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Abstract In this work, machine learning and computer vision methods
are investigated to support the estimation of the Nephrops norvegicus
(Norway lobster) population, a key task for sustainable fisheries manage-
ment and marine ecosystem monitoring. This task is currently carried out
by manually counting the animals’ burrows that are visually recognisable
in video surveys captured in the area of interest, and then using those
counts to estimate the species density in the area. To reduce uncertainty
in human assessment, a burrow classifier based on a supervised learning
model has been developed to be integrated into the pipeline. A central
challenge in deploying such models in real-world marine environments
is dataset shift, arising from variations in both acquisition conditions
and ecological contexts. Indeed, several factors, including water turbidity,
irregular lighting, and alterations of colour, potentially hinder the accur-
acy of the detection. Furthermore, geographic and temporal variability,
such as differences between survey campaigns or regions, can exacerbate
these shifts, leading to reduced generalisation. This work concerns the
application of the proposed classifier to data acquired in two different
areas: the Adriatic Sea and the northern Atlantic Ocean, off the coast
of Ireland. As shown in the paper, the differences in conformation and
species type between those two areas greatly affect the performances of
the classifier. Nevertheless, the proposed method can be employed in
the entire range of the species distribution, provided that the model is
properly fine-tuned for the specific geomorphological features of the area
in which it is applied.
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1 Introduction

Nephrops norvegicus (Norway lobster) is a burrowing crustacean inhabiting the
continental shelf of the northeastern Atlantic Ocean and the Mediterranean
Sea, at typical depths ranging between 20 and 800 metres [1]. It is among the
most commercially relevant species in Europe, with landings amounting to about
60 000 tonnes per year, even though the trend seems to be decreasing in recent
years [2].

Towed Underwater Television (UWTV) surveys are one of the most accredited
methods conventionally adopted by many European countries for stock assessment
purposes, as they allow estimating the burrows density (number of burrows per
square metre), which is considered a proxy for the population abundance [3].
The estimation is provided by trained analysts who visually inspect hours of
underwater video footage of a known seabed area to recognise and count the
number of N. norvegicus burrows. The inspection of a video is usually performed
independently by multiple operators, and the outcome is returned as the average
of the individual measurements, which is eventually employed to estimate the
burrows density.

Since this procedure relies on the direct assessment of human operators, the
outcome is prone to subjectivity and uncertainty errors. To attenuate these
factors, the International Council for the Exploration of the Sea (ICES) issues
specific guidelines and promotes training workshops intended to standardise
the video reading methodologies [4]. Despite these efforts of the international
scientific community, the counting task keeps being an entirely manual and time-
consuming process, as well as highly sensitive to human errors [5]. Undoubtedly,
an automatic tool that is able to detect and count N. norvegicus burrows would
be invaluable, both in terms of manual labour relief and of reduced subjectivity.
Nonetheless, this is a challenging task even for state-of-the-art object detection
models such as YOLO [6].

Among the issues that an automatic detector of N. norvegicus burrows can
run into, the vast environmental diversity that can be found in the N. norvegicus
habitat is one of the main ones. Indeed, the differences in the biological features
of the animals, as well as in the geophysical properties of the sea floor, induce a
strong differentiation in the visual characteristics of the burrow entrances, to the
point that even expert human annotators may have difficulty recognising them in
footage collected from geographic regions unfamiliar to them. Moreover, despite
having to follow a common standard protocol, the equipment used by the various
research institutions for the UWTV recording differs in terms of cameras setup
and specifications [7].

In this work, the domain generalization capability of a deep learning-based
N. norvegicus burrows classifier are investigated through the use of two datasets
originating from two different geographic areas: the Pomo/Jabuka Pits area in
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Figure 1: Acquisition zones for the two datasets (green: Adriatic dataset; orange:
Irish dataset).

the Adriatic Sea (Central Mediterranean basin), which represents a Vulnerable
Marine Ecosystem and an Essential Fish Habitat for various commercially and
ecologically important species [8, 9], and the North Atlantic Ocean off the coast
of Ireland (see Figure 1). The chosen deep learning model has been described in
previous works by the same authors [6] and consists of the cascaded sequence
of an encoding block, in charge of extracting features and providing a latent
representation of the data, followed by a fully connected block that performs
the actual recognition of the candidate burrow entrance. Those two blocks are
trained independently to provide both within-region and cross-region evaluations
for the classification task.

The remainder of this paper is organised as follows. Section 2 describes the
two datasets that are used in this work; Section 3 presents the deep learning-based
detection pipeline; Section 4 details the setup of the experiments; in Section 5
the results are reported and briefly discussed; finally, Section 6 concludes the
paper and outlines future research directions.

2 Datasets

As mentioned in the Introduction, the distribution of N. norvegicus habitats
involve marine environments which are greatly diverse in terms of geomorpholo-
gical characteristics. Moreover, footage is captured by different institutions using
different setups in terms of e.g. camera angle and illumination apparatus. These
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Figure 2: Example of an annotated frame in the Adriatic dataset. Green boxes
denote Nephrops objects.

differences do not affect the traditional N. norvegicus burrows counting method,
but automated computer vision models may learn the peculiarities of a specific
institute or location instead of the relevant features of N. norvegicus burrows
entrances.

In this study, two datasets acquired in different geographic domains are used
to train the same deep learning architecture and assess the robustness of the
resulting models.

2.1 Adriatic dataset

Starting from footage collected during surveys conducted by IRBIM-CNR in the
Central Adriatic Sea, more precisely in the Pomo/Jabuka Pits area, a set of 1110
frames has been extracted and, following the guidelines in [10], the images were
annotated by tracing a bounding box, labelled Nephrops (N), around objects
recognised as entrances of N. norvegicus burrows. An example of an annotated
frame is provided in Figure 2.

Subsequently, a custom automatic segmentation method has been used to
identify other objects in the field of view that may be confused with N. nor-
vegicus entrances, such as other species’ entrances or roundish shadows; these
objects have been automatically marked with bounding boxes with a dedicated
non-Nephrops (nN) label. In the end, only 793 images contain at least one
bounding box, for a total of 717 Nephrops and 1240 non-Nephrops objects,
but all the 1110 frames are part of the final dataset.

2.2 Irish dataset

A dataset from footage collected during surveys in the Irish Sea, the Celtic Sea
and the Northen Atlantic Ocean around Ireland has been published by the Irish
Marine Institute [11]. It consists of 468 annotated images with labelled bounding
boxes belonging to the following classes:
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Figure 3: Example of an annotated frame in the Irish dataset. Green boxes
with circle corners denote prawn burrow objects; cyan boxes with square
corners denote small prawn burrow objects; magenta boxes with triangle
corners denote closed burrow objects; yellow boxes with cross corners denote
gatekept burrow objects.

– prawn burrow (P), corresponding to entrances associated with N. norve-
gicus burrows (872 bounding boxes);

– small prawn burrow (sP), also corresponding to entrances associated
with N. norvegicus burrows, albeit smaller in size (548);

– gatekept burrow (Gk), corresponding to N. norvegicus burrow entrances
where a specimen of N. norvegicus (or a part of it, e.g. a pincer) is visible in
the entrance (79);

– closed burrow (Cl), corresponding to N. norvegicus entrances of aban-
doned burrows that have collapsed (173);

– crab burrow (Cr), corresponding to entrances associated with burrows of
other species (99).

An example of an annotated frame is provided in Figure 3.

2.3 Tiled datasets

Most object detectors works at image level, that is to say, a whole frame is fed
to the model and a list of candidate objects, in the form of bounding boxes, is
returned. In this work, the problem of detecting N. norvegicus burrows entrances
is tackled as a classification problem: given a portion of suitable dimensions (a
tile) obtained as a crop of an image similar to the frames extracted from UWTV
footage, determine whether it contains an entrance of a N. norvegicus burrow by
giving a (global) label to the tile. To do so, two datasets of labelled square tiles
have been derived from the Adriatic and the Irish datasets through the following
procedure:
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1. to make the two datasets comparable, images have been preprocessed to take
into account the perspective distortion due to the camera inclination and
different image acquisition sizes;

2. the images have been divided into 60× 60 px tiles with 30 px overlap (this
size was selected empirically to be comparable with the average area occupied
by the entrances in the images);

3. each tile is given a label depending on the labels of the bounding boxes
intersecting it, and an additional Background (Bg) label is given to tiles
that do not intersect any bounding box.

In particular, three labels are possible for tiles from the Adriatic dataset (Ne-
phrops, non-Nephrops and Background), and six labels for tiles from the
Irish dataset (the five labels of [11], plus Background).

3 Models

The pipeline outlined in this work consist of two separate phases: a feature
extraction step followed by a classification step. The first step was performed
using a type of neural networks known as autoencoders (AEs), whose main task
is to learn an efficient representation, or encoding, of data, usually belonging to a
lower-dimensional domain (sometimes called latent space). AEs are composed of
an encoder and a decoder, the latter being the portion devoted to reconstruct the
original data from the latent representation. Since AEs do not use labelled data,
it is possible to train them without the involvement of the expert annotators.

The philosophy of the second step, instead, is to use the learned representation
as the basis for the classification task—in other words, instead of using samples of
the form (image, label) for the supervised training of the classification model, the
samples have the form (encoding, label). Thus, the weights of the trained encoder
are frozen, and any classifier can be chained to the encoder and trained. In this
work, a simple multilayer perceptron (MLP), i.e., a stack of fully connected linear
layers, is used as the classifying model.

In summary, the overall training process can be described as (see Figure 4):

1. train an AE using a large number of (unlabelled) tiles and freeze its weights;
2. train a classifier (e.g. a MLP) using as inputs the encodings of the labelled

tiles with respect to the AE.

All the experiments have been carried out within a PyTorch (version 2.6.0)
framework. Tables 1 and 2 detail the architectures of the networks involved
in this study; in those tables, the output of a layer is fed directly to the next
one. We remark that this paper represents mainly a proof of concept, and these
architectures will be further analysed and improved in future works.

4 Training setup

To assess the effects of the different visual characteristics on the latent features,
two different autoencoder models with the same architecture were trained in-
dependently, once using tiles from the Adriatic dataset and once using Irish
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Table 1: List of autoencoder layers.

Layer Parameters Output dim.

Encoder
(input) – 3 × 60 × 60
Conv2d(C = 8, k = 3, s = 1, p = 0) 224 8 × 58 × 58
LeakyReLU – –
Conv2d(C = 16, k = 3, s = 2, p = 0) 1168 16 × 28 × 28
LeakyReLU – –
Conv2d(C = 32, k = 3, s = 2, p = 0) 4640 32 × 13 × 13
LeakyReLU – –
Flatten – 5408
Linear(n = 5408,m = 1024) 5 538 816 1024
LeakyReLU – –
Linear(n = 1024,m = 128) 131 200 128
LeakyReLU – –

Decoder
(input) – 128
Linear(n = 128,m = 1024) 132 096 1024
LeakyReLU – –
Linear(n = 1024,m = 5408) 5 543 200 5408
LeakyReLU – –
Unflatten – 32 × 13 × 13
Upsample(n = 2) – 32 × 26 × 26
ConvTranspose2d(C = 16, k = 3, s = 1, p = 0) 4624 16 × 28 × 28
LeakyReLU – –
Upsample(n = 2) – 16 × 56 × 56
ConvTranspose2d(C = 8, k = 3, s = 1, p = 0) 1160 8 × 58 × 58
LeakyReLU – –
ConvTranspose2d(C = 3, k = 3, s = 1, p = 0) 219 3 × 60 × 60
Sigmoid – –

Table 2: List of perceptron layers. nc refers to the number of output classes
(nc = 3 for Adriatic dataset, nc = 6 for Irish dataset).

Layer Parameters Output dim.

(input) – 128
Linear(n = 128,m = 64) 8256 64
LeakyReLU – –
Linear(n = 64,m = 16) 1040 16
LeakyReLU – –
Linear(n = 16,m = nc) 17 · nc nc

Softmax – –
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x Encoder z Decoder x̂

Phase 1

x Encoder z Perceptron ℓ

Phase 2

Figure 4: Concept of training phases. Here x is the original tile, z is the tile
encoding, x̂ is the reconstructed tile, and ℓ is the predicted label.

tiles. More in detail, in both cases a set of 16 384 tiles was randomly selected
from the relative dataset and used for training. To reduce the impact of almost
uniform tiles, which bring little information, the standard deviation σ of the
pixels intensity of each tile was computed, and the selection has been carried
out so that a substantial part of the chosen tiles shows sufficient variability.
The AEs were trained to maximise their tile reconstruction capability using the
MSE loss, with a small L1 loss component added to disfavour an average blurry
reconstruction and preserve contrast. A further set of 4096 tiles, with the same
variability distribution as the training set, was selected for each dataset to be
used as a validation set for the implementation of an early stopping policy.

Perceptrons in the second phase were trained using the standard multi-class
cross-entropy as the loss function. A stratified 5-fold cross-validation scheme
is implemented: five sets of 768 tiles were extracted independently from both
the Adriatic and the Irish datasets, so that a suitable number of samples are
represented for each class. Using these sets, five models are trained with one of
the folds acting as validation set for early stopping and the union of the others
as training set. Another set of 480 tiles, with the same labels proportion as the
training folds, is extracted from each dataset to be used as a test set after the
training of each model. The tiles were selected at random while ensuring that all
tiles extracted from the same frame were assigned to either the training set or
the test set, to prevent potential overfitting due to spatial correlations.

To evaluate the transferability of the learned representation, all the four
possible combinations of AE/MLP training were considered, namely (a) AE and
MLP both trained on Adriatic tiles; (b) AE trained on Irish tiles, MLP trained
on Adriatic tiles; (c) AE trained on Adriatic tiles, MLP trained on Irish tiles; (d)
AE and MLP both trained on Irish tiles.

5 Results and discussion

Figure 5 shows some examples of reconstructions of tiles coming from different
locations, allowing a qualitative evaluation of the autoencoders reconstruction
effectiveness. The results of the perceptrons training experiments are shown
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in Tables 3 and 4. In those tables, “AE/MLP Adriatic” (respectively, “Irish”)
means “AE/MLP trained on the Adriatic dataset” (respectively, on the Irish
dataset). The confusion matrices in Table 3 display the 5-fold average of the test
sets classifications, where each cell (i, j) represents the number of tiles having
ground truth (G.T.) label i predicted as label j. In Table 4, the capability of the
MLPs to correctly identify N. norvegicus burrows entrances is assessed using
as evaluation metrics the precision and recall computed for training, validation
and test sets limited to the labels related with active N. norvegicus burrows (i.e.,
Nephrops for the Adriatic dataset; prawn burrow, small prawn burrow
and gatekept burrow for the Irish one, combining the three classes in the
latter case).

Adriatic Sea tiles Ireland tiles

Original

Reconstruction
(AE trained on
Adriatic dataset)

Reconstruction
(AE trained on
Irish dataset)

Figure 5: Examples of autoencoder reconstructions.

When evaluating the quality of reconstructions, AEs consistently demonstrate
high performance when applied to tiles coming from the same geographic area as
the dataset on which they have been trained, thus proving that they effectively
learn the underlying distribution and features of that specific domain. However,
quality clearly degrades in cross-dataset scenarios. Interestingly, the capability of
the Adriatic-trained AE to reconstruct Irish data appears to be slightly superior
to the one of the opposite combination. This discrepancy is likely attributable to
the higher quality and potentially better-defined visual characteristics of the Irish
images, which may offer a more robust structural signal, allowing the Adriatic
model to extract a more informative representation of data despite the domain
shift.

This behaviour is also reflected in the results of the tiles classification through
MLPs. Indeed, classifiers trained on the Irish dataset achieve higher precision
and recall than the ones trained on the Adriatic dataset, with an increase of



Impact of Dataset Shift for N. norvegicus Burrows Classification 145

Table 3: Confusion matrices of MLP experiments computed on the 480 test tiles.

(a) AE Adriatic Sea, MLP Adriatic Sea

Prediction

G.T. Bg N nN

Bg 142.4 7 10.6
N 5.4 106.2 48.4
nN 17.2 56 86.8

(b) AE Ireland, MLP Adriatic Sea

Prediction

G.T. Bg N nN

Bg 111.2 21.2 27.6
N 38 85.4 36.6
nN 60.4 60.4 39.2

(c) AE Adriatic Sea, MLP Ireland

Prediction

G.T. Bg P sP Gk Cl Cr

Bg 153.4 15.8 18.6 0.4 1 0.8
P 18 79.2 17 2 1.2 1.6
sP 36.4 27 51.8 0 1.2 0.6
Gk 0.6 4 0 3 0 0.4
Cl 14.8 8.6 6.2 0 1.4 0
Cr 7 2.8 3.6 0 0 1.6

(d) AE Ireland, MLP Ireland

Prediction

G.T. Bg P sP Gk Cl Cr

Bg 144.4 17.2 23.8 2.2 1.4 1
P 13 86.2 14.8 2.8 2.2 0
sP 31.4 24.8 57.4 0.2 2.4 0.8
Gk 0.2 3.4 0 4.2 0 0.2
Cl 11.4 8.2 5.8 0 5.6 0
Cr 5.8 2.2 3.8 0.2 0 3

Table 4: Perceptron performances for N. norvegicus-related classes.

Training Validation Test

AE MLP p r p r p r

(a) Adriatic Adriatic 0.703 0.679 0.625 0.605 0.630 0.664
(b) Irish Adriatic 0.549 0.571 0.531 0.551 0.513 0.534

(c) Adriatic Irish 0.798 0.757 0.759 0.718 0.769 0.754
(d) Irish Irish 0.821 0.841 0.755 0.765 0.754 0.794

All values are rounded to the third decimal digit.

12.4% in precision and 13% in recall on the respective test sets when considering
models whose AE and MLP are trained on the same dataset (rows (a) and (d)
of Table 4). The more robust feature representation in the encoding of Irish
tiles influences the classification result also in cross-dataset cases (rows (b) and
(c)). Nonetheless, within-dataset models show a more consistent classification
effectiveness, thus highlighting the importance of area-specific models for each
possible geographic location.

6 Conclusion

This work highlights the integration of machine learning techniques into N. nor-
vegicus population monitoring as a vital step toward sustainable fisheries man-
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agement. By automating burrow detection, we could reduce the subjectivity and
manual labour inherent in current survey assessments, providing a more reliable
foundation for density estimation.

However, our findings highlight that one of the main obstacles to large-
scale deployment is dataset shift. As evidenced by differences in the model’s
performance across the two study areas, model accuracy is strongly influenced by
site-specific factors, including turbidity, lighting and geomorphological diversity.
These environmental discrepancies act as a barrier to generalisation and direct
the research activities towards models that should not be treated as static tools
but as an adaptive framework that requires fine-tuning tailored to the specific
conditions of each surveyed region.

In the future, further analyses will be conducted, accounting for additional
variations in the architectures used for both the AE and the MLP.
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