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Summary 
This white paper presents the findings of the IntelliRAS project, which inves�gated how Precision Fish Farming 
(PFF) can be applied to land-based Recircula�ng Aquaculture Systems (RAS) in Nordic countries. The mo�va�on 
stems from the growing global demand for sustainable food produc�on and the challenges faced by RAS farms, 
such as high mortality rates, feed waste, and health issues in fish popula�ons.  
 
PFF is proposed as a solu�on to improve monitoring, decision-making, and automa�on in aquaculture, drawing 
inspira�on from Precision Livestock Farming. The report is structured around three core components of PFF: 
observa�on of animal variables, development of predic�ve models, and automa�c decision-making and control. 
It explores how fish growth, feeding behaviour, health, mortality and welfare can be monitored using both 
manual and sensor-based methods. Technologies such as cameras and hydrophones are evaluated for their 
poten�al to automate observa�ons, though challenges like water turbidity and data quality remain significant. 
The project also tested machine learning models to detect fish behaviour and health indicators, with varying 
degrees of success depending on data quality and annota�on consistency. 
  
Predic�ve modelling is another key focus, with examples including models for es�ma�ng biomass, forecas�ng 
mortality, and assessing feeding ac�vity. These models rely heavily on high-quality data, which is o�en difficult to 
obtain due to inconsistent data collec�on prac�ces, lack of standardiza�on, and limited infrastructure on farms. 
The report emphasizes the need for tailored models that account for the diversity of RAS systems and suggests 
that dynamic, farm-specific models may be more effec�ve than generic solu�ons.  
 
The final component—automa�c control—remains the most challenging. While theore�cal frameworks for 
automated feeding systems are proposed, prac�cal implementa�on is hindered by the need for reliable real-�me 
data, validated models, and farmer engagement.  
 
The report concludes that while PFF holds promise for improving sustainability and efficiency in RAS, significant 
technological, infrastructural, and economic barriers must be addressed. It calls for further development of 
sensor technologies, standardized welfare protocols, robust data systems, and pilot-scale tes�ng of automated 
control solu�ons to move closer to real-world implementa�on. 
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1 Foreword 
This white paper is an outcome of the research project “Intelligent farming and health control in land-based 
Recirculated Aquaculture Systems (IntelliRAS)”. In this project, we have studied how variables important for 
produc�on in RAS can be measured and controlled.  
 
We have used the theory behind the Precision Fish Farming (PFF) concept as an offset for the project and focused 
on areas where knowledge and prac�cal evalua�on were lacking. Specifically, we have tested the possible use of 
selected sensors for developing automated feedback systems for control. We have evaluated the use of 
audiovisual sensors for monitoring of health and produc�on of salmonids in RAS farms in three Nordic countries. 
We have assessed what it would require developing a protocol for standardized welfare assessment, and what 
informa�on can be gained from frequent weighing of fish for growth control. During the project period, we have 
collected informa�on and encountered challenges related to the defined requirements for PFF, which we share 
as examples in each of the chapters of the white paper.  
 
The aim of the paper is thus to describe the state of the art and the possibili�es, challenges and scien�fic 
advantages of using PFF in RAS-opera�ons, to see whether it is possible to move from the theore�cal proposi�on 
of a PFF to actual real-life implementa�on. This is done within the framework of the NordForsk-project 
“IntelliRAS”, and the focus is therefore on the applica�on for aquaculture in the Nordic countries.  
 
The scope of this white paper is to describe what it would take to implement PFF for different purposes in RAS, 
and to provide examples of prac�cal applica�ons. We have tested some theore�cal approaches towards a more 
automated monitoring and control of feed, growth and welfare and used this to make sugges�ons and 
perspec�ves for implementa�on of PFF in RAS.  
 
For structuring this paper, we have used the three �ers of Berckmans’ descrip�on of Precision Livestock Farming 
(PLF; Berckmans, 2006) as a backbone, which we have translated into the following headings: 

• Measuring and registra�on of animal variables (PFF component 1 -Chapter 2) 
• Models for decision making (PFF component 2 -Chapter 3) 
• Automated feedback systems (PFF component 3 -Chapter 4) 
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2 Introduc�on  
2.1 Growth of aquaculture and the promise of RAS-farming 
The global food demand will increase by approximately 60% by 2050 according to the Food and Agriculture 
Organiza�on (Dijk et al., 2021). This means that innova�ons that can deliver sustainable, resilient, responsible, 
diverse, compe��ve, and inclusive food systems within the frame of a circular bioeconomy while providing a 
healthy diet are required. Seafood currently represents 17% of global animal protein produc�on (Costello et al., 
2020). Of the overall produc�on of aqua�c animals, over 157 million tonnes (89%) were used for human 
consump�on (FAO, 2022). Scien�sts and policy makers agree that there should be an emphasis on the industry's 
environmental and societal aspects, including transparency and traceability. The produc�on of salmonids in land-
based produc�on systems is associated with narrow produc�on margins and uncertainty in produc�on, 
especially due to sudden unexplained die-offs and losses due to feed waste. In Norway alone, around 50 million 
salmonids die annually during the development from larvae to smolt (Moldal et al., 2025). 
 
A sustainable produc�on of fish entails good health and welfare of the animals, in addi�on to being economically 
viable and with the least possible environmental impact. Land-based recircula�ng aquaculture systems (RAS) are 
closed-containment systems where fish are farmed in reused water (Lekang, 2007). RAS has become increasingly 
important by making the best use of water, which is a limited resource, while also achieving produc�on 
con�nuity. In RAS, the water is re-used mul�ple �mes before it is finally led back to the source. RAS is considered 
the most promising solu�on and an environmentally friendly technology to produce fish with a rela�vely low 
environmental impact (Bregnballe, 2022), but there are some challenges to the RAS produc�on system that 
needs to be resolved to fulfil its poten�al. 
  
In RAS, biofiltra�on is essen�al to prevent ammonia build-up, and the water must be con�nuously reoxygenated, 
aerated and pH, CO2 and temperature controlled, to provide a healthy environment for the fish. Thus, an 
extensive level of technology is needed to monitor and control the facility, making the construc�on costs high. In 
addi�on, a large degree of technology literacy is required to manage these complex systems.  
 
The biggest hindrances for an economically and biologically sustainable produc�on in RAS is subop�mal feed 
usage and adverse health problems in the fish. Up to 50% of the produc�on costs in aquaculture is feeding costs, 
hence op�mized feed management would increase the produc�on margins in RAS and make the produc�on 
more economically sustainable (Asche et al., 2013). Besides the direct cost of the feed, unused feed in the water 
impairs the water quality in RAS with a detrimental effect on fish health and welfare. System failure and/or 
changes in water environment o�en result in sudden die-offs or reduced growth and further have direct animal 
welfare and economic consequences. Therefore, farmers are looking for ways to monitor and iden�fy risks 
affec�ng fish health and prevent aberra�ons before they occur.  
 
Today, monitoring in RAS is done in different ways; from the simple use of on-site water quality test kits to using 
state-of-the-art sensors and probes that measure parameters con�nuously. The most important monitoring is 
performed by direct observa�ons of the water and the fish by the farm managers. Since RAS facili�es are 
con�nuously expanding in response to the increased demand for fish proteins, manual observa�on becomes 
increasingly more resource demanding.  
Data from monitoring and observa�on are stored in various ways; from manual entering in a paper form to 
automa�c registra�ons in databases. In addi�on to these data, farmers have access to a vast amount of data 
origina�ng from slaughterhouses, veterinary inspec�on, surveillance and even environmental data. All which can 
possible be used to gain more informa�on on the produc�on and for risk assessment (Zhou et al., 2025). 
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2.2 Precision Fish Farming as a solu�on? 
Produc�on of fish in aquaculture is mainly based on the experience of the farmers. Several poten�ally important 
produc�on decisions are not necessarily based on factual knowledge and hence have some (small or large) 
degree of uncertainty. Any informa�on that can reduce this uncertainty will be beneficial from a produc�on point 
of view, because this will lead to a more predictable produc�on result. Informa�on that the farmer can atain 
earlier is also beneficial, because it provides an opportunity to react and possibly intervene against the nega�ve 
effects associated with e.g. disease outbreaks.  
 
To address these challenges and improve decisions concerning both produc�on and health management, 
Precision Fish Farming could possibly offer a solu�on. The concept of Precision Fish Farming (PFF) was introduced 
in 2018 by Føre et al., to s�mulate transi�on from experience- to knowledge-based produc�on. PFF is the subset 
of precision livestock farming (PLF) that was introduced by Berckmans almost 20 years ago (Berckmans, 2006) 
and has been widely implemented in terrestrial animal produc�on. PFF focuses on aquaculture and especially 
the more technological intense produc�on systems including RAS. 
 
Føre et al. (2018) described the aims of PFF as:  
1. Improve accuracy, precision and repeatability in farming opera�ons; 
2. Facilitate more autonomous and con�nuous biomass/animal monitoring;  
3. Provide more reliable decision support and;  
4. Reduce dependencies on manual labour and subjec�ve assessments and thus improve staff safety. 
 
In theory, PFF is based on a variety of sensors that are used to gain insight into the farming environment, make 
decisions that op�mize fish health, growth, and economic return, and reduce risk to the environment. Thus, PFF 
could poten�ally solve the challenges faced in RAS. However, in order to implement PFF or PLF, certain 
requirements must be fulfilled. Berckmans has suggested a three-�er structure to progress to PLF:  
 
1. Animal variables (i.e. parameters related to the behavioural or physiological state of the animal) need to be 

measured con�nuously with cost-effec�ve robust sensor technology; 
2. A reliable model for predic�ng (expecta�on of) how animal variables will dynamically vary in response to 

external factors at any moment must be available, and; 
3. Predic�ons and online measurements are integrated in an analysing algorithm for automa�c monitoring 

and/or control. 
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Figure 1. Graphical illustra�on of the processes involved in a precision fish farming system. 

 
The different components of a PFF system are illustrated in figure 1. In a truly integrated and opera�onal PFF 
system, the circular process from observa�on to ac�on illustrated in figure 1 should be automa�c and based on 
sensor technologies. An example can be a sensor that detects a sudden drop in dissolved oxygen levels and 
trigger automated aera�on systems to restore the balance, preven�ng stress and poten�al mortality in fish 
popula�ons.  
 
A theore�cal applica�on could also be an intelligent feeding system that automa�cally adjust feeding schedules 
and quan��es based on real-�me camera observa�ons of fish behaviour and biomass. This would ensure that 
fish receive the right amount of food at the right �me, thereby minimizing waste and improving overall efficiency.  

2.3 Exploring the state of the art of Precision Fish Farming in RAS 
In their paper from 2018, Føre and colleagues provided a descrip�on of some of the technologies already 
implemented that could be used for PFF and gave sugges�ons for implementa�on of PFF in four case studies 
aimed at solving specific challenges related to biomass monitoring, control of feed delivery, parasite monitoring 
and management of crowding opera�ons. 
 
Since then, there has been a lot of focus on developing systems for automated monitoring of fish growth and 
health. Many of these solu�ons are based on using cameras and/or hydrophones for observa�on, and machine 
learning for analysis. (Some examples are provided in Chapter 3 of the present report). Most of these solu�ons 
seem to have been developed for the produc�on of salmonids in marine farms, which was also the primary focus 
of the sugges�ons made by Føre et al. (2018). 
 

3 Observa�on of animal variables in RAS  
(PFF component 1) 

The first component of PFF is to implement robust and standardized methods to con�nuously measure and store 
data on animal variables (i.e. parameters related to the behavioural or physiological state of the animal). Thus, 
the two main steps are the observa�on and the registra�on of variables.  

3.1 Animal variables 
Simply speaking, the animal variables we want to measure are growth, health and welfare. We can measure 
these either directly from the animal or we can measure variables that we know are directly correlated with the 
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growth, health and welfare. Direct measures from animals would be visual observa�ons of the fish and their 
behaviour in the water and of sampled fish. Indirect measures would be water quality, feed usage and slaughter 
data. This is illustrated in figure 2. Due to the number of individuals and because fish are always housed together 
in batches, fish would rarely be observed on an individual level, but rather as a group or at tank or cage level. 
 

 
Figure 2. Illustra�on of animal variables that are measured directly or indirectly. Illustra�on made partly with ChatGPT. 

 

Prac�cal experience 

In the IntelliRAS project we found that RAS farms are very diverse. They use different systems (ponds or 
raceways), degree of recircula�on, water source and type of produc�on (from hatching to slaughter or just 
a part of the produc�on) and very different management prac�ces. Another aspect of RAS produc�on is 
the high degree of moving and grading of fish that occurs to assure that the fish within each tank are 
uniform in size and to avoid a limita�on of growth due to excess biomass in the tanks. Figure 3 
demonstrates the moving of the fish of in one farm during a one-year produc�on cycle where the fish 
grew from 350-400 g to 3500-4000 g. 

This constant movement of fish between tanks provides a challenge when it comes to observa�on of the 
animal variables. O�en, it will only be possible to have fragmented measurements of a fish group from 
each of the tanks they pass through during a produc�on cycle.  

 
Figure 3. Flow diagram of moving of fish inserted into tank 1a, 1b, 2b and 2b at the same �me and followed though a one-
year produc�on cycle. 
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3.1.1 Fish growth 
As the output of fish produc�on  is kilograms slaughterweight, for the farmer it is paramount to be able to 
monitor the growth of the fish. Fish follow a species-specific growth curve, which also depends on the 
temperature and the amount of feed provided. The goal is to reach the maximum growth possible given the 
amount of feed. A growth curve which is lower than expected indicates a produc�on problem and can be an 
indicator of adverse health issues. Growth of the fish is determined by the amount of energy from feed that the 
fish consume. Several internal and external factors influence the efficiency with which the conversion from feed 
to meat occurs. Internal factors would be species of fish, breed of fish, appe�te and behavioural aspects that 
influence both feed consump�on and the ability to convert the nutrients. External factors would be local 
environment such as temperature, water quality and stocking density. Since these internal and external factors 
are fairly constant from produc�on cycle to produc�on cycle, this means that if the fish are provided feed with a 
constant energy concentra�on, the feed conversion ra�o (FCR) should be constant as well. Based on the amount 
of feed fed to the fish, the biomass of the fish (or tank) can be es�mated. However, decreases in health status in 
the tank (or facility) would nega�vely influence the FCR because of reduced feed intake and changes in how the 
nutrients are u�lised (from anabolic to catabolic states). 
 
The most common ways to measure growth are listed in table 1, with pros and cons for each method, and an 
assessment of its suitability for use in a PFF. 
 

Table 1. The most common ways to measure growth of fish. 

 How Pros Cons Suitability for PFF 
Manual observa�on (by human) 

Bulk weight at start 
and end 

A group of fish are weighed 
when they are put in the tank, 
and when they are 
slaughtered. They are 
counted, and average weight 
gain calculated 

-Very litle work for farmer 
-Requires no/litle training 
-Less stress for the fish 

-Gives only two �mepoints 
of measures 
-Gives no varia�ons of the 
individual fish weight 
- 

No 

Average weight 
when fish are 
moved between 
tanks 

As above, but happens every 
�me fish are moved, sorted or 
treated 

-Very litle work for farmer 
-No extra stress for the fish 
-Gives more �mepoints 

-Gives no varia�ons of the 
individual fish weight 
-No regularity  
-Not con�nuous 

No 

Regular bulk 
weights 

As above, but put into system, 
i.e. once a month, once a 
week 

-Gives regular �mepoints 
-Easy to perform 

-Takes �me for the farmer 
-Gives no varia�ons of the 
individual fish weight 
-More stress for the fish 

Maybe 

Regular individual 
weights 

Fish are taken up and weighed 
individually at certain 
�mepoints 

-Gives regular �mepoints 
-Easy to perform 
-Provides informa�on of 
varia�ons 

-Takes �me 
-Stressful for the fish 
 

Maybe 

Automa�c observa�on (by camera)    

Growth monitoring 
with cameras 

Fish are monitored with 
cameras and weights are 
es�mated 

-Gives series of data 
-No extra work for farmer 
-No stress for the fish 

-Costly to implement 
-Needs valida�on 

Yes – in the future 
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Prac�cal experience 

In the IntelliRAS project, we found that most farmers used growth curves supplied by the feeding 
companies to decide the amount of feed that should be supplied to the fish to meet growth expecta�ons. 
This means that based on the expected growth curve, the weight of the fish is es�mated only based on 
the amount of feed supplied to the fish in that period. As demonstrated in figure 3, many fish farmers 
grade, sort and split the fish mul�ple �mes as the fish grow. Each �me, they get some informa�on about 
real weight. On the other hand, the high degree of grading and moving of fish in rela�on to size also 
makes it very complicated to apply or es�mate actual growth curves to the produc�on – because it is very 
difficult to follow the fish inserted into the ini�al tank or at least it requires very detailed and me�culous 
recordings of grading and movement. 

Other farmers keep the batch of fish constant over the produc�on cycle. These farmers o�en perform 
monthly or bi-monthly weighing of a sample of fish from the tank, which, together with the total number 
of fish, is used to get an es�mate of the tank/batch biomass.  

 

3.1.2 Feeding 
The biomass of the fish (or tank) can be es�mated based on the amount of feed the fish consume. Poor health or 
impaired welfare o�en lead to a loss of appe�te, and thus measuring feed intake is important both for es�ma�ng 
the economic returns and as an indicator of the health of the fish.  
 
Feed uptake is measured by direct observa�ons of the fish: that is, watching them eat. Fish are normally fed 
based on appe�te, and thus the amount of feed delivered is adjusted to the ea�ng behaviour of the fish. In RAS, 
uneaten feed pellets will end up at the tank outlet, so observing the uneaten pellets (poten�ally quan�fied) is 
another way of observing feeding. Monitoring feeding behaviour by camera or hydrophone can be a way to 
move towards a sensor-based observa�on of feeding. This is described in more detail in sec�on 4.3. 

3.1.3 Fish health 
As previously described, an important indicator of fish health is its growth and appe�te. In addi�on, fish with a 
health problem will o�en display a change in behaviour, for example being lethargic, show disrupted schooling or 
nervous and erra�c swimming. Such changes in behaviour are observed by the fish farmers but can also be 
observed by either camera or hydrophone, same as for feeding behaviour. This is described in sec�on 3.2. 
 
Most health problems cause the fish to display external signs of injury or disease. Again, the observa�on of such 
signs is done by fish farmers, but it could poten�ally be replaced or supplemented by automa�c camera 
monitoring. In marine salmonid aquaculture, systems for automa�c monitoring of external signs like scale loss, 
wounds, deformi�es and operculum damage is being developed (for example: createview.ai, s�ngray.no). So far, 
these systems are rela�vely new and thus are s�ll being tested and validated. They have been developed for the 
marine net pen fish farming and cannot be directly implemented in RAS without considerable modifica�ons. This 
would include adapta�on to above water observa�on, training on other species and sizes of fish, training on how 
external devia�ons looks like on these fish, etc. Further, the systems are o�en very costly, and thus it might not 
be feasible for the farmers to implement. It was not within the scope of the IntelliRAS-project to explore such 
systems. 
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3.1.4 Fish mortality 
Apart from external signs of clinical disease, one of the most used parameters for assessing health and welfare in 
aquaculture is mortality. Dead fish should be collected (minimum) on a daily basis. This is normally done 
manually by the fish caretakers. A very crude es�mate of the health status of a batch of fish is the mortality rate, 
i.e. the number of dead fish out of the total popula�on per day, week or month. Farmers can use the mortality 
rate as an es�mate of health, if they already have an es�mate of the “normal” or expected mortality, that is, a 
sort of benchmark. The expected mortality depends on the age and maturity of the fish, the species, the 
produc�on system and several other factors. The benchmark can either be according to previous batches of fish 
in the same farm, according to comparable farms, or according to an industry or na�onal standard. The 
benchmark can be based on models, as described in Chapter 4. Coun�ng dead fish could poten�ally be done 
automa�cally, in a system where the dead fish are picked up by a probe or a robot, but such a solu�on has not 
been developed yet. Thus, the registra�on of number of dead fish is not likely to be automated in the near 
future. 
 
Measuring the number of dead fish does not provide help for the farmers towards which ac�ons to take to 
improve health of the fish. For that, death of the fish must be assigned a cause. This is most o�en done by the 
fish farmers. The extent to which mortality causes are used varies a lot between farms. The ra�onale for using 
mortality categoriza�on and a descrip�on of what to consider for this is provided by Aunsmo et al. (2023). 
Mortality categoriza�on can be on a very overall level, for example the one used by Norwegian authori�es for 
repor�ng from farmers, where fish losses are assigned to each of five categories: Dead, Escaped, Discarded, 
Other and Coun�ng error. Most farmers use a more detailed categoriza�on, where the top-level would be main 
categories based on first visual inspec�on. The second level would be more specific into background causes of 
the mortality, and the third level would give a very specific cause, as illustrated in figure 4. 
 

 
Figure 4. Three levels of mortality categoriza�on. The figure is inspired by the structure also presented by Aunsmo et al. (2023). 

 
Assigning causes at level 2 and 3 would require some background knowledge or addi�onal informa�on that could 
be obtained either by using skilled personnel for the observa�ons, by including data from the produc�on system 
(e.g. on CO2 levels or prior diagnoses of diseases) or by laboratory analysis of the fish.  
 
If the cause of disease or mortality is not obvious from inspec�on, samples of the fish can be sent to laboratories 
for analyses. O�en, the results from such analyses are returned as documents, but some laboratories offer 
technical solu�ons for direct transfer of their results electronically. Thus, there is a prospect for automa�za�on of 
at least some parts of the mortality categorisa�on. 
 



Precision Fish Farming in land-based recircula�ng aquaculture systems – State of the art and future perspec�ves 

Norwegian Veterinary Ins�tute 12/31 

3.1.5 Fish welfare 
Health is closely interrelated with welfare, and in a PFF-framework, fish with impaired welfare will not reach their 
full poten�al for growth and feed u�liza�on. In addi�on, the farmer has a responsibility to ensure good welfare 
of the fish, and it is also important from a consumer perspec�ve. Thus, monitoring of the welfare of fish should 
also be part of a PFF. However, performing regular welfare scorings as part of produc�on of fish in RAS is not 
standard. To a large extent, this is probably due to a lack of standardized and objec�ve ways of scoring welfare. 
 
Currently, several ini�a�ves are looking into what can be used as objec�ve welfare indicators in fish farming. 
According to the FISHWELL handbook, welfare indicators can either be “...direct animal-based (something you 
get from the fish), or indirect resource-based (e.g. rearing environment, infrastructure etc.)” (Noble et al., 2018). 
Thus, in line with the descrip�on of direct and indirect observa�on of animal variables in the beginning of 
Chapter 3 and figure 2. Welfare indicators that can be used on the farm are termed Opera�onal Welfare 
Indicators (OWI). The FISHWELL-handbook (figure 2.3-1 in Noble et al., 2018) presents three main groups of RAS-
relevant OWIs: Environment based OWIs, Group based OWIs and Individual based OWIs. Observa�on of 
environmental parameters is addressed in sec�on 3.2. The group based OWIs include feeding ac�vity, growth, 
mortality, devia�on from normal behaviour and disease, which have been discussed above.  
 
Arguably, the most direct assessment of fish welfare is an individual evalua�on of the fish itself. Evalua�on of the 
individual based OWIs requires sampling of the fish. Sampled fish are inspected externally, and welfare indicators 
like scale loss, fin damage, wounds, eye occluding and bleeding and deformi�es are registered and graded 
according to severity. The FISHWELL-handbook provides a scoring system for OWIs, which was developed and 
evaluated in terms of their relevance, useability, reliability and suitability. This scoring system thus provides a way 
to observe the welfare of fish, based on manual observa�ons. 
  
In theory, OWIs can be assessed by the camera-based monitoring as described for health evalua�on. The 
technology required would be the same as for health monitoring and is described in sec�on 3.2. 
 
To be able to use welfare evalua�on for decision-making, a baseline or benchmark needs to be set, that the 
welfare evalua�ons can be compared to. Such benchmarks are lacking for welfare assessment in RAS, as there 
has been no systema�c evalua�on of the welfare status in farms using OWIs. Thus, a place to start for moving 
towards PFF was to perform a study on the occurrence of welfare indicators, which is presented as a prac�cal 
example experience below.  
 

Prac�cal experience 

In the IntelliRAS project, we evaluated the OWIs as an objec�ve assessment of welfare of salmonids in 
RAS. We sampled 2844 fish from a total of 18 batches of fish from the four case farms. At each sampling 
point, 30-100 fish were evaluated for the following OWIs: Nose wound, jaw deformity, eye damage, eye 
opacity, operculum deformity, spinal deformity, scale loss, skin bleeding, body wound and fin damage.  

Almost all fish had one or more OWIS, most of them being varying degrees of fin damage. There was a 
large varia�on between farms in the prevalence of the different OWIs as illustrated in figure 5. Thus, in 
two farms, for example, 21-25% of the fish had nose wounds, which was completely absent in the fourth 
farm. Two farms had >10% prevalence of eye damage, whereas in the other two farms the prevalence was 
<1%.  Similarly, one farm had a consistently higher prevalence of deformi�es that the other farms. 

We also found that the prevalence and severity of the OWIs varied with �me within the farms.  

Some welfare indicators are easier to detect in a camera system than others; for example body wounds, 
dorsal fin damage, nose wounds and scale loss. We therefore evaluated whether some of these indicators 
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were correlated with others, which could make it sufficient to register only a subset. However, we found 
no meaningful correla�ons between any of these indicators and other indicators and any others.  

In conclusion, each farm needs to make some ini�al assessments of which welfare problems they have 
and then base their systema�c evalua�on on indicators that reflects these.  

 
Figure 5. Prevalence of selected OWIs in four RAS farms. Bars show the prevalence of each indicator in the different farms, 
line shows the overall prevalence across the four farms. A total of 2844 fish were sampled for the study. 

 

3.2 Sensor-based observa�ons 
The primary purpose of sensors is either to enable new types of observa�ons — par�cularly of variables that 
were previously unmeasurable — or to replace manual, �me-consuming observa�ons with automated, real-�me 
data collec�on. For sensors to be effec�ve, they must deliver consistent results and undergo regular calibra�on. 
Despite their advantages, high upfront costs and ongoing maintenance expenses o�en hinder widespread 
adop�on. 
 
In the following sec�ons, we explore the types of sensors commonly used on farms today, as well as emerging 
technologies involving visual and audio-based observa�ons. Prac�cal experiences with these systems are 
discussed in more detail later. 

3.2.1 Water quality sensors 
In RAS, water quality must be me�culously controlled to ensure op�mal condi�ons for aqua�c organisms. This is 
achieved through a combina�on of monitoring and control systems, where specialized sensors are integrated 
with central control units that enable automa�c regula�on and generate alerts when devia�ons from predefined 
threshold values occur. Monitoring is performed in different ways; from the simple use of on-site water quality 
test kits to using state-of-the-art sensors and probes that measure parameters con�nuously. 
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While all RAS facili�es con�nuously monitor oxygen levels and temperature, many other parameters (for 
example pH and ammonia) are measured only periodically. Some farms have incorporated con�nuous 
monitoring of carbon dioxide (CO₂); however, this capability is not universally available across all fish farming 
opera�ons. 
 
Water quality is relevant for health and welfare of the fish, as both will be impaired by even short-term poor 
water quality. In the long-term, subop�mal water quality will also impair growth and thus produc�on outcome. 
 

Prac�cal experience 

In the IntelliRAS project we had access to produc�on and sensor data from 18 RAS farms. Data from CO2 
and Oxygen sensors were only available in the produc�on data of one of these farms. It was not 
established if this low occurrence of sensor data reflected that sensors were not present in the farms – or 
that the data were not transferred to the management system. In either case the poten�al benefits to 
management are generally not exploited and therefore poten�al addi�onal value could be gained by 
incorpora�ng this data type deeper into management and surveillance. Within the project, CO2 sensors 
were installed in two of the test farms, but we experienced some prac�cal challenges using the data from 
these sensors. In one farm we experienced that even though 2 sensors were placed in the same tank right 
next to each other, they measured systema�cally different levels of CO2. The fluctua�on on the sensors 
were the same, which suggest a level-calibra�on issue. Generally, calibra�on and frequent re-calibra�ons 
seemed to be required. We also experienced challenges with data acquisi�on, due to unstable or non-
exis�ng internet connec�on of the sensors and farms.  

We used the CO2 measurements for a small-scale implementa�on test of a warnings system (feedback) 
which is described in Chapter 4. 

 

3.2.2  Video data 
Recent developments in the applica�ons of ar�ficial intelligence (AI) permit the use of video data to gain insight 
into the behaviour of fish. Accurate es�ma�on of fish ac�vity using computer vision would give the farmers 
insight into e.g. feeding ac�vity and appe�te and provide a basis for automa�c con�nuous monitoring and early 
warning systems. Neural network models are developed by storing and annota�ng thousands of pictures or 
video sequences. When enough training data are available, the method has been shown to be advantageous 
compared to others.  
 
In marine aquaculture, camera technology is used to a wide extent for observing fish under water. Underwater 
video cameras allow the fish farmer to observe behaviour of the fish i.e. feeding ac�vity and use this for feed 
op�miza�on (Zhou et al., 2019). However, below-water monitoring is difficult or even impossible in RAS, as the 
water in RAS is turbid, crea�ng low visibility as well as clogging the cameras. Another barrier is the high cost of 
such systems, which is a hindrance for the use in RAS, with their lower produc�on revenues. 
  
Possibili�es for the use of computer vision in different applica�ons have expanded vastly in the past years due to 
the rapid development in neural networks and GPU hardware. Typically, neural networks trained for computer 
vision tasks require lots of training data, which is based on good quality images that are further annotated by a 
human expert. The annota�on work includes classifying the image or poin�ng out objects of interest for the 
model to learn in the training phase. In fish farming, the annotated image data can be used to train a neural 
network model to e.g. detect and track fish (Wang et al., 2022), classify feeding intensity (Zhou et al., 2019), 
detect dead fish (Zhao et al., 2022) or detect le�over feed (Hu et al., 2021).  The amount of training data needed 
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varies a lot depending on how hard the task is, the model used, and the level of performance expected of the 
model. As an example, for the model to be able to predict the loca�on of fish in the image, the model needs 
some training data consis�ng of images and the annotated loca�ons of the fish in these images. A clear criterion 
for the annota�ons is needed for the model to be able to find a consistent solu�on, especially if there are 
mul�ple annotators working together on a dataset. 
  
For example: If only a part of the fish is visible, should it be marked on the image? What is the difference 
between “weak” and “normal” feeding ac�vity in terms of amount of water disturbance on the surface? What 
are the criteria for a floa�ng fish close to the surface, if there are strong reflec�ons and it is difficult to determine 
if the fish is above the surface or not? Outsourcing annota�on work is popular, but in this case annota�on quality 
should be very closely monitored. Inconsistencies in annota�ons, whether it’s in choice of class or placement or 
size of the bounding box will cause unnecessary noise in the input for the model, resul�ng in a worse 
performance (Fred et al., 2025).  
 
With a surface camera above the tank, external condi�ons like ligh�ng, camera placement, animal density and 
water turbidity affect the quality of the visual data, which can be somewhat mi�gated by adjus�ng camera 
se�ngs, such as exposure �me, gamma correc�on and how many frames per seconds are recorded. Foam and 
reflec�ons on the water surface easily occlude the view of the fish, so these should be considered when placing 
surface cameras. Naturally, camera resolu�on, cable bandwidth and the choice of video format and possible 
compression algorithm are also cri�cal for the quality of the recorded data. 
 
It is challenging to obtain high quality data from RAS systems due to water reflec�on from above surface 
cameras, and due to low light intensity and high fish density from underwater cameras. Frequent occlusion of 
the fish due to high stocking density, foam and reflec�ons makes it impossible to track the movement of an 
individual fish for an extended period. When implemen�ng solu�ons to produc�on environments, AI should be 
applied on site due to limited network access in produc�on facili�es. 
 
In addi�on, as men�oned previously, fish are rarely in the same tank for extended periods of �me, and individual 
groups of fish may express different behaviour. This poses a challenge when it comes to obtaining training 
datasets and can also entail that individual models need to be made for each fish group or tank. 
 

Prac�cal experience 

In the IntelliRAS project, we collected video data from a commercial farm environment and used it to train 
a tracking-by-detec�on model to es�mate the swimming ac�vity of the fish group. We placed cameras 
above water in two farms (For technical details see “Technical notes”). 

The collected data was annotated, and the resul�ng dataset consis�ng of 2654 images was used to train a 
YOLOv5 model (Ultraly�cs, 2021), a fast and lightweight neural network, to detect fish heads, in addi�on 
to detec�ng dead and injured fish. The images were annotated by three different people who worked 
independently, while following a short guidebook containing visual examples of the classes to be used, 
writen by one of the annotators. All annotators used the open source MakeSense online annota�on tool. 
They would draw rectangular bounding boxes over the fish heads, aiming to mark all or most of the fish in 
the image. In addi�on to “Fish”, other classes annotated were “Floa�ng”, “Injured” and “Dead”, as 
illustrated in figure 6. In real life, reliable iden�fica�on of all the fish individuals is a challenging task due to 
ligh�ng condi�ons and high animal density in the tank. Improving the image quality made the annota�on 
work easier, as the details help in dis�nguishing the fish from each other in crowded scenes. The work 
resulted a total of 2654 annotated images and 39020 annotated bounding boxes. 
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By annota�ng the fish heads instead of the whole fish, the resul�ng bounding boxes are less affected by 
fish orienta�on and camera perspec�ve, compared to annota�ng the whole animal. The model was 
trained on a NVIDIA Tesla v100 GPU. We no�ced that the choice of hyperparameters, model and image 
size had a large impact on the results and decided to use a medium-sized model and a largish image size of 
1280 for the training. In addi�on, we saw that heavy use of different augmenta�on strategies improved 
model accuracy on test data. On farm 1, we were able to reach an F1 score of 0.85 on detec�ng fish heads. 
For farm 1, the F1 score was slightly lower at 0.77. This is likely due to data from farm 2 having lower 
quality images, annota�ons, and a smaller number of training images in total.  

Despite having a shared guidebook for all the annotators, we no�ced that the resul�ng annotator 
agreement was quite low. Differences in the number of annota�ons and the size of the bounding boxes 
between annotators were substan�al, and improving the quality of the dataset by increasing the size of 
the bounding boxes and discarding images with many missing annota�ons improved the performance of 
the model trained on the improved dataset. 

In the training data, the number of dead and injured fish was low. Dead fish are visually easier to recognize 
and easier for the model to learn, so despite having few training examples we were able to detect dead 
fish quite accurately, with an F1 score of 0.80. Detec�ng injured fish is harder both visually and due to 
having only a handful of examples for training, resul�ng in an F1 score of 0.71. The examples of the 
injuries in the training data contained only tail injuries from one farm, and for achieving a more robust 
model to work across farms more data from different se�ngs would be beneficial.  

 
Figure 6. S�ll-picture from a video-sequence taken by a camera installed over the surface of a tank at a RAS-farm. The 
squares show annotated fish heads (white), dead fish (red), floa�ng fish (yellow) and tail injuries (purple). 

3.2.3 Audio data 
Acous�c methods have recently been explored in aquaculture (Li et al., 2024), including passive acous�cs (i.e., 
hydrophone recording) for fish feeding intensity assessment (Cui et al., 2022), and ac�ve acous�cs (such as sonar 
imaging or acous�c telemetry), e.g., for fish detec�on (Kristmundsson et al., 2023), fish coun�ng and size 
es�ma�on (Gu�érrez-Estrada et al., 2022), and feeding behavior monitoring (Folkedal et al., 2022). While also 
mul�modal methods – combining passive and ac�ve acous�cs with op�cal methods – have been employed for 
fish feeding intensity assessment (Cui et al., 2024), the IntelliRAS project focuses solely on passive acous�c 
methods, specifically for fish feeding intensity assessment. 
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Passive acous�cs are not yet implemented in RAS facili�es, but the technology has recently been explored for 
fish feeding (Li et al., 2020; Rosten, 2023) and monitoring of stress behavior monitoring in aquaculture (Li et al., 
2022; Helberg et al., 2024). For these applica�ons hydrophones are deployed in aquaculture tanks and data is 
analyzed using machine learning methods, such as deep learning networks (Cui et al., 2022). 
Like the case of camera-based methods, sound clips are labeled according to the fish feeding intensity to use for 
supervised (or semi-supervised) learning. Melspectrograms of the sound clips are formed and are treated as 
images in computer vision classifica�on models, such as convolu�onal neural network or vision transformer 
models. 
 
One of the major challenges in passive acous�c fish feeding behavior assessment is the background noise from 
pumps, machines, etc., which varies between facili�es, and which may obscure the relevant sounds to be used 
for classifica�on (Li et al., 2020; Li et al., 2024). The intensity of the background noise can affect the classifica�on, 
since it can reduce the dynamic range of the hydrophone and thereby make the relevant sounds rela�vely 
weaker. In the case of fish feeding intensity assessment, the soundscapes of different aquaculture facili�es vary, 
and even within a facility the background noise can vary, depending on human ac�vity, whether a pump or 
machine is ac�ve, or the placement of the hydrophone, etc.  
A model fited to data from one facility may therefore not perform equally well for other facili�es, unless 
measures are taken to generalize the model. To make the model invariant with background noise, a proposed 
strategy is to use sound separa�on methods to extract only the relevant features, i.e., the sounds of fish ea�ng 
(Li et al., 2024). Examples of such regulariza�on or feature extrac�on methods could be denoising autoencoder 
models or non-nega�ve matrix factoriza�on. 
 
Hydrophone-based methods have the advantage over video-based methods, that they are not affected by the 
reduced visibility in the turbid water of intensive RAS facili�es, nor by occlusion from high popula�on density fish 
tanks. They are well suited for fish feeding intensity assessment and poten�ally for stress behavior monitoring, 
for which they may serve as an alterna�ve or a compliment to camera-based methods. For other camera-based 
method applica�ons, such as biomass es�ma�on or fish detec�on or tracking, hydrophone-based methods are 
not well suited. 
 

Prac�cal experience 

As part of the IntelliRAS project, a fish feeding intensity assessment model based on audio data was 
employed in an industrial, intensive recircula�ng aquaculture facility. The feasibility of the method was 
assessed for industrial applica�ons and challenges of the method were iden�fied. 

Hydrophone recordings obtained outside of the IntelliRAS-project by project partner OxyGuard 
Interna�onal A/S, were used for the analyses described here. Two days of hydrophone recordings were 
made in an intensive recircula�ng aquaculture salmon pre-grow out tank. The fish feeding regime for each 
day began at midnight, with feed being dispensed for around two seconds every 53-54 seconds, un�l the 
feed ra�on for the day (around 1.2% of fish biomass) was exhausted, some�me in the a�ernoon. This 
feeding regime enabled automa�c labeling of fish feeding intensity by the �me a�er beginning of feed 
dispensing, with the reasoning that feeding ac�vity will naturally decrease as the feed gets eaten up and 
less feed thereby is available. 

The hydrophone recordings were par��oned into two second segments of three categories: 4, 6 and 10 
seconds a�er beginning of feed dispensing and melspectrograms were formed, which were fed to a CNN 
autoencoder-classifier model. 

The model was trained on a training set consis�ng of 2551 training samples, with a valida�on set of 1275 
samples, and tested on the test set consis�ng of 1280 samples. Tes�ng showed an accuracy of 75 % and F-
1 score of 75 %, with the best performances on the classes 4 s and 10 s of accuracy 83 % and 88 %, and F-1 
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score 79 % and 82 %, respec�vely, while for class 6 s accuracy of 53 % and F-1 score 60 % were displayed. 
These results seem promising for future implementa�on of fish feeding intensity assessment in intensive 
RAS facili�es, although more work is needed to generalize the model between facili�es. 

 

4 Reliable detec�on and predic�on models 
(PFF component 2) 

A�er observing the feature variables, predic�ve models are the second step for PFF. In terms of PFF, a reliable 
predic�on model would be a model that filter and aggregate the raw sensor data into feature variables. A feature 
variable is intended to describe a specific biological response from the animals within the produc�on system. A 
feature variable could for example be ‘fish ac�vity’ derived from camera observa�ons. This feature variable can 
then be used for monitoring and/or poten�ally as the basis for decisions (in which case we call them target 
variables).  
 
For applica�ons of PFF in RAS; mortality, growth and feeding were discussed in previous chapters and these 
feature variables are well suited for predic�ve modeling. The first step in a model is the collec�on of data: How 
this can be done has been described in Chapter 3, and in Chapter 5 we explore the needs and challenges for 
procurement and storage of data. Before the data can be used in a model, it must be organized. All the 
informa�on must be cleaned and sorted (also known as data cura�on), so it is ready to be used. This step 
removes any errors and imputes missing parts. 
 
Next, a model is trained to learn paterns from the organized data. For example, it might learn that fish grow 
faster when water temperature stays at a certain level. Different models are used for different applica�ons. Some 
are classical models like ordinary linear regression, par�al least squares, and generalised linear models such as 
logis�c regression whereas others are more modern (in some sense) and o�en referred to as machine learning, 
e.g., ar�ficial neural network or deep learning, and random forests.  
Examples of common models used for predic�on are: 
• Ordinary Linear and Nonlinear Regression Models: Finds rela�onships between variables assuming normal 

distributed residuals. For example, how temperature and feed amount affect fish weight. Can for example 
be used for predic�ng fish growth over �me. 

• Time Series Models: Analysis of data collected over �me to make future predic�ons. This can for example 
be used for forecas�ng changes in water temperature or oxygen levels. Dynamic linear model (DLM) is one 
class of models that may be useful in this context. 

• Decision Trees and Random Forests: These models make decisions by asking a series of yes/no ques�ons 
(like a flowchart) or spli�ng by thresholds. Random forests use many trees together for beter accuracy. 
This can for example be used for predic�ng the best feeding �mes or iden�fying poor water quality 
condi�ons. 

• Ar�ficial Neural Networks: These methods take inspira�on from how human brain works by recognizing 
complex paterns in large data sets. This can for example be used for more advanced tasks, like predic�ng 
disease outbreaks or fish behaviour based on camera or sensor data, as explained in Chapter 3. 

• Support Vector Machines: This method aims at finding the best boundary known as hyperplane that for 
example separates different classes in the data. A hyperplane is a generaliza�on of a two-dimensional 
plane in three-dimensional space to arbitrary dimension, i.e., an (n-1)-dimensional part of an n-
dimensional space. This could for example be used to classify images and thereby discriminate levels of 
ac�vity in the water. 
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• Differen�al equa�on models: these are mechanis�c models which are built on biological or physical 
assump�ons. For commonly used models for fish growth modeling, for which analy�cal solu�ons are 
readily available, the parameters can be es�mated using (nonlinear) regression or maximum likelihood 
methods. In other cases, e.g., when closed form solu�ons are unavailable, the model parameters can be 
es�mated using data assimila�on techniques, such as Bayesian smoothing, Kalman-type filters or par�cle 
filters for state- and parameter es�ma�on.  

 
A�er the model is developed, it needs to be tested with new data to see how well it predicts e.g., fish growth or 
the best feeding �me. O�en, one will divide the available data into a training data set to train the model, and a 
tes�ng data set to test how well the model performs. Spli�ng data may also be used for tuning of model 
parameters like the maximum number of trees, convergence thresholds and more. Nevertheless, valida�on of 
the model using a completely new data set should also be done. If the model only predicts well on the batch of 
data from which the training set was also drawn, it will be useless in prac�ce. It may, however, be necessary to 
build models within say a farm as the process genera�ng the data might be very different across farms. Changes 
over �me may also necessitate adjustment of the model along the way. 
 
A proposed approach is to use dynamic models that are updated sequen�ally with new data to smoothen noisy 
observa�ons such as mortality counts. These models may provide more reliable es�mates of the underlying 
mortality rate and flag unusual devia�ons. Recent publica�ons have shown how models can be used to monitor 
mortality in marine environments, using produc�on data from salmonid farms in Scotland and Norway (Merca et 
al. 2024 a,b; Oliveira et al. 2024).  In these studies, models were applied to trigger alarms when mortality 
exceeded expected levels, which could support farmers in taking �mely ac�ons. In Oliveira et al. (2024), the 
performance of the model was also tested for detec�ng outbreaks of a no�fiable disease (salmon pancreas 
disease), and it showed promising value for this purpose. These models build on previous studies on mortality 
paterns and risk factors for mortality in marine salmonid farming (Bang Jensen et al., 2020; Oliveira et al., 2021). 
Developing similar models for mortality in RAS could provide a useful tool for fish health managers, but such 
models are s�ll lacking.  
As previously men�oned, other possible applica�ons for PFF would be to control growth by modelling and 
predic�ng feeding and biomass. An example of predic�ng feed intake of trout fish (and hence growth) in small 
groups of 30 based on informa�on of water quality, fish weight and number using neural networks was recently 
published (Chen et al., 2020). Such results demonstrate the poten�al, but the number of fish involved also show 
that a substan�al work is needed to make this commercial useful. 
 

Prac�cal experience 

In the IntelliRAS project we have worked with 4 specific salmonid farms and been looking into data from 
mul�ple addi�onal salmon farms. The insights gained show that these produc�on systems differ greatly in 
both scope and type. This also indicate that it will be unlikely to provide general PFF tools that do not 
require substan�al training, calibra�on and customiza�on to accommodate the needs of the individual fish 
farmers.  

 

4.1 Modelling mortality in RAS 
The purpose of modelling mortality is typically to be able to predict the risk of mortality in the near future (days 
or weeks) and allow the farmer to react if mortality risks increase. It can also be to predict whether certain fish 
groups or tanks are at a high risk of increased mortality. To design the best model, one needs to understand the 
produc�on system (for example, species of fish, type of produc�on, number of tanks, number of fish in system, 
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temperature, etc). It is also important to understand if there are any known drivers of mortality, beyond those 
that one aims to detect. For example, temperature is known to influence mortality in salmonids (Oliveira et al., 
2021; Tvete et al., 2023).  
A common management prac�ce of fish farmers is to react to increased mortality by reducing the amount of 
feed supplied to the fish. However, the fish farmer needs to take this decision (interven�on) of reducing feed 
amount based on uncertainty – with very limited informa�on available to assist in assuring that the reac�on is 
based on a real change in the underlying mortality rate and not simply on truly random varia�on in mortality. 
One approach is to apply control charts to the feature of interest — here, mortality. As shown in figure 7 and 
described in Chapter 3, the frequent movement of fish results in rela�vely short �me series, which makes 
modelling imprecise and yields only limited addi�onal informa�on; or the modelling requires a substan�al 
number of assump�ons that are unlikely to remain constant over �me and across batches of fish.  
 

Prac�cal experience 

In the IntelliRAS project we worked with mortality in individual tanks. Figure 7 is an example of a control 
chart, that can be used to detect separate incidents of ordinary and excep�onal varia�on (where the 
peaks cross the upper dashed line) in mortality. 

 
Figure 7. Control charts of mortality rates with Laney’s correc�on for large sample sizes (U’-Chart) in two different tanks in 
the same farm. The dashed lines represent a mean centre line with lower and upper confidence limits within periods. 
Periods (1-4) were defined by dates where some of the fish were moved to other tanks. 

 

4.2 Modelling biomass  
Es�ma�on of the biomass in a specific tank is essen�al for produc�on planning. Fish farmers in RAS systems 
o�en use samples of the individual tanks to monitor and poten�ally adjust their expecta�on of tank biomass. 
This is done by sampling, for example, 30 kg of fish, coun�ng the actual number of fish and based on these, 
es�mate the average weight. Since the total number of fish (or at least an es�mate) is known, the tank biomass 
can be es�mated. However, this approach does not account of the uncertainty associated with sampling nor can 
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informa�on from previous samplings be included in the es�mate. This may jus�fy using a modelling approach to 
es�mate biomass. Several commercial companies offer solu�ons for es�ma�ng biomass based on camera inputs 
and modelling. These have mainly been developed and used in marine farming, but recently, also systems built 
for RAS-farms have been introduced. Input data can either be manual weighing or video recording, as described 
in Chapter 3. 
 

Prac�cal experience 

In the IntelliRAS project we developed a model structure for integra�on of informa�on from samplings 
with the informa�on provided by the supplied feed to the tank. The model is based on Bayesian upda�ng 
of the sampling es�mates and provides probabili�es that the growth curve of the fish is either following 
expecta�ons or devia�ng below or above them. Figure 8 shows a simulated growth curve of trout that 
deviated from expecta�on at 100 days. From the tank, 20 fish were sampled weekly, and the probability of 
being under track increased and exceeded the probability of being on track. 

 
Figure 8. The es�mated probabili�es of following growth expecta�on or being over or under expecta�ons in a simulated 
scenario, where growth decreased a�er day 100. 

 

4.3 Modelling feeding 
Automa�c control of feeding could be beneficial for fish farms as efficient use of feed is important economically; 
in addi�on, environmental sustainability and feeding are also linked to fish welfare. It is common prac�se on RAS 
farms to adjust the feeding se�ngs according to feeding ac�vity. The feeding ac�vity of the fish is assessed 
visually according to the experience of the farm staff. Computer vision or hydrophone recordings offer an 
opportunity to automate this process and improve its accuracy. Another way to measure feeding is to monitor 
the number of uneaten pellets in the tanks, which could also be done by using video cameras. 
 
Several authors have developed models for automa�cally assessing the feeding ac�vity in small to medium scale 
RAS systems (Zhou et al., 2019) and automated feeding level control systems have been developed (Atoum et al., 
2015). The developed models aim to classify the fish feeding ac�vity as low, medium or high, however, no clearly 
described and repeatable scoring system for fish appe�te has been used and therefore repeatability of the 
studies is low.  
 
A model on feeding would also require informa�on of biomass, predic�ng this as part of the model or separately 
(sec�on 4.2). Moreover, parameters like temperature, dissolved oxygen and CO2 concentra�on may be valuable 
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to include in such a model. Further requirements when developing automa�c feeding control are considered in 
Chapter 5. 
 

Prac�cal experience 

In the IntelliRAS project, together with a tracking algorithm to es�mate moving objects posi�on and 
velocity, the trained detec�on model can be used to track fish on video across frames. We used the 
StrongSort (Du et al., 2023) model together with the detec�on model to track the fish con�nuously. From 
these tracks we can get an es�mate of the swimming ac�vity levels of the fish and see how the ac�vity 
levels change with respect to feeding �mes, as seen in figure 9.   

Parameters chosen for the tracking model were conserva�ve: to avoid iden�ty switches between fish 
located close to each other, a strict threshold of 0.01 for appearance-based matching was used to filter 
unlikely matches. To avoid the increase in uncertainty and increase in iden�ty switches due to missing 
detec�ons, a maximum of missed frames was set to a low value of 3. Even with the careful choice of 
parameters, some tracking errors were s�ll present. These outliers were filtered by excluding the samples 
where the value was over 5 �mes the mean standard devia�on during the 24-hour observa�on �me.  

The results showed that the automated feeding ac�vity assessment was able to detect the changes in fish 
behaviour around feeding �me, however due to the risk of produc�on losses on the farm we could not 
study the use of the model for automa�c control of feeding levels. 

 
Figure 9. Es�mate of the fish group’s swimming ac�vity over a 24-hour �meframe obtained using frame-level aggrega�on of 
tracks. The increases in tracked speed correspond to known feeding �mes. 
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5 Automa�c decision making and control  
(PFF component 3) 

Developing prescrip�ve and autonomous systems that can automa�cally control different aspects of produc�on 
is the most challenging part in precision fish farming. In a prescrip�ve system a model can predict and op�mize 
the effect of control or interven�on on the system, however the final decision and interven�on are s�ll done by a 
human. Ideally the system would be controlled in ways that prevent problems from occurring, however they can 
also be used to take correc�ve ac�on in case a monitoring system suggests an anomaly in produc�on such as an 
increase in mortality. 
 
An autonomous system will make the decision and actuate the system. Such systems need to have real-�me 
access to reliable data from relevant control inputs, such as water quality or fish appe�te. In addi�on, such 
systems need a reliable predic�on model on the expected effect of changing the control variables such as fish 
feeding rate or schedule. Addi�onally, the model needs to be able to actuate the system (Verdouw et al., 2021). 
 
To our knowledge there are no valida�on studies yet that use automated feeding control and demonstrate 
improvements in feed efficiency or economic outcomes. 
  
A schema�c sugges�on for a computer vision based automa�c feeding control system is illustrated in figure 10. 
Such a system would need significant commitment from the fish farm during the system development and 
willingness to tolerate produc�on losses during the development stage. A model for establishing a rela�onship 
between the feeding levels, measured ac�vity, fish growth and health needs to be established for the controller 
to be useful. Developing such a model needs several experiments to establish and tune the model parameters. A 
way forward could be to develop such a system in pilot scale and if significant benefits can be demonstrated, 
apply the same principles in real produc�on scale. 
 
 

 
Figure 10. Schema�c illustra�on of a closed loop control system for feeding. The diagram shows a two-level feedback mechanism, 
that both involves feed planning and feed adjustment based on fish feeding behaviour, feed loss and weight es�mates. 

 



Precision Fish Farming in land-based recircula�ng aquaculture systems – State of the art and future perspec�ves 

Norwegian Veterinary Ins�tute 24/31 

6 Registra�on and storage of data: Needs, quality and 
quan�ty 

As previously discussed, Precision Fish Farming (PFF) is a data-driven approach, and its implementa�on in fish 
farming requires addressing several challenges related to data storage, access, transport, and quality. This 
chapter focuses on these challenges and explores poten�al solu�ons. 
 
A robust control system for PFF relies on effec�ve data management. Data must be collected, stored, secured, 
and shared in a safe and accessible manner. While many sources outline best prac�ces for data governance, this 
paper iden�fies the following key factors for successful PFF implementa�on: robust data procurement and data 
standardiza�on. For each factor, we present prac�cal issues to be resolved. 

6.1 Data Procurement 
Challenges in data procurement can be divided into the subcategories listed in Table 2: This table highlights the 
main obstacles to effec�ve data procurement in fish farming; each requiring specific strategies to overcome and 
enable successful PFF deployment. As stated, PFF is data-based, and to implement PFF in fish farming, challenges 
related to data storage, access, transport, and quality would need to be resolved. In this chapter, we focus on 
present challenges and the possible solu�ons for these. In order to have any sort of control system, there needs 
to be a system for data management. Data must be obtained, stored, secured and shared in a safe and secure 
manner. While there are many sources that describe principles for good data governance, we have in this paper 
iden�fied the following key factors for PFF: robust data procurement and data standardiza�on. For each of these 
factors we present some prac�cal issues to be solved. 
 

Table 2. Overview of challenges in data procurement, and the reasons for issues. 

Data Procurement Issues  Reason(s) 

Data is not collected at the farm Fish farmers lack incen�ves to collect data 

Lack of technology for data collec�on Fish farmers do not have the necessary technology 

Data is not being shared Fish farmers are reluctant to share data 

Lack of data storage Insufficient infrastructure for data storage 

Limited digital access to data Data is inaccessible outside the farm due to infrastructure limita�ons 

Data is not processed Data is collected but not processed effec�vely 

 
To enable effec�ve use of data, it must be readily available, �mely, and accessible. It is essen�al that farms have 
clear incen�ves to collect data and understand the importance of standardized, consistent, and �mely data 
management. This need should be reflected in digital tools designed for fish farmers, ensuring that the benefits 
of engaging in data collec�on and sharing are apparent. 
Addi�onally, robust infrastructure is needed to manage data effec�vely, including careful planning for data 
storage and access controls. Even a basic setup with one or two cameras can generate substan�al data volumes, 
making efficient data storage and accessibility cri�cal—par�cularly if the data is intended for research or 
advanced product development. This becomes even more pressing in larger produc�on facili�es where complex 
systems are implemented. 
Data transfer presents another challenge. The primary issue is the vast amount of data generated from devices 
like hydrophones and cameras, which may exceed 100 GB per minute. For produc�on environments, AI 
processes must operate on-site, as uploading these data volumes to a cloud storage service can be extremely 
�me intensive. Similarly, downloading data is slow, with a four-second video poten�ally requiring up to four 
minutes to retrieve. 
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Remote farm loca�ons add further complexity; some farms rely solely on Wi-Fi for internet connec�vity, which 
may lack the upload/download speed and stability needed for seamless data transfer and cloud storage, 
especially for video and sensor data. 
Moreover, data originates from mul�ple sources, necessita�ng a system that can integrate diverse data streams. 
With numerous commercial solu�ons available, it can be challenging and �me-consuming for farms to iden�fy 
which system best meets their specific data integra�on needs. 

6.2 Data Standardiza�on 
For data to be broadly useful, standardized prac�ces must be in place among those collec�ng and u�lizing it. 
Data must be collected systema�cally, with specific units or units that can be easily converted to common 
metrics. Each data point should include both a value and a �mestamp to facilitate cross-farm comparisons. 
Standards are also needed for managing data outliers and preserving raw data to ensure consistency and 
reliability. 
Several organiza�ons are ac�vely working toward standardizing data prac�ces within the aquaculture sector. 
Cer�fica�on bodies such as the Global Aquaculture Alliance (GAA) and the Aquaculture Stewardship Council 
(ASC) are key players in this effort. Integra�ng data standards into farm cer�fica�on processes would create a 
built-in incen�ve for compliance. Industry ini�a�ves, such as AquaCloud, are also tackling data challenges in fish 
farming by focusing on developing pla�orms for sensor data standards, fish health standards, and 
environmental data standards. These efforts aim to drive consistency and quality across the industry. 
 

Prac�cal experience 

In the IntelliRAS project, we experienced issues with data storage and transfer. Some farms did not have 
sufficient internet access to allow for transfer of data from camera. Therefore, data had to be procured at 
the farm and subsequently transferred physically to the model developers. Another issue was farmers not 
being willing to share data with external ins�tu�ons, and another was that it was difficult to get all the 
data needed for the model development from all the farms, as their data registra�on systems differed.  

Upon downloading, the massive data (from con�nuous measurements from different sensors, images 
from the videos and sound data from the hydrophones) were collected during several months and were 
inserted in excel files that had to be stored on hard drives of the size of gigabytes. Partners had to store 
data in databases or network drives. 

 

7 Needs for PFF and the way forward 
In Chapter 2 we introduced Precision Fish Farming, or PFF as a poten�al solu�on for a more economically and 
biologically sustainable produc�on in RAS. As described, the largest gains would be obtained by beter control of 
feeding, growth, and health and welfare. We also described requirements to develop and implement PFF in RAS, 
specifically in produc�on of rainbow trout and Atlan�c salmon in the Nordic countries. 
  
In Chapter 3, we presented different ways to measure animal variables, with most emphasis on methods that 
could be suitable for PFF. We also relayed the prac�cal experiences we have obtained during our studies in the 
four test farms in the INTELLIRAS-project. 
 
In Chapter 4, we described what models could be used in PFF, and some advantages and challenges of designing 
and implemen�ng models for PFF in RAS.  
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When we set out on the project, one aim was to get to the point where a pilot automa�c control system for feed 
could be developed, and in Chapter 5 we describe the theore�cal framework for such a system. 
 
The backbone of any system for produc�on monitoring and control is the data procurement and storage, and 
during the wri�ng of this report, it became clear that this subject warranted a chapter of its own. Thus, in 
chapter 6 we described the needs and requirements for data, including what challenges need to be addressed for 
a PFF to func�on and the prac�cal experience we obtained during the project.  
 
Based on the current state of the art and the experiences with prac�cal implementa�on as described in the 
previous chapters, we suggest focusing the work towards PFF on the issues presented in figure 11 
 

 
Figure 11. Technology and knowledge gaps and suggested ways forward towards implementa�on of PFF in RAS 

 

7.1 Conclusive remarks 
There are currently several ini�a�ves towards using big data and automa�c monitoring for health, growth and 
welfare in aquaculture. 
  
Through our inves�ga�on of the different components required for implemen�ng PFF in RAS, it is evident that 
there are some hindrances that must be overcome for implementa�on to be feasible.  
 
In addi�on to what is presented here, the costs of inves�ng in automa�c monitoring systems and developing 
models needs to be considered – for many RAS-farmers, the produc�on margins are quite small, and it can 
therefore be difficult for them to assess if the ini�al costs of implemen�ng such systems are worth inves�ng in. 

•Camera technology can be used for observing behaviour related to measuring health and 
feeding. Algoritms based on machine learning are promising for these purposes. 

•In theory, camera technology could also be used for measuring growth and biomass, but at 
present this application is not feasible in RAS.

•The same applies for monitoring external clinical injuries or signs and mortality classification.
•Hydrophones can be used for observing behaviour related to health and feeding.
•For more precise monitoring of growth, new types of animal variables are needed that can 

predict fish weight or substantially more control weighings.
•In order to use mortality registration for decision making, classification of causes of mortality 

should be standardized.
•Protocols for standardized monitoring of welfare on farms are lacking. They need to be 

developed and adjusted according to each farm.

Observation of animal variables 

•Reliable prediction models need to be developed that can make the sensor observations into 
useful information and substantial validation afterwards. The diversity of RAS systems could 
suggest that such models would need individual calibration. 

Reliable prediction models

•Automated control of feeding could be beneficial for fish farms. A pilot-scale system could be 
developed and implemented to test and demonstrate the benefits to the farmers.

Automatic decision making and control

•In order to move towards PFF, data procurement obstacles needs to be resolved. 
•Lack of standardization in data registration and storage makes it difficult to develop PFF that 

could be applicaple across different farms.

Data needs
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It seems that there is s�ll a long way to go for achieving robust and predictable ways to automa�cally monitor 
animal variables in RAS, but the research into such systems is ongoing and therefore there is s�ll a promising 
future for such systems. In addi�on, equipment costs are decreasing. 
 
Similarly, the challenges of developing useful models can be overcome if more experience is gained, for example 
by including more examples from actual produc�ons, and with the con�nuous developments within machine 
learning.  
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10 Technical notes 
Video equipment: 
In the IntelliRAS project, we collected video data from a commercial farm environment and used it to train a 
tracking-by-detec�on model to es�mate the swimming ac�vity of the fish group. We placed cameras above 
water in two farms (For technical details see “Technical notes”). Video data were collected using Alvium 1800 U-
240c RGB cameras above the fish tanks. The cameras were connected to two Jetson Nanos, which in turn stream 
the video forward to an Intel NUC mini-pc over a PoE ethernet cable located near the fish tanks. From the mini-
pc, the video files were con�nuously uploaded to a cloud storage. 
  
The collected data was further annotated, and the resul�ng dataset consis�ng of 2654 images was used to train a 
YOLOv5 (Ultraly�cs, 2021) model, a fast and lightweight neural network, to detect fish heads, in addi�on to 
detec�ng dead and injured fish. The images were annotated by three different people. The annotators worked 
independently during the months, while following a short guidebook containing visual examples of the classes. 
The guide was writen by one annotator, who started the annota�on work earlier than the rest. All the 
annotators used the open source MakeSense online annota�on tool in their work. The work consisted of drawing 
rectangular bounding boxes over the fish heads, aiming to mark all or most of the fish in the image. Other classes 
than "fish" were marked by drawing the rectangle over the whole fish; floa�ng, injured and dead (figure 6). In 
prac�ce finding all the fish individuals reliably is a challenging task due to ligh�ng condi�ons and high animal 
density in the tank. Improving the image quality made the annota�on work easier, as the details help in 
dis�nguishing the fish from each other in crowded scenes. The work resulted a total of 2654 annotated images 
and 39020 annotated bounding boxes. 
 
By annota�ng the fish heads instead of the whole fish, the resul�ng bounding boxes are less affected by fish 
orienta�on and camera perspec�ve, compared to annota�ng the whole animal. The model was trained on a 
NVIDIA Tesla v100 GPU. We no�ced that the choice of hyperparameters, model and image size had a large 
impact on the results and decided to use a medium-sized model and a largish image size of 1280 for the training. 
In addi�on, we saw that heavy use of different augmenta�on strategies improved model accuracy on test data. 
On farm 1, were able to reach an F1 score of 0.85 on detec�ng fish heads. For farm 1, the F1 score was slightly 
lower at 0.77. This is likely due to data from farm 2 having lower quality images, annota�ons, and a smaller 
number of training images in total. 
  
Despite having a shared guidebook for all the annotators, we no�ced that the resul�ng annotator agreement was 
quite low. Differences in the number of annota�ons and the size of the bounding boxes between annotators 
were substan�al, and improving the quality of the dataset by increasing the size of the bounding boxes and 
discarding images with many missing annota�ons improved the performance of the model trained on the 
improved dataset. 
 
A clear criterion for the annota�ons is needed for the model to be able to find a consistent solu�on, especially if 
there are mul�ple annotators working together on a dataset. For example: If only a part of the fish is visible, is it 
marked on the image. What is the difference between “weak” and “normal” feeding ac�vity in terms of amount 
of water disturbance on the surface? What are the criteria for a floa�ng fish close to the surface, if there are 
strong reflec�ons and it is difficult to determine if the fish is above or below the surface Outsourcing annota�on 
work is popular, but in this case annota�on quality should be very closely monitored. Inconsistencies in 
annota�ons, whether it’s in choice of class or placement or size of the bounding box will cause unnecessary 
noise in the input for the model, resul�ng in a worse performance. 
 
In the training data, the number of dead and injured fish was low. Dead fish are visually easier to recognize and 
easier for the model to learn, so despite having few training examples we were able to detect dead fish quite 
accurately, with an F1 score of 0.80. Detec�ng injured fish is harder both visually and due to having only a 
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handful of examples for training, resul�ng in an F1 score of 0.71. The examples of the injuries in the training data 
contained only tail injuries from one farm, and for achieving a more robust model to work across farms more 
data from different se�ngs would be beneficial.  
 
Audio data: 
As part of the IntelliRAS project, a fish feeding intensity assessment model based on audio data was employed in 
an industrial, intensive recircula�ng aquaculture facility. The feasibility of the method was assessed for industrial 
applica�ons and challenges of the method were iden�fied. 
 
Hydrophone recordings obtained outside of the IntelliRAS-project by project partner OxyGuard Interna�onal A/S, 
were used for the analyses described here. Two days of recordings were made in an intensive recircula�ng 
aquaculture fish tank with a Bruel & Kjar miniature hydrophone of type 8103, with a sampling rate of 192 kHz 
and with different placement depths of the hydrophone (7 cm, 28 cm and 42 cm below the surface). The 
hydrophone was submerged in a pre-grow out, high popula�on density fish tank, containing around 31700 
juvenile salmon (smolt), at around 285 grams each. The fish feeding regime for each day began at midnight, with 
feed being dispensed for around two seconds every 53-54 seconds, un�l the feed ra�on for the day (around 1.2% 
of fish biomass) was exhausted, some�me in the a�ernoon. This feeding regime enabled automa�c labeling of 
fish feeding intensity by the �me a�er beginning of feed dispensing, with the reasoning that feeding ac�vity will 
naturally decrease as the feed gets eaten up and less feed thereby is available. 
 
An ini�al analysis was performed on audio recordings from the fish tank, in which fish feeding sounds were 
manually iden�fied, as well as feed dispensing, splashing and sounds of fish bumping into the hydrophone. 
Furthermore, machine noises were heard, and to a smaller degree surface sounds as well. Using Fourier analysis, 
the frequency band of fish feeding sounds were iden�fied to be in the range of 2-10 kHz, peaking at around 2.5 
kHz, which is a bit lower than other studies, which have found the frequency band associated with salmon 
feeding sounds to be 6.5-9.4 kHz (Helberg et al., 2024). 
 
For fish feeding intensity assessment, the hydrophone recordings  were par��oned into two second segments of 
three categories: 4, 6 and 10 seconds a�er beginning of feed dispensing. The audio clips were resampled to 
43.52 kHz and melspectrograms were formed, with 64 mel bins within the frequencies 1.024- 16.384 kHz, a Hann 
window with length 1024 and hop length 512 and with 1024 fast Fourier transforms. SpecMix (Kim et al., 2021) 
data augmenta�on was applied to the melspectrograms, which were fed to a CNN autoencoder-classifier model 
with 3 layers in the encoder and in the decoder, and with a latent dimension of 128. 
 
The model was trained for 4000 epochs, with a learning rate of 1e-3, on a training set consis�ng of 2551 training 
samples, with a valida�on set of 1275 samples, and tested on the test set consis�ng of 1280 samples. Tes�ng 
showed an accuracy of 75 % and F-1 score of 75 %, with the best performances on the classes 4 s and 10 s of 
accuracy 83 % and 88 %, and F-1 score 79 % and 82 %, respec�vely, while for class 6 s accuracy of 53 % and F-1 
score 60 % were displayed. These results seem promising for future implementa�on of fish feeding intensity 
assessment in intensive RAS facili�es, although more work is needed in order to generalize the model between 
facili�es. 
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