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This paper presents and evaluates a method for detecting and counting demersal ﬁsh species in complex, cluttered, and occluded environments
that can be installed on the conveyor belts of ﬁshing vessels. Fishes on the conveyor belt were recorded using a colour camera and were detected
using a deep neural network. To improve the detection, synthetic data were generated for rare ﬁsh species. The ﬁshes were tracked over the
consecutive images using a multi-object tracking algorithm, and based on multiple observations, the ﬁsh species was determined. The eﬀect
of the synthetic data, the amount of occlusion, and the observed dorsal or ventral ﬁsh side were investigated and a comparison with human
electronic monitoring (EM) review was made. Using the presented method, a weighted counting error of % was achieved, compared to a
counting error of % for human EM review on the same recordings.
Keywords: by-catch registration, computer vision, deep learning, electronic monitoring, object detection, object tracking.

Introduction
Fisheries management often relies on population models that integrate fisheries data, including catch estimates (Beverton and Holt,
1957; Rijnsdorp et al., 2007; Bradshaw et al., 2018). Accurate catch
estimates are, therefore, important for sustainable fisheries management. However, in many fisheries, only part of the catch is landed
and sold, the rest may be thrown overboard [“discarded”; (Kelleher,
2005)]. Discarding of fish occurs because of market conditions or
fishery management regulations, such as minimum landing sizes
or quotas (Catchpole et al., 2005; Rochet and Trenkel, 2005; Poos

et al., 2009). Discarded fish can make up large part of the catch and,
because the process of discarding happens at sea, it often goes unrecorded.
Attempts to collect information on discarded catch are generally done at sea via on-board observer programmes (Fernandes
et al., 2011; Snyder and Erbaugh, 2020). In these programmes,
trained personnel collect numbers, weights, length, age, and
species compositions of the discarded part of the catch (Uhlmann
et al., 2013). However, at-sea observer programmes are expensive and time-consuming, thus often cover only a small fraction
of the overall fishing effort of fishing fleets (Benoît and Allard,


C The Author(s) 2021. Published by Oxford University Press on behalf of International Council for the Exploration of the Sea. This is an
Open Access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium,
provided the original work is properly cited.

Downloaded from https://academic.oup.com/icesjms/article/78/10/3834/6444891 by guest on 26 January 2022

Automatic discard registration in cluttered environments using
deep learning and object tracking: class imbalance, occlusion,
and a comparison to human review

Automatic discard registration in cluttered environments using deep learning and object tracking

Related work in automatic registration of discards
Just training a computer to recognize fish during the sorting process on a fishing vessel is not sufficient for complete registration of
discards. For registration of all discards on a conveyor belt, a counting procedure also needs to be included. Automatic registration of
discards consists of three subtasks: (1) object localization, (2) object classification, and (3) object counting. Object localization involves locating fishes in an image. Object classification assigns a
fish species to that located object, which then allows counting per
species. We refer to steps (1) and (2) jointly as object detection. The
biggest challenge in object counting is to track the fish over multiple
video frames to prevent double counting.
Several machine–vision approaches have been proposed to perform these tasks. Traditional approaches for object detection rely
on tailor-made image-processing algorithms, including dedicated
handcrafted algorithms to extract image features. Zion et al. (1999)
and Storbeck and Daan (2001), for instance, constructed a system
that performs image classification based on shape descriptors of the
fish in the images.
Deep-learning techniques such as a convolutional neural networks (CNN) offer a better approach for object detection (Le-

Cun et al., 2015). These CNNs consist of a large number of interconnected artificial neurons in different layers. The connection
strengths (or weights) between the neurons are optimized based
on a training set. By feeding a large number of training images, accompanied by the required output, CNNs can be trained to perform
specific tasks, such as object localization, classification, and detection. These CNN-based approaches are a subset of the deep learning
techniques that are increasingly being used to solve complex problems in marine science and marine resource management (Malde
et al., 2019; Beyan and Browman, 2020).
Several CNN-based approaches have been suggested for detection and classification of fish in images. Shafait et al. (2016) and
Siddiqui et al. (2017) developed an approach that classified images
taken underwater containing single fish, while Lu et al. (2019) designed a CNN that classified images of fish catch landed on the deck
of fishing vessels. Eickholt et al. (2020) implemented a CNN that
can classify living fishes as they pass through a tunnel under barriers, in order to detect invasive species. Allken et al. (2019) implemented a CNN that classified images with multiple fish in a controlled environment.
The most recent approaches in the literature are from French
et al. (2020) and Tseng and Kuo (2020). Both use Masked Regionbased CNN (Mask R-CNN) to classify fish using on-board CCTV
videos. Tseng and Kuo (2020) used videos acquired on the deck of
a longliner and was able to detect tuna, marlin, shark, buoys, and
’others’ with an accuracy of 83% (F1-score) and an error in counting
of 21%. French et al. (2020) detected cod, haddock, whiting, saithe,
monk, Norway pout, plaice, dab, and grey gurnard on a conveyor belt
on-board a fishing trawler. They reported a mean class accuracy of
63%, in a research vessel experiment with known quantities of fish,
and a mean class accuracy of 57–59% on a commercial vessel. Human reviewers are reported to have a mean class accuracy ranging
between 74 and 86% on a sample of the dataset (French et al., 2020).

Contributions of this paper
Despite tremendous progress in the field, there are no automatic
catch registration systems available yet that can deal well with a continuous stream of video data from the complex on-board situation.
Moreover, the detection of fish that are partially or fully occluded by
fish or other objects is a challenge that has not been systematically
studied in the literature. No related work targets demersal flatfish
species, most of which are characterized by a coloured dorsal and
white ventral side, which is challenging for image detection. Some
of these species can be more frequently observed than others, which
can cause challenges in training CNN’s. Finally, with the exception
of French et al. (2020) and Qiao et al. (2020), the machine–vision
methods have not been compared to the accuracy of a human EM
review.
The objective of our work was to develop and evaluate a method
for detecting and counting multiple demersal species on conveyor
belts on board fishing vessels. An acquisition system was developed
to get high-quality video frames of fish on the conveyor belt. Detected fish on the conveyor belt were tracked in video frames to (i)
automate the counting process while avoiding double counting and
(ii) to improve the detection performance. We study (1) the effect
of adding synthetic data to the recorded images to improve performance for infrequently observed species; (2) the performance of the
system as a function of the amount of occlusion and whether the
ventral or dorsal side of the fish is observed; and (3) a comparison
of our method with human EM review.
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2009; Stock et al., 2019). Increasing the sampling coverage of
an observer programme requires a substantial amount of, often
unavailable, financial and labour resources. As a consequence,
fisheries management is compromised, because substantial parts
of the catch remain unregistered (Crowder and Murawski, 1998;
Punt et al., 2006). To improve sustainable management of fish
populations, better data collection of catch quantities per species is
required.
Video-based monitoring on-board fishing vessels, commonly
described as Electronic Monitoring (EM), also described as Remote
Electronic Monitoring (REM), allows catches to be observed remotely by human experts without requiring additional on-board
personnel (McElderry et al., 2003; Kindt-Larsen et al., 2011; Stanley
et al., 2014; Hold et al., 2015; van Helmond et al., 2017). EM systems enable continuous catch monitoring over long periods, making them more suitable for monitoring discards from commercial
fishing vessels than human on-board observers. Hence, they have
the ability to provide more representative coverage of the fleet than
any other observer programme (van Helmond et al., 2020). However, because analysis of EM video data requires human observations, costs are still relatively high, which together with the amount
of human resources needed, is a limiting factor in the uptake of EM
(Needle et al., 2014; Mortensen et al., 2017). To reduce the workload
and improve the sampling frequency, a reform of EM data processing is necessary.
Automated on-board image registration is the logical next step
in achieving complete registration of discarded catch (French et al.,
2020). Training a computer to recognize fish during the sorting process on board a fishing vessel is challenging, due to variability in fish
appearance. For example, fish from the same species are not identical in size, colour, and patterning, while different fish species also
share similarities, e.g. all flatfish species have a white ventral side.
Also, catch is often loaded in bulk on a sorting belt for processing
on board, and consequently, fishes are randomly positioned on the
belt, overlapping each other, resulting in severe occlusions. Therefore, automated image recognition approaches for monitoring systems need to be able to deal with complex images where multiple
individuals and species are partly visible.
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Table 1. Number of annotations per species in each of the three hauls.
Species

Haul 2

Haul 3

Total













































Adding synthetic data

Figure 1. Overview of the camera setup indicating the position of the
RGB and the EM camera for human review.

Material and methods
Image data
Discarded catch
The discarded catches of beam trawlers in the North Sea were collected from one haul per week during the last 3 weeks of October
2019. These catches included the following fish species: common
sole, dab, gurnard, lemon sole, lesser spotted dogfish, plaice, pouting,
ray, turbot, and whiting. Debris present in the catch (like sea stars,
stones, and wood) was also collected by the trawlers. It should be
noted that gurnard and ray are not single species, but consist of two
or more similar looking species. Lesser spotted dogfish, pouting, and
turbot were among the species that were consistently caught in low
numbers, often present at less that ten individuals per haul (Table 1).
Plaice and sole were consistently caught in high numbers, generally
present at more than 100 individuals per haul. Mixed discarded fish
and debris were put in 8–10 boxes per haul. The total number of fish
per box for each species was counted as ground-truth against which
the results of the automated method and the EM review could be
compared.

To avoid problems with the detection of infrequently observed fish
species in the recorded dataset, synthetic images of those species
were generated (Figure 2c) and added to the training dataset. For
each species, 6–12 samples were manually segmented from images
in the dataset. A total of five different images without fish were used
as background images. Based on a normal distribution (mean 6, SD
2), a number of fishes were randomly positioned on a background
image. Each fish was randomly rotated and scaled (±15% independently in x- and y-direction) and recoloured (hue ±20%, saturation
±10%, and brightness ±10%), using a random uniform distribution. Finally, segmented debris was added to the images.

Data annotation
Recorded images from the RGB camera were annotated manually
using bounding boxes, with a custom-made annotation tool that
facilitates annotation by tracking bounding boxes over consecutive images. Synthetic images in the training set were automatically
annotated and were manually refined. Each fish was assigned an
unique id and orientation (dorsal or ventral for the flatfish species
and rays). An estimation for the percentage of occlusion (0–20%,
20–40%, 40–60%, 60–80%, or 80–90%) was annotated for each fish
in every image. Fishes in images occluded by more than 90% were
not annotated.

Automatic ﬁsh counting
Figure 3 presents the method used for counting fish that are moving
on the conveyor belt. From the images, fishes were detected using
an object detector (see the "Fish detection" section). Since the fishes
were visible in multiple consecutive images, a method was developed to track the fish in the video (see the "Tracking multiple fish
over consecutive images" section). Finally, the number of tracked
fishes was counted, resulting in an estimation of the number of fish
for each species.

Data acquisition
The boxes were then emptied on a conveyor belt similar to the
on-board situation. Above the conveyor belt, a RGB camera (IDS
Imaging Development Systems GmbH, Germany) and an EM camera system (VIVOTEK Inc., Taiwan) were mounted (Figure 1). The

Fish detection
A YOLOv3 deep neural network (Redmon and Farhadi, 2018) was
used for joint object localization and object classification. YOLO
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Common sole
Dab
Gurnard
Lemon sole
Lesser spotted dogﬁsh
Plaice
Pouting
Ray
Turbot
Whiting

Haul 1

speed of the conveyor belt was 30 cm/s. The RGB camera recorded
images with a resolution of 1600 × 1200 pixels (Figure 2a) at a
time interval of 0.5 s. This resulted in approximately seven consecutive images in which each fish was visible. The EM camera system
recorded videos at a resolution of 1920 × 1200 pixels (Figure 2b),
at a time interval of 0.5 s, and was used to make comparisons with
human EM observers. To estimate the count error of the method
and to compare this to those from human EM observers, one box
of fish for each haul was recorded four times.
For each haul, the recorded images were split into three batches.
Within these batches, the hauls were combined to form one batch.
The first batch of 3744 images was annotated and used for training
the network. The second batch of 877 images was annotated and
used for validating the network. These validation images were used
to optimize some of the hyperparameters, see the "Automatic fish
counting" section. The last batch of 610 images was used to evaluate
the overall performance of the neural network. Care was taken that
images in the different batches came from different boxes.

Automatic discard registration in cluttered environments using deep learning and object tracking



outputs a vector Y for each detected object with the coordinates that
represent the centre of the bounding box around the detection (bx ,
by ), the dimensions of the bounding box (bw , bh ), the objectness pc
(probability of the bounding box), and the confidence scores for all
possible classes (c1 , c2 , c3 ,..., cn ):
Y = [bx , by , bh , bw , pc , c1 , c2 , c3 , ..., cn ].

(1)

The YOLO network consists of a Darknet 53 feature extractor backbone (Redmon and Farhadi, 2018) and three blocks that perform
the bounding box detection at different spatial scales (Figure 4).
In the backbone block, feature maps are extracted at three spatial scales. These features are connected with the detections that
have the same spatial scale using skip connections (Redmon and
Farhadi, 2018). In this way, meaningful information from earlier
feature maps could be used for better object detection. The first detection block has the smallest detection layer and is responsible for
detecting large objects in the image. The second block is responsible for medium sized objects and the third for the small scale
objects.
The detections at the three scales are concatenated together.
Since most detections have a low objectness, all detections with an
objectness lower than pc,min are removed from the detections. Overlapping detections are removed using non-maximum suppression
(NMS). NMS calculates the intersection over union (IoU) between
all detections of the same class. If the intersection is higher than
IoUnms,min , the detection with the lowest objectness is removed. For
more details on the network, we refer to Redmon et al. (2016) and
Redmon and Farhadi (2017, 2018).
To improve fish detection, the network was pre-trained on images from the general COCO dataset (Ultralytics, 2021), a large image data set containing many different classes of objects (Lin et al.,
2014). To specialize the network in detecting fish, it was then finetuned using our collected data set.
With data augmentation, the original training data is randomly
transformed to train the network more robustly to variations in
the appearance of objects in the images. We applied real-time augmentation, where each training image is randomly transformed

on-the-fly at each iteration during the training procedure. This ensures that the network sees different variations of the images with
each epoch. The augmentations include spectral transformations
(hue, saturation, and brightness) of the image by changing the pixel
values, and spatial transformations by rotating, scaling, shearing,
and flipping the image (Redmon et al., 2016). The default parameters were used for the augmentation.
The Ultralytics implementation of YOLOv3 in Pytorch (Ultralytics, 2021) was used. The network was trained on a NVIDIA GeForce
GTX 1080 Ti using the training and validation dataset. A batch size
of 12 was used, the learning rate was set to 10−3 , the momentum
was set to 0.937, and the decay rate was set to 5 × 10−5 . The input image size, minimum objectness, pc,min , and minimum NMS
IoU, IoUnms,min , hyper-parameters were selected on the validation
dataset using grid search (Table 2). The networks were fine-tuned
for 800 epochs (number of passes through the full training set), the
epoch with the highest performance (F1-score, see the "image level
evaluation" section) on the validation set was used.

Tracking multiple ﬁsh over consecutive images
Since each fish is visible in multiple images, the detected fishes
should be tracked over consecutive images to avoid double counts.
The tracking is inspired by the Sort method (Bewley et al., 2016),
using trackers with associated Kalman filters to predict fish position
and size on the next image. Each tracker is modelled as:
x = [u, v, s, r, u̇, v̇, ṡ, ṙ] ,

(2)

where u and v are the horizontal and vertical center coordinates of the bounding box, s the surface area, r the aspect ratio (width/height), and u̇, v̇, ṡ, and ṙ the corresponding first
derivatives (velocities) of the tracker. The trackers are associated
with the output of the fish detection using the Hungarian assignment algorithm (Kuhn, 1955), which assigns a detected fish to a
tracker. This is done by maximising the sum IoU of all detectiontracker combinations in an image. In other words, the fish detections are assigned to the trackers in such a way that the total
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Figure 2. Examples of recorded RGB camera (a), EM camera (b), and synthetic (c) images.



R. van Essen et al.

overlap is maximized. When the IoU of a detection-tracker combination is higher than a given threshold, the Kalman filter is updated with the bounding box of the detection. In addition to the
Sort method, the translation between the current and previous image is estimated using ORB feature matching (Rublee et al., 2011)
and used to update the u̇ and v̇ states. Trackers that were not updated in the last nmax images were automatically removed. A tracker
should be updated at least ninit times before it is regarded as a
count. The minimum IoU, nmax , and ninit parameters were optimized on the validation dataset. Their values were 0.2, 2, and 2,
respectively.
The tracker is also used to predict the fish species, based on
all m observations Z = {z1 , z2 ,..., zm }. The probability of each
tracker belonging to species i, given its observations Z, P(i|Z), can
be calculated using Bayes’ theorem. To facilitate the detection of

infrequent species, we set all priors equal. Then the equation simplifies to:
P(Z|i)
,
(3)
P(i|Z) =
P(Z)
m

P(Z|i) =
P( j|i),
(4)
j=1

P(Z) =

n


P(Z|k),

(5)

k=1

where n is the total number of species and m the number of observations for the tracker. The class with the highest probability is
used as the class belonging to the tracked fish. The number of fish
for each species on the conveyor belt is counted by the number of
trackers for each class.
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Figure 3. Overview of the ﬁsh counting method presented in this paper. The left-hand side breaks down the process used for counting ﬁsh. The
images in the centre and right represent two images taken in sequence, while the conveyor belt moves under the camera from left to right.
Bounding boxes indicate ﬁsh as localized and classiﬁed by YOLOv. The bar chart at the bottom indicates the total ﬁsh counts for diﬀerent
species at the end of the image sequence.
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Table 2. The optimized image size, minimum objectness, and minimum NMS IoU for the models using diﬀerent amounts of synthetic
data.
Number of
synthetic
images





Detection parameters
Image
size

Minimum
objectness

Minimum
NMS IoU

×
×
×
×

.
.
.
.

.
.
.
.

Evaluation
The final error in counting the fishes per species is the result of
errors in both object detection and tracking. To gain an insight
into these errors, the performance of the discard registration was
evaluated on two levels: at image level and at batch level.

Image level evaluation
To evaluate whether a network prediction of a fish in an image
is correct, the IoU between the predicted bounding box and the
ground-truth bounding box was calculated. A network prediction
of a fish is associated with a ground-truth bounding box if the IoU
is larger than 0.5. When the predicted species matches the true
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Figure 4. Simpliﬁed schematic overview of the YOLOv convolutional neural network. The Darknet  feature extractor extracts features from
diﬀerent resolutions, and is used to detect ﬁshes at three diﬀerent scales. For each scale, skip connections concatenate the features for the
corresponding scale. The detections at the diﬀerent scales are merged for the ﬁnal detection. Image inspired by Kathuria ().
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species, the prediction was marked as a true positive (TP). If the
species did not match, the ground-truth bounding box was marked
as a false negative (FN) and the corresponding network prediction
as a false positive (FP). All the network predictions that did not have
an associated ground-truth box were marked as FPs and all groundtruth bounding boxes that did not have an associated network prediction were marked as false negative.
Based on the number of TP, FP, and FN, the precision and recall were calculated as a measure of the performance of the neural
network:
(6)
(7)

The F1-score is the harmonic mean between the precision and
recall:
F1 = 2 ·

precision · recall
.
precision + recall

(8)

The F1-score, F1i , for each individual species i was combined
using the macro and weighted average:
1
F1i ,
F1macro =
n i=1
n
i=1 ωi · F1i
F1weighted = 
,
n
i=1 ωi
n

(9)
(10)

where n is the total number of species and ωi the number of fishes
of species i. Similar calculations are done for the precision and recall. Besides these performance measures, a confusion matrix, and
a precision–recall curve is used. The confusion matrix summarizes
the number of correctly and incorrectly classified fishes, with their
count values broken down for each species. Therefore, it shows
which prediction errors are made. Each row in the confusion matrix
represents the fish species and each column the predicted species.
Ideally, all values should be on the diagonal, meaning a perfect prediction. The precision–recall curve plots for each fish species, the
trade-off between precision and recall for different threshold values of the confidence (objectness multiplied by class confidence).
The area under the precision-recall curve is a robust measure of the
classification performance.

Batch level evaluation
The estimated number of fishes on the conveyor belt was evaluated
by the absolute percentage error (APE) for each species i:


 ωi − ω̂i 
,
APEi = 
ω 

To study the effect of adding synthetic data to the detection performance, four different YOLO models were trained and evaluated
at image level. The models have either 0, 50, 100, or 200 synthetic
images added to the original training set. The models used the optimized hyperparameters for each model (Table 2). Each model was
evaluated at image level and the model with the highest weighted
F1-score on the validation dataset was used in the rest of the experiments. The confusion matrix of the best model on the test set is
shown.

(11)

i

with ωi the ground-truth number of fishes (manually counted per
box) and ω̂i the estimated number of fishes. Using Equations (9) and
(10), the APEmacro and APEweighted can be calculated as a measure for
the average absolute percentage error across all species. The Pearson
correlation coefficient is calculated between the estimated number
of fishes and the ground-truth. Over- and under-estimation of the
number of fishes is tested by the difference between the regression
coefficient and 1.0, using the t-statistics (α = 0.05).

Eﬀect of occlusion and orientation
To study the effect of occlusion and fish orientation, two experiments were done. First, the performance of the detection method as
a function of the amount of occlusion was evaluated at image level.
Second, the effect of orientation (dorsal or ventral) of fish species
with a distinct ventral side (common sole, dab, lemon sole, lesser spotted dogfish, plaice, ray, and turbot) was evaluated.

Comparison with human EM review
To create a comparison with the current practice of on-board video
review, the recordings of the EM camera in the setup were assessed
using the Black Box Analyzer software (Anchorlab, 2021). A standard protocol from AnchorLab was used: viewing the video at a fast
pace, pausing the video whenever a species of interest was visible,
and annotating that individual fish. An individual fish was only annotated in a single image, so if that fish was also visible in subsequent frames it was not annotated again, to prevent double counting.
Both human EM review and automatic fish counting are compared with the ground-truth at batch level. This is done four times,
using the same fishes with different compositions on the conveyor
belt (see the "Image data" section).

Results
Eﬀect of synthetic data
Adding synthetic images to the training data improved the weighted
and macro recall for the validation dataset (Table 3). In other words,
adding synthetic data lowers the chance that the network is missing fish. Adding synthetic data had a limited effect on the precision, but substantially improved the macro recall and consequently
the F1-score. This makes sense since the frequency of the less frequent fish species is mainly increased in the training dataset. Since
these species are also less frequent in the validation dataset, the effect of improving the detection of these species is weighted out in
the weighted F1-score. The model having 200 additional synthetic
images has both the highest weighted and macro F1-score and is
used in the rest of the experiments described in this paper.
In general, adding synthetic observations has a positive effect
on the infrequent species (Figure 5). The F1-score of dab, gurnard,
lesser spotted dogfish, and pouting improved. The turbot shows a
small decrease. The influence of adding synthetic observations to
more frequent fish species is low, keeping the F1-score at a high
level.
The weighted and macro F1-score on the test dataset is 0.80
and 0.70, respectively (Table 4). Pouting and Gurnard are poorly
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TP + FP
TP
.
recall =
TP + FN

precision =
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Table 3. Validation precision, recall, and F-scores for trained with diﬀerent number of added synthetic images.
Added number of
synthetic images

Macro

Weighted

Precision

Recall

F1

Precision

Recall

F1

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.






Dab

0.4

Gurnard
Lesser
spotted
dogfish
Pouting
Turbot

0.2

F1−score

F1−score

0.6

0.6

Common
sole
Lemon
sole
Plaice

0.4

Ray
Whiting
0.2

0.0

0.0
0

50

100

0

150

20

40

60

Number of synthetic instances

Number of synthetic instances

(a)

(b)

Figure 5. Inﬂuence of adding synthetic instances on the ﬁve infrequent (a) and ﬁve more-frequent (b) ﬁsh species. Since the number and
species of ﬁshes on a synthetic image are drawn from a distribution, the number of synthetic instances can be diﬀerent from the number of
synthetic images.
Table 4. Precision, recall and F-score for the diﬀerent ﬁsh species on
the test dataset.
Species

Precision

Recall

F1

Common sole
Dab
Gurnard
Lemon sole
Lesser spotted dogﬁsh
Plaice
Pouting
Ray
Turbot
Whiting

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

Weighted average
Macro average

.
.

.
.

.
.

detected and have low F1-scores. Most errors in the test dataset
are made by missing fishes (predicting background instead of a fish
species, Table 5). Only confusing dab for plaice and pouting for whiting occurs more frequently. All except one pouting is detected as
whiting in the test dataset.
Figure 6 shows the precision–recall curves for the infrequent
species (a) and the more-frequent species (b). Looking at the area

under the curve (AUC), it can be seen that in general the morefrequent species are better detected by the method than the infrequent species. Turbot and lesser spotted dogfish (curve hidden behind the turbot curve) show the optimal precision–recall curve, but
it needs to be noted that this is based on only 24 and 14 test samples
from these species. For pouting, there is no threshold that results in
high precision and recall. Whiting shows a drop in precision when
the recall increases, meaning that in some cases a higher confidence
does not always lead to a better classification.

Eﬀect of occlusion and orientation
There was a strong negative correlation between occlusion percentage and F1-score (Figure 7a), indicating that model performance
decreases with increasing occlusion. The decreasing model performance can be explained by both the effect of the lower visibility of
the fish at high occlusion levels and the effect of less training data
for highly occluded fish.
The side of the fish facing the camera (dorsal or ventral side) for
the flatfish species also influenced model performance (Figure 7b).
Fishes with the dorsal side facing the camera have both a higher
macro and weighted F1-score. This can be explained by both the
lower number of training samples having the ventral side facing the
camera and a higher difficulty classifying flat fish by their ventral
side.
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Table 5. Confusion matrix of the detections in the test dataset. The cell colours are the percentages (for each ﬁsh species), using the scale on the
right.

(b)

Figure 6. Precision–recall curves for the ﬁve infrequent (a) and more-frequent (b) ﬁsh species. Note that the line for lesser spotted dogﬁsh is
behind the line of turbot on the top of the graph and the line for ray behind the line for common sole.

Comparison with human EM review
Both automatic counts and human EM review counts were strongly
positively correlated with the ground-truth counts with an r of 0.978
for automatic counting and 0.994 for human EM review (Figure 8).
Generally, human EM review significantly underestimates (p = 3.33
× 10−11 ) the number of fishes, whereas automatic counting significantly overestimates the number of fishes (p = 2.39 × 10−8 ). Since

human EM review only annotates each fish once, it is more likely to
underestimate the number of fish than to overestimate it. The overestimation of automatic counting can be caused by failed tracking
of some fishes. If tracking fails, a new tracker can be created and
thereby double count a fish.
Human EM review has a weighted APE of 0.07 and a macro APE
of 0.29 (Table 6). Automatic counting results in a weighted APE of
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Figure 7. Inﬂuence of occlusion (a) and ﬁsh orientation (b) on the macro and weighted F-score for the validation set. The ﬁsh orientation is
only shown for the species with a distinct ventral side (common sole, dab, lemon sole, lesser spotted dogﬁsh, plaice, ray, and turbot). The number
of observations for each group in the training set is indicated in the text in the ﬁgure.

y= 0.0255  1.13x
r = 0.978

Counts

60

y=0.183  0.928x
r = 0.994

Automatic
counting
method
Human
EM review
Ideal line

40

20

0
0

10

20

30

40

50

Ground−truth counts
Figure 8. Regression between the estimated number of ﬁsh per species for the automatic counting method and human EM review with the
ground-truth counts. Estimations are included for each haul and repetition. The Pearson correlation coeﬃcients and equations are shown in
the upper left corner.
0.20 and macro APE of 0.28. For most species, human EM review
shows a lower counting error than automatic counting. Due to a
high APE for pouting, which was observed only once in the groundtruth, the macro APE for human EM review is higher than for automatic counting. The automatic counting method has a high APE
for gurnard, pouting, turbot, and whiting. The high APE for gurnard,
pouting, and turbot is explained by the low number of observations
for these species, where a small error in counting has a large influence on the APE.

Discussion
The presented method was able to detect the fishes on the conveyor
belt with a macro F1-score of 70% and a weighted F1-score of 80%.
The YOLOv3 neural network achieved a higher accuracy than the

mask-RCNN network used by French et al. (2020), with a reported
mean class accuracy between 57 and 63% in a similar environment.
YOLOv3 in general has a higher detection performance, compared
with the Faster-RCNN (the detection part of mask-RCNN; Redmon and Farhadi, 2018, preprint: not peer reviewed.). However, it
must be noted that different datasets and different fish species were
used, rendering a direct comparison of our method with the work
of French et al. (2020) impossible. The presented method shows an
average and weighted absolute percentage error in counting of 28%
and 20%, respectively. This error is comparable with the counting
error of 21% presented in Tseng and Kuo (2020), however the environments differ.
Deviations between the number of counted fish and the groundtruth number of fish result from two sources of error: errors in
fish detection and errors in tracking. Because the number of fish
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Table 6. Ground truth count, count error ± SD, and Absolute Percentage Error (APE) for the human EM review and automated count method.
Ground truth and count errors are provided for all species. Macro and weighted APE is also provided for the combined species. The counts of
the three hauls are combined, and mean count error and APE are based on the four repeats of these three hauls.

Fish species












Human

Automatic

EM review
Count
error
− .
− .
.
−
− .
− .

.
− .
− .

± .
± .
± .
± .
± .
± .
± .
± .
± .
± .

Macro APE
Weighted APE

results from the tracking algorithm that is repeatedly informed
about a single object, the method can partly recover from errors
in detection. The fish detection can only cause a deviation in the
number of counted fish when the detection systematically misclassifies a specific fish over consecutive images. When a tracker fails
to track a fish over consecutive images, a new tracker can be created leading to a double count. Most errors made by the fish detection are detecting background instead of a fish (Table 5). Consequently, the tracking method will create too few trackers. However,
the automatic count method is overestimating the number of fish
(Figure 8 and Table 6). This can only be explained by imperfections
in the working of the tracking method, which creates double counts
for some fishes. This error compensates for the number of missed
fishes caused by the detection and as a net result overestimates
the number of fish. Overestimation of plaice and whiting is relatively high, compared to other species. Since the detection of these
species works relatively well compared to other species (Figure 5),
a higher percentage of the fish will create trackers. Consequently,
more double counts are present, resulting in a higher overestimation of these species. The method worked well for lesser spotted dogfish and ray, resulting in a low APE. This can be explained by their
size: the bounding boxes of large fishes overlap more between the
consecutive images leading to better tracking. A way to improve the
tracking is by selecting the tracking hyperparameters for each fish
species.
Adding synthetic data improved detection of infrequent fish
species, without affecting the detection of more-frequent species.
Without adding new examples, segmenting fish from one image
and adding them to a synthetic image, overlapping with other
fishes, provided the neural network with new information that enhanced detection. Adding real images of these fish species, however, is expected to add more new information and will further improve detection, compared to adding synthetic images. In situations
where collecting large numbers of rare fish is difficult, adding synthetic images is useful to help with counting fish on board fishing
vessels.
The presence of occlusions hampered robust fish detection. The
performance of the network was degraded almost linearly when

Counting method
APE
.
.
.
.
.
.
.
.
.
.
.
.
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error

− .
− .
− .
.
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− .
.
− .
.

±
±
±
±
±
±
±
±
±
±
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.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.

the level of occlusion increased. However, there is a correlation between the level of occlusion and the number of training examples.
By adding more data (either real or synthetic) for heavily occluded
fish, the performance could be improved. Although a larger training set may improve the system performance, the possibility to use
some mechanical solutions, such as a precision pacing conveyor,
can physically spread and separate the stacked by-catch to simplify
the scene. Such a mechanical solution is expected to enable the most
gain in performance, however it takes up more of the limited space
available on board fishing vessels.
The tracking method could be improved by using a neural network to estimate the visual similarity between the tracker and the
detection. Using this similarity, together with the position for association of the trackers and detections, the method will not match
visually different fishes (Wojke et al., 2017, preprint: not peer reviewed.). Another option could be to use a line scan camera, which
instead of recording the whole image at once, builds it line by line.
This eliminates the need for a tracking method and thereby removes
one source of errors in counting.
Automated registration of catches or discards will increase the
monitoring coverage of commercial fishing activities. Such improvement in the on-board monitoring process could be relevant
for a wide range of specific fisheries management applications
(Catchpole et al., 2005; Dickey-Collas et al., 2007; Uhlmann et al.,
2013). One of the most profound changes in European fisheries
policy is the introduction of a Landing Obligation, or discard ban,
for all quota-regulated species that are not covered under the prohibited species list (Article 15, Regulation (EU) 1380/2013; Borges,
2013). This discard ban encompasses a transition from a landing to
a catch quota regime (i.e. landings and discards), to ensure fishing
opportunities reflect the total catch of a stock. Fishers are obliged to
record or land the complete catch of species under quotas, including the undersized, unmarketable part of the catch. This recording
or landing of the catch is a labour intensive task, which is difficult
to control by the responsible authorities (van Helmond et al., 2017).
The success of the landing obligation likely depends on the ability to
efficiently record all catches, and, at the same time, reduce the burden that it imposes on the fishing industry. Automated registration
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Automatic discard registration in cluttered environments using deep learning and object tracking
of catches by species, as presented here, can contribute to accurate
catch estimates, especially for ”data limited stocks”.

Conclusion
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