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General Introduction 

Aware of the industry's demands for innovations that will enable better and automated management 
in production plants, this deliverable refers to methods aiming to improve feeding management in 
aquaculture farms and in particular in cage farms. Feeding in fish farms is an important daily activity 
that largely determines both the biological performance of the populations and the economic 
performance of the farm.   

An essential parameter for feeding management is the biomass estimation. In fin-fish aquaculture this 
is a critical information of operational planning and during the daily husbandry practice. The 
knowledge of the total biomass that exist in a cage together with the individual weight (and of the size 
distribution) are crucial for proper management and in particular feeding. The knowledge of the total 
biomass is difficult and currently only estimations are made based on the mean individual weight of 
the reared fish and the hypothesized size of the fish group. The application of the acoustic biomass 
estimation method in fish farming cages seems a promising approach as it is a methodology widely 
used in fisheries. The application however in an aquaculture setup is a difficult task, mainly because 
of the high density of fish in farm that leads to multiple reflections potentially causing signal 
attenuation as the acoustic pulse passes through the dense fish layer, violating the assumption of 
linearity (Foote, 1990; Furusawa et al., 1992). Furthermore, another important problem is the poorly 
studied echo-reflective potential (TS) of commercially interesting species in Mediterranean 
aquaculture. Regarding the individual weight estimation, is a requisite during the whole ongrowing 
process that lasts several months when the growth in size (weight) of the fish must be monitored. 
Currently this is done by sampling, i.e. by collecting and measuring a representative number of fish, a 
time-consuming process for the producer and a burden on the fish as it causes stress and in some 
cases mortality. Image processing methodologies, adapted to the marine aquaculture environment, 
may provide a solution. 

Studies have shown that management practices (e.g. density of individuals) influence fish 
requirements and unpredictable factors (presence of a predator) can modulate fish appetite and thus 
consumption. It is therefore important to monitor fish during feeding to ensure that losses are limited. 
In daily practice this is only possible under specific conditions, when the fish are observed by the 
person responsible for feeding and in some cases, particularly when large feeding barges are used, 
observation is carried out using cameras or with echo-sounders. In the salmon industry camera 
observation is a common practice that helps to improve feeding management while systems with 
echosounders have been also used (https://www.cageeye.com/). These systems however are not yet 
used extensively in the Mediterranean, although commercial products exist. A possible combination 
of the echosounder for the biomass estimation with parallel monitor of fish behavior was in the initial 
objectives of the project. 

In this report we present the work performed during the project aiming technological improvements 
in the feeding practice during cage rearing. When appropriate, the results were validated at industrial 
scale. The report is divided in two sections, the first describing the work performed for the total 
biomass estimation in cages and the second for the individual weight estimation.  
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Section I. Total Biomass Estimation in Cages 

1.1 Introduction 

The general objective is to estimate the total biomass in a net pen cage. The reliable biomass 
estimation of fish in net pens using echo sounders remains a difficult task in aquaculture. One of the 
main challenges is to account for a shadowing effect. That is that some fish are harder to detect in the 
measurements because they are hidden or shadowed behind other fish in the cage. The work 
presented here is in line with the idea to estimate the total number of fish in a net pen based on 
advanced sonar technology utilizing the "accumulated" target strength of the population. However, 
knowing or determining the exact total biomass of a fish cage appears not yet to be feasible with any 
existing echo sounder system. Within fisheries where wild fish schools are regularly assessed exploiting 
echo sounders before caught in trawl or ring nets (Simmonds 2005, Trygonis 2005) -- even though this 
method has gained accuracy in recent years -- it still lacks precision (e.g., less than 7% in size, Vatnehol 
2017), and strongly depends on the species. In addition, some assumptions that are valid when the 
fish is far away from the echo sounder (fish appears as point spreader) may not be satisfied in 
aquaculture applications when the fish is typically much closer to the echo sounder (the shape of the 
reflecting/spreading swim bladder could influence the signal scattering).     

The performed trials and data analysis aimed therefore at increasing the basic knowledge on the 
interaction of how echo sounders and more advanced sonar systems are interacting with dense groups 
of targets (fish) and how their signals need to be "corrected" to obtain information on fish density with 
increased accuracy. Focus of these efforts were on the practical usage of echo sounders in aquaculture 
environments to estimate/measure the "biomass properties and dynamics" and to gather an 
experimental data set allowing to describe a functionality which enables the compensation for the bias 
in target strength (TS) and give an improved representation of fish density obtained by an echosounder. 
This study is based on the theories on TS, i.e., the acoustic size of an underwater object. For individual 
fish, TS as a function of size is well described by Love 1970. This is the basic functionality split beam 
sonars utilize to provide individual weights for fish. The Love equation, however, requires that targets 
cannot be overlaid and need to generate separated signals within the echogram. This cannot be 
assumed for fish schools or denser fish groups, as such a multiple target scenario will involve 
significantly different backscattering and attenuation.  

 

1.2 Materials and methods 

1.2.1 Approach 

Our approach aimed to quantify the hydroacoustic shadowing effect of dense fish groups on the 
intensity of the shadowed fish. Towards this aim we designed an experiment that simulates two layers 
of fish that are located on top of each other. The echosounder is placed below both layers pointing 
upwards such that the lower layer is shadowing the upper layer. In our experiments the upper and 
lower layer of fish were built by two sub-cages holding fish with variable density within the 
compartment. In this way the lower cage is shadowing the signal from the upper cage meaning that 
the signal received from the upper layer (further away from the echo sounder) has passed twice 
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through the volume of the lower layer of fish.  A sketch of this setup is depicted on the left side of 
Figure 1. 

In the trials we used both single beam and split beam echo sounders representing the class of relatively 
basic echo sounders necessary for an experimental well-defined setup. However, as more advanced 
sonar systems or more complex systems are based on the same principles, it is expected that the 
obtained generic knowledge and insights can be transferred to more advanced systems as well. 

 

 

1.2.2 Experimental design 

The experiments were divided between two locations with three different species used for the 
biomass. The first trial was performed in Norway using Atlantic salmon, while the second and third 
trial was performed in Greece using gilthead sea bream in the second and European seabass in the 
third trial. The cages designed for the Norwegian trial were large cages approximating a cylinder with 
an octagon shape with a diameter of 3 meters and a height of 1.5 meters as shown in Figure 2. It 
illustrates the original design of the cage along with one of the two finally constructed cages.  These 
cages included features which made it possible to keep the salmon in the cage over multiple days by 
extending the cage volume to a level required by Norwegian law.  

In the Greek trials the cages were smaller cylinders with a diameter of 1.2 meters and a height of 1.1 
meters. The size of the fish themselves is also of significant difference between the trials as the salmon 
in the Norwegian trial’s averages 1.5-2.0kg, while the European seabass and the gilthead sea bream 
averaged approximately 300-400g. 

Figure 1.  Left: Sketch of the experimental setup of an echosounder placed below two layers of fish that 
is placed into two separated compartments/sub-cages. Right: Lifting operation that places a sub-cage 
into a commercial fish-farm in Norway.    
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In all three trials the setup was as illustrated on the left side of Figure 1, with both cages vertically 
aligned and the echo-sounder below the cages. Underwater images from the actual used cages are 
shown in Figure 3. The Norwegian trial utilized a 70kHz split-beam echo-sounder, the second trial in 
Greece utilized a 120kHz split-beam echo-sounder, while the third trial utilized a 200kHz single-beam 
echo sounder. Details can be found in Table 1. As the experiments progressed, the order of the cages 
and the biomass density were changed to investigate the different shadowing effect of the layers with 
varying density. The amount of data gathered at each trial varied as it was sometimes necessary to 
extend the measuring period to ensure at least 10 minutes of clean echo-sounder data. When this data 
was available and stored the cage configuration was changed. For practical purposes the experiments 
with the most biomass were conducted first, and the biomass was reduced for the subsequent trials. 
Figure 4 shows images from the cage placement for a field trial performed at a Norwegian commercial 
fish farm.  

 

Figure 2. Left: Original design for the compartments used to simulate the two layers of salmon within 
commercial fish cages. Right:  The build 3m x 3m x 1.5m sub-cage that was used in the Norwegian 
trials.  

Figure 3. Underwater images from the field trials in Norway and Greece. The cages had 
diameters of approximately 3m and 1.2 m respectively.  
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1.2.3 Equipment 

The echo sounder equipment used for the different trials is listed in Table 1. 

 

Table 1.  Equipment used for the experimental trials 

Experiment Species Echo-sounder Frequency Opening 
angle 

Cage 
radius 

Cage 
Height 

Norway Atlantic 
salmon 

Simrad EK80  70kHz 7 degrees 1.5m 1.5m 

Greece 1 Gilthead sea 
bream 

Simrad EK80 120kHz 7 degrees 0.6m 1.1m 

Greece 2 European 
seabass 

Simrad EK15 200kHz 28 degrees 0.6m 1.1m 

 

 

1.3 Data analysis results 
The data we gathered from an echo-sounder system consisted of a time series of intensities over range. 
By range we mean the distance from the echo-sounder face to the target that the acoustic signal 
collides with and is reflected back. These intensities are called backscattering values and can be utilized 
to estimate single target length and size, or estimate biomass based on integrating the signal over time 
and a representative target strength. By target strength we mean the backscattering signal from a 
single target (or fish, in this case). An example of this data can be seen in Figure 5. Here time is the x-
axis, range is the y-axis and the colors represent the backscattering value strength. 

Figure 4. Images taken during the execution of the field trials. A crane lifts the sub-cage into 
a commercial fish farm cage. Smaller boats were used to bring the cages into their desired 
configuration.   
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1.3.1 Shadowing coefficient analysis utilizing average backscattering values 

By comparing the average backscattering values from the ranges where the cages were installed, we 
can in principle investigate if a change in biomass density in the lower cage changes the received signal 
from the top cage. If there is a shadowing effect present, meaning that there is significant signal loss 
through dense layers of fish, we expect that the mean backscattering value from the top cage will 
increase as the biomass density in the lower cage is reduced, and vice versa. Figure 6 shows the 
measured values from the Norwegian trials. This figure indicates that shadowing is present as can be 
seen from the values from the first five configurations.  

The figure shows the average backscattering values from both cages, where the green color refers to 
cage 1 and the blue color refers to cage 2. Cage 2 was placed at 2m depth and at 5m depth in the first 
two experiments, respectively. The third column measures the backscattering from cage 1 at 2m depth.  

When placed on top of each other (column four) we see that the signal from the shadowed cage (cage 
1, green) is reduced. Reducing the biomass from the shadowing cage (cage 2, blue) we see that the 
signal strength increases again. The final two configurations were discarded as we suspect the 
backscattering values from the cages are artificially inflated due to the cage frame potentially coming 
inside the echo-sounder beam/measurement volume. This likely occurred due to poor weather and 
tide conditions leading to high currents, wind and waves. 

The second trial, and the first conducted in Greece, also shows the presence of the shadowing 
comparing the backscattering values from Cage 1 alone and Cage 1 when shadowed by cage 2 with a 
high biomass density, as shown in Figure 7.  

However, in the other configurations it is difficult to say whether shadowing is present due to the high 
variance. The data from configuration 4 and onward appear to include disturbances where the cage 
interior completely disappears from the echogram, as shown in Figure 7. The reason for this 
disturbance is so far not retraceable, but it significantly affects the mean backscattering values for the 
configurations where it is present and removal of these data-measurements from the datasets has not 
been successful in improving the results. Therefore, we marked this data as corrupted and focused on 

Figure 5. Example of echogram data showing also some of the observed  disturbances. 
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the first three configurations from the trial, which seems to support the results from the Norwegian 
trial.  

 

Figure 6. Mean backscattering value for Norwegian experiments. 

Figure 7. Mean backscattering values for the first trial in Greece. 
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For the third and final trial, also conducted in Greece, the measurements were more ambiguous than 
for the previous trials; Figure 8 shows the mean backscattering from these experiments. The results 
here are difficult to conclude on for several reasons. When comparing the two first configurations 
there is a clear reduction in signal strength from cage 1 when the second shadowing biomass is 
introduced. Changing the shadowing biomass density also has an effect, however, the effect is not as 
clear as previously indicated by the Norwegian data results. Rather than a clear decrease in 
backscattering signal strength when the shadowing biomass density increases, and an increase in 
backscattering signal strength when the shadowing biomass density decreases, we see a change in 
variance. This may be due to the differences between this specific trial and the two previous trials. The 
echo-sounder used in this trial was a single beam echo-sounder with a much larger opening angle then 
the split-beam echo-sounders used in the first two trials. The consequence of this is that the single 
beam echo-sounder covers both the entirety of both cages as well as a large volume of empty water 
around the cages. As the fish layers are no longer covering the entire acoustic beam this may have 
removed, or reduced, any shadowing effect. 

 

 

1.3.2 Influence of Shadowing effect on Biomass estimation 

Using the backscattering values and the mean target strength (TS), meaning a representative target 
strength for the entire biomass based on the average of a representative number of individuals, it is 
possible to estimate the biomass in each cage. Since we know the exact biomass in each cage it is 

Figure 8: Mean backscattering values for the second trial in Greece 
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possible to determine the representative TS for each cage based on the measurements from each cage 
when alone in the echo-sounder beam. As the shadowing effect reduces the backscattering values, 
this too, influences biomass estimation. From the Table 2, 3 and 4 we can see that this is the case for 
the relevant configurations. When the lower biomass is introduced, the biomass estimation for the top 
cage is reduced. When the biomass density is reduced in the lower cage, the estimations in the top 
cage improve. This is in line with what the mean backscattering analysis has shown. It is also worth 
noting that in our case we are aware of the size of the fish and biomass so we can determine a 
representative mean TS, without facing the difficult challenge of single target detection in extremely 
dense fish schools. When a biomass is as dense as they are in aquaculture, separating one target from 
two or more targets inside the echo-sounder data is an extremely challenging task, and can be 
impossible in some instances. In addition, TS from targets closer to the surface will also suffer from 
the shadowing effect, meaning they will have their TS reduced due to signal loss through the biomass 
between the target and the echo-sounder. This limits us to using only the biomass closes to the echo-
sounder as these are not shadowed. The question can then be raised if these fish, who swim closest 
to the echo-sounder, are representative for the entire cage population. If not, the mean TS found from 
these individuals will not represent the biomass correctly, and we will not be able to accurately 
estimate the biomass.  

 

Table 2. Biomass estimation in fish/m3 from the Norwegian trial, excluding the two last 
configurations as these are not valid 

Configuration 1 2 3 4 5 

Cage1 - - 11.38 5.76 8.34 

Cage2 8.67 11.22 - 10.93 10.61 

 

Table 3. Biomass estimation in fish/m3 for the second Trial in Greece, excluding the configurations 
with substantial disturbance 

Configuration 1 2 3 4 

Cage1 54.3 54.8 20.8 32.8 

Cage2 - - 35.79 11.94 

 

Table 4. Biomass estimation in fish/m3 for all cases in the second trial in Greece 
Configuration 1 2 3 4 5 6 7 8 9 10 11 12 13 14 

Cage1 52.5 26.6 - 11.2 49.2 16.5 16.0 22.6 18.3 - 7.8 - 2.4 1.9 

Cage2 - 85.4 101.4 12.1 47.7 109.8 - - 20.6 42.3 - 0.5 4.8 - 

Cage3 - - 12.1 41.2 - - 36.9 19.9 - 25.0 - - - - 
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1.3.3 Compensation using linear regression  

Having measured the shadowing effect occurring, we can attempt to compensate for this effect. One 
method of doing so is outlined in the paper (Zhao 2003). There, the authors attempt to compensate 
for shadowing by assuming that the shadowing coefficient is linearly proportional to the area 
backscattering coefficient of the measured fish density. This method has, as far as we know, only been 
utilized in fishery application. This is significant as there are several key differences between 
aquaculture and fishery applications. The main difference is the distance from the echo-sounder and 
the target biomass. While in fishery application this distance can be as large as several hundred meters, 
in an aquaculture application this is much closer. In the performed experiments the echo-sounder was 
mounted at a depth of 12 meters, with the top cage installed at 2 meters depth, meaning that the fish 
are only 9 to 10 meters away. This proximity to target biomass introduces uncertainty in how the 
acoustic signal should be analysed as the target in question may no longer be approximated as a point 
target. Compensation for the shadowing effect was attempted on data from both the Norwegian and 
Greek trial. The configuration with the highest shadowing biomass density was chosen as the 
shadowing effect should be most visible in these configurations.  

Attempting compensation for the data from the Norwegian trials gave the results shown in   

Figure 9Figure 9. From the figure we can see that the signal is being compensated, however, the 
compensated signal is still far weaker when compared to the signal from the cage by itself. A weakness 
in the dataset from the Norwegian trial is that is does not include data from the surface unobstructed 
by any biomass, as the experiments were executed in an occupied sea-cage. Therefore, measurements 
from the surface obstructed by only one cage with biomass was utilized instead. Due to this it is 
expected that any attempt to compensate for shadowing will underestimate the shadowing effect, 
however the amount compensated for is far lower than expected.  Compensating for the shadowing 
effect on data from the first trial in Greece is also shown in Figure 9.  

This trial was executed in an empty sea-cage and therefore also included measurements from the 
surface unobstructed by any biomass. It was expected that there would therefore be significant 
difference between the shadowing compensation on the Norwegian data and the Greek data. This 
turned out not to be the case as the compensation is still far lower than expected also in this data. 
Figure 9 also shows that while this compensation method assumes that there is linearity, this is not 
the case. 

 

1.3.4 Discussion of results 

The results turned out to be not as conclusive as we anticipated during the planning phase of the 
experiments but are still indicative with respect to certain points. Firstly, dense layers of biomass do 
affect acoustic signals from echo-sounders. Seemingly, if the biomass covers the entirety of the 
acoustic beam there is a clear signal loss when the signal in question travels through the biomass. This 
signal is also large enough to impact biomass estimation numbers and raises concerns regarding their 
validity if not compensated for. Second, compensation based on linearity might be an 
oversimplification for the tested measurements and does not provide a compensation factor large 
enough to remove the shadowing effect. It may be possible that some nonlinear methods could 
improve the results. This is something that should be investigated. Also, the compensation done in this 
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project utilized the ocean surface which is not a stable target, meaning that due to waves and 
movement the backscattering signal from the ocean surface will vary greatly. We also noticed that the 
results varied largely when we utilized data from the surface from different days as a reference for 
compensation. Utilizing two echo-sounders, one inside the sea-cage observing the fish and one 
outside the sea-cage observing a clear, unobstructed target, would allow to better compensate for 
influences of the measurements from the actual local environmental conditions. 

 

 

  
Figure 9. Compensation attempt for the trials in Greece (left figures) and Norway (right figures). 
 

 

Third, more experiments are needed in order to understand how acoustic signals behave in the 
medium (water and dense biomass) in aquaculture application. These are systems which are built and 
tested mostly for fishery applications and retrofitted for aquaculture. As such there are some aspects 
of echo-sounder which are not fully compatible with aquaculture applications. The proximity to target 
is one such aspect, as much of echo-sounder signal processing assumes approximates a point target 
due to small targets compared to the acoustic beam. This is true for fishery applications but not always 
for aquaculture. The effect such aspects has on echo-sounder data is not well understood and more 
research should be carried out in order to better understand how these systems can be best used 
within aquaculture. We therefor suggest that experiments involving both simulations and physical 
experiments in a controlled environment be executed in the future, in order to better understand 
acoustic propagation in dense fish schools in close proximity to the echo-sounder system. 
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SECTION II. Individual weight estimation in cages 
2.1 Introduction 

2.1.1 The biomass estimation problem  

Effective management in aquaculture farms requires good calculation of fish growth during rearing. 
Therefore, commercial production and research activities needs for accurate measurement of fish size, 
ask for developing technologies to address this problem in a less labor-intensive manner while offering 
improved precision compared to the current approaches. Today, the most commonly used techniques 
for length measurement are based on sampling specimens on-site, an approach that requires 
experienced personnel and induces stress on the fish groups. In recent years, numerous fish size 
calculation systems have been developed for several applications outside the aquaculture, mostly 
targeting ecological studies and surveys, replacing the standard method for size estimation, based on 
gathering results on site. Knowing the needs of the Mediterranean marine fish farming, a system for 
fish measurement without any human intervention was developed, while providing accurate 
measurements.  

In this report we present the work done towards the estimation of individual fish size. The objective is 
to develop a system that accurately measures fish size (Length/Shape) using 3D photogrammetry and 
computer vision algorithms and techniques which operates remotely, so that limited personnel will be 
necessary on site. For this we apply principles of Stereoscopic Vision that imitates human’s visual 
system with two cameras and estimate the “depth” (distance from the camera) from two overlapping 
images of the same scene (slightly separated from each other)  

The pipeline of our method is as follows:  

• A stereoscopic image is obtained and the “depth” is calculated.  
• The 3D model pose is applied after creating a 3-D model of the target fish,  
• Match the model with a specimen to measure.  

o A PSO (particle swarm optimization) algorithm using the “depth” data is applied. 
o To increase accuracy, a convolutional neural network is trained to specify the 

candidate specimen   

The report presents all adaptations performed during the course of development in order to achieve 
acceptable precision of fish size estimation. Adaptations include modifications in the methodology as 
well as in equipment used. 

 

2.1.2 Previous works 

The estimation of fish size in the aquaculture industry today is done after sampling a significant 
number of fish; it is a time-consuming process and stressful to the fish, and often it may result in 
mortalities. In addition, usually before sampling, the fish are deprived of food to reduce their stress, 
and in the first days following sampling, food consumption and thus growth may be negatively 
affected. The way in which the fish are collected in order to obtain a representative sample is complex, 
especially when farming takes place in cages. The complexity is due to the way they are sampled as a 
representative sample of fish must be selected from a total of several tens of thousands of fish reared 
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in cages of several thousand cubic meters in volume. After collection, the fish are anaesthetized, the 
required measurements (e.g. weight, etc.) are taken and finally they are returned in the cages. The 
number of fish measured ought to be statistically significant in relation to the total number of farmed 
fish. A detailed description of the methodology currently applied, and the difficulties encountered is 
given by O. Stavrakidis-Zachou, et al. 2018. 

Further to the standard procedure, there are recent attempts to perform measurements using visual 
methods, i.e., without removing the fish to be measured from the rearing area (C. Shi, et al. 2020; 
Monkman, et al 2020; Zhang, et al. 2020; Harvey, et al. 2002). The above methods do not consider the 
actual aquaculture conditions where fish swim in particularly high densities. The methods mentioned 
have focused on estimating fish length in controlled environments, such as tanks within a laboratory 
setting without taking into account the unpredictable factors of the environment where the farms are 
located such as adverse weather conditions and water turbidity, particularly in the sea. And this for 
optical systems represents a major problem in any measurement due to the optical distortions created 
by the aquatic environment. 

Of particular interest is a semi-automatic, non-invasive, fish length estimation system. It is based on 
stereoscopic computer vision and photogrammetry and has been tested in Atlantic salmon. The system 
consists of two main subsystems, which are a desktop application and a stereoscopic camera. The 
desktop application is a free software called VidSync1 and is operating on Apple Mac OS computers. 
The use of VidSync software allowed length measurements of manually selected individuals. The 
accuracy is affected by the quality of the input that the human operator provides. It is a quite 
innovative system but it is yet lacking accuracy and is not widely used. This system has been tested by 
the HCMR group in the frame of the EU project AquaExcel2020. 

In addition to the above research works, some other systems have appeared on the market presenting 
length-based fish size estimates in fish cages, but no details are given on how the estimation is done, 
beyond the general reference to the use of artificial intelligence. 

 (https://new.abb.com/news/detail/55912/feeding-the-world-responsibly-and-sustainably-with-
artificial-intelligence-by-abb-and-microsoft; http://www.aquabyte.ai/index.html; 

https://www.innovasea.com/aquaculture-intelligence/biomass-estimation/; 

https://optoscale.no/?lang=en; https://www.gosmartfarming.com/; 

https://hashilthsa.com/news/2022-01-14/new-underwater-camera-sensors-allow-fish-farms-access-
real-time-salmon-data) 

 

2.1.3 Model-based Shape Estimation using Stereoscopic vision 

Stereoscopy is based on the human vision system, using cameras in a similar manner with human eyes.  
A camera is an optical medium which records either static or non-static scenes, saving them in a digital 

 
1 http://www.vidsync.org/HomePage 

 

https://new.abb.com/news/detail/55912/feeding-the-world-responsibly-and-sustainably-with-artificial-intelligence-by-abb-and-microsoft
https://new.abb.com/news/detail/55912/feeding-the-world-responsibly-and-sustainably-with-artificial-intelligence-by-abb-and-microsoft
http://www.aquabyte.ai/index.html
https://www.innovasea.com/aquaculture-intelligence/biomass-estimation/
https://optoscale.no/?lang=en
https://www.gosmartfarming.com/
https://hashilthsa.com/news/2022-01-14/new-underwater-camera-sensors-allow-fish-farms-access-real-time-salmon-data
https://hashilthsa.com/news/2022-01-14/new-underwater-camera-sensors-allow-fish-farms-access-real-time-salmon-data
http://www.vidsync.org/HomePage
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medium or in a film. The cameras operate with the light in the visible spectrum and the light exposure 
on the scene is controlled through the shutter. A video camera works in a similar way recording a series 
of quick succession static scenes.   
Stereoscopic photogrammetry uses two overlapping images of the same scene, slightly separated from 
each other in order to estimate the third dimension (depth) of the images (Gennery, 1979).  
 

2.1.4 Artificial Intelligence and identification with Genetic Algorithms 

Artificial Intelligence (AI) refers to a machine trying to mimic human cognitive functions such as 
learning and problem solving. The algorithm used during the system development was a Particle 
Swarm Optimization (PSO), which optimizes a problem with repeated attempts in order to improve a 
candidate solution, using a population of candidate solutions. Analytically, PSO is a stochastic 
optimization technique that was developed around 1995, inspired by the social behavior of fish 
schooling and bird flocking (Kennedy et al., 1995). PSO has a lot of similar points with genetic 
algorithms. They both have a population of random solutions, searching for the optimal one for many 
generations (i.e. repeated attempts). The solutions that PSO produces are called particles, which are 
updated in every generation.  

Based on previous methods such as body tracking (Zhang et al., 2010; Sfakiotakis et al., 1999) many 
studies were conducted demonstrating the capabilities of Particle Swarm Optimization as it is hard to 
measure body poses, due to the many parameters of the body. Furthermore, PSO algorithm was 
conducted in an even more difficult task such as hand tracking (Oikonomidis et al., 2012; Oikonomidis 
et al., 2011a; Oikonomidis et al., 2011b). Therefore, Particle Swarm Optimization was the candidate 
method used in this project with the objective to develop a three-dimensional model which through 
AI could fit on a candidate specimen (fish), in order to measure its length.  
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2.2 System development and validation 
2.2.1 Hardware 

Stereo pair cameras: Two high resolution (1080p, 30 frames per second) IP cameras (Logitech C920) 
were used. They were selected due to their small size making them easily adaptable to any housing. 
Communication was achieved with a Power-Over-Ethernet (POE) link (100 Mbps transfer rate).  

Processor unit: The cameras were operated by a minicomputer, which receives the data 
(images/videos) and transmits them into the main system. This was an Odroid XU4 single board 
computer of high performance despite its size. It operates with Linux, offers sufficient storage space 
and two USB ports, one for each camera.  

Waterproof Housing: The cameras and the minicomputer were installed in a waterproof housing. Two 
special tubes (BlueRobotics SA) (one for each camera) were used, each made of acrylic material and 
tested in 65 meters depth. The tubes were located on an in-house build base allowing the adjustment 
of the distance between the cameras, a feature required for the calibration as will be explained below 
(Figure 10). 

 

 

Figure 10. Stereo cameras placed in waterproof housings. 
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2.2.2 Initial attempts 

The developed system for fish size measurement is comprised of three main steps as indicated in Figure 
11Figure 11. : 

(a) the Stereoscopic Image Acquisition,  
(b) the Pre-processing stage, and  
(c) the Model fitting algorithm.  
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Figure 11. System architecture diagram. 
 

Using a stereoscopic vision setup, a sequence of image pairs is captured from two High-Definition IP 
cameras. The cameras are managed by a mini-computer, synchronizing their scenes and through 
specially designed algorithms, the system is able to estimate the “depth of the frame”. Subsequently, 
through image processing, the system isolates potential candidate fish for measurement. The process 
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Left Frame 

Right Frame 
Depth Frame 
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Depth Frame 

Left Frame 
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3D Model 
Final Result 
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involves various stages of filtering to reduce the optical noise from the depth frame. In the final stage, 
a PSO algorithm attempts to fit a three-dimensional fish model on the candidate sample. When 
successful, this allows estimating the length of the candidate fish. In the paragraphs below the process 
is analyzed in detail. 

(a) The Stereoscopic Image Acquisition 

Cameras Synchronization: The synchronization of the scenes is a crucial step for any parameter 
calculation. In order for a system to operate in unison, the coordination of events is required, i.e. the 
images from both cameras should be taken at the same time. In our case, the received images ought 
to be synchronized having common the time and the frame. This is carried out successfully with a code 
developed based on open-cv (computer vision) libraries. In particular, due to the processing power of 
our system, the delay during the image acquisition should be estimated. As the cameras rate was 20 
fps, each frame requires 0.05 seconds to be sent, the algorithm evaluates the intermediate time 
between commands, calculating the delay (Figure 12). The highest delay between commands was 
32,630 μsec. Hence, the system can properly sustain the prescribed frame rate without incurring 
additional delays. 

 

 

Camera’s calibration: In order to analyze the captured image, a calibration of the two-camera system 
is required, estimating the parameters between an object in the 3D space and its projection in 2D [2].  

Cameras are equipped with lenses, in order to accumulate the reflected light from an object, which 
distorts the image as a side-effect. The two sets of parameters used to create a mathematical model 
of a 3D camera system are the intrinsic and extrinsic ones.  

• The intrinsic parameters are the Pixel size, the Focal length (𝑓𝑓) and the Principle point or Optical 
center (𝑂𝑂𝑐𝑐) (Figure 13). They describe the relation between the coordinates of a three-
dimensional point and its projection on the image plane. Generally, they represent the mapping 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
0
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F ra m e  n u m b e r

Figure 12. Evaluate synchronization. 
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of a three-dimensional scene to a two-dimensional image and they will help in correcting the 
distortion caused by the lenses.  

• The extrinsic parameters are the Translation (𝑇𝑇) and Rotation (𝑅𝑅) matrices. They describe the 
cameras movement around a static scene or the rigid movement of an object in front of the 
camera. The extrinsic parameters depend on the position of the camera and represent the 
transformation of the 3-dimensional world to 3-dimensional camera model.  

 

 

 

Image Rectification: Following the Intrinsic and Extrinsic parameters calculation, and in order to 
validate the initial estimations, the correlation of the correspondence points takes place. This is 
performed through image rectification, a transformation process that is used for frame projection into 
a common image plane, using two images (from Left-hand and Right-hand cameras) that depict an 
object from different viewpoints and from known relative positions. Each pixel from the left image 
must correspond to one pixel from the right image, and vice versa. In particular, a sufficient number 
of images from a calibration pattern (in our case a chessboard pattern), recorded from different angles 
and orientations is used, and afterwards, the corresponding points are matched using epipolar 
geometry, known also as the geometry of stereoscopic vision2. When two cameras (Left Camera and 
Right Camera –Figure 14) capture a scene in real 3D coordinates (Figure 14– Gray images), there are 
geometric relations between the real 3D points and the projections of the 2D images (orange) that 
lead to constraints between the image points. These relations are based on the fact that the cameras’ 
optical centers are lay on the same horizontal axis (Figure 14– Yellow images).  

Consider that the images in Figure 15 are rectified. That means that the epipolar lines (red lines in 
Figure 15) are parallel to the 𝑥𝑥 axis and the corresponding points should have the same vertical 
coordinates (relatively to 𝑦𝑦 axis). As shown in the rectified images, the points from the left image 
correspond to the same points of the right image.  

 

2 For basics in epipolar geometry, check at https://en.wikipedia.org/wiki/Epipolar geometry and for more details 
at http://www.cs.toronto.edu/~jepson/csc420/notes/epiPolarGeom.pdf 

Figure 13. How image depict through camera's pinhole. 

https://en.wikipedia.org/wiki/Epipolar%20geometry
http://www.cs.toronto.edu/%7Ejepson/csc420/notes/epiPolarGeom.pdf
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Depth Estimation: After having calculated the transformation matrices and completed the rectification 
of the images, the final step is the depth estimation. Depth is the distance of an object from the 
reference camera and in order to calculate it, the disparity estimation should take place first. Disparity 
is the difference between the two cameras relatively to 𝑥𝑥 axis, and it is calculated using triangulation.  

As Figure 16 shows, assuming that the points 𝑥𝑥 and 𝑥𝑥′ are known, then their projection lines are also 
known. Provided that the points correspond to the same three-dimensional point (𝛸𝛸,𝛶𝛶,𝛧𝛧) , their 
projection lines should be intersected to the point (𝛸𝛸,𝛶𝛶,𝛧𝛧). Through the triangulation method the 
point (𝑋𝑋,𝑌𝑌,𝑍𝑍) can be calculated. Therefore, disparity is the difference between 𝑥𝑥𝑥𝑥 and 𝑥𝑥′𝑥𝑥 
(equation(𝟏𝟏)). 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑦𝑦 = 𝑥𝑥𝑥𝑥 − 𝑥𝑥′𝑥𝑥     (𝟏𝟏) 

Subsequently, since the baseline 𝐵𝐵 (distance between two cameras) and the focal length 𝑓𝑓 (an intrinsic 
parameter) are known, the Depth can be calculated using equation(𝟐𝟐) : 

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷ℎ =  
𝐵𝐵 ∙ 𝑓𝑓

𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑦𝑦
   (𝟐𝟐) 

Figure 14. Rectification process. 

Figure 15. Optical evaluation with epipolar lines. 
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A specially designed algorithm was able to estimate the depth in any frame and following this to 
estimate a ”depth frame”, i.e. a frame where all possible depths are shown in different scales of gray. 
Hence from Figure 15 the resulting “depth frame” is shown in Figure 17. 

 

 
(b) Pre-Processing 

Based on quantization, a process of separating the data into discrete sets, a depth frame is separated 
at intermediate lower depth values. The system processes the various depths, detecting all the 
candidate fish in the frame. Based on mathematical morphology (image filtering) we were able to fix 
up the image. 

In Figure 18, the depth map (Left image) extracted from the stereo pair is shown without any 
processing, while Figure 18 (Right image) shows the depth frame after processing.  

The small irregular surfaces as shown in Figure 18 (Right image), indicate the optical noise that remains 
after the processing. The unit measurement for these regions is pixels. To avoid detecting regions with 
more than one fish, the overlapping window’s amplitude method was applied. During image 
processing a range of window’s amplitude was set, as well as an additional range for the overlapping 

Figure 16. Two rectified scenes projecting same plane and matching corresponding points 

Figure 17. Depth frame. 
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window. For instance, if the system was searching in a depth range between 150 cm-160 cm, then 
three overlapping windows (images) are created: 

• 1st Image range: 145cm-155cm 
• 2nd Image range: 150cm-160cm 
• 3rd Image range: 155cm-165cm  

 
The remaining noise during image processing would make the system more difficult to fit the 3D 
model. Removing noise would help the system to eliminate inappropriate regions. In order to calculate 
noise regions, a minimum depth value was set (determined by the reference camera) as well as a 
maximum depth value (210 cm which it was set by the user).  

The threshold for noise elimination was set based on two criteria, (a) the appropriate regions (fish) 
were manually selected, erasing the remaining from the frame as noise. This procedure was carried 
out in a large number of frames and (b) finding the smallest specimen at the maximum distance from 
the reference camera. Following these, the frame was clear as shown in Figure 19. 

  

 

 

 

 

Figure 18. Extracted depth map before (Left) and after (Right) image processing. 

Figure 19. Clear frame after applying noise threshold. 
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(c) Model fitting algorithm 

The gilthead sea bream (Sparus aurata), was used as a model species. A three-dimensional model was 
developed, representing the target fish (Figure 20). It was designed using the Blender open-source 
software.  

The objective was to create a model with precision as to allow “natural” movements and “positions” 
depicting all the parts of the body. The model was processed to adapt to the different sizes and 
orientations of the candidate fish. Based on that, a skeleton (Figure 21) was considered, consisting of 
joints and links: 

Joints: Each joint has 3 degrees of freedom, achieving the desired link position in the world space. 

Links: It is a body of solid material that connects two adjacent joints. 

The skeleton determines the orientation of the model. 

 

 

 

 

 

 

Figure 20. Designed fish without skeleton 

Figure 21. Designed fish with skeleton. 
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As the skeleton is on scale, the model is adjusting appropriately on the candidate fish. In Figure 21, 
some parts on the model present different color variations. As the color gets “warmer”, the allowed 
movement range in this area is increasing. Conversely, areas whose color is “cold” (i.e., towards blue) 
have a decreased movement range. All marine fish do not have the same movement mode. Based on 
bibliographic references [13], gilthead sea bream belongs to the family of carangiforms (Figure 22), 
which means that it uses only approximately 1/3 of its body length during swimming motions. Hence, 
the skeleton backbone was edited, placing the appropriate constraints on the links and joints (Figure 
23). 

 

 

A skeleton is composed of 5 joints and 5 links and is adjusted in a way that it can represent the shape 
of the candidate fish during any swimming motion. The specific constraints of each joint are presented 
below. 

 Skeleton length (in our case it was defined 2.5 cm) 
 Skeleton scale: The scale is adjustable, in order to fit all candidate fish’s lengths. The range of 

the scale is between 0,1 and 50. 
 Skeleton orientation (Angle maximum range per joint): 

o Bone.001: X  0°, Y  0°, Z  (-15° - 15°) 
o Bone.002: X  0°, Y  0°, Z  (-30° - 30°) 
o Bone.003: X  0°, Y  0°, Z  (-40° - 40°) 
o Bone.004 : X  0°, Y  0°, Z  0° 
o Bone: X  0°, Y  0°, Z  0° 

 
The final model used consists of 11 parameters: 

 3 parameters that refer to model translation in the 3D system ((𝑋𝑋,𝑌𝑌,𝑍𝑍) axes).  
 4 parameters for model orientation (quaternion representation), in order to achieve the 

desired body orientation. 
 1 parameter for model scale, to adjust properly all lengths of fish. 

Figure 22. Swimming movements (a) anguilliform, (b) subcarangiform, (c) carangiform, (d) 
thunniform mode 
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 3 parameters for each joint orientation (Euler angles), adjusting all fish’s body inclinations. 
 

 

 

 

 

Particle Swarm Optimization algorithm: The Optimization of the 3D model fitting was achieved using 
the Particle Swarm Optimization (PSO) algorithm, which optimizes a problem by making repeated 
attempts to improve a candidate solution. In this case, it emulates the interaction of 3D model’s 
potential solutions, the particles, through a number of iterations (known as generations). Each next-
generation’s particle is optimized over the current-generation’s optimum particles in the search space. 
The optimal results are used in the next phase, until the number of generations reaches the end. The 
total number of generations, i.e. the number of algorithm’s iterations, is determined by the user.  A 
typical example is the evolution of the human species (Figure 24). 

In our case we apply a PSO algorithm with final goal the matching of the 3D model on the candidate 
specimen. The skeleton (Figure 25) manages to adapt on the candidate sample. To achieve this, a 
parametric model of joint kinematics of a fish was defined. It has 11 parameters) that represent the 
fish pose (3-D position and 4-D quaternion encoded orientation). Therefore, mapping to the feature 
space is required for each point in search. In our case, to achieve the appropriate fitting we relied on 
two parameters: (a) the candidate fish’s observation and (b) the depth map. 

Figure 23. Defining the parameters on the skeleton 
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Length Estimation: In order to calculate the candidate’s specimen length, the value of the “model’s 
length” should be translated into real scale, a process called normalization. Consider 𝐼𝐼 the value of the 
“model’s length” (in two-dimensional space), these values range from 0.1cm to 50cm(0.1 ≤ 𝐼𝐼 ≤ 50). 

Consider 𝐼𝐼𝑛𝑛 the normalization value or the actual length of the specimen, which it ranges from 0m to 
1m(0 ≤ 𝐼𝐼𝑛𝑛 ≤ 1) and it is estimated from equation(𝟑𝟑). Worth mentioning is that the values for  
𝐼𝐼 𝐷𝐷𝑎𝑎𝑎𝑎 𝐼𝐼𝑛𝑛 were set by the user. 

𝐼𝐼𝑛𝑛 = 𝐷𝐷 ∙ 𝐼𝐼 + 𝑏𝑏                  (𝟑𝟑) 

Using the minimum (0.1cm) and maximum (50cm) values of 𝐼𝐼, and the relevant minimum (0m) and 
maximum (1m) values of 𝐼𝐼𝑛𝑛 the equation (𝟒𝟒) yield to: 

 

 

 

 

 

 

 

 

 

Figure 24. Evolution algorithms. 
 

Figure 25. 3D model visualization. 
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𝐼𝐼𝑛𝑛 = +49.9 ∙ 𝐼𝐼 + 0.1               (𝟒𝟒) 

Validation: A first validation of the system by measuring known objects took place in lab environment 
(Figure 26) where known objects (chessboard, cup, batteries) were measured. In the diagram (Figure 
27) the results of this first evaluation are shown. 

 

 

  

 
For each object two arbitrary points were selected manually, and their distance – length was 
estimated. Points 𝑃𝑃1(𝑥𝑥1,𝑦𝑦1) and 𝑃𝑃2(𝑥𝑥2,𝑦𝑦2) represent the coordinates in 2D space. Knowing the 
points (𝑃𝑃1,𝑃𝑃2) through equation(𝟓𝟓) we are able to calculate object’s length: 
 

𝐿𝐿𝐷𝐷𝑎𝑎𝐿𝐿𝐷𝐷ℎ =  �(𝑥𝑥2 − 𝑥𝑥1)2 + (𝑦𝑦2 − 𝑦𝑦1)2   (𝟓𝟓) 
 
Knowing the actual length the relative error was estimated (Equation 𝟔𝟔), allowing corrections, such as 
the distance between two cameras (baseline) or the camera parameters.  
 

𝐸𝐸𝐷𝐷𝐷𝐷𝐸𝐸𝐷𝐷 =  𝐴𝐴𝑐𝑐𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝐿𝐿𝐿𝐿𝑛𝑛𝐿𝐿𝐴𝐴ℎ−𝑀𝑀𝐿𝐿𝐴𝐴𝑀𝑀𝐴𝐴𝑀𝑀𝐿𝐿𝑀𝑀 𝐿𝐿𝐿𝐿𝑛𝑛𝐿𝐿𝐴𝐴ℎ
𝐴𝐴𝑐𝑐𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝐿𝐿𝐿𝐿𝑛𝑛𝐿𝐿𝐴𝐴ℎ

∙ 100   (𝟔𝟔) 
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Figure 26. Measurement of known objects. 

Figure 27. Measurements taken outside from the aquatic environment. 
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A similar approach was used in an aquatic environment, measuring certain distances on a chessboard 
(Figure 28), in different depths. This was repeated several times and the relevant results are shown in 
Figure 29.   

 

 

 

 

2.2.3 Accuracy Assessment 

A final evaluation of the system took place by measuring a sufficient number of fish specimens that 
were placed in a tank. Individuals of known sizes were placed in a tank (250cm x 150cm). Since the 
distribution range was from 20cm to 33cm, we were able to verify system’s measurements at different 
distances. To identify individual specimens, a special visual color tag was placed for identification 
(Figure 30) following a length measurement.  

The actual measurements taken were both the Total Length (TL) the Fork Length (FL) together with the 
Weight of the individuals. 
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Figure 28. Known object. 

Figure 29. Measurements inside aquatic environment. 
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Dataset: For evaluating the system a large amount of data was collected after monitoring of a group 
of 22 fish. From 100 frames collected, a two-step approach was followed. Initially, the appropriate and 
the inappropriate fish were selected manually. Then the PSO algorithm was applied and the selection 
of the specimens in each frame was compared with the ones manually selected in order to estimate 
the accuracy of the system.  

 

An example is given in Figure 31, where (a), the green dot represents the appropriate fish with its 
length and the red dot represents the inappropriate fish. The inappropriate fish were selected based 
on occlusions and incorrect inclination of the body. The system was able to detect the appropriate 
specimen and compare the estimated length with the actual length. The results were analyzed based 
on the score function. The score function (ꭥ) yields a value depending on the accuracy of the model 
fit to the specimen identified. This function has as output a value ranging from 0 to 1, where low values 
represent a better fit. 

 

Evaluation of results: Measurements were performed on a computer with a core Intel i7 CPU, 8 GB 
RAM and an NVIDIA processing unit. In our project the algorithm parameters were set: 

• Generations: 400 
• Particles: 800 

Figure 30. Fish specimens with color tag. 

Figure 31. (a) Manually selected Appropriate fish (green dot) - Inappropriate fish (red dot); (b) 
algorithm selection of specimen. 
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Below, the system results are analyzed based on their score (ꭥ). From a total of 932 samples, 155 were 
appropriate and 777 inappropriate. The algorithm detected 88 appropriate samples. The number of 
proper fish per frame depended on the score (ꭥ), the total number of fish in the frame and the optical 
noise. In order to better visualize the results, three categories were created depending on the score 
values 

• from 0.5 to 0.6  
• from 0.6 to 0.7  
• from 0.7 to 0.8  

 
The best fittings were obtained at the first category, yielding relatively low error rates. As observed in 
Figure 32, the higher the score value the lower the fitting of the 3D model from the candidate fish.  

The results of the whole process are summarized in Table 5. For each score value the total number of 
appropriate fish and inappropriate fish identified is shown.  

For each appropriate fish identified, its total length was calculated and compared with the actual 
known value. The results of this comparison are presented in the Figure 33Σφάλμα! Το αρχείο 
προέλευσης της αναφοράς δεν βρέθηκε. where the mean error (absolute value) for each score 
category is shown. The mean absolute error ranged from 3.3% to 16.6%. The highest errors values 
(16.6±20.5%) were recorded for the highest score categories of 0.75 and 0.8. On the contrary the 
lowest error values were observed for the 0.5 score category being 3.3%. The categories of 0.55-0.6 
gave also acceptable error values (8.4±7.5%). For score values higher than this, although more 
appropriate fish are identified, the error values increase above 10%, which is considered as an 
unacceptable value. 

 

Table 5. Results of the algorithm depending on the different scores 
Score  Appropriate 

Samples 
Inappropriate 
Samples 

0.5 1 0 

0.55 7 1 

0.6 12 2 

0.65 27 9 

0.7 36 16 

0.75 49 22 

0.8 50 25 
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(a) Score range: 0.5 – 0.6 (b) Score range: 0.6 – 0.7 (c) Score range: 0.7 – 0.8 

  

 

 

 

 
 

 
Figure 32. Indicative results in three different score ranges: (a) 0.5-0.6, (b) 0.6-0.7, and (c) 0.7-0.8 
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The most important reason for the low success rate in the identification of fish is the optical noise that 
affects the depth display and it can be attributed to the low transparency of the water in an 
aquaculture environment. An additional issue, difficult to be addressed, is the continuous movement 
of fish, creating occlusions and self-occlusions, making harder the proper operation of the algorithm.  

Finally, in Figure 34 the so-called Recall and Precision diagrams are provided. The diagrams are related 
to the evaluation variable score (ꭥ) as defined above (Table 6), which displays the optimal solution that 
depends on the best fit of the 3D model on the candidate fish. So, the diagrams explain the precision 
of the PSO algorithm as the score changes. In particular it shows (a) the ratio of the identified 
appropriate fish to the total number of fish (Recall) and (b) is the ratio of the identified appropriate 
fish to the total number of appropriate fish (Precision). Analytically the formulas of Recall and Precision 
are (Equation 7, 8): 

𝑅𝑅𝐷𝐷𝑅𝑅𝐷𝐷𝑅𝑅𝑅𝑅 =  𝐴𝐴𝑝𝑝
𝐴𝐴𝑝𝑝+𝑓𝑓𝑛𝑛

      (7) ,        𝑃𝑃𝐷𝐷𝐷𝐷𝑅𝑅𝐷𝐷𝐷𝐷𝐷𝐷𝐸𝐸𝑎𝑎 =  𝐴𝐴𝑝𝑝
𝐴𝐴𝑝𝑝+𝑓𝑓𝑝𝑝

  (8) 

where the variable 𝐷𝐷𝑝𝑝 is referred to the appropriately identified fish, the variable 𝑓𝑓𝑝𝑝 is referred to the 
inappropriately identified fish and the variable 𝑓𝑓𝑛𝑛 is the difference of the total amount of appropriate 
fish minus the variable 𝐷𝐷𝑝𝑝 (𝑓𝑓𝑛𝑛 = 𝑇𝑇𝐸𝐸𝐷𝐷𝐷𝐷𝑅𝑅 𝐷𝐷𝑎𝑎𝐸𝐸𝑎𝑎𝑎𝑎𝐷𝐷 𝐸𝐸𝑓𝑓 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐸𝐸𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 𝑓𝑓𝐷𝐷𝐷𝐷ℎ −  𝐷𝐷𝑝𝑝). 

 

2.2.4 Further evaluation of the method 

Following the evaluation with the experiments in a controlled environment, a second set of tests took 
place in net pen cages to validate the capacity of the system to operate in an actual industrial setup. 
However, several problems that didn’t exist in the tank appeared in the cage, resulting in the failure of 
the system. The main problem was related to the increased number of fish which make extremely 
difficult the estimation of the “depth frame. Hence, a different approach was implemented. 

Figure 33. The error of the various score values (error bars is the standart deviation) 
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Table 6. Recall and Precision related to score 
Score tp fp fn Recall Precision 

0.5 1 - 154 0.0064 1 

0.55 7 1 148 0.0452 0.875 

0.6 12 2 143 0.0774 0.8571 

0.65 27 9 128 0.1742 0.75 

0.7 36 16 119 0.2322 0.6923 

0.75 49 22 106 0.3161 0.6901 

0.8 50 25 105 0.3226 0.6667 

 

   

 

  

Figure 34. (a) Recall and (b) Precision diagrams 
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2.3 Shape estimation based on a Convolutional Neural Network 

A different approach to efficiently detect the 2D pose of multiple fish in an image was implemented 
and is presented here after. This procedure is focused on the problem of localizing anatomical 
keypoints (“body parts”) and estimating a fish pose in two-dimensional coordinates. In order for this 
approach to be accomplished, a Neural Network (NN) should be trained. Neural network is a computer 
system inspired by the biological neural networks (NN). Such systems “learn” to execute tasks by 
considering examples. In our case the optimal solution for a NN, is Convolutional Neural Networks 
(CNN) (Sainath et al 2013). CNNs are widely used to find patterns in an image, by using a convolution 
method. Convolution is a mathematical (linear) operation, such as image processing with different 
filters, searching for patterns in an image, etc. A CNN is comprised of different layers and each layer 
consists of different filters, whose goal is to search for patterns. The processed images pass through 
the network and start recognizing more complex features. At each stage (iteration) the system refines 
the predictions (results), through intermediate supervision.  

In the present case, the training process is separated in four steps, (a) Image annotation, (b) CNN 
Training, (c) 2D Pose Estimation, (d) 3D pose estimation. Starting from the creation of a dataset with 
images comprised of keypoints (“body parts”) (a), this dataset is given as an input to the CNN in order 
to be trained (b) and to estimate the 2D pose (c). Subsequently, in the last section the length will be 
estimated (d). 

(a) Image Annotation 

Image annotation is a process of labeling areas on images that contain specific “body parts”, in order 
to make it recognizable for machines (Figure 35– above image).  

 

 

 

Figure 35. Annotation process (above image) - The annotated "body parts", from the selected object 
(below image). 
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In our case these “body parts” were selected to be the mouth, the start of the pelvic fin, the eye and 
base of the tail for both left and right sides (Figure 35). These “body parts” are picked by the user 
manually. The annotated images are used as datasets in machine learning, by building an Artificial 
Intelligence-based model that can operate using a learning process to assist people in performing 
different tasks without human intervention.  

As shown in Figure 36, each object has unique “body parts”. Once all the visible parts are labeled, the 
user must carry on until all the fish on the image are labeled. These “body parts” were selected based 
on specific color differences identified on these particular areas of the fish. 

 

(b) CNN Training 

The time required to train a network depends on the dataset (frame size) and the computer hardware. 
Our system consists of a GPU NVIDIA GeForce GTX 2080 Ti and it takes ≈ 6 hours to train the network. 
Initially, the network predicts the “body parts” that are referred also as heatmaps. It also uses a non-
parametric representation, which is referred as PAFs. PAFs stands for Part Affinity Fields and learn to 
associate body parts with individuals in the image. Specifically, they are two dimensional vectors3 fields 
that encode the orientation and the location of the limbs. Limbs are the connections between the 
heatmaps (“body parts”) that the user has set. To form a limb, the appropriate “body parts” must be 
connected together. The “body parts” that the system is trained to detect in this particular case are: 
mouth (0), right eye or Reye (2), left eye or Leye (5), right fin or Rfin (3), left fin or Lfin (6), right tail or 
Rtail (4) and left tail or Ltail (7) (Figure 36).  

 

 

3 A  vector  is a mathematical object that contains a magnitude and a direction. It is called two-dimensional 
vector if it is relatively to x and y axis. 

Figure 36. "Body parts" from left and right side. 
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In our case the desired limbs are: Mouth→Reye, Mouth→Rfin, Rfin→Rtail, Mouth→Leye, Mouth 
→Lfin, Lfin→Ltail (Figure 37). 

 

 

 

PAF is used because of the containing information about location as well as orientation across the 
region of support of the limb. For instance, if a point (𝐷𝐷) lays on the limb (𝑣𝑣) then its value in the PAF 
is a unit vector pointing from the starting point joint to the ending point of this limb. Its value is zero 
if it is outside the limb (i.e. the junction) (Equation 𝟗𝟗). 

𝐿𝐿𝑐𝑐,𝑘𝑘
∗ (𝐷𝐷) = �𝑣𝑣, 𝐷𝐷𝑓𝑓 𝐷𝐷 𝐸𝐸𝑎𝑎 𝑅𝑅𝐷𝐷𝑎𝑎𝑏𝑏 𝑅𝑅, 𝑘𝑘       

0, 𝐸𝐸𝑎𝑎𝐷𝐷𝐷𝐷𝐷𝐷𝑎𝑎𝐷𝐷 𝐸𝐸𝑓𝑓 𝐷𝐷ℎ𝐷𝐷 𝑅𝑅𝐷𝐷𝑎𝑎𝑏𝑏  (𝟗𝟗) 

PAF associates the appropriate body parts with individuals in the frame. Initially, the limbs must be 
declared in pairs (Figure 38) and in order to define each pair, a list is created. Taking in consideration 
the number that corresponds in each body part, a list of pairs is formed: [[0,2], [0, 3], [3, 4], [0, 5], [0, 
6], [6, 7]]. 

• Mouth  Reye  [0, 2] 
• Mouth  Rfin [0, 3] 
• Rfin  Rtail [3, 4] 
• Mouth  Leye [0, 5] 
• Mouth  Lfin [0, 6] 
• Lfin  Ltail [6, 7]  

 
The order that each pair of body part is declared is the same with which each pair of PAF is also 
declared (Figure 38). If the order of the body parts list is 
[[0, 2], [0, 3], [3, 4], [0, 5], [0, 6], [6, 7]] 

Figure 37. Limbs as depicted at both sides. 
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then the order of the PAF list will be  
[[0, 1], [2, 3], [4, 5], [6, 7], [8, 9], [10 ,11]]4 

 

 

 

In Figure 39 the system’s architecture is shown, which iteratively predicts PAFs that encode part-to-
part association (blue box), and the detected heatmaps (orange box). The network refines their 
predictions over the stages, with intermediate supervision at each stage (Loss function – Figure 39, 
gray box).  
 

 

 

 
4 Each pair from PAF list consists of two values. The first value represents the estimated prediction for body parts 
and the second value represents the estimated prediction for PAF map, both of these values assist to calculate 
the error (loss) at the end of each stage. 

0 
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[0, 1] 
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2 

Figure 38. Body parts and limbs. 

Figure 39. Architecture of the CNN. 
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The intermediate supervision is achieved through the ReLU function. ReLU stands for Rectified Linear 
Unit and it is widely used in deep learning models, validating the predictions (results) at each stage 
(iteration). It returns zero if the input is negative and it returns the value back, if the input is positive. 
Initially, the input image is analyzed, extracting a set of feature maps (Feature maps are CNN’s keypoint 
predictions – “body parts”). Feature maps are declared as 𝐹𝐹.At the first stage (𝜑𝜑𝐴𝐴) the network 
produces a set of PAFs and at the second stage (𝜌𝜌𝐴𝐴), it produces a set of feature maps. In each 
subsequent stage, the ground-truth image features (annotated dataset) and the network’s predictions 
(PAFs and feature maps) are concatenated and used to produce refinement stages [9]. Worth 
mentioning, is that the value "𝑅𝑅" is refers to the consecutive convolutional layers (filters) that each 
stage has and ℎ′, 𝑤𝑤′ refer as height and width for each image. 

An example of the predicted keypoints (feature map) for left and right frame is displayed below (Figure 
40) and it is shown that the network is able to predict even the correct side of the fish. Also, the 
predicted PAFs for left and right frame are shown in Figure 41. 

 

 

 
Figure 40. Confidence map - Left and Right image. 

Figure 41. Predicted Part Affinity Fields (PAFs) - Left and Right image. 



D6.4: Feeding Technology Field Validation Report 

 

 

41 

 

(c) 2D Pose Estimation 

An algorithm was developed to detect the fish pose, by imprinting a specially designed skeleton onto 
the image of the fish. The algorithm is capable of detecting the fish poses in the rectified images (Figure 
43), where the rectification has been achieved during the calibration process, after estimating the 
transformation matrix.  At the beginning the system detects the “body parts” that belong to each fish. 
In order to estimate the valid pairs, Part Affinity Fields (PAFs) assisted to detect the proper ones. As 
mentioned before PAFs are two-dimensional vector fields that encode the orientation and the location 
of the limbs. Limbs are the connections between the heatmaps (“body parts”) that the user has set. 
The system evaluates if the points from these “body parts” lay on the PAF’s vector field, individually. 
Afterwards, the system has corresponded all the “body parts” into pairs and they can be assembled 
into full-body poses of multiple fish. As shown in Figure 42, the system receives as an input the two 
rectified images, detecting the skeletons at both frames. Worth mentioning is that a full body pose 
(skeleton) is consisted of the connection of the four “body parts”, eye, mouth, fin and tail. 

 
 

 

 

 

Figure 42. Detected poses in Left and Right image. 

Figure 43. Epipolar lines on the predicted (fish pose) images. 
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(d) 3D pose estimation 

After the transformation matrix and image rectification process has been achieved and knowing the 
feature map (predicted “body parts”) in both images, the length can be estimated. The differentiation 
from the previous method (Depth Estimation section), is that the system requires the depth for two 
individual points, Mouth and Tail (depending if it is right or left side), instead of the depth frame. 
Consequently, based on the calibration process, the two-dimensional image coordinates can be 
translated to three-dimensional real coordinates, estimating its length. For optical evaluation, the 
system outlines the epipolar lines on the predicted (fish pose) images ( 

). As it was mentioned in the previous section (c) the full body poses (skeletons) have been detected 
at both frames. In order for the system to find the proper skeleton at both frames, some intermediate 
supervisions have been set. Initially, if the left frame is the reference, then the mouth point relatively 
to x axis (that belongs to the left frame skeleton) must be greater than the mouth point relatively to x 
axis (that belongs to the right frame skeleton). A second intermediate supervision is the distance 
between the mouth points (relatively to y axis), based on the epipolar geometry (Image Rectification 
Section). As it was mentioned in the previous chapter (Image Rectification), the corresponding points5 
should have the same vertical coordinates (relatively to y axis). Based on epipolar lines, the distance 
between the mouth points at both frames (relatively to y axis) should be smaller than the threshold 
that has been set by the user. After these intermediate evaluations, for each fish, four points were 
predicted automatically from the network. The proper parts for length estimation are mouth and tail 
(left or right side). Initially, the system estimates the disparity, hence depth is easily calculable (Depth 
Estimation Section). Knowing the two-dimensional coordinates (𝑥𝑥, 𝑦𝑦), the depth (𝑍𝑍) at both parts 
(mouth and tail), focal length (𝑓𝑓𝑥𝑥, 𝑓𝑓𝑦𝑦) and optical center (𝑅𝑅𝑥𝑥, 𝑅𝑅𝑦𝑦), the system is able to estimate the 
three-dimensional points (𝑋𝑋,𝑌𝑌,𝑍𝑍). The formulas (Equation 10, 11) are presented below. 

𝑋𝑋 =  (𝑥𝑥 − 𝑐𝑐𝑥𝑥)∗𝑍𝑍
𝑓𝑓𝑥𝑥

  (10) 𝑌𝑌 =  �𝑦𝑦 − 𝑐𝑐𝑦𝑦�∗𝑍𝑍
𝑓𝑓𝑦𝑦

 (11) 

Subsequently, for each fish the distance between these two points (Mouth and Tail), i.e. the length is 
estimated.  
 
Points 𝑃𝑃1(𝑋𝑋1,𝑌𝑌1,𝑍𝑍1) and 𝑃𝑃2(𝑋𝑋2,𝑌𝑌2,𝑍𝑍2) represent the coordinates in 3D space. Having as granted the 
points (𝑃𝑃1𝑃𝑃2) through equation(𝟏𝟏𝟐𝟐), we are able to calculate the actual fish length. Knowing the 
actual length, the relative error was then calculated (Equation 6).  
 

𝐿𝐿𝐷𝐷𝑎𝑎𝐿𝐿𝐷𝐷ℎ =  �(𝑋𝑋2 − 𝑋𝑋1)2 + (𝑌𝑌2 − 𝑌𝑌1)2 + (𝑍𝑍2 − 𝑍𝑍1)2   (𝟏𝟏𝟐𝟐) 
 

2.3.1 The algorithm in operation 

As it graphically presented in the Figure 44, the algorithm receives as an input a pair of synchronized 
and rectified images. The trained network predicts the body parts and the association between them 
and subsequently, it forms a two dimensional skeleton in both images of the same specimen. Knowing 

 

5 Two points, one in each frame, which when correlated give the same perception of the image. 
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the coordinates of the skeleton in both images of the same specimen and the camera parameters, the 
standard length can be estimated from the three-dimensional coordinates of mouth and tail. 

 

 
The system was initially developed for the g. sea bream but additional training of the Convolutional 
Neural Network (CNN) made possible the application for the European sea bass, too. 

 

2.3.2 Evaluation of results 

In order to validate our system, a sequence of images was taken from a fish cage where the length 
variation was known, 26 fish were gathered and their length was measured. The smallest specimen 
was measured 25 cm and the biggest specimen was measured 30.5 cm. 

The histograms that depicted below (Figure 45), present the comparison between the system’s 
measurements with the actual measurements. The histogram (a) relates to the actual measurements 
and as indicated the length distribution ranges from 23cm to 30.5cm, where the peak is at 27 cm. 
Contrariwise, the histogram (b) relates to the system’s measurements and as indicated the length 
distribution ranges from 20cm to 40cm, where the peak is at 23cm. Additionally, the mean values and 
the standard deviation were calculated. The mean actual length, (± standard deviation) was 
27.49 (±1.43) cm and ones of the system’s measurements were 31.83 ( ±8.55) cm. The difference 
between the two means is 15.8%. 
As a further step of comparison, the measurements distribution was also considered as shown in 
Figure 45 a, b.  
 

Figure 44. Length estimation algorithm 
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Although the difference between the means of the system’s and the actual measurements is not high 
their distribution varies significantly. From this it can be derived that the system does not select in a 
proper manner the individuals to be measured and this results not only in poor accuracy of the length 
estimates but also to a wrong distribution patterns which is essential for proper management. 
 
 

 

  

 

 

 

 

 

 

 

 

a. b.  

 
Figure 45. Length measurments distribution, (a) sampling, (b) system 
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2.4. Improvements in the methodology 
The method seems to operate in more challenging environments, where the number of fish is 
substantially higher than the number of fish in a tank. The system evaluation suggests that the accuracy 
is low, which can be attributed to false estimations of fish poses, due to body inclinations, body 
occlusions or self-occlusions.  

A major issue in image analysis processes is the calibration of the system, i.e. the cameras that 
determines the final outcome. Due to the particular environmental conditions when the system is 
operated, the calibration may result in a particular difficult task. During the project and in conjunction 
with a national funded project a calibration procedure was developed that significantly affected the 
results. The calibration methodology is presented below with details in the procedure followed. 
 

Improved Calibration process 

Camera calibration is the most important procedure during fish size estimation. A pattern with known 
distances (chessboard pattern -Figure 46) assists in the translation of the two-dimensional coordinates 
of the image into the corresponding three-dimensional coordinates of space (Zhang, 1998; Gennery, 
1979). Calibration associates specific lengths of the chessboard pattern (i.e. of known distances) in the 
three-dimensional space with the corresponding lengths (of the chessboard pattern) in the two- 
dimensional space. Hence, the algorithm is able to estimate the camera’s intrinsic parameters (focal 
length, optical center) and to rectify distortions that occur from the lenses or the aquatic environment. 

 
The calibration during the early stages of the system development ought to be performed manually 
every time, since the user had to project the chessboard pattern in front of the cameras with all the 
necessary orientations. A quite intensive and time-consuming task during variable weather conditions, 
often performed without achieving the desired result. Thus, a robotic arm was built to address this 
problem6. 
 

 

6 The task was implemented within the project "Application of intelligent systems to improve the management 
and welfare of fish in cage culture conditions" funded under the National Operational Program of Fisheries and 
the Sea, Ref. 5010858. 

Figure 46. Calibration chessboard pattern. 
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Design of the robotic arm 

An Underwater Robotic Arm (U.R.A) was built in order to allow the user, by controlling its motors, to 
achieve all the desired orientations to the chessboard pattern. Three motors were sufficient to achieve 
all the necessary movements. Figure 47 shows the three motors placed inside a waterproof housings, 
protecting them from the aquatic environment. 

 

 
 

Robotic arm simulation  

The robotic arm is an assembly of rigid bodies (link) which is connected by joints (motors-mechanisms) 
forming a kinematic chain. The description of the arm arrangement in space is separated in: 

• Forward kinematics 
o What will be the position and orientation of the end effector, knowing the angles of 

the joints. 
• Inverse kinematics 

o Which angles of the joints will achieve the desired end effector.  
Based on the Denavit-Hartenberg (DH) method (Corke, 2007) the Cartesian coordinate 
systems are placed at each joint (XYZ), known as frames. Through the frames, the 
relative position and the orientation between of two successive links can be defined. 
The following parameters describe the orientation and the position of two consecutive 
links with respect to (w.r.t.) X and Y axis. Analytically: 
• 𝛼𝛼𝑖𝑖 : Rotation angle (w.r.t. Χ axis) 
• 𝐴𝐴𝜄𝜄 : Link displacement (w.r.t. Χ axis) 

Figure 47. A design of the robotic arm with the three motors in blue, cyan and grey and (B) the 
final construction including the waterproof housings and the chessboard pattern. 
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• 𝑎𝑎𝜄𝜄 : Link displacement (w.r.t. Ζ axis) 
• 𝜃𝜃𝑖𝑖 : Rotation angle (w.r.t. Ζ axis) 

To be mentioned that the frame set for each joint w.r.t. the Z axis, is common with the rotation angle 
of the motor shaft.  

An explanatory table based on the DH method is presented in Figure 48. As an example, the second 
row of Figure 48, indicates the angle (θ1) of frame {1} w.r.t. frame {0}, on Ζ axis. Then the displacement 
of frame {1} by Link 1 coincide with frame {2} and the subsequent rotation of frame {2} by angle θ2 
w.r.t. the previous frame {1}. Correspondingly, the displacement of frame {2} coincide with frame {3} 
by Link 2 and an angular rotation θ3 w.r.t. Z-axis. 

Similar to the previous example, the DH table of the robotic arm is shown in Figure 49. The variables 
L2, L3, L4 referred to the lengths of the links, the variables th1, th2, th3 referred to angle rotation of 
the motors and the variables “a” and “d” referred to the displacements of the arm w.r.t. X and Y axis. 

Prior to the construction a simulation model was developed to visualize the kinematics of the robotic 
arm. Figure 50 shows the arm during simulation, with zero angle orientation at the joints. 

 

 
 

 

 

 

 

 

 

 

 

Joint i 𝜶𝜶𝒊𝒊 𝑨𝑨𝜾𝜾 𝒅𝒅𝜾𝜾 𝜽𝜽𝒊𝒊 

 

{0}{1} 0 0 0 θ1 

{1}{2} 0 Link 1 0 θ2 

{2}{3} 0 Link 2 0 θ3 

 

Figure 48. Three-joint model accompanied by the frames at each joint. 
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Joint i 𝜶𝜶𝒊𝒊 𝑨𝑨𝜾𝜾 𝒅𝒅𝜾𝜾 𝜽𝜽𝒊𝒊  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

{1}{2} 90 0 0 0 

{2}{3} 0 0 d 0 

{3}{4} 0 0 0 -90 

{4}{5} -90 0 0 0 

{5}{6} 0 0 a 0 

{6}{7} 90 0 0 0 

 {7}{8} 0 0 0 90 

{8}{9} -90 0 0 0 

{9}{10} 0 0 0 th1 

{10}{11} 90 0 0 0 

{11}{12} 0 0 L2 0 

{12}{13} 0 0 0 90 

{13}{14} 90 0 0 0 

{14}{15} 0 0 0 th2 

{15}{16} 0 0 L3 0 

{16}{17} -90 0 0 0 

{17}{18} 0 0 0 th3 

{18}{19} 0 0 L4 0 

 
Figure 49. Underwater robotic arm accompanied by the frames at each joint.  

 

 
Figure 50. Underwater robotic arm simulation (U.R.A), (a) side view, (b) angle view. 
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2.4.1 Algorithms improvements and validation 

Another important parameter that affected the results of the presented methodology was the outliers 
in the measuring process. As the system recognize specific characters on a fish in order to define the 
individuals to be measured, in several cases and due to the high fish density in each of the processed 
images, overlapping of fish resulted in measurements that were outside of the expected ranges.  This 
was based on the estimation of measurements median and setting a threshold (as % of the median) 
to reject the unaccepted values. To decide on the threshold the sample ratio was calculated as the 
ratio of the number of appropriate detected samples to the number of total detected samples. 

As shown in Figure 51 an acceptable threshold is at 40% as it keeps a sufficient number of appropriate 
samples, while improving the data integrity. The same procedure was applied in all measurements 
performed by the system. 

 

 
Applying the procedure, the total number of samples is relatively reduced but so is also for the 
variability of the length estimations. In repeated samplings, the error between the estimated and the 
actual measurements was calculated. In Table 7, we summarize the measurements of all the samplings.  

 
Table 7. Standard length estimation 

 Sampling Date SM (cm) AM (cm) MD (%) 

Gilthead Sea 
Bream 

10_04_2020 20.71±3.57 21.81±1.79 5.0 

26_05_2020 22.35±3.95 22.42±1.38 0.3 

30_07_2020 23.59±3.99 23.72±1.32 0.5 

22_01_2021 28.61±4.54 26.8±1.66 6.7 

European Sea 
Bass 

30_07_2020 24.1±5.25 21.67±2.26 11.2 

26_10_2020 28.06±5.87 27.24±2.51 3.0 

22_01_2021 30.9±5.71 28.64±2.52 7.9 

Figure 51. Threshold diagram.  
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The estimations of the system were of high accuracy compared to the standard measurements for 
both species, (mean relative error 3.15% for the gilthead seabream and 7.14% for the European 
seabass). Still the distribution of the measurements is not as accurate as it should as system’s 
measurements present a much higher variability than the actual sampled fish. The errors are due to 
fish self-occlusions, bad weather conditions that add optical noise to the acquired frames and the 
incorrect selection of body points from different specimens. 

Errors in the system were due to fish rapid unpredicted movement due to several factors such as 
presence of personnel, husbandry operations (boat/ motor noise) or even the camera presence in the 
cage during sampling. Another possible factor for errors is the weather. Although the system was 
tested during windy days, and with variable light intensity underwater, care should be given to the 
calibration parameters for possible corrections.  

Using the data collected during the samplings together with other available from farms or from 
previous studies, estimation of the individual weight based on the total length was possible with a 
typical error compared to the actual measurements in the range of 10%. 

 

2.4.2 A second-generation camera system 

The original design of the cameras is that in Figure 52. Knowing the difficulties faced during the various 
samplings related to the overall weight of the system and the limitation in allowed movements, there 
was a need to upgrade the system making it lighter and more functional.  

 

Taking advantage of the National Funded project “i-fish” mentioned before, a new design was 
developed (Figure 53Σφάλμα! Το αρχείο προέλευσης της αναφοράς δεν βρέθηκε.). Compared to the 
original prototype, it has advantages in size, weight and easier management during sampling. The 
stereo camera (ZED2 [20]) is mounted in a watertight housing providing a fixed distance during 
samplings. The camera also includes embedded artificial intelligence algorithms managed by a latest 
generation mini-computer (NVIDIA Jetson Nano). The system was tested in several occasions providing 
results of sufficient accuracy. 

 

Figure 52. Prototype stereo camera. 
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Sampling method 

The procedure followed involved placing the stereoscopic camera inside the cage of interest for a short 
period of time. In particular, the stereo camera is placed on the side of the cage and in the desired 
depth (2-4 meters apx), depending on the cage size and the rearing area. The system requires a 
computer connection and energy supply for its operation either by direct connection to grid or a 
generator or from a battery. 

Considering the disturbance and the stress that could be caused on the fish during the sampling, we 
allowed the fish to adapt to the new 'external' stimulus for a period of apx 30 min before the actual 
measurement take place. The sampling-recording time lasted apx 20-30 minutes. Once the sampling 
has been completed, the calibration procedure was performed 

Data processing was done in the laboratory, and the required time for data (images) analysis and the 
extraction of results was 2-3 hours (depending on the sample size). A computer with an i7 processor 
(9th generation), NVIDIA GeForce 2060 Ti RTX graphics card, 32GB RAM and a 512 SSD hard drive has 
been set up for this purpose. 

  

Figure 53. Stereo camera Νο 2. 
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2.5 Testing of the system for total length estimation at industrial scale 

The system developed for the total length estimation using stereoscopic imaging was tested at 
industrial scale in farms belonging to the AVRAMAR group. Furthermore, the system was also tested 
at the HCMR pilot farm and at a second industrial setup at the Kefalonia Fisheries S.A. under the frame 
of the previously mentioned National project (OPFS 5010858). Measurements were implemented both 
for European seabass and gilthead seabream. 

In all cases the system measurements were validated with a parallel standard sampling of individuals 
and measurement of the morphometric characters of interest. The methodology followed is described 
briefly below. 

System’s tests in the pilot unit of HCMR were carried out in cages of 6m x 6m x 8m. At the end of each 
test, a sampling of the population was carried out by classical methods, i.e. collecting a random set of 
fish (approximately 60 individuals), and measuring their weight and morphometric characteristics after 
photographing them all. Measurements (Figure 54) were carried out with precision scales, a thickness 
gauge and an ichthyometer. In addition to weight, the standard-length, the height, the thickness, and 
the total-length were also measured.  

 

 
 
 
The sampling campaign at the commercial farms was carried out at the Avramar Group 
(Aitoloakarnania - Astakos) in the periods 30/6/2021-3/7/2021 and 11/10/2021-13/10/2021 while at 
the Kefalonia Fisheries the period between 27/6/2021 and 3/6/2021.  

More specifically, at the Avramar group the 1st sampling took place in cages with a 12m diameter for 
the gilthead sea bream and in cages with 19 m diameter for the European sea bass. Similarly, the 2nd 
sampling was performed in a 16 m diameter cage for gilthead sea bream and a 19 m diameter cages 
for European sea bass. While in Kefalonia the measurements for European sea bass took place in cages 
with a diameter of 19 m and for gilthead sea bream in cages with a diameter of 16 m. For weight 
sampling, the same procedure was followed, collecting a sufficient number of fish and measuring their 
individual weight and morphometric characters. 

The results showed great accuracy for both species. For the gilthead sea bream the average standard 
error was 3.46 % while for the European sea bass it was 2.86 %. The lowest error value for gilthead sea 

Figure 54. Sampling and measurement of morphometric characters. 
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bream was 1.87 % while the highest was 6.12 %. Similarly for European sea bass, the lowest error value 
was 0.38 %, while the highest was 5.58 % (Table 8). 

 

Table 8. Measurements table. (SM: System measurements, AM: Actual measurements, MD: mean 
difference, Region: sampling area) 
 

 Sampling Date SM (cm) AM (cm) MD (%) Region 

European sea
bass 

25/05/2021 30.53±3.61 30.65±2.45 0.38 Souda 

15/6/2021 30.04±3.94 31.28±2.58 3.96 Souda 

30/6-1/7/2021 23.90±3.33 25.29±2.23 5.48 Avramar 

30/6-1/7/2021 27.18±3.12 27.57±3.33 0.80 Avramar 

29/6-30/6/2021 23.33±3.33 24.71±1.84 5.58 Kefalonia 

29/6-30/6/2021 29±3.73 29.42±2.33 1.43 Kefalonia 

Gilthead 
seabream 

30/6-1/7/2021 25.35±3 24.88±1.40 1.87 Avramar 

30/6-1/7/2021 30.50±4.36 31.10±2.14 1.91 Avramar 

29/6-30/6/2021 15.81±1.95 14.90±1.47 6.12 Kefalonia 

29/6-30/6/2021 23.67±2.42 24.64±1.44 3.92 Kefalonia 

 

2.5.1 Weight estimation 

From the length-weight data collected during the sampling campaign, a first approximation of the 
average weight was calculated using appropriate algebraic transformations.  Although an attempt was 
made to use a single expression for each species, this was not possible as the correlations obtained 
from the analysis differed significantly by farm and rearing period, indicating a strong association with 
the area of the farm and also with the genetic characteristics of the sampled stocks (broodstock and 
juveniles characteristics). 

Table 9 shows the estimated weight measurements, where the lowest error value for the gilthead sea 
bream was 4.37 %, with highest 16.26 %. Similarly for the European sea bass, the lowest value was 
1.38 %, and the highest was 15.4 %.  

Of particular importance is the number of fish that the system measures, i.e. the number of samples 
considered for the length estimation. 

In Figure 55 the measurement distribution is shown from two of the samplings, carried out in the 
Avramar group at 30/6 – 1/7/2021, as an example for both E. sea bass (Figure 55a, b) and g. sea bream 
(Figure 55 c, d). The algorithm was able to identify 438 appropriate gilthead sea bream and 162 
European sea bass samples, numbers that were significantly larger than the 50 individuals of the 
standard sampling procedure. 
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Table 9. Weight estimates. (SM: System measurements, AM: Actual measurements, MD: mean 
difference, Region: sampling area) 
 

 Sampling Date SM (g) AM (g) MD (%) Region 

European  
seabass 

30/6-1/7/2021 195.48±61.61 230.39±59.86 15.15 Avramar 

30/6-1/7/2021 305.16±88.54 319.55±127.13 4.5 Avramar 

29/6-30/6/2021 213.72±93.66 252.63±56.82 15.4 Kefalonia 

29/6-30/6/2021 395.77±150.07 401.31±112.23 1.38 Kefalonia 

Gilthead 
seabream 

30/6-1/7/2021 406.9±160.57 369.26±65.71 10.19 Avramar 

30/6-1/7/2021 651.84±292.55 681.6±162.27 4.37 Avramar 

29/6-30/6/2021 97.02±31.34 83.12±25.42 16.27 Kefalonia 

29/6-30/6/2021 364.21±96.70 402.65±67.54 9.55 Kefalonia 

  

 

 

 

Figure 55. Size distribution of European sea bass (a, b) and gilthead sea bream (c, d) sampling in 
Avramar. 
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Similarly, from the Kefalonia S.A samplings performed at 20/6 – 30/6/2021, the measurements 
distribution is shown in Figure 57 both for European sea bass (Figure 56a, b) and gilthead sea bream 
(Figure 56c, d). The algorithm was able to identify 321 appropriate gilthead sea bream and 86 again 
significant higher than the 50 individuals measured for the standard sampling.  

In all cases the number of samples recognized and accepted for measurement by the system was 
higher for the gilthead sea bream in comparison to the European sea bass.  It is also clear that I all 
cases system’s measurements have a close to normal distribution. System errors may result from the 
rapid movement of fish due to the presence of personnel or even from the positioning of the camera 
during sampling. Also, an important factor when taking the samples is the weather conditions that 
may prevail, as changes in lighting (due to cloudy conditions) and water transparency will affect the 
final result. 
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Figure 56. Size distribution of European sea bass (a, b) and gilthead sea bream (c, d) sampling 
in Kefalonia. 
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2.6 A third generation system 

In order to improve measurements and therefore estimations we follow two approaches. The first is 
based in identifying additional parameters on the individuals that will allow a better description of the 
fish form and subsequently will improve the estimations of weight where the higher errors were 
observed. The second, involves the use of a camera with higher resolution. 

For the first, an estimation of the width of each individual was required allowing thus a better 
estimation of the body volume and therefore of the weight. The two additional morphometric 
parameters selected for identification on each fish were the beginning of the dorsal (Ldor) and the 
pelvic fin (Lpel) (Figure 57). Considering that these two points are on the same plane, the location of 
the pectoral fin (character Lfin in Figure 57) in the 3-d space (i.e. the depth), defines half of the width 
of the individual. The CNN was trained through annotation for identifying the characters and the 
system was tested against actual measurements that were taken during the sampling campaign. In 
Table 10 the initial results are shown for estimating the width of gilthead sea bream reared in Avramar 
and Kefalonia. 

 

 

 

 

 

 

 

Figure 57. Morphometric characters identified by the system 
 

 

Table 10. Weight estimates. (SM: System measurements, AM: Actual measurements, MD: mean 
difference, Region: sampling area) 
 

 SM (g) AM (g) MD (%) Region 

Gilthead 
seabream 

10.96±1.59 12.22±0.96 10.29 Avramar 

9.95±1.00 10.19±0.73 2.39 Kefalonia 

 

Although the results are not of high accuracy, they are promising. The main problem is that the system 
does not identify enough individuals that are appropriate for measurement due to the constraints set 
both by the camera analysis and also from the algorithm in order to avoid mistakes. Therefore, the 
sample size is not sufficient for accurate measurements. The presented results confirmed the need to 
test a better set of cameras with higher resolution that was our second approach to improve the 
results. 

 

Lpel 
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A third stereoscopic camera was finally built (Figure 59), in order to test the capacity of a much more 
precise but also expensive setup. The new cameras (Alvium 1800 U – 240 c) provide high resolution 
image with high framerate (Allied Vision [14]). The small and lightweight cameras deliver high image 
quality and framerates at the best performance. They are suitable for different machine vision 
applications (due to its USB3 Vision compliant interface) whether it is on PC-based or an embedded 
system. The cameras are managed by a small but powerful computer by NVIDIA (Jetson Xavier NX).  

 

 
In order for the camera to be functional, the necessary lens had to be selected. Lenses control the 
amount of incoming light. A lens consists of a series of convex and concave optical elements that work 
together to bend the light and refract it into a single sharp focal point [18]. The lenses (for each camera) 
were chosen based on the camera parameters. In particular, the sensor size, sensor format and focal 
length of the lenses had to be estimated.  

The physical dimensions of the camera sensor had to be calculated first, knowing the pixel size 
(3.45*10-6 x 3.45*10-6) and the resolution (1936 x 1216) of the camera sensor.  

Then the Sensor size is calculated as Pixel size x Sensor resolution = 6.7mm x 4.2 mm (Figure 59 a). As 
the lens selection was made to avoid optical malfunctions, such as vignetting [17], the lens sensor size 
must be equal or higher than the camera’s sensor size (on both axis). In our case the selection of a lens 
with size of 2/3” is preferable. Analytically, a lens with sensor size of 2/3” has horizontal axis of 8.8 mm 
and vertical axis of 6.6 mm (Figure 59 b). 

Based on the required parameters such as working distance (apx 2000 mm) and the Horizontal Field 
of View-HFOV (apx 2820mm) that we want to achieve during sampling, the focal length was estimated 
as [(Horizontal camera sensor size) x (Working distance)] / HFOV = (6.7mm * 2000mm) / 2820 mm = 
4.75 mm. 

Based on these calculations, a lens with 2/3” sensor size and focal length close to 4.75 mm (FL-
CC0418DX-VG) was purchased for each camera (Table 11).  

Figure 58. Stereo camera Νο 3. 
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Table 11. Lens parameters 
 

Model FL-CC0418Dx-VG 

Focal length 4.8 mm 

HFOV 96.4° 

Sensor size 2/3” 

 

2.6.1 Testing the final system  

The new setup was tested at the pilot scale farm of HCMR following similar procedures as described 
before. The test was performed with European seabass (reared in a cage of 6x6x8m) and also in a 
circular one of 40m diameter.  

During the testing the 2nd and the 3rd generation cameras were tested in parallel for comparative 
purposes. In Tables 12 and 13 the results are shown. The size distribution of the first sampling on the 
18/4/2022, is presented in Figure 60. The algorithm was able to identify 331 appropriate samples with 
new generation camera, higher than from the previous camera set up which was 255 (Figure 60a, b). 
The result was repeated in a larger scale during the second sampling on April 18 (Figure 60c, d) with 
the relevant numbers being 1,774 and 579 for the two camera systems respectively. Of importance is 
also the improvement in the accuracy of the measurements with lower mean difference when the new 
camera is used. 

Table 12. Length estimation 
 Sampling Date SM (cm) AM (cm) MD (%) Camera 

generation 

European 
seabass 

12/4/2022 35.43±6.17 35.12±3.85 0.89 3 

12/4/2021 35.75±4.85 35.12±3.85 1.81 2 

18/4/2022 34.74±5.83 35.12±3.85 1.07 3 

18/4/2021 36.37±4.54 35.12±3.85 3.57 2 

Figure 59. (a) Camera sensor size, (b) lens sensor size. 
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Table 13. Weight estimation 
 Sampling Date SM (cm) AM (cm) MD (%) Camera 

generation 

European 
seabass 

12/4/2021 658.83 ± 332.27 628.32 ± 222.27 4.86 3 

12/4/2021 669.36 ± 261.72 628.32 ± 222.27 6.53 2 

18/4/2021 622.95 ± 311.14 628.32 ± 222.27 0.85 3 

18/4/2021 699.48 ± 250.37 628.32 ± 222.27 11.33 2 

 

 

 
 

 

2.7 Conclusions 
A system for a non-invasive estimation of the fish size was developed and tested for both the European 
sea bass and the gilthead sea bream at industrial scale. A three-step approach was followed during the 
development with sequential improvements in the algorithms and the hardware of the system. The 
estimations resulted high accuracy in estimating fish size (both length and weight), especially with the 
last two versions of stereo camera setups. Errors in the system were due to fish rapid unpredicted 
movement caused by different factors such as presence of personnel, husbandry operations or even 
the camera presence during sampling.  

Figure 60. HCMR pilot scale farm sampling. Length distribution (left histogram) and weight 
distribution (right histogram). 
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The improvement of the algorithm in order to identify additional morphometric characters on the 
sampled individuals may increase significant the accuracy of the measurement but also provide added 
value to the system as more characters on the fish morphology could be identified and assessed. 
Already the system in its present form is able to identify individuals with operculum deformities 
providing additional information to the user/farmer. Regarding the accuracy of the system, it is 
important to note the large sample size used and the low variability of the measurements indicating 
the precision of the methodology. It is expected that further improvement may be achieved when the 
algorithms are adapted to the latest camera set up.  

The third stereo camera was able to achieve even better accuracy for the European seabass (0.89% 
and 1.07% in both samplings) due to high framerate and image quality during samplings. Also, the 
cameras' small size allows for a more compact final system to be developed. However, due to the high 
cost of the cameras and the requirement to select equivalent lenses appropriate for the task, setting 
the system up may be more complicated. Furthermore, camera settings (such as gain, focus) must be 
adjusted according to the weather conditions making harder system’s use. 

The second stereoscopic camera, was also able to achieve high accuracy for both species. Its small size 
and compact format (providing a constant distance between the cameras) make easy its mount on any 
waterproof housing. Furthermore, the cameras’ low cost and the adaptability of its parameters to 
different weather conditions makes it more accessible to a commercial audience. 

The estimations of the two stereoscopic cameras are quite close, being both rather precise. A 
significant difference is the improved image quality that the third camera set up offers making easier 
the identification of individuals to be measured and assessed. It is therefore important to define the 
level at which the system will be applied and select the appropriate set up. The better camera setup 
provides more possibilities for additional applications. 
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General Discussion 

A clear target set in the project was the development of novel technology for the determination of fish 
biomass in floating cages and monitoring of the feeding behaviour for modernizing feeding strategies 
and optimizing feed efficiency at operational conditions. Furthermore, a secondary target was to push 
the TRL values of any technology developed towards industrial operation. 

The work presented in this deliverable shows the results obtained towards the development of 
appropriate methodologies for biomass estimation during cage rearing. Two main aspects were 
investigated (a) the total biomass estimation in a cage using acoustic methods and (b) the individual 
weight estimation of fish applying image analysis. Both approaches were challenging due to the 
particularities of the marine environment and the aquaculture conditions. 

The application of acoustic methods for the total biomass estimation was not completely achieved but 
significant information was gathered during the course of the project regarding the shadowing effect 
of the sound propagation in a fish dense environment. The results were not applied in any commercial 
setup as further research is required before a reliable system is developed. The fact that this system 
was not further evolved hindered also the application of echosounders to monitor the fish behavior. 

The methodology for the estimation of individual fish size during on-growing was successfully 
developed. During the project different approaches were applied in order to improve the performance 
of the system and to achieve high technology readiness. The final system with an estimated TRL 
between 7 and 8 has been tested at industrial scale and can be considered as a pre-industrial 
prototype.  

As the system offers possibilities for commercial use, protection of the intellectual property rights for 
further exploitation was considered and a patent application has been submitted at the Greek 
Organization of Industrial Property. At a second step an application will be submitted at European level. 
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