.
Ensure the installation process uses a correct RKE agent so that the edge devices
can coordinate with the RKE servers (Fig. 5).

These systems collect not only data but also implement real-time fish detec-
tion. All tasks can run parallel and work perfectly. Deepstream pipeline opti-
mizes the GPU on the edge devices for the video analytics process and only
consumes less than 10 W. Unfortunately, RPI4 does not have GPU to process
real-time video analytics, but we can use Movidius™ Neural Compute Stick for
AT inferencing.

6 Conclusion

Edge computing is a new paradigm in this era. There is much architecture to
implement the Edge Computing. In this paper, we investigate the edge com-
puting paradigm for implementing Intelligent Aquaculture. In this case, we
emphasize real-time collecting data and fish detection. All systems must be
based on containerization cause to help deployment proses of Intelligence Aqua-
culture system. Rancher Kubernetes Engine can fulfill our requirements, and
Lightweight Kubernetes (K3s) can handle the artificial intelligence model bun-
dles with Docker. Lightweight Kubernetes can maintain our model on the best
performance. This architecture we will use to deploy our artificial intelligence
model with the custom dataset in the future.
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