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Introduction

Overview of shrimp feeding behaviour

Abstract

The penaeid shrimp farming industry is a fast-growing sector which continues to
suffer from significant feeding inefficiencies. Shrimp are slow to feed on pellets,
with consumption dependent on a wide range of environmental and physiological
parameters. Feed management on farms remains mainly based on feeding trays
which can be difficult to observe and often result in overfeeding. While our
understanding of shrimp feeding behaviour is beginning to improve under labo-
ratory conditions, much less is known about shrimp behaviour in production
ponds. Consequently, there is a growing interest within the industry to improve
observations of shrimp feeding behaviour in situ, although this can be difficult
due to high water turbidity and the benthic nature of shrimp. This review identi-
fies key questions that remain unanswered in relation to shrimp feeding beha-
viour under commercial aquaculture conditions, and considers how they could be
addressed using state-of-the-art applications based on three technologies com-
monly used in other areas of aquaculture. The use of passive acoustics, computer
vision and telemetry are highlighted, alongside their potential to help farmers
achieve better feeding efficiencies and sustainability as well as to help understand
shrimp feeding behaviour in relation to various biotic and abiotic parameters.

Key words: computer vision, feeding behaviour, passive acoustics, precision aquaculture, shrimp
farming, telemetry.

farming is prone to significant inefficiencies with regards to
feeding, which can comprise up to half of total production
costs (Silva et al. 2012; Engle et al. 2017). Shrimp can be

The production of shrimp in aquaculture is growing
rapidly with a reported output of 6 million tons in 2018,
representing a five-fold increase since 2000 (FIGIS 2018).
Penaeid shrimps are the dominant farmed species, with the
Pacific white shrimp (Litopenaeus vannamei Boone)
accounting for more than 80% of overall output (FIGIS
2018). However, despite this production volume, shrimp

slow to feed on pellets (Gadient & Schai 1994), and feeding
behaviour can vary greatly depending on shrimp physiolog-
ical condition and environmental factors (Bardera et al.
2018). This often results in feed losses for farmers leading
to increases in the feed conversion ratio (FCR), degradation
of chemical and microbiological water quality, higher
nutrient discharge rates into the environment (Smith et al.
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2002; Li et al. 2017; Jescovitch et al. 2018; Ullman et al.
2019a) and increases in water exchange requirements
(Davis et al. 2006). Feed management is, therefore, a prior-
ity for the industry in both an economic and environmental
context. As a result, there has been an increased focus on
understanding feeding habits of shrimp (e.g. Pontes et al.
2006; Costa et al. 2016; Bardera et al. 2019, 2020a). There is
also a general consensus that closer monitoring of beha-
viour in aquaculture plays an important role in enhancing
animal welfare through the early detection of abnormal
behavioural patterns related to stressful events or diseases
(as reviewed in Saberioon et al. 2017).

Shrimp have limited storage capacities in their digestive
system and therefore continuously eat small quantities of
feed (Reis et al. 2020). However, in ponds and tanks, food
pellets are subjected to nutrient leaching in the water, and
this has been associated with a growth reduction in L. van-
namei in time frames longer than 30 min (Ullman et al.
2019b). Shrimp, therefore, have to find the feed quickly
(Ullman et al. 2019b; Reis et al. 2020). As omnivorous (Dall
et al. 1990) and benthic feeders (Kumlu et al. 2001), shrimp
rely mostly on chemical cues to locate food at the bottom
of ponds (Hindley 1975) which are detected using a wide
array of chemoreceptors located over the body, such as on
the antennules, legs and mouthparts (Derby & Sorensen
2008). The subsequent behavioural responses of shrimp to
chemical stimuli can then be split into four categories,
namely, antennule flicking, probing movements from the
pereiopods, locomotion and movements from the mouth-
parts (Lee & Meyers 1996).

A detailed description of the different factors influenc-
ing shrimp feeding behaviour was recently reviewed by
Bardera et al. (2018) who considered three major cate-
gories as important, namely, individual level, environ-
mental and water quality effects (Bardera et al. 2018). At
an individual level, the same authors have shown a signif-
icant influence of feed-deprivation, moult status (Bardera
et al. 2019) and sex (Bardera et al. 2020a) on the feeding
behaviour of L. vannamei. The influence of the environ-
ment on shrimp behaviour has been demonstrated with
increases in stocking density (from 50 to 100 individu-
als m~?) resulting in reduced searching and feeding beha-
viours (Costa et al. 2016). Photoperiod has also been
shown to have a significant effect; however, the direction
in which light availability drives feeding seems strongly
species dependent (e.g. Nakamura & Echavarria 1989;
Pontes et al. 2006; Silva et al. 2012). Furthermore, in
L. vannamei, the most farmed shrimp species, it is still
unclear whether animals have a preference for the dark or
the light phase for feeding (e.g. Pontes et al. 2006; Santos
et al. 2016). With strong effects on crustacean physiology,
water quality parameters also have an impact on shrimp
feeding behaviour with known effects of temperature
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(Bérquez-Lopez et al. 2018), salinity (Rosas et al. 2001),
dissolved oxygen (Zhang et al. 2006; Borquez-Lopez et al.
2018), pH (De la Haye et al. 2011) and nitrogenous
wastes (Frias-Espericueta et al. 2000) on crustacean beha-
viour. Little is known about the precise effects of changes
in the water parameters previously mentioned, both at
individual and group levels. It is not known, for example,
to what extent high ammonia concentrations affect feed-
ing behaviour (Bardera et al. 2018). Water quality param-
eters should be kept optimal and within the safety limits
(see Carbajal-Hernandez et al. 2012 for a review of rec-
ommendations); however, this can often be a complex
process on farms with restrictions on clean water avail-

ability.

The need to upscale behavioural observations

Although understanding of individual-level and environ-
mental effects on shrimp behaviour continues to improve
(e.g. Costa et al. 2016; Bardera et al. 2019, 2020a), no direct
observations have yet been published on shrimp behaviour
in aquaculture ponds, where the variability of environmen-
tal parameters (e.g. stocking density, light availability) and
water quality (e.g. variations in pH, dissolved oxygen, tem-
perature, visibility) can be far more extreme than in labora-
tory studies. Recent work on shrimp behaviour conducted
indoors reported optimal water quality values with stable
temperature close to 26°C and dissolved oxygen concentra-
tions higher than 5 mg L™' (Costa et al. 2016; Bardera
et al. 2020a). Environmental conditions on outdoor farm-
ing facilities are often much harder to control, being
directly subjected to climatic variations as well as weather
events (e.g. rainfalls, high heat events). For example, large
fluctuations in dissolved oxygen and pH between day and
night are common in shrimp ponds (e.g. Jescovitch et al.
2018; Reis et al. 2020), where populations of phytoplankton
can bloom and crash several times during a production
cycle. It is also not known how the previously mentioned
small-scale observations translate to large groups of several
hundreds of thousands of individuals where size variability
can also be much higher. Furthermore, the design of labo-
ratory studies can also obscure other important effects such
as arena or pond size, resulting in unequal access to feed.

A broad range of techniques are currently available to
monitor activity of aquatic animals; however, observing
shrimp feeding behaviour in situ can present considerable
challenges due to conditions in aquaculture ponds and the
benthic feeding behaviour of shrimp making direct surface
observations difficult (Reis ef al. 2020). For example, cam-
era-based techniques require adaption as shrimp are com-
monly raised in highly turbid waters with poor light
conditions (Smith & Tabrett 2013; Hung et al. 2016; Huang
et al. 2018). Tracking using telemetry techniques is often

© 2021 The Authors. Reviews in Aquaculture published by John Wiley & Sons Australia, Ltd. 1829



J.-B. Darodes de Tailly et al.

S|enplAipul 4o Jaquinu abJej [erpusiod
e bunendiuew pue buiddesy saiinbas pue sAIsnIyul Si anbiuydal ay |
(0002 $asN<) Jopeau bey-1|d 40 1501 ybIH

1SeAley
210J3¢ PAAOWIAJ JOU JI WJe) B UO UO[1RUILIBIUOD Judsaldal sbel-]|d

12319p 01 Yndi4p way} buyew
wop0q puod 3y} Uo Ae| USIO pUe JSpPE|g WIMS e Yde| dwiuys
abuel
|ensiA ay1 Hwl| A|geIspisuod ued wollog ay} 1e Aljige|ieae bl
Jo0d pue 3seJiuod Moj| Ul burynsas Alpiglny ybiH “1se4a1ul 4o puod
93U} Wolj Ude) abe1004 snoinaid Yim pauiel) ag O} Spasau 2Iem1joS

(£107 /e 12 ) syulesysuod Jofew e uoneulwn|jl

ULIOJIUN-UOU pue (3SeJiuod Mo| Ul buiynsal) ALpiginy Jalepn
(e610z

‘e 13 uew||n ‘gL0z ‘/e 18 YdUAODISI[) JSWB) 3} JOJ 1SOD JUSWISaAU|
(€10Z Jeuyeys

B YHWS ‘ules pue siolelae H°9) puod sy} Ul s}oejalie SSION

suiaied JuUsWSAOW d|eds-3b.1e| JI9AO
siamsue apinold ued spuod ul suol}ed0| J1631e.)s 1e 195 SWlSAS
BUUSUE I3}EAMISPUN YHM PauIquiod (sbel-||d "9°1) Alswa|a]

SI9P3} punole
dwiys Jo SUOIIBIIUSDUOD 12919P O} PISN 3¢ OS|e UBD SISPUNOS 0Yd3
obero0} wouy
pasnpoud aq ued Aq buissed dwys O $31PUIPIO0D UOISUSWIP 334U}
U9A3 10 oM | "9be1004 oeqghe|d Uo 10 awil-jeal ul Jayua dwiys
1D913p 0} Pasn aq Ued UoId13p 193(qo Jof swyiobie Bulules|-deag

(£102 ‘fe 19 17) buiuiewsu
P934 JO JUNOWE 3y} 19913p 0} Woliog puod ay} wolj sbejooy
0} paljdde ag ued (buipjoysaiy}) senbiuyday uoneiuswbas sbew|

(£107 112IG_L '3 YLWS) S9)BWIISS puBWSp Pas) SnosueluelsUl
pue [e30] 3pIA0Id UBD SI9PIR4 dIFeUOINe 0} PAdU| SIIISNOJE BAISSE]

{seale paj 0} ssadde
ul slenpiaipul buowe AydJelaly e alsyy s|

(papinoid si pasy

UBYM U35 SeaJe P3) SPJRMO} pPaj-Uuou
woJj dwnys Jo syuswanow abie| auy

¢papinoid ale sia}ays [epiyie

Uaym pajdaje Inoineyaq buiwoy
[BNIUSAS 1O SUJS}Ied JUBWSAOW By

¢spuod dwiiys prseusd ulyum

151X Sa1dads ueadelsn.d Jayio Auew ul
uaas Jnoineyaq buiwoy ayeuul ayl ssoq

£S9I1ISUIP [BD0] BDUBN|JUI SIY] SIOP MOY

pue S}udA3 HBuIpaa) 0} UOIIe|3I Ul SI9pad)
SpJemoy suondeal dwilys aie 1eym

{SUOIIpUOd
[EJUBWIUOIIAUS pue sawiibai Bulpasy
0} 9}e|2. Inoineyaq bulliems ssop MmoH
{PanIasqo
9q buipasy ul swianed Ajiep ued)
¢ Ainoe buipasy ssusnjjul sjodoyoud
Buiw.ey pue suonipuod puod op MoH
{InolAeyaq buipasy 10aje (Aususp
JUsLINU "3°1) uonLINU AIelalp ss0Qq
¢3J2A> uondnpoud ayy buunp
S9}s Buibueyd 1e 1o suoIed0| paxly 18
papiroid ag paay} PINOYS ¢ pasy 03 IBYAA
{Siunowe 1eym Ui pue pasj 0} USYAA

SEJSEEN
punoue
JUSWAO

sinolneyaq
Busidisiul
pue

BuinIasqO

suonelado
poo4

ABojouyda} yum suoneywi| [erualod Jo Jua1nd

suonsanb A3y Jamsue 01 |00} |elIUa10d

suonsanb A3y

sanbiuyds) Je-ayi-40-31e3s buisn passaippe g Wybiw Asyi moy pue spuod ul Jnoireyaq buipss) dwiiys buipueisisapun Joj suonsanb Asy | ajqelL

Reviews in Aquaculture (2021) 13, 1828-1843

© 2021 The Authors. Reviews in Aquaculture published by John Wiley & Sons Australia, Ltd.

1830



not appropriate due to the regular moulting of crustaceans
during which external tags can be lost (Freire & Gonzélez-
Gurriaran 1998; Haddaway et al. 2011). In addition, the
small size of shrimp can make the use of large tags impossi-
ble (Wolcott 1995). Therefore, monitoring of feeding activ-
ity on shrimp farms has traditionally relied on the use of
feeding trays, a labour-intensive method, that can be sub-
jective and provide inaccurate feed demand estimates
(Smith & Shahriar 2013; Smith & Tabrett 2013; Ullman
et al. 2017; Reis et al. 2020). This short review, therefore,
aims to identify the key questions surrounding shrimp
feeding behaviour under commercial conditions and how
they may be addressed by state-of-the art applications of
tools commonly used for marine ecology and fish farming.
Current limitations of these technologies are highlighted in
the hope of stimulating multidisciplinary studies that will
provide farmers and researchers with improved observa-
tions of shrimp feeding behaviours in ponds.

Novel applications of monitoring tools in a commercial
context: from traditional feed management towards
precision shrimp farming

Various aspects of feeding in penaeid shrimp farming now
need to be further investigated to help farmers increase
feeding efficiency. Table 1 summarizes these key research
questions and the tools which could be used to provide
answers. Three major topics have been identified in regards
to the future of feed management for shrimp, namely:
(1) How and where feed should be most efficiently pro-

vided
(2) The observation and interpretation of feeding beha-

viours
(3) The tracking and visualization of animal movements

around feeders

To date, most in situ research in aquaculture has focused

on salmon farming (e.g. Fore et al. 2011; Pinkiewicz et al.
2011; Kolarevic et al. 2016), and it is likely that the shrimp
farming industry could benefit from methods originally
developed for fish aquaculture. Acoustics, computer vision
and telemetry are currently the three main approaches
being used and developed for studies on feeding behaviour
in fish aquaculture (Zion 2012; Fere et al. 2017; Saberioon
et al. 2017; Zhou et al. 2018a). Underwater passive acous-
tics have previously been widely utilized for remote obser-
vation of marine mammals (Ford & Fisher 1978;
Cummings & Holliday 1985), and new applications have
recently appeared in commercial shrimp farming to moni-
tor feeding activity at a population level. Computer vision
systems constitute a new field of study in shrimp aquacul-
ture, but are already used in fish farming to monitor feed-
ing activity from swimming and grouping behaviours (e.g.
Zhou et al. 2017). Telemetry (i.e. measuring from a
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distance, Wolcott 1995) is currently used in aquatic
research for decapods but applications for use in commer-
cial shrimp, small in size and moulting at a high frequency,
still need to be developed. However, passive internal tags,
not previously used on shrimp with the purpose of moni-
toring behaviour, could be used in research ponds to pro-
vide new information on movements of large numbers of
individuals around feeding areas. The joint application of
these tools for better monitoring of feeding behaviour links
with the broader concept of precision aquaculture, defined
by Fore et al. (2017) as the application of control-engineer-
ing principles to enhance monitoring and control of bio-
logical processes on aquatic farms. The following sections
describe how recent or potential application of these tools
could be useful for this purpose.

Passive acoustic monitoring

Passive acoustic monitoring (PAM) is the recording and
exploitation of sounds using passive acoustic sensors such
as hydrophones (Gibb et al. 2019). Widely used in the
remote observation of marine mammals (Ford & Fisher
1978; Cummings & Holliday 1985), PAM has had a more
recent application in modern shrimp farming through the
control of feed dispersal in ponds (see Smith & Shahriar
2013; Smith & Tabrett 2013; Jescovitch et al. 2018; Silva
et al. 2019; Ullman et al. 2019a; Reis et al. 2020). The tech-
nology uses a hydrophone to detect the ‘clicking’ sounds or
‘feeding signatures’ produced by penaeid shrimp when they
interact with feed (Hunt et al. 1992), with distinctive spec-
tral features exploited by an algorithm to automatically
detect the number of signatures recorded at a given time
(Smith & Shahriar 2013; Smith & Tabrett 2013). Smith and
Tabrett (2013) identified the resonant frequency band as
discriminative of feeding signatures, which is itself charac-
terized by the peak, low cutoff, high cutoff frequencies and
the bandwidth. However, Peixoto et al. (2020a) selected
sound duration, minimum and maximum frequencies,
peak frequency and maximum energy as variables to char-
acterize feeding signatures.

In this way, the acoustic characterization of penaeid
shrimp feeding behaviour has been documented for the
white shrimp (Penaeus setiferus Linnaeus) (Berk et al.
1996), the black tiger prawn (Penaeus monodon Fabricius)
(Smith & Tabrett 2013) and more recently for Litopenaeus
vannamei (Silva et al. 2019; Peixoto et al. 2020a,b). The
main findings of these studies are summarized in Table 2.
In aquaculture ponds, the number of recorded feeding sig-
natures can be used as a proxy of feeding activity, as it has
been found to strongly correlate with pellet consumption
(Smith & Tabrett 2013). Therefore, a change in the number
of signatures during successive feed distribution events can
indicate variation in feeding activity (Smith & Shahriar
2013), signalling that an adjustment of the feed ration is

© 2021 The Authors. Reviews in Aquaculture published by John Wiley & Sons Australia, Ltd. 1831
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Table 2 Overview of studies on the use of passive acoustic monitoring for smart feed management in shrimp farming

Species Major findings

References

Preliminary studies Penaeus monodon

Spectral characteristics of feeding signatures can be used in ponds
to detect feeding activity

Smith and Tabrett (2013)

Pellet consumption rate strongly correlated with the average
production of feeding signatures in ponds (R? of 0.95 and 0.96)

L. vannamei

Litopenaeus vannamei is acoustically active, and the sounds it

Silva et al. (2019)

generates can be used as an indication of feeding activity in

captivity

Acoustic variables were not influenced by shrimp size

Click rate combined with the energy generated at peak frequency

Peixoto et al. (2020a,b)

can represent an indicator of the quantity of feed consumed

Diet texture was closely related to the acoustic intensity produced
by L. vannamei while feeding

Acoustic parameters of clicks were not affected by the diet length

Doubling the length of pellets resulted in doubling the number of
clicks emitted by shrimp per pellet

Feed consumption significantly correlated with the feeding acoustic
energy emitted by shrimp (P-values between 0.003 and 0.007
depending on diet lengths)

Assessments in L. vannamei
ponds against
traditional

feeding strategies

Acoustic feeding resulted in significantly higher average body
weight at harvest compared with manual and time-setting feeding
(8.6 and 7.58 g increases, respectively)

A 46% increase in average body weight at harvest after 16 weeks

Napaumpaiporn et al.
(2013)

Ullman et al. (2019a)

compared with shrimp hand fed twice daily was found
A 25% increase in average body weight at harvest compared with
shrimp fed with timer feeders 6 times a day was observed

Ponds with acoustic feeders presented the highest ammonia and

Jescovitch et al. (2018)

nitrite concentrations of all treatments

The acoustic feeding treatment resulted in larger shrimp compared

Reis et al. (2020)

with different standard feeding protocols (between 3.49 and
6.24 g increase in final individual weight)

required. PAM can also allow detection of individuals in
the area surrounding a sensor. As a result, the system can
provide measurement of the density of individuals within
an area (e.g. Butler ef al. 2017) and even an estimation of
their position if binaural technologies are used in combina-
tion with techniques based on time of arrival (Stevenson
et al. 2015). However, PAM does not allow for tracking of
individuals across time or for the unique identification of
each detected individual (Zenone et al. 2019).

There are existing challenges in the application of this
technology as the soundscape of a shrimp pond is often
polluted by loud background noises from machines such as
paddlewheel aerators, air diffusers, pumps (Smith & Shah-
riar 2013; Ullman et al. 2019a; Peixoto et al. 2020a) but also
from rain, wind and even vehicles (Smith & Shahriar
2013). Spectral characteristics of feeding signatures can also
overlap with those of background noises (Smith & Shahriar
2013). To overcome this challenge, Smith and Shahriar
(2013) developed and described a context-aware sound
classifier to improve the identification accuracy of feeding
events from interference in ponds. By applying a filter on

pond acoustic recordings, which models background noise
from aerators, the authors were able to extract potential
feeding signature candidates on which spectral subtraction
was then applied. Distinctive spectral features (see Smith &
Tabrett 2013) were then extracted from those candidates
which could be classified either as feeding signatures or
interference noise using a Gaussian mixture model. A Con-
text-Aware Dynamic Bayesian Network (CADBN) was then
applied to take into account the time of feed distribution
events in the pond to increase classification accuracy of
feeding signatures (Smith & Shahriar 2013). Peixoto et al.
(2020a) also argued that acoustically effective feed should
be used in ponds with such feeders to improve the detec-
tion accuracy of feeding events. Recordings with shrimp
feeding on dry extruded diets showed higher sound inten-
sity than pelleted feed, the consumption of extruded diets,
therefore, being more likely to be detected from recordings
(Peixoto et al. 2020a). To further increase detection success
of feeding signatures, feed should also be consumed quickly
after distribution since soaked feed loses its hardness and
increases its water content, resulting in a decrease in the

Reviews in Aquaculture (2021) 13, 1828-1843
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Figure 1

Representation of an acoustic feeding system. The hydrophone records the pond soundscape and sends signals to the controller located

either on the feeder or on the shore. The controller then assesses the relative feeding activity and automatically adjusts the feeding ration. Acoustic
and feeding data are sent to a computer at the farm’s office at regular intervals. Created with BioRender.com.

maximum energy of sounds associated with feeding (Peix-
oto et al. 2020a).

Acoustic automatic feeders (e.g. Eruvaka Technologies
Pvt. Ltd., Vijayawada, India) rely on passive acoustic prin-
ciples for feed distribution in ponds and are currently in
operation in areas that are major producers of penaeid
shrimp, such as Ecuador and Southeast Asia (Fig. 1). Such
systems represent an alternative to traditional feeding pro-
tocols that are based on the use of feeding trays, and have a
range of benefits (Ullman et al. 2019a). Acoustic feeders
help ensure feed is distributed at times when shrimp are the
most likely to consume it (Jescovitch et al. 2018) and there-
fore aid in reduction of feed wastage (Ullman et al. 2019a).
The advantages of acoustic feeders over automatic-timed
feeders or hand-feeding have recently been documented for
P. monodon and L. vannamei, providing a better yield per
hectare at similar stocking densities (Napaumpaiporn et al.
2013; Jescovitch et al. 2018; Ullman et al. 2019a; Table 2).
Therefore, by sending real-time indications of feeding
activity, acoustic feeders provide farmers with vital infor-
mation on when to feed and in what amounts feed should
be applied in ponds (Table 1; Smith & Tabrett 2013). If
several automatic feeders with different hydrophones are
used concurrently in a single pond, they could even provide
information on the important locations for shrimp feeding
(as suggested by Smith & Tabrett 2013). For researchers,

Reviews in Aquaculture (2021) 13, 1828-1843
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passive acoustics can represent a valuable tool towards a
better understanding of potential circadian rhythms regu-
lating feeding activity in farmed shrimp at a large scale
(Table 1), which has only been researched in laboratory
conditions so far (Pontes et al. 2006; Santos et al. 2016).
Peixoto et al. (2020b) also recently used passive acoustic
monitoring in an innovative way by evaluating the effect of
different diet lengths on the feeding behaviour of L. van-
namei through the use of hydrophones. The authors found
that small pellets were consumed faster than large ones,
although final consumption was similar among diet
lengths. Feed consumption was also significantly correlated
with the acoustic energy of clicking sounds, which paves
the way for the use of passive acoustic monitoring to pro-
vide direct estimations of feed consumption (Peixoto et al.
2020b).

Computer vision and artificial intelligence

The application of computer vision can aid in understand-
ing shrimp feeding behaviours and management practices,
an area which has received considerable interest over recent
years in fish farming (see Zion 2012; Fere et al. 2017;
Saberioon et al. 2017; Niu et al. 2018; Zhou et al. 2018a).
For example, a feeding decision system for tilapia solely
based on real-time monitoring of behaviour (i.e. food
snatching strength and group flocking level) was recently
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described by Zhou et al. (2018b) who reported a 10.77%
decrease in FCR compared with a traditional feed manage-
ment protocol based on fish biomass. To date, literature on
computer vision in shrimp farming is scarce; however, a
number of innovative technologies, such as deep-learning
algorithms and pixel segmentation techniques (i.e. image
thresholding), have been trialled in shrimp ponds for feed
and disease management purposes (e.g. Huang et al. 2018;
Chirdchoo & Cheunta 2019).

A major constraint associated with underwater video
recordings is the degradation of image quality, due to light
attenuation by water as a result of light absorption and
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scattering at depth and under high turbidity (Schettini &
Corchs 2010). Depending on farming protocols, computer
vision could be reasonably applied or on the contrary, sim-
ply represent an unrealistic solution. For example, Jescov-
itch et al. (2018), in outdoor pond trials with shrimp
stocked at a density of 17.2 individuals m 2, reported aver-
age turbidity values between 7 and 10 NTU (Nephelometric
Turbidity Unit), which could potentially allow for the use
of image acquisition systems. However, in systems based
on bioflocs, for example, no footage could realistically be
recorded given the very high turbidity values associated
with those protocols (Samocha et al. (2007) reported up to

Reviews in Aquaculture (2021) 13, 1828-1843

© 2021 The Authors. Reviews in Aquaculture published by John Wiley & Sons Australia, Ltd.



77.9 NTU in bioflocs shrimp tanks). Polarization tech-
niques can be used to de-scatter the image (as reviewed in
Jonsson et al. 2009; Lu et al. 2017a), and near-infrared
(NIR) technologies can be applied to counter light attenua-
tion underwater (Lucas & Baras 2000; Mueller et al. 2006;
Lu et al. 2017a). Decapod crustaceans lack sensitivity of
NIR wavelengths (Johnson et al. 2002; Weiss et al. 2006);
thus, such technologies can be easily implemented without
disruption to behaviour. Software-based approaches also
exist for underwater image enhancement, using defogging
(dark channel prior algorithms; Chao & Wang 2010; He
et al. 2011) and contrast enhancement techniques (his-
togram equalization algorithms; as reviewed in Lu et al.
2017b).

Computer vision is efficient in monitoring a number of
aspects of feeding behaviour in penaeid shrimp in real-
time. Deep-learning algorithms based on neural networks
such as YOLO (You Only Look Once, Redmon et al. 2016)
have already been used for the automatic recognition of
underwater animals (e.g. Li et al. 2016; Pedersen et al. 2019;
Mahmood et al. 2020) and have good detection accuracy
with potential application in an industry-context. For
example, Huang et al. (2018) recently presented a proto-
type of a real-time underwater surveillance system for
shrimp ponds and tanks. This apparatus included an
underwater camera, an image enhancement algorithm for
image haze removal and the use of YOLO to detect shrimp
present inside the camera field. Object-detection algorithms
can also provide coordinates of detected individuals from
underwater footage. This can include detection in three
dimensions if stereovision is employed (i.e. the joint use of
two cameras providing different angles of the same scene,
e.g. Stereolabs Inc., San Francisco, CA, USA) which can
provide key metrics such as distance between individuals
and speed (Fig. 2). As an alternative to deep-learning algo-
rithms, which require large training data sets, Osterloff
et al. (2016) proposed an approach based on a random for-
est algorithm to map shrimp abundance over time on a
deep-sea coral reef from frames recorded with a fixed
underwater observatory. The software was trained with
only 80 annotated frames containing mostly Pandalus spp.
(Leach) shrimp species and enabled the accurate compar-
ison of shrimp abundance between frames and across dif-
ferent locations on the frames.

Object-detection algorithms could provide researchers
with key observations on both shrimp behaviour and their
movement around feeders. For example, how shrimp den-
sities vary close to feeding stations in relation to feed distri-
bution events has not been the topic of any published work
to date, and underwater footage analysed with such soft-
ware could be useful to obtain the number of observable
individuals through time at given locations next to feeders.
Recent work from Cao et al. (2020) also demonstrated the
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potential of object detection to achieve better spatial feed-
ing accuracy inside Chinese mitten crab ponds (Eriocheir
sinensis H. Milne-Edwards). The authors developed a real-
time object detector (Faster MSSDLite) to detect live crabs
in aquaculture ponds and overcome the challenge of crabs’
irregular shapes and the underwater environment (Cao
et al. 2020). The algorithm is based on SSD (Single Shot
MultiBox Detector, Liu et al. 2016), a deep convolutional
neural network similar to YOLO. However, it was found to
be faster and more accurate than YOLOvV3, with detection
speed reaching 74.07 frames per second and an average pre-
cision of 99.01%. This computer vision system can be
mounted on an automatic feeding boat along with a GPS
(Global Positioning System) device to map crab density
across the pond and therefore automatically determine the
feeding needs at various locations (Cao et al. 2020).

Footage from echo sounders could complement video
observations, as performed for fish by Terayama et al.
(2019) where poor quality night-time footage and high-
resolution sonar images were translated into realistic day-
time images of fish. More research is, however, needed in
order to link sonar images to density in shrimp, which, to
our knowledge, has not yet been published. In addition,
the use of echo sounders will possibly have a significant
impact on the behaviour of shrimp through the emission
of sound at audible frequencies. Nevertheless, there has
been some recent interest shown by several companies in
the development of sonar technologies to monitor the
shrimp biomass in ponds (e.g. Marine Instruments, Spain
(Holmyard 2018) and Minnowtech, USA (Wright 2019)).
Shrimp reactions towards feeders also remain largely
unknown, and thus, data on their orientation and velocity
around main feeding areas could help understand the pat-
terns through which local concentrations in animals might
change around feeders. It is also unknown whether shrimp
exhibit anticipatory behaviour as observed in Atlantic sal-
mon (Salmo salar Linnaeus) when feeders start spreading
pellets onto the surface (Oppedal et al. 2011). Large
swarms (or troops) of shrimp were previously reported
from scuba observations in ponds (McNeil 2001) which
computer vision, and particularly stereovision, could help
investigate (Table 1). Observations on the shape of
swarms, size distribution, movements and triggers of such
formations are yet to be published in penaeid shrimp
under commercial conditions.

Another way computer vision can aid in monitoring of
feeding behaviours and activity indirectly is to automati-
cally assess the amount of feed remaining at a particular
location, such as on a feeding tray. Several papers recently
described such systems in fish and shrimp ponds (e.g. Li
et al. 2017; Huang et al. 2018; Chirdchoo & Cheunta 2019),
which in return could lead to a decrease in feeding costs. In
addition to the use of YOLO to detect shrimp, Huang et al.
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(2018) presented a program based on neural networks to
separate feed from non-feed pixels, thereby automatically
assessing the surface area of the feeding tray covered by feed
through time. Similarly, Chirdchoo and Cheunta (2019)
successfully developed and trialled a cheap software to
automatically detect feed pellets remaining on shrimp feed-
ing trays through the use of a segmentation program which
separates pixels based on the colour of feed samples. How-
ever, turbidity and uneven illumination are still major con-
straints for the use of segmentation algorithms for feed
detection in ponds (Li ef al. 2017). For farmers, those algo-
rithms based on segmentation techniques using real-time
footage could help inform when feeding should be stopped
if a large amount of feed is still detected at the bottom,
sometime after the initial distribution (Table 1).

Telemetry

Telemetry has become an important tool for monitoring
behaviour of animals in aquaculture, and has been applied
successfully in salmon farming (e.g. Fore et al. 2011, 2017).
In fish cages, acoustic transmitters implanted in animals
are used to send signals to receivers (i.e. hydrophones)
(Wolcott 1995; Thorstad et al. 2013), and can provide for
example information on swimming depth when used in
combination with pressure sensors (e.g. Fore et al. 2011) or
activity when jointly used with accelerometers (e.g. Kolare-
vic et al. 2016).

Due to tag size, there can be limitations for the applica-
tion of telemetry in certain species such as shrimp, how-
ever, the use of smaller passive tags (i.e. those without a
battery) can overcome this. In shrimp, this technique may
only be suitable using small tags, such as passive integrated
transponder tags (PIT-tags). PIT-tags are made of a small
glass tube in which an integrated circuit chip, an antenna
coil and a capacitor are inserted (Roussel et al. 2000). When
passing by a reader which creates an electromagnetic field,
the PIT-tag retransmits a unique code enabling individual
identification of the animal (Lucas & Baras 2000; Hastein
et al. 2001). Only a small number of studies have inserted
PIT-tags inside small crustaceans such as shrimp (Caceci
et al. 1999; Foote et al. 2018) with a focus on the use of
PIT-tags for breeding programs. Implantation of tags can
have implications for the health of the animal and may also
alter behaviour. Caceci et al. (1999) implanted PIT-tags in
the tail of small (6.9 g on average) giant freshwater prawns
(Macrobrachium rosenbergii de Man) and did not report
any increase in mortality for tagged individuals compared
with the control group. However, the authors did not assess
the behavioural impact of PIT-tagging. Similarly, Foote
et al. (2018) recently implanted PIT-tags in P. monodon
individuals but did not specify the size of the smallest
tagged individuals. They did not find any differences in
mortality rates compared with the control group, but

again, the study did not assess the impact of tagging on
behaviour. Indications of size limit for the use of PIT-tags
can, however, be found in Black et al. (2010) who
implanted PIT-tags in slender crayfish (Orconectes compres-
sus Faxon) individuals. The likelihood of mortality induced
by tagging was shown to be a function of carapace length,
with smaller individuals less likely to survive after tagging
than larger ones. The authors advised against tagging cray-
fish smaller than 22 mm in carapace length (Black ef al.
2010), which would roughly correspond to a wet body mass
of 7.2 g for penaeid shrimp according to the morphometric
relationships provided by Franco et al. (2006).

As PIT-tags have been used successfully in small crus-
taceans, studies using these devices are likely to become
more frequent for the monitoring of shrimp feeding beha-
viour, in particular, individual movements at and around
feeding stations (Table 1). For example, in the wild, moni-
toring movement in mud crabs (Scylla serrata Forskal) in
an estuarine lagoon in south-eastern Australia using
telemetry and an automatic reading gate revealed general
seaward movements of adults as a result of intraspecific
aggression (Alberts-Hubatsch 2015). The joint use of two
gates close to each other enables the acquisition of both
speed and direction of the detected individuals (e.g. Mey-
necke et al. 2008; Alberts-Hubatsch 2015; Fig. 3). Other
antenna designs exist such as flat-bed antennas (as used in
Armstrong et al. 1996 and Lucas et al. 1999) which consist
of a coil inserted inside a flat board which can be installed
at the bottom of a pond and has the potential of detecting
benthic animals such as shrimp (Armstrong et al. 1996).
However, control measures should be implemented prior
to or during the experiment since various factors can have
an effect on detection success and lead to data misinterpre-
tation (Payne et al. 2010). PIT-tag antennas could be jointly
used with cameras (see Armstrong et al. 1996) to assess the
effect of shrimp density close to the antenna, sludge accu-
mulation at the bottom of ponds or variations in salinity
on the detection rate of tags from the receivers.

In aquaculture facilities, telemetry for behavioural stud-
ies has mostly been carried out using a few tagged individu-
als in cages, tanks or ponds which can commonly contain
thousands of individuals (e.g. Bauer & Schlott 2006; Rilla-
han et al. 2009; Fore et al. 2011; Jurajda et al. 2016; Kolare-
vic et al. 2016). For instance, Jurajda et al. (2016) tagged 23
common carp (Cyprinus carpio Linnaeus) with radio tags
and released them in a 130 ha aquaculture pond to study
their feeding activity and habitat utilization. Fere et al.
(2011) used depth and activity transmitters in 18 Atlantic
salmon to study feeding activity in a cage containing 8000
individuals. However, while the authors highlighted the
potential applications of these devices for feed management
strategies in cages, they did not provide guidance on the
percentage of the population which should be tagged to get
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Figure 3 Representation of a telemetry system to monitor shrimp movements in ponds. Two antennas are used side by side in order to provide both
speed and orientation of the tagged individuals that enter and leave the area covered by the feeder. The reader sends detection reports to a nearby
computer, from which graphs on the number and directions of passages through time can be drawn. Created with BioRender.com.

an accurate overview of group behaviour. In experimental
shrimp ponds, the proportion of the population that
should be tagged needs to be carefully assessed but the low
cost of each tag compared with data-loggers, acoustic and
radio transmitters allows for a considerable number of
individuals to be monitored (Thorstad et al. 2013; Mey-
necke et al. 2015). PIT-tags also represent a serious hazard
for consumers, which undoubtedly will limit their use to a
research context in experimental farms where they could
help visualize movement patterns inside the pond and
towards feeders (Table 1). For example, it is still unknown
if the major commercial species of shrimp exhibit homing
behaviours in ponds like other decapods do in the wild
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(Vannini & Cannicci 1995; Moland et al. 2011). This
potentially could give valuable information on how to posi-
tion feeders in ponds and in relation to one another. Fur-
thermore, it is worth noting that only a fraction of the
pond is fed, irrespective of the feeding strategy. Therefore,
there is also a need to better understand what happens
within the non-fed areas of the pond in terms of shrimp
densities and movements with questions such as: Do some
shrimp actively avoid feeding areas and, if so, is such a
behaviour related to some kind of hierarchy linked to size
or sex? Such knowledge could be provided by telemetry
techniques and aid in understanding necessary manage-
ment actions that are required to reduce variability in sizes
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at harvest for commercial farms. For example, in salmon
(Salmo salar) aquaculture cages, Kadri et al. (1996) found
that in order to prevent just a few individuals keeping
others away from food pellets, feed should be randomly
distributed across space and time.

Combining monitoring of environmental conditions and
behaviour to improve shrimp welfare and feed management
Future work on shrimp welfare and feed management will
be able to focus on monitoring feeding behaviour and envi-
ronmental parameters at the same time through real-time
online tracking of water quality from sensors in ponds. The
ultimate goal of this approach will be to predict feed intake
from environmental changes and various stressors, such as
variations in water quality, and adjust feeding accordingly.
Conversely, this approach could also have strong potential
to spot early problems associated with water quality and
disease outbreaks before they become severe (Saberioon
et al. 2017; Yang et al. 2020). To that end, a number of
wireless sensors for water quality monitoring already exist
on the market and are currently in use on shrimp farms
(e.g. Reis et al. 2020; Orozco-Lugo et al. 2020). Some sen-
sors are even mounted on drones (unmanned surface vehi-
cles) supplied with GPS systems which allow for the
mapping of water quality over large pond surfaces (e.g. Cao
et al. 2018). They can provide farmers with real-time data
on water quality (Reis et al. 2020) and give warning signals
on smartphones when readings exceed or go below prede-
fined limits (e.g. Eruvaka Technologies). Communication
technologies include (but are not limited to) ZigBee, Blue-
tooth and LoRaWAN (see Hu et al. 2020 for a review).
Some systems available on the market can also control aera-
tion depending on dissolved oxygen readings and automat-
ically stop feeding when oxygen values go below preset
limits (e.g. AQ1 Systems, Tasmania, Australia).

In fish aquaculture, changes in animal movements and
social behaviour in shoals have already been the focus of
research effort since they can reflect changes in environ-
mental parameters and therefore be used to predict water
quality (e.g. Israeli & Kimmel 1996; Serra-Toro et al. 2010;
Cook et al. 2014; Pautsina et al. 2015). However, it is
unclear how this kind of approach could translate to
shrimp ponds. Computer vision and sonar technologies
could play a role through the analysis of nearest neighbour
distances (Murphy et al. 2019), velocity (Bardera et al.
2020b) and surface-seeking behaviour (Zhang et al. 2006).
For example, increased activity with short but frequent ran-
dom swimming movements was observed under hypoxic
conditions in L. vannamei (Zhang et al. 2006). When
hypoxia was severe (under 50% oxygen saturation value),
lower activity and slower swimming speeds were reported,
and shrimp exhibited a clear surface-seeking behaviour
(Zhang et al. 2006). Passive acoustics could also be used
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since they provide information on feeding activity (Smith
& Tabrett 2013). Historic data on relative feeding activity
and environmental parameters could be jointly analysed in
order to spot or predict disease outbreaks and water quality
issues from abnormal shrimp acoustic behaviour.

Other existing feeding approaches can be entirely based
on water quality parameters. In fish farming, Zhao et al.
(2019) developed an Adaptive Neural Fuzzy Inference Sys-
tem (ANFIS) to adjust feeding rations of grass carp
(Ctenopharyngodon idellus Cuvier & Valenciennes) based
exclusively on temperature and dissolved oxygen values.
ANFIS is based on a neural network structure which has to
be trained first with a data set comprising dissolved oxygen,
temperature and corresponding feeding rate values (i.e.
feed consumption divided by fish biomass) obtained in
controlled conditions to establish the relationship between
input (i.e. water quality parameters) and output data (i.e.
feeding rate; Zhao et al. 2019). Feeding rate was considered
here as the optimal feeding level. After initial training and
its application at a large scale in a pond, the authors found
a reduction of 14.35% in the FCR and more than 22% in
ammonia-nitrogen concentrations in the pond fed with the
ANFIS protocol compared with a standard feeding protocol
based on a timer feeder. A similar but simpler approach
was tried for shrimp farming with the application of fuzzy
logic as a basis for an intelligent feeding strategy for L. van-
namei in tanks (Bérquez-Lopez et al. 2018). Temperature
and dissolved oxygen values were also the only water qual-
ity parameters taken into account to control feeding rate.
Dissolved oxygen was found to be the parameter that most
influenced feed consumption. Results also showed that
shrimp fed with the fuzzy logic protocol had an FCR 35%
lower than the control based on feeding table strategies.

Conclusion

The shrimp farming sector continues to suffer from feeding
inefficiencies which remain an obstacle towards its develop-
ment and improved sustainability. Shrimp feeding beha-
viour is complex and our understanding of it is still in its
infancy. Traditional techniques involving feeding trays and
feed tables are still commonly used, however, can be limited
in their reliability and subjectivity. For the farmer, the use
of close monitoring tools has already been associated with
better economic returns and a return of investment as a
result of improved yields (Napaumpaiporn et al. 2013;
Jescovitch et al. 2018; Ullman et al. 2019a; Reis et al. 2020),
and it is now hoped that the industry will broadly adopt
smarter feeding management techniques as has been done
in salmon farming. For the researcher, the application of
technological tools described here could develop new paths
towards a better understanding of shrimp behaviour in
relation to feeding operations.
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Passive acoustics represent the most promising technol-
ogy so far, being already widely used on shrimp farms
around the world. It has been proven to produce reliable
and instantaneous feed demand estimates (Smith & Tabrett
2013; Silva et al. 2019; Peixoto et al. 2020b) and its adop-
tion results in improvements in feed management
(Napaumpaiporn et al. 2013; Jescovitch et al. 2018; Ullman
et al. 2019a; Reis et al. 2020). Since passive acoustics have
already been developed for the shrimp farming industry,
research efforts should focus on this technology and go
beyond the assessment of feeding activity by developing
feed consumption estimates, i.e. predicting the quantity of
feed actually consumed from acoustic metrics (as suggested
in Smith & Shahriar 2013; Smith & Tabrett 2013 and more
recently in Peixoto et al. 2020b). This new approach would
not only be directly beneficial to farmers, but also for
researchers over the long-term since it will enable them to
run feed consumption trials that used to be only possible in
laboratory studies (i.e. in small indoor tanks were feed left-
overs can be recovered) at the scale of a commercial pond
(Peixoto et al. 2020b). This would help answer key ques-
tions surrounding the influence of environmental parame-
ters on feed consumption in real pond conditions through
the joint analysis of historic data from acoustic recordings
and water quality sensors.

Computer vision can also represent a suitable tool for
researchers willing to upscale observations to ponds when
visibility allows it. This observation technique has the
potential to provide behavioural indicators for the estima-
tion of feed intake. Feature variables (as defined by Nor-
ton & Berckmans 2017) which are considered the most
relevant behavioural metrics to accurately quantify feeding
activity will have to be extracted from animal bio-re-
sponses either through combination with passive acoustic
monitoring (which gives a proxy of feeding activity, Smith
& Tabrett 2013), or from preliminary laboratory trials in
which feed intake can properly be monitored. Long-term
monitoring of behaviour along with water quality can also
provide early warning information related to welfare (e.g.
Israeli & Kimmel 1996 and Pautsina et al. 2015). Com-
puter vision systems can provide insight into group move-
ments in relation to feeding areas and therefore represent
a valuable addition to passive acoustics. Although recent
advances in machine learning can overcome a number of
challenges related to water conditions, reliable routine
assessment of feeding behaviour from underwater observa-
tions for farmers seems far from being achieved, with no
complete system being available on the market for shrimp
farmers as yet.

Finally, although is it only applicable in experimental
ponds, telemetry techniques represent an interesting
approach to better understand movements and space uti-
lization at a large scale, regardless of visibility. PIT-tag
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telemetry is already well established and could be easily
applied in the near future to provide insights on how feed
could be better applied in time and space to provide access
to feed to a larger proportion of individuals.

References

Alberts-Hubatsch H (2015) Movement patterns and habitat use
of the exploited swimming crab Scylla serrata (Forskal, 1775).
Doctoral dissertation, Universitat Bremen.

Armstrong JD, Braithwaite VA, Rycroft P (1996) A flat-bed pas-
sive integrated transponder antenna array for monitoring
behaviour of Atlantic salmon parr and other fish. Journal of
Fish Biology 48: 539-541.

Bardera G, Owen MAG, Pountney D, Alexander ME, Sloman
KA (2019) The effect of short-term feed-deprivation and
moult status on feeding behaviour of the Pacific white shrimp
(Litopenaeus vannamei). Aquaculture 511: 734222.

Bardera G, Owen MAG, Faganha FN, Sloman KA, Alexander
ME (2020a) The influence of sex on feeding behaviour in
Pacific white shrimp (Litopenaeus vannamei). Applied Animal
Behaviour Science 224: 104946.

Bardera G, Owen MAG, Faganha FN, Alcaraz-Calero JM, Slo-
man KA, Alexander ME (2020b) Assessing feed attractability
in Pacific white shrimp (Litopenaeus vannamei) using an
automated tracking software. Aquaculture 529: 735692.

Bardera G, Usman N, Owen MAG, Pountney D, Sloman KA,
Alexander ME (2018) The importance of behaviour in
improving the production of shrimp in aquaculture. Reviews
in Aquaculture 11: 1104-1132.

Bauer C, Schlott G (2006) Reaction of common carp (Cyprinus
carpio, L.) to oxygen deficiency in winter as an example for
the suitability of radio telemetry for monitoring the reaction
of fish to stress factors in pond aquaculture. Aquaculture
Research 37: 248-254.

Berk IM, Evans WE, Benson RH, Duncan ME (1996) The
use of passive sonar to detect sound production and cal-
culate population densities of penaeid shrimp in the Gulf
of Mexico. The Journal of the Acoustical Society of America
99: 2533-2574.

Black TR, Herleth-King SS, Mattingly HT (2010) Efficacy of
internal PIT tagging of small-bodied crayfish for ecological
study. Southeastern Naturalist 9: 257—266.

Bérquez-Lopez RA, Casillas-Hernandez R, Lopez-Elias JA, Bar-
raza-Guardado RH, Martinez-Cordova LR (2018) Improving
feeding strategies for shrimp farming using fuzzy logic, based
on water quality parameters. Aquacultural Engineering 81: 38—
45.

Butler ], Butler MJ, Gaff H (2017) Snap, crackle, and pop: acous-
tic-based model estimation of snapping shrimp populations
in healthy and degraded hard-bottom habitats. Ecological
Indicators 77: 377-385.

Caceci T, Smith SA, Toth TE, Duncan RB, Walker SC (1999)
Identification of individual prawns with implanted microchip
transponders. Aquaculture 180: 41-51.

© 2021 The Authors. Reviews in Aquaculture published by John Wiley & Sons Australia, Ltd. 1839



J.-B. Darodes de Tailly et al.

Cao H, Guo Z, Gu Y, Zhou J (2018) Design and implementation
of unmanned surface vehicle for water quality monitoring. In:
2018 IEEE 3rd Advanced Information Technology, Electronic
and Automation Control Conference (IAEAC), pp. 1574-1577.
IEEE.

Cao S, Zhao D, Liu X, Sun Y (2020) Real-time robust detector
for underwater live crabs based on deep learning. Computers
and Electronics in Agriculture 172: 105339.

Carbajal-Herndndez JJ, Sanchez-Ferndndez LP, Carrasco-Ochoa
JA, Martinez-Trinidad JF (2012) Immediate water quality
assessment in shrimp culture using fuzzy inference systems.
Expert Systems with Applications 39: 10571-10582.

Chao L, Wang M (2010) Removal of water scattering. In: 2010
2nd International Conference on Computer Engineering and
Technology, pp. V2-35. IEEE.

Chirdchoo N, Cheunta W (2019) Detection of shrimp feed with
computer vision. Journal of Thai Interdisciplinary Research 14:
13-17.

Cook DG, Brown EJ, Lefevre S, Domenici P, Steffensen JF
(2014) The response of striped surfperch Embiotoca lateralis
to progressive hypoxia: swimming activity, shoal structure,
and estimated metabolic expenditure. Journal of Experimental
Marine Biology and Ecology 460: 162—169.

Costa FP, Gomes BSFF, Pereira SDNA, Arruda MF (2016) Influ-
ence of stocking density on the behaviour of juvenile Litope-
naeus vannamei (Boone, 1931). Aquaculture Research 47: 912—
924.

Cummings WC, Holliday DV (1985) Passive acoustic location of
bowhead whales in a population census off Point Barrow,
Alaska. The Journal of the Acoustical Society of America 78:
1163-1169.

Dall W, Hill BJ, Rothlisberg PC, Staples D] (1990) The Biology of
the Penaeidae. Advances in Marine Biology. Academic Press,
London.

Davis DA, Amaya E, Venero ], Zelaya O, Rouse DB et al. (2006)
A case study on feed management to improving production
and economic returns for the semi-intensive pond production
of Litopenaeus vannamei. In: Cruz-Sudrez LE, Ricque-Marie
D, Tapia-Salazar M, Nieto-Lopez MG, Villarreal-Cavazos DA,
Puello-Cruz AN (eds) Avances en Nutricion Acuicola VIII, pp.
282-303. Memorias del VIII Simposium Internacional de
Nutricion Acuicola, Universidad Auténoma de Nuevo Ledn,
Monterrey, Nuevo Leén.

De la Haye KL, Spicer JI, Widdicombe S, Briffa M (2011)
Reduced sea water pH disrupts resource assessment and deci-
sion making in the hermit crab Pagurus bernhardus. Animal
Behaviour 82: 495-501.

Derby CD, Sorensen PW (2008) Neural processing, perception,
and behavioral responses to natural chemical stimuli by fish
and crustaceans. Journal of Chemical Ecology 34: 898-914.

Engle CR, McNevin A, Racine P, Boyd CE, Paungkaew D, Viriy-
atum R et al. (2017) Economics of sustainable intensification
of aquaculture: evidence from shrimp farms in Vietnam and
Thailand. Journal of the World Aquaculture Society 48: 227—
239.

1840

FIGIS (2018) FAO Statistics. Global Aquaculture Production
1950-2018. [Cited 22 May 2020.] Available from URL: http://
www.fao.org/fishery/statistics/global-aquaculture-production/
query/en.

Foote AR, Stratford CN, Coman GJ (2018) Passive integrated
transponder (PIT) tagging black tiger shrimp, Penaeus mon-
odon: applications for breeding programs. Aquaculture 491:
321-324.

Ford JKB, Fisher HD (1978) Underwater acoustic signals of the
narwhal (Monodon monoceros). Canadian Journal of Zoology
56: 552-560.

Fore M, Alfredsen JA, Gronningsater A (2011) Development
of two telemetry-based systems for monitoring the feeding
behaviour of Atlantic salmon (Salmo salar L.) in aquacul-
ture sea-cages. Computers and Electronics in Agriculture 76:
240-251.

Fore M, Frank K, Norton T, Svendsen E, Alfredsen JA, Dempster
T et al. (2017) Precision fish farming: a new framework to
improve production in aquaculture. Biosystems Engineering
173: 176-193.

Franco AR, Ferreira JG, Nobre AM (2006) Development of a
growth model for penaeid shrimp. Aquaculture 259: 268—
277.

Freire J, Gonzdlez-Gurriardn E (1998) New approaches to the
behavioural ecology of decapod crustaceans using telemetry
and electronic tags. In: Lagardere JP, Anras MLB, Claireaux G
(eds) Advances in Invertebrates and Fish Telemetry, pp. 123—
132.Springer, Dordrecht.

Frias-Espericueta MG, Harfush-Melendez M, Paez-Osuna F
(2000) Effects of ammonia on mortality and feeding of post-
larvae shrimp Litopenaeus vannamei. Bulletin of Environmental
Contamination and Toxicology 65: 98—103.

Gadient M, Schai E (1994) Leaching of various vitamins from
shrimp feed. Aquaculture 124: 201-205.

Gibb R, Browning E, Glover-Kapfer P, Jones KE (2019) Emerg-
ing opportunities and challenges for passive acoustics in eco-
logical assessment and monitoring. Methods in Ecology and
Evolution 10: 169—185.

Haddaway N, Mortimer R, Christmas M, Dunn A (2011) A
review of marking techniques for Crustacea and experimental
appraisal of electric cauterisation and visible implant elas-
tomer tagging for Austropotamobius pallipes and Pacifastacus
leniusculus. Freshwater Crayfish 18: 55—67.

Hastein T, Hill BJ, Berthe F, Lightner DV (2001) Traceability of
aquatic animals. Revue Scientifique et Technique de I'Office
International Des Epizooties 20: 564—583.

He K, Sun J, Tang X (2011) Single image haze removal using
dark channel prior. IEEE Transactions on Pattern Analysis and
Machine Intelligence 33: 2341-2353.

Hindley JPR (1975) The detection, location and recognition of
food by juvenile banana prawns, Penaeus merguiensis de man.
Marine Behaviour and Physiology 3: 193-210.

Holmyard N (2018) Marine Instruments introducing futuristic
shrimp feeder. SeafoodSource. [Cited 19 June 2020.] Available

URL:

from https://www.seafoodsource.com/news/aquac

Reviews in Aquaculture (2021) 13, 1828-1843

© 2021 The Authors. Reviews in Aquaculture published by John Wiley & Sons Australia, Ltd.


http://www.fao.org/fishery/statistics/global-aquaculture-production/query/en
http://www.fao.org/fishery/statistics/global-aquaculture-production/query/en
http://www.fao.org/fishery/statistics/global-aquaculture-production/query/en
https://www.seafoodsource.com/news/aquaculture/marine-instruments-introduces-futuristic-shrimp-feeder

ulture/marine-instruments-introduces-futuristic-shrimp-
feeder.

Hu Z, Li R, Xia X, Yu C, Fan X, Zhao Y (2020) A method over-
view in smart aquaculture. Environmental Monitoring and
Assessment 192: 1-25.

Huang IJ, Hung CC, Kuang SR, Chang YN, Huang KY, Tsai CR
et al. (2018) The prototype of a smart underwater surveillance
system for shrimp farming. In: 2018 IEEE International Confer-
ence on Advanced Manufacturing (ICAM), pp. 177-180. IEEE.

Hung CC, Tsao SC, Huang KH, Jang JP, Chang HK, Dobbs FC
(2016) A highly sensitive underwater video system for use in
turbid aquaculture ponds. Scientific Reports 6: 1-7.

Hunt MJ, Winsor H, Alexander CG (1992) Feeding by penaeid
prawns: the role of the anterior mouthparts. Journal of Experi-
mental Marine Biology and Ecology 160: 33—46.

Israeli D, Kimmel E (1996) Monitoring the behavior of hypoxia-
stressed Carassius auratus using computer vision. Aquacul-
tural Engineering 15: 423—440.

Jescovitch LN, Ullman C, Rhodes M, Davis DA (2018) Effects of
different feed management treatments on water quality for
Pacific white shrimp Litopenaeus vannamei. Aquaculture
Research 49: 526-531.

Johnson ML, Gaten E, Shelton PM]J (2002) Spectral sensitivities
of five marine decapod crustaceans and a review of spectral
sensitivity variation in relation to habitat. Journal of the Mar-
ine Biological Association of the United Kingdom 82: 835-842.

Jonsson P, Sillitoe I, Dushaw B, Nystuen J, Heltne J (2009)
Observing using sound and light — a short review of underwa-
ter acoustic and video-based methods. Ocean Science Discus-
sions 6: 819-870.

Jurajda P, Adamek Z, Roche K, Mrkvovd M, Starhovd D, Prések
V et al. (2016) Carp feeding activity and habitat utilisation in
relation to supplementary feeding in a semi-intensive aqua-
culture pond. Aquaculture international 24: 1627—1640.

Kadri S, Huntingford FA, Metcalfe NB, Thorpe JE (1996) Social
interactions and the distribution of food among one-sea-win-
ter Atlantic salmon (Salmo salar) in a sea-cage. Aquaculture
139: 1-10.

Kolarevic J, Aas-Hansen @, Espmark 1&, Baeverfjord G, Terjesen
BF, Damsgard B (2016) The use of acoustic acceleration trans-
mitter tags for monitoring of Atlantic salmon swimming
activity in recirculating aquaculture systems (RAS). Aquacul-
tural Engineering 72: 30-39.

Kumlu M, Eroldogan OT, Saglamtimur B (2001) The effects of
salinity and added substrates on growth and survival of
Metapenaeus monoceros (Decapoda: Penaeidae) post-larvae.
Aquaculture 196: 177—-188.

Lee PG, Meyers SP (1996) Chemoattraction and feeding stimula-
tion in crustaceans. Aquaculture Nutrition 2: 157—164.

Li D, Xu L, Liu H (2017) Detection of uneaten fish food pellets
in underwater images for aquaculture. Aquacultural Engineer-
ing 78: 85-94.

Li X, Shang M, Hao J, Yang Z (2016) Accelerating fish detection
and recognition by sharing CNNs with objectness learning.
In: OCEANS 2016 — Shanghai, pp. 1-5. IEEE.

Reviews in Aquaculture (2021) 13, 1828-1843

Monitoring methods in penaeid feeding

Liu W, Anguelov D, Erhan D, Szegedy C, Reed S, Fu CY et al.
(2016) Lecture Notes in Computer Science. Springer, Cham.

Lu H, Li Y, Zhang Y, Chen M, Serikawa S, Kim H (2017a)
Underwater optical image processing: a comprehensive
review. Mobile Networks and Applications 22: 1204-1211.

Lu H, Li Y, Serikawa S (2017b) Computer vision for ocean
observing. In: Lu H, Li Y (eds) Artificial Intelligence and Com-
puter Vision, pp. 1-16. Studies in Computational Intelligence,
Springer, Cham.

Lucas MC, Baras E (2000) Methods for studying spatial beha-
viour of freshwater fishes in the natural environment. Fish
Fisheries 1: 283-316.

Lucas MC, Mercer T, Armstrong JD, McGinty S, Rycroft P
(1999) Use of a flat-bed passive integrated transponder
antenna array to study the migration and behaviour of low-
land river fishes at a fish pass. Fisheries Research 44: 183—191.

Mahmood A, Bennamoun M, An S, Sohel F, Boussaid F, Hovey R
et al. (2020) Automatic detection of Western rock lobster using
synthetic data. ICES Journal of Marine Science 77: 1308—1317.

McNeil R (2001) Shrimp Behavior 101. Shrimp News Interna-
tional. [Cited 19 June 2020.] Available from URL: https://
www.shrimpnews.com/FreeReportsFolder/PondEcologyFolde
r/ShrimpBehaviorMcNeil.html.

Meynecke JO, Mayze J, Alberts-Hubatsch H (2015) Performance
and physiological responses of combined t-bar and PIT tagged
giant mud crabs (Scylla serrata). Fisheries Research 170: 212—
216.

Meynecke JO, Poole GC, Werry J, Lee SY (2008) Use of PIT tag
and underwater video recording in assessing estuarine fish
movement in a high intertidal mangrove and salt marsh creek.
Estuarine, Coastal and Shelf Science 79: 168—178.

Moland E, Olsen EM, Andvord K, Knutsen JA, Stenseth NC
(2011) Home range of European lobster (Homarus gam-
marus) in a marine reserve: implications for future reserve
design. Canadian Journal of Fisheries and Aquatic Sciences 68:
1197-1210.

Mueller RP, Brown RS, Hop H, Moulton L (2006) Video and
acoustic camera techniques for studying fish under ice: a
review and comparison. Reviews in Fish Biology and Fisheries
16: 213-226.

Murphy DW, Olsen D, Kanagawa M, King R, Kawaguchi S,
Osborn J et al. (2019) The three dimensional spatial structure
of Antarctic krill schools in the laboratory. Scientific Reports 9:
1-12.

Nakamura K, Echavarria I (1989) Artificial controls of feeding
rhythm of the prawn Penaeus japonicus. Nippon Suisan Gak-
kaishi 55: 1325-1329.

Napaumpaiporn T, Chuchird N, Taparhudee W (2013) Study
on the efficiency of three different feeding techniques in the
culture of Pacific white shrimp (Litopenaeus vannamei). Jour-
nal of Fisheries and Environment 37: 8—16.

Niu B, Li G, Peng F, Wu J, Zhang L, Li Z (2018) Survey of fish
behavior analysis by computer vision. Journal of Aquaculture
Research & Development 9: 1-15.

© 2021 The Authors. Reviews in Aquaculture published by John Wiley & Sons Australia, Ltd. 1841


https://www.seafoodsource.com/news/aquaculture/marine-instruments-introduces-futuristic-shrimp-feeder
https://www.seafoodsource.com/news/aquaculture/marine-instruments-introduces-futuristic-shrimp-feeder
https://www.shrimpnews.com/FreeReportsFolder/PondEcologyFolder/ShrimpBehaviorMcNeil.html
https://www.shrimpnews.com/FreeReportsFolder/PondEcologyFolder/ShrimpBehaviorMcNeil.html
https://www.shrimpnews.com/FreeReportsFolder/PondEcologyFolder/ShrimpBehaviorMcNeil.html

J.-B. Darodes de Tailly et al.

Norton T, Berckmans D (2017) Developing precision livestock
farming tools for precision dairy farming. Animal Frontiers 7:
18-23.

Oppedal F, Dempster T, Stien LH (2011) Environmental drivers
of Atlantic salmon behaviour in sea-cages: a review. Aquacul-
ture 311: 1-18.

Orozco-Lugo AG, McLernon DC, Lara M, Zaidi SAR, Gonzélez
BJ, Illescas O (2020) Monitoring of water quality in a shrimp
farm using a FANET. Internet of Things 100170. https://doi.
org/10.1016/j.i0t.2020.100170

Osterloft J, Nilssen I, Nattkemper TW (2016) A computer vision
approach for monitoring the spatial and temporal shrimp dis-
tribution at the LoVe observatory. Methods in Oceanography
15: 114-128.

Pautsina A, Cisar P, Stys D, Terjesen BF, Espmark AMO (2015)
Infrared reflection system for indoor 3D tracking of fish.
Aquacultural Engineering 69: 7-17.

Payne N, Gillanders B, Webber D, Semmens J (2010) Interpret-
ing diel activity patterns from acoustic telemetry: the need for
controls. Marine Ecology Progress Series 419: 295-301.

Pedersen M, Bruslund Haurum J, Gade R, Moeslund TB (2019)
Detection of marine animals in a new underwater dataset with
varying visibility. In: Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition Workshops, pp. 18-26.

Peixoto S, Soares R, Silva JF, Hamilton S, Morey A, Davis DA
(2020a) Acoustic activity of Litopenaeus vannamei fed pelleted
and extruded diets. Aquaculture 525: 735307.

Peixoto S, Soares R, Davis DA (2020b) An acoustic based
approach to evaluate the effect of different diet lengths on
feeding behavior of Litopenaeus vannamei. Aquacultural Engi-
neering 91: 102114.

Pinkiewicz TH, Purser GJ, Williams RN (2011) A computer
vision system to analyse the swimming behaviour of farmed
fish in commercial aquaculture facilities: a case study using
cage-held Atlantic salmon. Aquacultural Engineering 45: 20—
27.

Pontes CS, Arruda MF, Menezes AA, Lima PP (2006) Daily
activity pattern of the marine shrimp Litopenaeus vannamei
(Boone 1931) juveniles under laboratory conditions. Aquacul-
ture Research 37: 1001-1006.

Redmon J, Divvala S, Girshick R, Farhadi A (2016) You only
look once: unified, real-time object detection. In: 2016 IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR), pp. 779-788.

Reis J, Novriadi R, Swanepoel A, Jingping G, Rhodes M, Davis
DA (2020) Optimizing feed automation: improving timer-
feeders and on demand systems in semi-intensive pond cul-
ture of shrimp Litopenaeus vannamei. Aquaculture 519:
734759.

Rillahan C, Chambers M, Howell WH, Watson WH (2009) A
self-contained system for observing and quantifying the
behavior of Atlantic cod, Gadus morhua, in an offshore aqua-
culture cage. Aquaculture 293: 49-56.

Rosas C, Lopez N, Mercado P, Martinez E (2001) Effect of salin-
ity acclimation on oxygen consumption of juveniles of the

white shrimp Litopenaeus vannamei. Journal of Crustacean
Biology 21: 912-922.

Roussel JM, Haro A, Cunjak RA (2000) Field test of a new
method for tracking small fishes in shallow rivers using pas-
sive integrated transponder (PIT) technology. Canadian Jour-
nal of Fisheries and Aquatic Sciences 57: 1326—1329.

Saberioon M, Gholizadeh A, Cisar P, Pautsina A, Urban J (2017)
Application of machine vision systems in aquaculture with
emphasis on fish: state-of-the-art and key issues. Reviews in
Aquaculture 9: 369-387.

Samocha TM, Patnaik S, Speed M, Ali AM, Burger JM, Almeida
RV et al. (2007) Use of molasses as carbon source in limited
discharge nursery and grow-out systems for Litopenaeus van-
namei. Aquacultural Engineering 36: 184-191.

Santos ADA, Lépez-Olmeda JF, Sanchez-Vazquez FJ, Fortes-
Silva R (2016) Synchronization to light and mealtime of the
circadian rhythms of self-feeding behavior and locomotor
activity of white shrimps (Litopenaeus vannamei). Compara-
tive Biochemistry and Physiology Part A: Molecular & Integra-
tive Physiology 199: 54-61.

Schettini R, Corchs S (2010) Underwater image processing:
state of the art of restoration and image enhancement
methods. EURASIP Journal on Advances in Signal Processing
2010: 1-14.

Serra-Toro C, Montoliu R, Traver V], Hurtado-Melgar IM,
Nunez-Red6 M, Cascales P (2010) Assessing water quality by
video monitoring fish swimming behavior. In: 2010 20th
International Conference on Pattern Recognition, pp. 428-431.
IEEE.

Silva JF, Hamilton S, Rocha JV, Borie A, Travassos P, Soares R
et al. (2019) Acoustic characterization of feeding activity of
Litopenaeus vannamei in captivity. Aquaculture 501: 76-81.

Silva PF, Medeiros MS, Silva HPA, Arruda MF (2012) A study of
feeding in the shrimp Farfantepenaeus subtilis indicates the
value of species level behavioral data for optimizing culture
management. Marine and Freshwater Behaviour and Physiol-
ogy 45: 121-134.

Smith DM, Burford MA, Tabrett SJ, Irvin SJ, Ward L (2002)
The effect of feeding frequency on water quality and growth
of the black tiger shrimp (Penaeus monodon). Aquaculture
207: 125-136.

Smith DV, Shahriar MS (2013) A context aware sound classifier
applied to prawn feed monitoring and energy disaggregation.
Knowledge-Based Systems 52: 21-31.

Smith DV, Tabrett S (2013) The use of passive acoustics to mea-
sure feed consumption by Penaeus monodon (giant tiger
prawn) in cultured systems. Aquacultural Engineering 57: 38—
47.

Stevenson BC, Borchers DL, Altwegg R, Swift R, Gillespie DM,
Measey GJ (2015) A general framework for animal density
estimation from acoustic detections across a fixed micro-
phone array. Methods in Ecology and Evolution 6: 38—48.

Terayama K, Shin K, Mizuno K, Tsuda K (2019) Integration of
sonar and optical camera images using deep neural network
for fish monitoring. Aquacultural Engineering 86: 102000.

Reviews in Aquaculture (2021) 13, 1828-1843

1842 © 2021 The Authors. Reviews in Aquaculture published by John Wiley & Sons Australia, Ltd.


https://doi.org/10.1016/j.iot.2020.100170
https://doi.org/10.1016/j.iot.2020.100170

Thorstad EB, Rikardsen AH, Alp A, @kland F (2013) The use of
electronic tags in fish research: an overview of fish telemetry
methods. Turkish Journal of Fisheries and Aquatic Sciences 13:
881-896.

Ullman C, Rhodes M, Hanson T, Cline D, Davis DA (2017) A
new paradigm for managing shrimp feeding. World Aquacul-
ture 2017: 31.

Ullman C, Rhodes M, Hanson T, Cline D, Davis DA (2019a)
Effects of four different feeding techniques on the pond cul-
ture of Pacific white shrimp, Litopenaeus vannamei. Journal of
the World Aquaculture Society 50: 54—64.

Ullman C, Rhodes MA, Davis DA (2019b) The effects of feed
leaching on the growth of Pacific white shrimp Litopenaeus
vannamei in a green-water tank system. Aquaculture Research
50: 3074-3077.

Vannini M, Cannicci S (1995) Homing behaviour and possible
cognitive maps in crustacean decapods. Journal of Experimen-
tal Marine Biology and Ecology 193: 67-91.

Weiss HM, Lozano-Alvarez E, Briones-Fourzan P, Negrete-Soto
F (2006) Using red light with fixed-site video cameras to study
the behavior of the spiny lobster, Panulirus argus, and associ-
ated animals at night and inside their shelters. Marine Tech-
nology Society Journal 40: 86-95.

Wolcott TG (1995) New options in physiological and beha-
vioural ecology through multichannel telemetry. Journal of
Experimental Marine Biology and Ecology 193: 257-275.

Wright J (2019) Little fish in a big pond: Minnowtech aims to
give fresh vision to shrimp inventory. Global Aquaculture Alli-
ance. [Cited 9 June 2020.] Available from URL: https://www.a
quaculturealliance.org/advocate/little-fish-in-a-big-pond-min
nowtech-aims-to-give-fresh-vision-to-shrimp-inventory/.

Reviews in Aquaculture (2021) 13, 1828-1843

© 2021 The Authors. Reviews in Aquaculture published by John Wiley & Sons Australia, Ltd.

Monitoring methods in penaeid feeding

Yang L, Liu Y, Yu H, Fang X, Song L, Li D et al. (2020) Com-
puter vision models in intelligent aquaculture with emphasis
on fish detection and behavior analysis: a review. Archives of
Computational Methods in Engineering. https://doi.org/10.
1007/s11831-020-09486-2

Zenone A, Ceraulo M, Ciancio JE, Buscaino G, D’Anna G,
Grammauta R et al. (2019) The use of 3-axial accelerometers
to evaluate sound production in European spiny lobster, Pal-
inurus elephas. Ecological Indicators 102: 519-527.

Zhang P, Zhang X, Li J, Huang G (2006) The effects of body
weight, temperature, salinity, pH, light intensity and feeding
condition on lethal DO levels of whiteleg shrimp, Litopenaeus
vannamei (Boone, 1931). Aquaculture 256: 579-587.

Zhao S, Ding W, Zhao S, Gu J (2019) Adaptive neural fuzzy
inference system for feeding decision-making of grass carp
(Ctenopharyngodon idellus) in outdoor intensive culturing
ponds. Aquaculture 498: 28-36.

Zhou C, Lin K, Xu D, Chen L, Guo Q, Sun C et al. (2018b) Near
infrared computer vision and neuro-fuzzy model-based feed-
ing decision system for fish in aquaculture. Computers and
Electronics in Agriculture 146: 114-124.

Zhou C, Xu D, Lin K, Sun C, Yang X (2018a) Intelligent feeding
control methods in aquaculture with an emphasis on fish: a
review. Reviews in Aquaculture 10: 975-993.

Zhou C, Zhang B, Lin K, Xu D, Chen C, Yang X et al. (2017)
Near-infrared imaging to quantify the feeding behavior of fish
in aquaculture. Computers and Electronics in Agriculture 135:
233-241.

Zion B (2012) The use of computer vision technologies in aqua-
culture: a review. Computers and Electronics in Agriculture 88:
125-132.

1843


https://www.aquaculturealliance.org/advocate/little-fish-in-a-big-pond-minnowtech-aims-to-give-fresh-vision-to-shrimp-inventory/
https://www.aquaculturealliance.org/advocate/little-fish-in-a-big-pond-minnowtech-aims-to-give-fresh-vision-to-shrimp-inventory/
https://www.aquaculturealliance.org/advocate/little-fish-in-a-big-pond-minnowtech-aims-to-give-fresh-vision-to-shrimp-inventory/
https://doi.org/10.1007/s11831-020-09486-2
https://doi.org/10.1007/s11831-020-09486-2

