
Innovations	in	water	quality	monitoring,	fish	feeding,	
biomass	estimation,	fish	behaviour	monitoring,	disease	
diagnosis	and	food	waste	management	can	not	only	
improve	the	degree	of	automation	of	aquaculture	and	
the	level	of	scientific	management,	but	also	reduce	the	
cost	of	production,	improve	environmental	control	and	
increase	product	quality	[3].	Despite	the	great	progress	of	
science	and	technology,	the	optimization	and	
management	of	production	processes	of	aquaculture	
systems	is	facing	great	challenges	[4].	

Scientific	advances	in	recent	years	in	this	sector	have	
been	facilitated	largely	by	the	application	of	science	and	
the	introduction	of	new	technologies	[1].	Emerging	
technologies	in	areas	of	sensor	network,	network	
computing	and	ubiquitous	computing	are	enabling	the	
development	of	practical	and	innovative	solutions,	
improving	monitoring	and	decision-making	capabilities.

OVERVIEW
Aquaculture	is	one	of	the	fastest	growing	food	producing	
sectors	in	the	world,	and	its	economic	importance	is	
increasing.	Due	to	the	increased	demand	for	food,	
market	pressure	and	growing	concern	about	
environmental	and	food	quality	issues,	special	
techniques	have	been	developed	and	applied	to	increase	
food	production	and	improve	product	quality.
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5.6 SOA	da	Unidade	de	Controlo	da	Biomassa	
A aplicação de tecnologias de visão computacional para efetuar os mais diversos tipos de 
inspeção visual está largamente disseminada nos mais variados tipos de indústria. Os 
avanços no processamento de imagem e nos métodos de classificação permitiram que se 
alcançasse rápidos e detalhados dados das imagens e uma interpretação mais correta 
destes para se efetuarem decisões de controlo.  No que respeita à aplicação destas 
tecnologias de visão à aquacultura, ela é muito desafiante e encontra-se muito pouco 
disseminada e pouco madura, devido a vários fatores, nomeadamente: 

• Os objetos a estudar são muito sensíveis a alterações no meio e facilmente entram 
em stress: 

• O seu movimento é livre e aleatório; 
• O meio em que estão inseridos tem grande variação de iluminação e de 

visibilidade; 
• O equipamento a utilizar tem de operar imerso em água ou em ambientes 

altamente húmidos e agressivos (Zion 2012). 

No artigo “The use of computer vision technologies in aquaculture – A review” (Zion 
2012) o autor faz um enquadramento histórico através da compilação de diversos estudos 
do desenvolvimento de algoritmos e da evolução tecnológica da aplicação da visão 
computacional na aquacultura. São analisados alguns modelos que foram sendo 
estudados onde relações entre as formas características do peixe e a sua massa foram 
alvo de diversas modelações matemáticas. Dos diversos estudos levados a cabo, 
constatou-se que o modelo matemático mais comummente utilizado que relaciona o 
comprimento (L) do peixe com o seu peso (W) é o modelo exponencial W=aLb, onde a e 
b são índices estruturais característicos de cada família e espécie. Em “Predicting 
biomass of Atlantic salmon from morphometric lateral measurements” (Beddow and 
Ross 1996) foi verificado que, através de medições do perfil lateral do peixe e do 
desenvolvimento de diversos fatores de relação peso-dimensões laterais assim como da 
utilização de regressões matemáticas, multifactor, obtinha-se uma estimativa da massa 
dos peixes com uma exatidão na ordem dos 98%. 

 

Figura	57-	Pontos	de	medição	do	perfil	lateral	de	trutas	nos	ensaios	em	“Predicting	biomass	of	Atlantic	
salmon	from	morphometric	lateral	measurements”	(Beddow	and	Ross	1996).	
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Figura	65	-	Distribuição	do	modelo	de	pontos	na	imagem	(Tillett	et	al.	2000).	

 

Figura	66	-	Comparativo	da	distribuição	de	pontos	manuais	(marcadores	pretos)	com	a	distribuição	do	
modelo	(marcadores	brancos).	

Das diversas imagens obtidas de cada peixe, foi calculada a repetibilidade assim com a 
exatidão das medições e concluiu-se a existência de uma taxa de 99% de medições válidas 

Monitor	and	Control	Algae	with	ultrasonic	technology

Ultrasonic treatment of LG Sonic can reduce algal blooms by 70 – 90% in 
concentration, compared to no treatment

A combination a high temperatures and nutrient overload can result in excessive algae growth, which can 
result in serious problems such as cyanobacteria toxins and MIB/Geosmin formation.

The ultrasound creates a sound layer in the 
top layer of the water

The ultrasound affects the buoyancy of the algae 

Due to a lack of sunlight, the algae will die 

1.

2.

3.

The algae will sink to the bottom of the reservoir 4.

LG Sonic Ultrasonic Algae Control Treatment Process

Year 1 Year 2 Year 3

No treatment LG Sonic algae control

The algae are degraded by the bacteria present5.

Ultrasound with specific parameters and low 
power can be used as an environmentally 
friendly solution to control excessive algae 
growth and to restore the ecosystem.

For an effective treatment is important to 
adapt the ultrasonic parameters (frequencies, 
waveforms and amplitudes) to the type of algae 
present.

How Ultrasound Targets the Algae

Without treatment, the algae will grow every year more and more which results in an unbalanced ecosystem. 
Therefore, it is important to control algae growth for a healthy ecosystem.

Ultrasound for a Healthy Ecosystem 

No release of toxins
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Ultrasonic
treatment	can	
reduce	algal	
blooms	by	70	–
90%	in	
concentration.

Monitor, Predict and Control Algae with the MPC-Buoy

The MPC-Buoy is a floating solar-powered system that combines real-time water quality monitoring and 
ultrasonic sound waves to effectively control algae. 

1. Monitor Water Quality

The MPC-Buoy provides a 
complete overview of the 
water quality by collecting the 
following parameters every 
10 minutes: 

• Chlorophyll α (green 
algae), 

• Phycocyanin (blue-green 
algae), 

• pH, 
• Turbidity, 
• Dissolved Oxygen, 
• and Temperature.

2. Predict Algal Blooms

The collected data is delivered 
in real-time via radio, GPRS, 
or 3G to a web-based 
software.

The web-based software 
gives a real-time insight in the 
water quality.
 
Based on our developed 
algorithm we can modify the 
ultrasonic program to the 
specific water conditions and 
predict an algal bloom a few 
days ahead.

3. Control Algae

Based on the received 
information, ultrasonic 
transmitters are activated 
and/or optimized.

The ultrasound creates a 
sound layer in the top layer 
of the water. The sound layer 
prevents the algae from 
rising to the surface to get 
sunlight, the algae will sink to 
the bottom of a reservoir and 
are degraded by the bacteria 
present. 

The effects of LG Sonic products have been tested by various universities 
and are proven to be safe for fish, plants, zooplankton, and insects
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Fig. 2. Original image (left) and detected black painted square.

Fig. 3. Fish binary image.

The image processing consisted of four consecutive tasks. First,
the painted black square was detected in the image. Then, the fish
was segmented from the image background. Afterwards, shape
analysis was applied to the contour of the segmented image in
order to remove the fin tail. Last, the height, length and area were
extracted from the segmentation mask of the fish both with fin tail
and without. The image processing was developed in Matlab 2012b
(MathWorks, MA,  USA).

2.3.1. Black painted square location in the image
The first step in the image processing algorithm consisted in

finding the location of the black painted square in the image I
by using a colour image input and resulted in an automatically

detected bounding box, the smallest rectangle containing an object.
The colour image was represented by a matrix of the red (R), green
(G) and blue (B) colour spectrum (RGB-image). The image was  seg-
mented in order to remove the background (Yang, 1994) by using
an adaptive threshold (Otsu, 1979) for each of the colour spectrums.
The binary image was calculated as a bitwise AND operator of the
three image component.

Afterwards, the ratio between height and width of the bound-
ing box (the smallest rectangle containing an object) was calculated
for each of the connected objects resulting from the colour thresh-
old segmentation. The object with the biggest size and whose
height/width relationship was  closer to 1 was considered the black
painted square (Fig. 2). The area (Abb), the width (Wbb) and the
height (Hbb) of the bounding box were then used to rescale the fish
shape measurement.

2.3.2. Fish segmentation
After the bounding box was detected, the next step consisted in

segmenting the fish from the background. The original image I was
cropped inside the black painted square that had been detected in
the previous step, and a new image Ic was obtained. The binary
image was segmented by using an adaptive threshold (Otsu, 1979)
for each of the colour spectrums. The biggest connected object
was considered the fish, while the other objects were filtered out.

Fig. 4. Contour of the fish extracted from the binary image (top) and the calculated distance between the contour and the centroid (bottom). This distance was  used to
remove  the tail fin from the image (pixels between D and G).

Fish	binary	image

S. Viazzi et al. / Aquacultural Engineering 64 (2015) 42–48 45

Fig. 5. Parameters extracted from the binary image: area (grey), height and length
of  the bounding box.

Afterwards, pixels inside the contour of the fish that were not iden-
tified as part of the fish, were filled in. The orientation of the fish
binary image was calculated as the angle between the x-axis and the
major axis of the ellipse that had the same second moment as the
region. The image was rotated by the orientation of the fish binary
image in order to have the binary imaged orientation parallel to the
x-axis of the image (Fig. 3).

2.3.3. Removing the tail fin
The tail fin of the Jade perch S. barcoo has a lower specific mass

compared to the other parts of the fish body and may  influence
the modelled mass estimation. Therefore, the fin tail was removed
automatically by using shape analysis of the fish binary image.
Another approach to eliminate the effect of the fins would have
been to calculate a different specific mass coefficient for the fin tail,
but since the mass of the fins contributed in minimal part with the
overall mass, it was preferred not to consider it in the equation.

As a first step, the contour of the binary image was extracted.
The binary image was searched from top left until a fish foreground
pixel was found; this pixel was the starting pixel for the contour.
The eight-neighbourhood of the pixel was searched in counter
clockwise direction. The first fish foreground pixel found was  the
next pixel of the contour. This procedure was repeated until the
first element of the contour was detected.

As a second step, the distance d between the pixel of the contour
and the centroid was calculated (Fig. 4). The minima (C, H) were
calculated from d. By looking at the first and the last peak between
(C, H), the points (D, G) were defined. These points were then used
to remove the area of the fins from the area of the body.

2.3.4. Shape features extraction
From the fish binary image with tail, the area – the number of

white pixel in the image – (A1) the length (L1) and the height (H1)
of the bounding box were extracted and used to develop the model
(Fig. 5).

From the fish binary image without tail, the area (A2) the length
(L2) and the height (H2) of the bounding box were extracted as well.

In order to correct the small variations in the different mea-
surements due to the remounting of the setup for each of the
measurement sessions, the values were rescaled by using the con-
stant dimension of the painted black square as follows:

A1 = A1

Abb
; A2 = A2

Abb
(1)

L1 = L1

Lbb
; L2 = L2

Lbb
(2)

H1 = H1

Hbb
; H2 = H2

Hbb
(3)

2.4. Precision of measurement

In order to test the precision of the measurement technique,
each of the 15 fish was pictured consecutively every 15 s on one

measurement session for a total of 5 pictures per fish. During this
session, the fish was  positioned in different angles and the height of
the camera was changed. The errors associated with the automatic
measurement of area, length and height were analysed statistically
by calculating the standard deviation of the repeatedly measured
values for a single fish and the percentage of this value in relation
to the mean.

2.5. Regression analysis

The relationship between the Jade perch S. barcoo area (A),
length (L), height (H) and weight (W)  could be expressed in form of
mathematical models. Based on literature, the most common mod-
els to predict fish mass by means of image processing were (Zion,
2012):

Polynomial : W = a + bA + cL + dH (4)

Linear : W = a + bA (5)

Power curve : W = aLb (6)

Linear regression analysis was used to determine the models’
coefficients. In order to calculate the linear relationship in the
power curve model, the model was  converted in logarithm form
and afterwards it was  converted back (c = log(a)).

W = aLb <=> log(W)  = c + b log(L) (7)

In order to avoid model over-fitting, the data were divided into
two datasets. The first dataset containing the measurements of 7
fish (56 images) was used to determine the constants of the mod-
els. The second dataset containing the measurements of 8 fish (64
images) was used to validate the models’ performance and the
prediction error.

To evaluate and compare the models in addition to the coeffi-
cient of determination (R2), the following measurements were used
in this study:

The root mean square error (RMSE):

RMSE =

√∑i=1
N [Westimated.i − Wmeasured.i]

2

N
(8)

The mean absolute error (MAE):

MAE  =
∑i=1

N |Westimated.i − Wmeasured.i|
N

(9)

The mean absolute relative error (MARE):

MARE =
∑i=1

N |Westimated.i − Wmeasured.i|/Wmeasured.i

N
× 100 (10)

The maximum absolute error (MXAE):

MXAE = maxN
i=1(|Westimated.i − Wmeasured.i|) (11)

The maximum relative error (MXRE):

MXRE = maxN
i=1

( |Westimated.i − Wmeasured.i|
Wmeasured.i

)
(12)

3. Results and discussion

3.1. Precision of measurement

Table 1 shows an example of the results for the measured areas.
The table shows that the measurements presented a high precision:
the relative error ranged from 0.2% to 2.8% to the rescaled area and
the mean error was  0.6 ± 0.6%.

Similar results were obtained for the measured length and
height. The error for length ranged from 0.2% to 2.8% with a mean

IoT Technologies & Cloud Platforms

Smart	feeding	methods

Aquaculture	companies	require	precise	
measurements	of	the	number	and	size	of	fish	
they	contain	in	their	farms,	so	that	the	tasks	of	
feeding	and	crop	protection	can	be	properly	
managed.		Research	efforts	have	also	been	
directed	towards	the	improvement	of	on-farm	
feed	management	practices,	like:
- Demand	Feeding
- Computer-controlled	automatic	feeding	
systems	

G

533Feed management practices of temperate fish with special reference to salmonids

FIGURE 11
Infrared sensor-based feeding control system

C
O

U
R

TE
S

Y
 O

F 
S

. K
A

D
R

I, 
U

N
IV

E
R

S
IT

Y
 O

F 
G

LA
S

G
O

W
.

FIGURE 12
Digital feed camera systems
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From a scientific point of view, the self-feeding capacity of fish gives us the 
opportunity to determine feed preferences, not only as a direct function of palatability 
of feeds but also as influenced by the physiological status and environmental conditions 
of the fish. In any case, a diet should cover not only the nutrient requirements but 
should also be palatable and ingested in sufficient quantities to ensure optimal growth. 
Maximum growth and feed conversion depend on avoiding over- and under-feeding of 
fish. Feeding in excess of voluntary appetite causes waste, environmental pollution and 
higher feed conversion ratios (FCR). 
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From a scientific point of view, the self-feeding capacity of fish gives us the 
opportunity to determine feed preferences, not only as a direct function of palatability 
of feeds but also as influenced by the physiological status and environmental conditions 
of the fish. In any case, a diet should cover not only the nutrient requirements but 
should also be palatable and ingested in sufficient quantities to ensure optimal growth. 
Maximum growth and feed conversion depend on avoiding over- and under-feeding of 
fish. Feeding in excess of voluntary appetite causes waste, environmental pollution and 
higher feed conversion ratios (FCR). 
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Wireless	Sensor	Networks	- WSNA
Wireless	Sensor	Network	(WSN)	is	an	emerging	technology	that	
promises	unprecedented	functionality	to	monitor	and	control	the	
physical	world.	Expensive	instruments	and	dataloggers,	are	replaced	
by	lowcost wireless	sensor	networks	providing	
real-time	measurement	with	high	resolution.

To	understand	potential	
damage	and	to	implement	
proper	predator	control	
methods,	you	need	to	correctly	
identify	the	species.

Predation	ManagementD

C
Cloud	based	aquaculture	management	solutions.	
Real	time	monitoring	of	DO,	pH	,	etc.,	helps	farmers	to	analyze	the	
pond	dynamics	and	take	preventive	actions	with	high	efficiency.

5.2.�Water�Drop�Detection�

ܰ =
0.2 × |ܥ| blur(ܥ)

6.�CONCLUSION�

7.�ACKNOWLEDGEMENT�

����

IoT cloud platform allows us to collect, store, visualize and alert on 
time series data. It	allows	customizable	graphs	and	dashboards	and	
visual	map	overlays.

Automated Water Quality MonitoringB
This	system	contributes	with	two	important	features,	continuous	
monitoring,	and	automatic	control	that	is	being	tested	in	a	real	
application.	The	control	activates	or	deactivates	the	oxygen	pump	
system	according	to	the	management	module	and	DO	level	[5].

1

Low Power Wide Area Networks: A Survey
Usman Raza, Parag Kulkarni, and Mahesh Sooriyabandara

Abstract—Low Power Wide Area (LPWA) networks are at-
tracting a lot of attention primarily because of their ability to
offer affordable connectivity to the low-power devices distributed
over very large geographical areas. In realizing the vision of the
Internet of Things (IoT), LPWA technologies complement and
sometimes supersede the conventional cellular and short range
wireless technologies in performance for various emerging smart
city and machine-to-machine (M2M) applications. This survey
paper presents the design goals and the techniques, which differ-
ent LPWA technologies exploit to offer wide-area coverage to low-
power devices at the expense of low data rates. We survey several
emerging LPWA technologies and the standardization activities
carried out by different standards development organizations
(e.g., IEEE, IETF, 3GPP, ETSI) as well as the industrial consortia
built around individual LPWA technologies (e.g., LORa™ Al-
liance, WEIGHTLESS-SIG, and DASH7 Alliance). We further note
that LPWA technologies adopt similar approaches, thus sharing
the same limitations and challenges. This paper expands on these
research challenges and identifies potential directions to address
them. While the proprietary LPWA technologies are already
hitting the market with large nationwide roll-outs, this paper
encourages an active engagement of the research community in
solving problems that will shape the connectivity of tens of billions
of devices in the next decade.

Index Terms—Internet of Things, Low Power Wide Area,
Machine-to-Machine, Low Throughput Networks, LPWA

I. INTRODUCTION

THE Internet of Things (IoT) promises to revolutionize the
way we live and work. It could help us in overcoming

the top global challenges due to population explosion, energy
crisis, resource depletion, and environmental pollution. To
realize this vision, things need to sense their environment,
share this information among themselves as well as with
humans to enable intelligent decision making for positively
affecting our entire ecosystem. Due to this promise, an interest
in IoT is phenomenal. Multiple independent studies have
forecasted a rampant growth in volume and revenue of IoT
and Machine-to-Machine (M2M) industry in the next ten
years. Number of connected M2M devices and consumer
electronics will surpass the number of human subscribers using
mobile phones, personal computers, laptops and tablets by
2020 [1]. Moving forward, by 2024, the overall IoT industry is
expected to generate a revenue of 4.3 trillion dollars [2] across
different sectors such as device manufacturing, connectivity,
and other value added services. Recent improvements in cheap
sensor and actuation technologies along with an emergence of
novel communication technologies are all positive indicators,
supporting the forecasted trends.

Low Power Wide Area (LPWA) networks represent a novel
communication paradigm, which will complement cellular
and short range wireless technologies in addressing diverse

All authors are with Toshiba Research Europe Limited, UK, Email:
{usman.raza, parag.kulkarni, mahesh.sooriyabandara}@toshiba-trel.com
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Fig. 2. LPWA vs. legacy wireless technologies

requirements of IoT applications. LPWA technologies offer
unique sets of features including wide-area connectivity for
low power and low data rate devices, not yet provided by
legacy wireless technologies. Their market is expected to be
huge: approximately one fourth of overall 30 billion IoT
devices are to be connected to the Internet using LPWA
networks using either proprietary or cellular LPWA tech-
nologies. Figure 1 highlights variety of applications across
several business sectors that can exploit LPWA technologies to
connect their end devices. These business sectors include but
not limited to smart city, personal IoT applications, smart grid,
smart metering, logistics, industrial monitoring, agriculture,
etc.

LPWA networks are unique because they make different
tradeoffs than the traditional technologies prevalent in IoT
landscape such as short-range wireless networks e.g., ZigBee,
Bluetooth, Z-Wave, wireless local area networks (WLANs)
e.g., Wi-Fi, and cellular networks e.g. Global System for
Mobile Communications (GSM), Long-Term Evolution (LTE)
etc. Figure 2 highlights these differences. The legacy non-
cellular wireless technologies are not ideal to connect low
power devices distributed over large geographical areas. The
range of these technologies is limited to a few hundred meters
at best. The devices, therefore, cannot be arbitrarily deployed
or moved anywhere, a requirement for many applications for
smart city, logistics and personal health [3]. The range of these
technologies is extended using a dense deployment of devices
and gateways connected using multihop mesh networking.
Large deployments are thus prohibitively expensive. WLANs,
on the other hand, are characterized by shorter coverage areas
and higher power consumption for machine-type communica-
tion (MTC).

A wide area coverage is provided by cellular networks, a
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LP	Wide	Area technologies
LPWA	complement	and	
sometimes	supersede	the	
conventional	cellular	and	
short	range	wireless	
technologies	in	performance	
for	various	emerging	smart	
city	and	machine-to-machine	
(M2M)	applications.	

Client
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3
OBJECTIVES

The	objective	of	the	present	work	is	to
review and	analyze	the	
currently	scientific	

advances	in	technology	
applied in	aquaculture	systems,	
exploring	the	processes,	architectures,	
the	automation	level	and	the	role	of	

sensors	and	new	information	
technologies	
in	this	sector.

[5]	Tang,	Nguyen	et	al.	2015.	“Automated	Monitoring	and	Control	System	for	Shrimp	
Farms	Based	on	Embedded	System	and	Wireless	Sensor	Network.”

LG	Sonic

Monitoring	the	mass	of	the	fish	is	essential	for	effective	management	in	aquaculture	
farms.	Information	about	fish	mass	enables	the	farmer	to	calculate	the	daily	feed	ratio	and	
the	fish	stocking	density.	Computer	vision	is	a	non-destructive	and	powerful	method	to	
capture	and	estimate	the	mass	of	fish	objectively	and	in	real-time.	However,	there	is	no	a	
general	method	to	estimate	the	mass	of	every	species	and	the	optimal	relation	needs	to	
be	estimated	for	each	species	individually.


