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Abstract :   
 
Quantification of the escapement rate of unwanted fish through a selective device is usually based on 
catch comparison. This study proposes a new, time efficient method to automatically compare two 
selective devices by automated counting of fish escapements through each selective device based on 
video sequences. First, sea trials were conducted to record video sequences of fish escaping a white and 
black square mesh panel. Then, all of the underwater sequences were automatically analysed by a 
computer vision software for automated object detection and tracking. Finally, the algorithm was assessed 
using 150 min of video sequences analysed by humans. We observed that the variability in escapements 
rate between all the observers on reference video sequences could reach 5%. As the difference in 
escapements rate between the algorithm and the observers was lower than the variability between 
observers, the automated approach was validated. The software detected a significant difference in fish 
escapement rate according to the net colour in the camera field of view: 60% of all fish escaped through 
the white panel. Our results suggest that net colour influences the escape rates of fish. The colour of the 
selective device should therefore be investigated further with the aim of increasing their efficiency. Further 
development of the software could be done to identify species and size of the fish and assess the 
effectiveness of a selective device by species and size. 
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Highlights 

► Computer vision was used to automatically compare the escapement rate from two selective devices 
based on video sequences. ► The detection ability of the software was compared with the one of human 
observers. ► Automated counts showed good reliability overall and followed the trends of manual counts. 
► Results show that net colour may influences the effectiveness of the selective device. ► Automated 
image processing increase the ability to analyse data while reducing the time required to do so. 

 

Keywords : Trawl selectivity, Fish behaviour, Underwater videos, Computer vision, Object detection, 
Object tracking 
 
 

 

 



1. INTRODUCTION 

The landing obligation included in the current European Common Fisheries Policy (CFP) increases 

even more the necessity for fishermen to adopt and use selective devices in their fishing gears. Many 

studies have been conducted in Europe to improve gear selectivity, testing approaches such as 

increasing mesh size of the cod-end [1], inserting square mesh panels or rigid grids [2], reducing the 

thickness of the twine in the cod-end [3] and also turning meshes by 90° [4]. To determine the 

effectiveness of a selective device, the traditional approach consist of carrying out fishing operations 

at sea with both test and standard gears, then comparing the catch between the gears by modelling 

the catch probability of the tested selective device against the standard gear for each species [5].  

Underwater video systems are frequently deployed to check that the selective devices behaved as 

expected [6,7]. But they can also be used to study escapement behaviour of fish in front of a 

selective device. Indeed, the behaviour of fish towards different components of a trawl net plays an 

important role in determining the selective performance of a trawl [8]. Escapement can be 

influenced by gear technical properties such as mesh size, device position, colour, etc. [1,9,10], as 

well as by environmental factors. While the effect of mesh size and shape rely on mechanic 

processes, the effect of the colour as well as of the position of the device is more related to fish 

behaviour. Furthermore, the effect of colour is more complex to understand as it is also dependent 

on the surrounding environment. For instance, the contrast of netting relative to its background 

varies according to its colour and ambient light level, which may influence behaviour of fish inside 

the net [8]. Until now, legislation on selective devices focused on mesh size (e.g. cod-end mesh size 

of 80 mm instead of the 70 mm used until 2008 for Nephrops spp.; JORF, 2008) or shape (i.e. square 

mesh panel for hake escapement in the Bay of Biscay; European Commission, 1998) without 

considering the colour of the device.  

Technological advances made in video cameras in recent years have focused on frame rate, image 

quality, battery life, miniaturisation and data storage [11]. These advances have drastically increased 

the number of video recordings available. Innovative technologies for observing fish, however, do 

not only rely on the acquisition system but also on the post-processing system. Quantitative and 

automated analysis of videos recorded in the field with a moving camera remains challenging due to 

the treatment of 3-dimensional (3D) behaviour and complex background [12].   

Considerable advances in computer vision have been made in the past decade. Automated image 

processing software can increase the ability to analyse data in videos and pictures while reducing the 

time required to do so [13]. Recent studies have been conducted to automatically detect, quantify 

and identify fish passing inside the extension of trawls using video system and artificial light [14,15]. 



This kind of software requires controlled experimental conditions with fixed background and the use 

of artificial light. Image processing techniques are promising for exploring fish escapement behaviour 

but, to the best of our knowledge, have never been used for this purpose. The study of fish 

escapement during the fishing process implies uncontrolled background, non-artificial lighting and 

use of low-light video system. These requirements render the automated image processing 

challenging. 

In that context the objectives of the present study are multiple :  first, to develop an algorithm to 

count automatically fish escaping through a selective device; second, to validate the reliability of this 

automated counting and third to investigate the relative escape rates of the two types of square 

mesh panels, in the camera field of view. Sea trials were performed on board a trawler equipped 

with both selective devices to record video sequences of fish escapements. Computer vision 

software parameters were validated using video sequences analysed by humans and automatically. 

The corresponding relative rates of escapement between the selective devices were estimated and 

compared. 

2. MATERIAL and METHODS 

2.1 Study area and trawling procedure 

Sea trials were conducted in the English Channel (ICES Division VII.e) in September 2016 and July 

2017 on board fishing trawlers (Azur and Carpe Diem III) using a single bottom otter trawl. The 

headline while fishing was at a mean height of 6 m. The trawl was towed during daytime in 

commercial conditions at depths of ca. 80 ± 10 m at a mean speed of 3 knots (~5.5 km/h). Tow 

duration was set to 3 ± 0.5 hours. The main species caught were whiting, red mullet, gurnard and 

pout (Table 36 in [16]) which are frequently targeted species by the French demersal mixed fishery in 

the English Channel.  

The selective device was designed to avoid small whiting, haddock, horse mackerel and mackerel, 

which are the most discarded species and sizes in this fishery. It consisted of two 90 mm square mesh 

panels (45 mm bar length), one composed of black twine and the other of white twine. Both were 

made of 2.6 mm polyamide single twine knotted netting. The dimensions of each panel were 26 

meshes wide and 133 meshes long, corresponding to approximately 1.2 m wide and 6.0 m long. The 

two square mesh panels were bound together and placed in the tapered section of the trawl, made 

of 100 mm polyethylene single twine green diamond netting (Fig. 1). The joining ratio between the 

meshes of the selective device and the diamond meshes was one square mesh per one diamond 

mesh along the width and two square meshes per one diamond mesh along the length. 



[Fig1 Here] 

2.2 Video system 

The underwater video system was composed of three modules (Fig. 2): battery, 

microcontroller/memory and an off-the-shelf camera (Tornado low-light camera – Tritech, resolution 

= 570 TVL (TV Lines), S = 0.0003 lux, SNR (Signal-to-Noise Ratio) > 50 dB). The battery and 

microcontroller were housed in 10 cm diameter titanium pressure housings. The weight of the video 

system was 10 kg under water. Trials were carried out in the flume tank of Ifremer Lorient [17] to 

determine the number and position of floats needed to minimize the effect of the video system on 

the shape of the trawl. All videos were captured at 25 frames per second, which is fast enough to 

track fish accurately. All videos were recorded during daylight without adding artificial light to avoid 

any influence of the video system on fish behaviour. The video system was specifically designed to 

work in low light conditions. 

The video system was placed 20 square mesh away from the leading edges of the escape panels 

looking towards the cod-end. Horizontal and vertical angles of the camera were adjusted to obtain 

videos showing both square mesh panels and fish escaping from them. Despite the special attention 

given to record the same amount of meshes, the actual numbers of white and black meshes were not 

identical and depended on the undulation of the netting during towing. Considering that the 

differences were small, we assumed that the FOV coverage was the same for the two panels. The 

camera field of view covered only part of the total panel area due to the turbidity of the water (Fig 

1). Towards the aft end of the field of view, it was not possible to discern the different meshes, thus 

the field of view coverage was not quantified. 

Considering all these constraints, two hauls were selected for counting (one in September 2016, the 

“haul 1”and the other in July 2017, the “haul 2”) on the basis of equality in the numbers of black and 

white meshes visible in the field of view, of a suitable angle of the camera for fish counting, and 

general visibility. 

[Fig2 here] 

2.3 Manual counting 

Manual counting consisted of watching (without pausing or rewinding) 5 min. long video sequences 

(at 0.5× speed) and counting the number of fish escaping the selective device from one colour panel. 

This operation was repeated with the same sequence to count fish escaping from the other colour 

panel. Stopwatch software was used by the observer to record the time when each fish escaped the 



selective device. The count included all species because the quality of the images did not allow 

species recognition. 

The use of low-light camera and the moving background rendered the manual counting very difficult. 

As the selective device was 6 m long, it was sometimes difficult to appreciate from which side the 

fish escaped; some observers would count these fish while others would not. First, to estimate how 

human subjectivity could affect the results, the five observers counted the number of fish escaping 

the mesh during the same three 5-min. long reference videos. The three videos corresponded to 

different fish escapement rates (number of escapements in 5 min.): low (< 30), medium (30-60) and 

high (> 60). Then, the videos corresponding to both hauls were divided in 5-min. sequences among 

the same observers. Finally, the counts of each observer were pooled to reconstruct the number of 

fish escaping the selective device over time for each haul to establish a counting reference. The 

counting reference was then used to validate the automated counting. 

2.4 Automated counting 

Automated image processing used the open source computer vision library OPENCV 3.0 

(https://opencv.org/). The algorithm was based on an open source code allowing us to quickly adapt 

the code for our own application. The modified algorithm consisted of two steps (Fig. 3). In the first 

step, the software detected the net and its two colours. As the trawl was always moving, the 

software needed to identify the boundaries of the net in the image to count the fish escaping it. The 

algorithm tracked only the fish located outside the net, i.e. the region of interest (ROI, Fig. 3). It 

makes the analysis easier, as the background is identical (the sea) for both side and thus giving a 

similar ability to detect escapees from the white and black panel for both the algorithm and human 

observers. Net detection was based on edge detection followed by morphological operations (Fig. 3). 

Morphological operations were performed on the output binary image of the edge detection and 

mainly consisted in dilating the boundaries of foreground objects resulting in slightly overestimated 

the net edges. As a result, the polygon delimiting the region of interest was not matching the edges 

of the panels but was just above (Fig. 4). The net was assumed to be the largest object detected in 

the image. The net detection allowed the software to overcome challenges with sideways or 

undulating movements of the cod-end. For each frame, the coordinates of the line separating the 

black and white panels were calculated and saved (Figs. 3 & 4). 

[Fig3 here] 

In the second step, fish detection was based on background subtraction and edge detection (Fig. 3). 

These techniques are commonly used to detect objects by computer vision [18]. For both techniques, 

a compromise had to be made between being sensitive enough to detect small variations, which can 



lead to false detections (particles, fish scales, etc.), and being less sensitive, which can lead to missing 

fish escaping the trawl (Fig. 4). 

Each detection technique generated a binary object mask that underwent morphological post-

processing operations (erosion and dilatation) to refine the object boundaries detected. The 

background subtraction and edge detection matrix results were then merged. Next, a filtering 

procedure (consisting in thresholding by area) was set to avoid detecting noise. This step allowed to 

remove detected objects outside the range of the minimum and maximum sizes of interest (in 

pixels). This filtering procedure is widely used in the field of computer vision [19]. 

[Fig4 here] 

To keep the identity of each fish escaping from the trawl, the software assigned an identification 

number “ID” to every fish outside the trawl. This fish tracking is necessary as it prevents the software 

from counting the same fish several times (Fig. 5, panels e-i). Each fish track began from the first 

detection coordinates. Each fish escaping the net had its own Kalman filter, using the previous 

measured coordinates over time and predicting the next frame coordinates of the fish (Fig. 5). For 

each fish detection, the measured and predicted coordinates were compared. If the measured 

coordinates matched the predicted ones, the ID from the previous frame was kept, if not, it meant 

that it was not a fish from the previous frame and a new fish ID was created. For each frame 

containing a fish, its ID number, the time and its location were recorded and saved in a text file 

(Table 1). For instance, fish number 314 was detected once while fish number 315 was detected five 

times. 

[Fig5 here] 

[Table 1 here] 

2.5 Filter application  

Despite the area thresholding during the automated image analysis step, not all particles or fish 

scales were ignored, so the output data files needed to be cleaned from these false detections. False 

detections were due mostly to particles or fish scales. Common filters remove objects detected less 

than a fixed number of times or having an area smaller than a given threshold. Nevertheless, this 

kind of filtering can lead to removing fish escaping close to the video system (as they will not be 

detected enough times) and those escaping far from the video system (as their area is too small). 

This challenging visual tracking problem is frequently encountered and is due to the transition from 

the 3D world of the scene recorded to the 2D world of the camera [20]. To overcome this issue, the 



threshold used in our method was based on an object’s mean area measured over the frames in 

which it occurred multiplied by the number of times it was detected.  

The threshold was set to minimise the error of the automated counting approach (i.e. difference 

from manual counting) in the number of fish escapements (absolute counting) and in the proportion 

of fish that escaped from the white panel (relative counting). To do so, a set of plausible values from 

500-3000 were tested for the threshold. For each value, the automated approach’s error in absolute 

counting was quantified by the following variation rate: 

Ɛ� = �(���	)��(����)
�(����)  × 100% 

N(auto) and N(human) are the total number of fish that escaped the selective device (both black and 

white panels) counted by the automated approach and observers, respectively.  

To use the automated approach to compare two selective devices, error in relative counting was 

calculated:  

Ɛ� = P(auto) − P(human) 

P(auto) and P(human) are the proportions of escapements from the white panel counted by the 

automated approach and observers, respectively.  

Both errors were calculated from the entire set of videos observed by both the automated approach 

and observers. 

All objects passing through this filter were ultimately considered to be fish escaping the trawl and 

therefore were automatically counted. In the last step, the software attributed a panel colour to each 

escapement based on the X position of its initial detection relative to that of the line separating the 

black and the white panels. Like the manual counting, the automatic count included all species. 

 

2.6 Reliability of the automated counting 

We explored the influence of video duration on the accuracy of the algorithm. For video sequences 

of varying duration (1, 2, 5, 10 and 20 min.), the “algorithm error” was calculated for 10,000 random 

samples of sequences. As variability in the error is expected to decrease as the duration increases, 

the uncertainty for a 150 min. sequence was expected to be much lower than the uncertainty 

quantified for a 20 min. sequence.  



We calculated an error in escapement frequencies standardised by the time in min. (Time) to be able 

to compare the different durations: 

Ɛ� =
N(auto) − N(human)

Time  

as well as the error in the proportion escaping from the white panel (Ɛ2). For both types of errors, 

distributions of their absolute values were analysed, as were their means: 

Ɛ� = ! |Ɛ#($)|, & = 2,3
�((((

)*�
 

Ɛ#(s) is the error from randomly drawn sequences. 

Then, to compare the error of the automated approach to the potential human error, the same 

statistic Ɛ,  was calculated for each reference video. To do this, the mean of the absolute errors 

between all pairs of observers was calculated. 

We also explored the influence of the area of the region of interest available above both panels on 

the detection ability of the software. The undulating movements of the netting resulted in different 

region of interest areas over time (Fig. 4 & 5). As the algorithm performed the detection only in the 

region of interest, we calculated the Spearman’s correlation between the number of escapements 

and the area of the region of interest. 

2.7 Assessment of the colour effect 

The effect of panel colour on escapement was assessed from both the human and automated 

counting and for both hauls to explore if the results were consistent between hauls. In each case, a 

binomial test was used to determine if the proportion of escapements from the white panel differed 

significantly from 0.5. 

 

3. RESULTS 

3.1 Reliability of manual counting 

For the three escapement rates, manual counts were similar among the five observers (Table 2). 

Although the coefficient of variation in total count was higher for lower escapement rates, it did not 

exceed 20%. Furthermore, relative escapement results were very similar, as standard deviation of 

the proportions of escapements from the white panel never exceeded 0.05. Owing to the low 

variability among observers, manual counting of the entire video from the two hauls was considered 



valid for calibrating the automated approach. The observers manually counted escapements in a 

total of 30 sequences from the two hauls, resulting in 909 escapements during 150 min. of watched 

videos. However, variability among observers was considered again later when assessing the 

performance of the automated approach and the effect of panel colour.  

[Table 2 here] 

3.2. Filter calibration 

During filter calibration, low threshold values caused the software to over-count escapements in haul 

2 because it included small objects such as suspended sediment particles or fish scales, even when 

they were detected only a few times (Table 3). Noise detections were thus counted as fish. At high 

threshold values, however, the algorithm under-counted escapements in both hauls because it 

filtered out small fish even when they were detected several times. Values corresponding to positive 

absolute errors (Ɛ1) were excluded to avoid overestimating the significance of the difference in 

escapement rate between the two panels. Indeed, an overestimation would lead to interpret the 

behaviour of entities that are not fish. Furthermore, the maximum accepted relative error (Ɛ2) was 

set at 0.05 to remain consistent with the results of the human counting. According to the relative 

error, a threshold value of 1600 was the best compromise between hauls, resulting in a mean 

undercounting of absolute error in escapements of 18% and a mean relative error in escapements of 

-0.01 (Table 3). 

[Table 3 here] 

3.3. Reliability of the automated approach’s performance 

Results of both human and automated approaches were compared over time (Fig. 6) to provide both 

overall and instantaneous assessments of the reliability of the automated approach. The algorithm 

showed good reliability overall and followed the trends of manual counts, except from minute 18 to 

19, in haul 1, when humans counted approximately 120 escapements. In this extreme case, the 

automated approach did not count as many escapements.  

[Fig6 here] 

During the 5 min. reference sequences, absolute and relative counting errors between observers 

were lower than those between the observers and the automated approach (Fig. 7). However, the 

variability in errors for sequences of 20 min. was low, so good confidence can be attributed to the 

algorithm results over an entire haul. Therefore, the automated approach provides good estimates of 

the number of fish escaping the selective device from each colour panel, at the haul level. 



[Fig7 here] 

Finally, the Spearman’s correlation coefficient between the number of escapements and the area of 

the region of interest was 0,024. This result showed that the ability of the algorithm to detect 

escapees was not sensitive to the undulation of the netting. 

3.4 Effect of panel colour 

According to both manual and automated approaches, fish escaped significantly more from the white 

than the black panel in the camera field of view (Table 4). Although the significance of the difference 

of automated results from 0.5 was always lower than that of the manual results, due to the rule 

chosen to avoid over-estimating absolute counts, the binomial test demonstrated that the difference 

was significant with both techniques and for both hauls. Even when accounting for the potential 

observer’s error of 0.05 reported in section 3.1, the effect of the white panel was still significant.  

[Table 4 here] 

4. DISCUSSION 

4.1 Effect of net colour on fish escapement 

Our results revealed that net colour can influence the behaviour of fish facing the selective device, 

with more escapements through a white than a black square mesh panel in the camera field of view. 

The escape counts from this method should be analysed with care for two reasons. First, the method 

could not identify species and size of the fish at the current development stage. Species can have 

different behaviour inside a trawl [21], thus the relative escape rates might change with different 

catch compositions. For instance, if a species that escapes more through the white panel dominates 

the catch, the escape rate through the white panel will be higher compared to a catch containing 

relatively small amounts of this species, and vice versa. For the hauls used in this study, a catch 

comparison between the trawl with the square mesh panels, and an identical trawl without the two 

panels, towed alternately (constituting a pair), showed that the main species escaping the square 

mesh panel (including both the white and black areas) were small whiting and horse mackerel (data 

not shown but see [16] for more details). Thus, it could be assumed that the colour influences the 

behaviour of one of these two species, or both of them. As the catch composition is not necessarily 

the same between hauls, comparing the catch composition at the scale of pairs of hauls for more 

pairs could help to determine if there were differences between these two species. Indeed, looking 

at the amount of fish that escapes relative to the total amount that is caught (escaped + retained) 

and comparing it with the automatic count for each haul and species could allow inferring what 

species is escaping more from the white panel. In our study, only two hauls were analysed by both 



humans and the algorithm, the number of individuals at the haul basis was thus too low to 

extrapolate the results from the catch comparison to the proportion of escapees counted on the 

videos. Identifying species would greatly help in determining whether the square mesh panels are 

effective at letting unwanted fish escape rather than targeted ones. 

Second, the videos were always recorded from the same position with the camera field of view only 

covering the front part of the panels while the escape behaviour of a species can change along the 

gear [22–24]. For instance, the space inside the tapered section of the gear gets smaller towards the 

aft part of the tapered section, increasing the risk of crowding in the unobserved end of the panels. 

Crowding can result in vigorous swimming in all directions for some species and may compromise an 

avoidance response to the black netting. Consequently, the relative escape rate through the white 

netting may be lower in the aft end of the panels. The significance of the difference between the two 

panel colours in the camera field of view are promising results that advocate further investigation 

over the whole panel areas by recording videos at different positions along the panels.  

The colour effect on behaviour might be due to the difference in contrast between white and black 

twines that fish can detect under experimental conditions [25]. Our trials were performed during 

daytime. As the panel was placed in the upper part of the trawl, fish inside the trawl might have 

escaped more through the white panel due to its lower contrast to the light background when 

looking upwards. These results could have differed at night [8]. Then black netting has low contrast 

and consequently fish may reduce their avoidance response to it and increase their avoidance 

response to the high contrast white netting. Indeed, the weaker the contrast of the twine with the 

background, the more likely fish are to approach and penetrate the meshes [26]. Stimulating active 

escapement is important in multi-species trawl fisheries. For instance, it enables trawls to reduce 

their catch of undersized individuals of larger, actively swimming species without losing commercial 

sizes of smaller, passive species [27]. Indeed, fish can be stimulated to actively swim through the 

meshes of contrasting colours [26]. This could be exploited by fishermen to improve selectivity of 

their fishing gear, e.g. by maximising the contrast between the selective meshes in the panel and the 

background and vice versa for the standard meshes in the rest of the gear. In [28], a section of black 

twine increased escapement through a square mesh panel ahead of it compared to the square mesh 

panel without the section of black twine, which was suggested to create the illusion for fish that the 

route was blocked or simulated a “predatory mouth”. In our trials, fish could avoid the negative 

“black” stimulus by escaping through the white panel, which contrasted little with the surrounding 

environment. Consistent with our findings of ≈60%, a Scottish experiment on board a research vessel 

found that 60-80% of fish escapements occurred through the white panel (Anonymous, 1993-1994 in 

[21]). On board commercial trawlers, more small haddock (L < 30 cm) escaped through the white 



than the black panel, but no significant differences in overall escapement between black and white 

panels was observed [10]. However, the authors acknowledged that the video system distorted the 

panels, which may have decreased the effectiveness of their selective device. 

 

4.2 Performance of automated video analysis compared to human counting 

This study presents results for only two hauls, as manual counting is time consuming; more videos 

from several other hauls should be analysed to validate these results. Video multi-tracking software 

(e.g. VideoTrack®, Ethovision®, or ‘homemade’ ones such as those of [29] and our study) can track 

several individuals simultaneously and has several advantages compared to manual counting. 

Although manual counting by the five observers of the three reference videos revealed a certain 

consistency, it is complicated and time-consuming, as each video needed to be viewed twice (once 

for each colour) and at a slower speed (0.5×). Comparison of manual and automated counting in the 

present study shows that the algorithm developed counted escapement well, even in challenging 

underwater conditions and with a camera which is moving relative to the surroundings. However, in 

some sections of the video recordings, the trawl created dense sand clouds that disrupted the 

detection ability of the algorithm.  

Due to the compromise necessary when defining the sensitivity of the algorithm (threshold high 

enough to detect fish escapement but low enough to avoid false detections such as particles, fish 

scales, etc. [30]) the automated approach undercounted fish escapement. Although the automated 

approach could have been more accurate, the software was calibrated to underestimate 

escapements so the magnitude of the significance test would not be overestimated when comparing 

the panels. As the parameters defining the detection sensitivity were the same for both black and 

white sides, the algorithm undercounted fish escapements, but did not create bias. Moreover, in the 

case of large amounts of fish escaping the trawl in the same time, the software could underestimate 

the number of fish present in the image due to overlapping and occluded fish, e.g. detecting one 

large fish instead of two overlapping fish. In this case the tracking showed limitations with loss of 

tracks and bad identity assignments. The error in relative counting between white and black panels, 

however, was less than 5%. The difference in escapement rate between black and white panels in the 

binomial test was less significant for automated counting than manual counting, due to the negative 

bias of undercounting. Nevertheless, the software can analyse many more sequences than humans 

and can therefore increase the significance of the test.  

Image processing techniques are promising for exploring fish escape rates but, to the best of our 

knowledge, have never been used for this purpose. Once the software is developed, the required 



human time is greatly reduced, enabling analysis of many hours of video under multiple fishing 

conditions. Moreover, this method is directly transferable to other comparisons of two selective 

devices that differ in colour or shape. Critical examination of output data of the automated counting 

would still be necessary, but only for a few random sequences, to ensure that the software is 

working properly. 

Further work could be done to adapt the software to stereoscopic videos [18,31], which could 

overcome the issue of the minimum area of interest. Indeed, some fish escaping far from the camera 

were not detected as their area was smaller than the area threshold. The challenge of detecting fish 

in a 3D environment from only one camera (i.e. 2D images) was partially overcome in the present 

study by weighting minimum fish size by the number of detections. Indeed, for a given vessel and fish 

swimming speed, the closer a fish is to the camera, the less often it appears in the camera’s field. 

Software that could estimate the distance between the camera and the fish could estimate the true 

size of the fish regardless of the distance (e.g. [19]). As underwater video has begun to be used to 

assess stocks [14] or monitor biodiversity [32], another way to improve the software would be to use 

deep-learning methods to train it to detect and identify different fish species [33].  

4.3 Constraints related to escapement observations  

In studies depending on fish behaviour, the video system should not include any artificial light that 

can influence the observed behaviour. The spectral sensitivity of different species varies, and near 

infrared wavelengths, which are considered to be unsuitable for visual perception, are visible to 

some species [34,35]. A limitation of using red and far red lights is the high absorption of these 

wavelengths by the water. The bottom trawl environment also adds constraints as the footrope is 

always in contact with the sea bed, clouds of sand or mud are often created in the wake of the trawl. 

When illuminated with artificial lights these clouds of particles can create backscatter, resulting in 

poor quality images rendering the manual and the automated detection even more difficult. For all 

these reasons, in this study, no artificial light was added and therefore a high sensitivity camera was 

used. As the sunlight intensity decreases with depth, the use of this camera system is limited to 

daytime and to a certain depth. 

The camera allowed to count the number of fish escapements, but species recognition was not 

possible. To overcome the fish species determination challenge and to have the number of fish that 

actually escaped from each colour panel, covered cod-end could have been used on top of each of 

them. However, the use of extra small mesh would have influenced fish behaviour as it would have 

modified the light background when looking upwards at the upper panel. Also, these extra meshes 

would have appeared on the background of the recorded images rendering the automatic counting 



impossible. A high resolution camera could allow the fish species recognition but currently available 

cameras do not offer both high sensitivity and high resolution. Nowadays a compromise has to be 

made between sensitivity and resolution when choosing the camera system, but technological 

advances might address this issue in the next few years.  

 

5. CONCLUDING REMARKS 

In this study, a new and original approach based on computer vision was developed to determine if 

the colour of a selective device modifies the escape rate of fish from a fishing gear. Until now, the 

legislation on selective devices focuses on mesh size without considering the colour of the device. 

Results from our method suggest that net colour influences the escape rates of fish. Net colour 

should therefore be investigated with the aim of increasing the efficiency of bycatch reduction 

devices. Automated analysis of underwater videos provides an avenue for research on marine 

species assessment, especially as it is non-extractive, unlike traditional techniques (cover cod-end for 

selectivity, scientific trawl for stock assessment, etc.), and less time consuming. 

 

Acknowledgements 

This study was part of the REJEMCELEC project, supported by France Filière Pêche, Région Bretagne, 

Région Normandie, Ifremer, Cobrenord and Organisation des Pêcheurs Normands. The authors are 

very grateful to the crews of the fishing vessels Azur (COBRENORD) and Carpe Diem III (OPN) for their 

help on board. Thanks are due to anonymous referees for commenting the manuscript. 

 

REFERENCES 

[1] S.A. Reeves, D.W. Armstrong, R.J. Fryer, K.A. Coull, The effects of mesh size, cod-end 

extension length and cod-end diameter on the selectivity of Scottish trawls and seines, 

ICES Journal of Marine Science. 49 (1992) 279–288. 

https://doi.org/10.1093/icesjms/49.3.279. 

[2] N. Graham, F.G. O’Neill, R.J. Fryer, R.D. Galbraith, A. Myklebust, Selectivity of a 

120mm diamond cod-end and the effect of inserting a rigid grid or a square mesh panel, 

Fisheries Research. 67 (2004) 151–161. https://doi.org/10.1016/j.fishres.2003.09.037. 

[3] A. Sala, A. Lucchetti, G. Buglioni, The influence of twine thickness on the size 

selectivity of polyamide codends in a Mediterranean bottom trawl, Fisheries Research. 

83 (2007) 192–203. https://doi.org/10.1016/j.fishres.2006.09.013. 

[4] D. Kopp, F. Morandeau, M. Mouchet, C. Vogel, S. Méhault, What can be expected of a 

T90 extension piece to improve selectivity in bottom trawl multispecific fisheries in the 

Bay of Biscay?, Fisheries Science. 84 (2018) 597–604. https://doi.org/10.1007/s12562-

018-1203-8. 



[5] C. Vogel, D. Kopp, S. Méhault, From discard ban to exemption: How can gear 

technology help reduce catches of undersized Nephrops and hake in the Bay of Biscay 

trawling fleet?, J. Environ. Manage. 186 (2017) 96–107. 

https://doi.org/10.1016/j.jenvman.2016.10.017. 

[6] D. Brewer, N. Rawlinson, S. Eayrs, C. Burridge, An assessment of Bycatch Reduction 

Devices in a tropical Australian prawn trawl fishery, Fisheries Research. 36 (1998) 195–

215. 

[7] B. Thomsen, Selective flatfish trawling - ICES mar. Sci. Symp., (1993). 

[8] C.W. Glass, C.S. Wardle, Comparison of the reactions of fish to a trawl gear, at high and 

low light intensities, Fisheries Research. 7 (1989) 249–266. 

https://doi.org/10.1016/0165-7836(89)90059-3. 

[9] N. Lowry, J.H.B. Robertson, The effect of twine thickness on cod-end selectivity of 

trawls for haddock in the North Sea, Fisheries Research. 26 (1996) 353–363. 

https://doi.org/10.1016/0165-7836(95)00418-1. 

[10] E.G. Jones, R. Fryer, R. Kynoch, K. Summerbell, The influence of twine colour and 

contrast on the effectiveness of square mesh panels in a demersal whitefish trawl, in: 

ICES-WGFTFB Working Paper: The   Reaction and Behaviour of Fish to Visual 

Components of Fishing Gears and the Effect on Catchability in Survey and Commercial 

Situations, 2004: pp. 100–109. 

[11] D. Mallet, D. Pelletier, Underwater video techniques for observing coastal marine 

biodiversity: A review of sixty years of publications (1952–2012), Fisheries Research. 

154 (2014) 44–62. https://doi.org/10.1016/j.fishres.2014.01.019. 

[12] A.I. Dell, J.A. Bender, K. Branson, I.D. Couzin, G.G. de Polavieja, L.P.J.J. Noldus, A. 

Pérez-Escudero, P. Perona, A.D. Straw, M. Wikelski, U. Brose, Automated image-based 

tracking and its application in ecology, Trends in Ecology & Evolution. 29 (2014) 417–

428. https://doi.org/10.1016/j.tree.2014.05.004. 

[13] D.J. White, C. Svellingen, N.J.C. Strachan, Automated measurement of species and 

length of fish by computer vision, Fisheries Research. 80 (2006) 203–210. 

https://doi.org/10.1016/j.fishres.2006.04.009. 

[14] G.R. DeCelles, E.F. Keiley, T.M. Lowery, N.M. Calabrese, K.D.E. Stokesbury, 

Development of a Video Trawl Survey System for New England Groundfish, 

Transactions of the American Fisheries Society. 146 (2017) 462–477. 

https://doi.org/10.1080/00028487.2017.1282888. 

[15] S. Rosen, J.C. Holst, DeepVision in-trawl imaging: Sampling the water column in four 

dimensions, Fisheries Research. 148 (2013) 64–73. 

https://doi.org/10.1016/j.fishres.2013.08.002. 

[16] G. Lavialle, M. Morfin, J. Simon, F. Morandeau, M. Vimard, P. Larnaud, Rapport 

d’étude final du projet REJEMCELEC. OP COBRENORD, Ifremer, Organisation des 

Pêcheurs Normands, 237p., (2018). 

[17] B. Vincent, J. Simon, J.-P. Vacherot, F. Morandeau, P. Larnaud, D. Kopp, S. Mehault, 

M. Morfin, M. Savina-Rolland, E. Marc, Lorient Flume tank, Ifremer, 2018. 

https://doi.org/10.13155/54803. 

[18] M.R. Shortis, M. Ravanbakskh, F. Shaifat, E.S. Harvey, A. Mian, J.W. Seager, P.F. 

Culverhouse, D.E. Cline, D.R. Edgington, A review of techniques for the identification 

and measurement of fish in underwater stereo-video image sequences, in: F. Remondino, 

M.R. Shortis, J. Beyerer, F. Puente León (Eds.), Munich, Germany, 2013: p. 87910G. 

https://doi.org/10.1117/12.2020941. 

[19] M.-C. Chuang, Jenq-Neng Hwang, K. Williams, R. Towler, Tracking Live Fish From 

Low-Contrast and Low-Frame-Rate Stereo Videos, IEEE Transactions on Circuits and 



Systems for Video Technology. 25 (2015) 167–179. 

https://doi.org/10.1109/TCSVT.2014.2357093. 

[20] H. Yang, L. Shao, F. Zheng, L. Wang, Z. Song, Recent advances and trends in visual 

tracking: A review, Neurocomputing. 74 (2011) 3823–3831. 

https://doi.org/10.1016/j.neucom.2011.07.024. 

[21] L.A. Krag, N. Madsen, J.D. Karlsen, A study of fish behaviour in the extension of a 

demersal trawl using a multi-compartment separator frame and SIT camera system, 

Fisheries Research. 98 (2009) 62–66. https://doi.org/10.1016/j.fishres.2009.03.012. 

[22] N. Graham, R.J. Kynoch, Square mesh panels in demersal trawls: some data on haddock 

selectivity in relation to mesh size and position, Fisheries Research. 49 (2001) 207–218. 

https://doi.org/10.1016/S0165-7836(00)00211-3. 

[23] N. Graham, R.J. Kynoch, R.J. Fryer, Square mesh panels in demersal trawls: further data 

relating haddock and whiting selectivity to panel position, Fisheries Research. 62 (2003) 

361–375. https://doi.org/10.1016/S0165-7836(02)00279-5. 

[24] B. Herrmann, H. Wienbeck, J.D. Karlsen, D. Stepputtis, E. Dahm, W. Moderhak, 

Understanding the release efficiency of Atlantic cod (Gadus morhua) from trawls with a 

square mesh panel: effects of panel area, panel position, and stimulation of escape 

response, ICES Journal of Marine Science. 72 (2014) 686–696. 

https://doi.org/10.1093/icesjms/fsu124. 

[25] R.S.T. Ferro, F.G. O’Neill, An overview of the characteristics of twines and netting that 

may change cod-end selectivity, CM 1994/B:35, 1994. 

[26] C. W. Glass, C. S. Wardle, S. J. Gosden, Behavioural studies of the principles 

underlying mesh penetration by fish, (1993) ICES mar. Sci. Symp., 196: 92-97. 

[27] L.A. Krag, B. Herrmann, J. Feekings, H.S. Lund, J.D. Karlsen, Improving escape panel 

selectivity in Nephrops -directed fisheries by actively stimulating fish behavior, 

Canadian Journal of Fisheries and Aquatic Sciences. 74 (2017) 486–493. 

https://doi.org/10.1139/cjfas-2015-0568. 

[28] C.W. Glass, C.S. Wardle, Studies on the use of visual stimuli to control fish escape from 

codends. II. The effect of a black tunnel on the reaction behaviour of fish in otter trawl 

codends, Fisheries Research. 23 (1995) 165–174. https://doi.org/10.1016/0165-

7836(94)00331-P. 

[29] Z.-M. Qian, X.E. Cheng, Y.Q. Chen, Automatically Detect and Track Multiple Fish 

Swimming in Shallow Water with Frequent Occlusion, PLoS ONE. 9 (2014) e106506. 

https://doi.org/10.1371/journal.pone.0106506. 

[30] J. Delcourt, M. Denoël, M. Ylieff, P. Poncin, Video multitracking of fish behaviour: a 

synthesis and future perspectives: Multitracking fish behaviour, Fish and Fisheries. 14 

(2013) 186–204. https://doi.org/10.1111/j.1467-2979.2012.00462.x. 

[31] S. Rosen, T. Jörgensen, D. Hammersland-White, J.C. Holst, DeepVision: a stereo 

camera system provides highly accurate counts and lengths of fish passing inside a trawl, 

Canadian Journal of Fisheries and Aquatic Sciences. 70 (2013) 1456–1467. 

https://doi.org/10.1139/cjfas-2013-0124. 

[32] L. Mérillet, M. Mouchet, M. Robert, M. Salaün, L. Schuck, S. Vaz, D. Kopp, Using 

underwater video to assess megabenthic community vulnerability to trawling in the 

Grande Vasière (Bay of Biscay), Environmental Conservation. 45 (2018) 163–172. 

https://doi.org/10.1017/S0376892917000480. 

[33] V. Allken, N.O. Handegard, S. Rosen, T. Schreyeck, T. Mahiout, K. Malde, Fish species 

identification using a convolutional neural network trained on synthetic data, ICES 

Journal of Marine Science. 76 (2019) 342–349. https://doi.org/10.1093/icesjms/fsy147. 



[34] E.A. Widder, B.H. Robison, K.R. Reisenbichler, S.H.D. Haddock, Using red light for in 

situ observations of deep-sea fishes, Deep Sea Research Part I: Oceanographic Research 

Papers. 52 (2005) 2077–2085. https://doi.org/10.1016/j.dsr.2005.06.007. 

[35] D. Meuthen, I.P. Rick, T. Thünken, S.A. Baldauf, Visual prey detection by near-infrared 

cues in a fish, Naturwissenschaften. 99 (2012) 1063–1066. 

https://doi.org/10.1007/s00114-012-0980-7. 
 



Figure 1. Selective devices tested in the tapered section of the trawl and location the video system 

(figure not to scale) 

Figure 2. The underwater video system set in front of the black and white square-mesh panels 

Figure 3. Flow chart of the image processing algorithm. On images, solid straight lines indicate net 

boundaries, dashed vertical line indicates the boundary between white and black panels of the 

selective device, and the curved line indicates a tracked fish. 

Figure 4. Example of objects ignored by the algorithm due to too small area and/or too little contrast. 

The black polygon indicates the boundaries of the region of interest, dashed vertical line indicates 

the boundary between white and black panels of the selective device 

Figure 5. Operating principle of the algorithm with (a) the input image, (b) net detection, (c) 

detection of net colour separation and region of interest, (d) fish detection, and (e-l) fish detection 

and tracking over time  

Figure 6. Cumulative escapements recorded over time for the two hauls (top: Haul 1; bottom: haul 2) 

analysed by both humans and the automated approach. Grey: white panel; black: black panel; 

dashed lines: humans; solid lines: automated approach. 

Figure 7. Distributions of automated counting errors from several durations of videos and for (left) 

absolute (Ɛ3) and (right) relative (Ɛ2) counting. Black crosses are mean errors between observers for 

the three 5 min. reference videos: Ɛı� = ∑ ∑ |Ɛi�obs1, obs2�|�
�����������

�
������ , i= 1, 2. 

 

















Table 1. Sample of the comma-delimited (.csv) file saved by the software, containing information on 

each fish that escaped from the trawl 

ID 

no. 

Frame 

no. 
Time (ms) 

X position 

(pixels) 

Y position 

(pixels) 

Area 

(pixels) 

X position of 

net colour 

separation 

313 31914 1276560 474 313 212 391 

314 31956 1278240 603 265 275 383 

315 32008 1280320 336 271 3017 382 

315 32009 1280360 304 250 5544 383 

315 32010 1280400 286 222 2404 407 

315 32011 1280440 278 229 2141 436 

315 32012 1280480 277 249 321 469 

 



Table 2. Counts of fish escapements from white and black panels of the selective device by five 

observers during three reference videos. 

Escapement 

rate over 5 min. 

 Observer Fish 

counted 

Proportion 

from the 

white panel 

Low (< 30)  1 25 0.64 

 2 35 0.72 

 3 21 0.67 

 4 33 0.67 

 5 30 0.73 

Mean 28.8 0.69 

Standard deviation 5.8 0.04 

Coefficient of variation (%) 20 5.6 

Medium (30-60) 

 

 

 

 

 

 

 

 1 55 0.55 

 2 46 0.59 

 3 44 0.59 

 4 64 0.53 

 5 55 0.53 

Mean 52.8 0.56 

Standard deviation 8.0 0.03 

Coefficient of variation (%) 15 5.5 

High (> 60)  1 158 0.56 

 2 166 0.55 

 3 194 0.57 

 4 184 0.57 

 5 163 0.60 

Mean 173.0 0.57 

Standard deviation 15.3 0.02 

Coefficient of variation (%) 9 3.4 

 



 

 

Table 3. Errors in automated counting compared to that of manual counting, calculated as a function 

of different threshold values. Shaded areas indicate positive values of absolute error in automated 

counting (Ɛ1) or absolute values of relative error (Ɛ2) greater than 0.05. The dotted rectangle 

corresponds to acceptable threshold values, from which the best compromise was chosen. 

 
Ɛ1 (%) Ɛ2 

Threshold value Haul 1 Haul 2 Haul 1 Haul 2 

500 0.95 20.00 -0.03 0.06 

600 0.95 20.00 -0.03    0.06 

700 0.48 18.78 -0.03 0.05 

800 -3.34 15.31 -0.04 0.05 

900 -6.92 10.20 -0.04 0.03 

1000 -10.74 5.10 -0.04 0.04 

1100 -12.65 1.84 -0.04 0.03 

1200 -15.75 -1.22 -0.04 0.03 

1300 -17.42 -3.06 -0.04 0.02 

1400 -21.48 -4.69 -0.04 0.02 

1500 -24.11 -7.55 -0.04 0.02 

1600 -26.01 -9.80 -0.03 0.02 

1700 -27.45 -11.43 -0.04 0.02 

1800 -31.50 -13.27 -0.04 0.01 

1900 -32.22 -15.51 -0.04 0.01 

2000 -33.17 -17.14 -0.05 0.00 

2100 -34.84 -19.59 -0.05 0.00 

2200 -36.52 -21.02 -0.06 0.00 

2300 -38.42 -22.65 -0.07 0.01 

2400 -40.10 -24.08 -0.08 0.01 

2500 -41.05 -25.51 -0.07 0.01 

2600 -42.96 -27.35 -0.07 0.01 

2700 -45.11 -28.37 -0.07 0.01 

2800 -46.78 -29.39 -0.06 0.01 



2900 -47.73 -30.61 -0.07 0.01 

3000 -49.16 -32.45 -0.06 0.01 

 



Table 4. Results of manual and automated counting approaches by haul and overall 

 

 

 

 

 

 

 

 

Haul and count 

source 

Fish 

counted 

Binomial test 

Escapement 

proportion from 

white panel 

95% confidence 

interval p-value 

Haul 1 (manual) 419 0.58 [ 0.53 – 0.63 ] 1.236 × 10-3 

Haul 1 (auto) 310 0.55 [ 0.49 – 0.60 ] 1.250 × 10-1 

Haul 2 (manual) 490 0.63 [ 0.59 – 0.67 ] 7.965 × 10-9 

Haul 2 (auto) 442 0.62 [ 0.57 – 0.66 ] 8.407 × 10-7 

Total (manual) 909 0.61 [ 0.57 – 0.64 ] 1.055 × 10-10 

Total (auto) 752 0.59 [ 0.55 – 0.62 ] 2.414 × 10-6 




