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Abstract: Cod is a vital species on earth and for Norway. Following the collapse of the Norwegian
Spawning Herring, Norway has introduced measures to promote sustainable fishing. Yet these
measures do not suffice. Just four out of the fifteen cod populations have a healthy population
size. Furthermore, the fishing industry has a significant impact on the climate, having produced
179 million tonnes CO5 worldwide in 2011. Modeling the distribution of cod could reduce these
issues, allowing for more efficient and sustainable fishing. Through a diffusion model, this study
tries to forecast catch locations of the next day. The model is compared against a baseline (based
on a previous paper) that predicts catch data for a given day by summing the catch data from a
15-day window (7 days before, the current day, and 7 days after) from the previous three years.
The study shows that the model outperforms the baseline, generating predictions that are closer
to the actual catch locations. The model’s predictions outperformed the baseline, with shorter
mean distances to true catch locations and lower MSE and MAE scores. The findings reveal that
catch and environmental data alone cannot reliably predict cod distribution patterns, especially
due to the limited temporal resolution and sparse datasets. However, the study also shows the
learning capacity of diffusion models despite high sparsity in data, suggesting that given high

quality data, the model is able to make more accurate predictions.

1 Introduction

Cod (Gadus Morhua) is vital for life on earth. 164.6
million tonnes of aquatic animals were consumed
in the year 2022, of which cod played an important
role. Norway itself produced 3.1 % of the total
world catch, being the second largest exporter of
marine life next to China (Food and Agriculture
Organization of the United Nations, 2024). For
Norway itself, the seafood industry is of high im-
portance as well. In 2017, this industry is estimated
to have a contribution of 94 billion NOK (~ 7.96
billion euros) to the gross national product (GNP).
Since 1970, the average increase in contribution to
GNP per year for the fishing industry is 19%. In
comparison, the average increase for Norway is 8%,
and 3% for the manufacturing industry in the same
period (Johansen et al., 2019).

Following the collapse of the Norwegian Spring
Spawning Herring, Norway has introduced mea-
sures to promote sustainable fishing (Gullestad
et al., 2013). Yet, implemented measures like total
allowable catches have not improved fishing popu-
lations enough (Anderson, 2012). Cod and other
fish species have still not recovered fully and should
be fished on less (Kualtska et al., 2024).

Carbon emissions produced by these fishing vessels
also have a significant impact. Marine fisheries

produced 179 million tonnes CO5 in 2011, of which
20 million was produced by the EU (Parker et al.,
2018). Furthermore, spatial restrictions such as the
exclusion of other EU members from the United
Kingdom’s exclusive economic zone, doubled fuel
use intensity and undid ~ 15 years of improved fuel
efficiency in Norwegian pelagic fisheries (Scherrer
et al., 2024).

This highlights the need for more monitoring
and forecasting of the distribution and migration
of marine life. Not only would such a technology
allow fisheries to fish in a more productive manner,
it would also allow for more sustainable fishing
measures. One possible measure that could be
implemented are marine protected areas. Marine
protected areas are a measurement part of ecosys-
tem based management, an approach for treating
ocean life responsibly (Halpern et al., 2010). This
is what motivated Meeanan et al. (2023), who pro-
duced two separate studies on this matter.
Meeanan et al. (2023) showcase the possibility of a
better prediction system. Using a combination of
environmental, spatial, temporal and fishery pre-
dictors, they achieved an accuracy of 86.14% =+
0.23% in terms of predicted fishing spots for the
Andaman Sea near Thailand. Meeanan et al. (2024)
extends this results by also including the Gulf of



Thailand, achieving an accuracy of 83.49 + 2.16%.
Previous results show that it is possible to predict
the distribution of marine life.

This study is based on the FishAl: Sustainable
Commercial Fishing Challenge (Nordmo et al.,
2022). It is a challenge published in 2022 by the
Nordic Machine Intelligence group. It aims to ex-
plore the means of AI for more sustainable fishing.
The challenge provides historical catch data and en-
vironmental datasets which can be used to predict
fishing locations. Solutions to this challenge have
attempted to use classical machine learning ap-
proaches (Syms, 2022; Dammen et al., 2022; Linkio
et al., 2022), but results show that the available
data is insufficient for such an approach. Further-
more, visual approaches to this problem have not
led to converging models due to the sparsity present
in the data (Roason, 2024; Cronin, 2024). Other
models do exist that can predict the distribution
of species. But these models either require absence
data, high quality presence data or rely on certain
assumptions to be made (see Section 2.1). Apply-
ing a visual based deep learning approach may be
an alternative route to model the distribution of
species.

Diffusion models have been used for temporal-
geospatial forecasting in previous studies, with
promising results (Yang et al., 2024; Liu et al.,
2024). Given enough data and model capacity,
diffusion models can approximate any continuous
data distribution (Song et al., 2021). Diffusion
models are therefore a viable option for this
distribution task, as they may not be limited by
the sparse nature of the datasets unlike more
traditional visual deep learning models.

This study explores the usage of diffusion models
for temporal-geospatial forecasting for predicting
cod in the exclusive economic zone of Norway. It
examines the performance of diffusion models to
forecast the spatiotemporal distribution of fish with
environmental data and catch notes. The study
presents a conditioned diffusion model with an
extra layer of sparsity bits. This model is compared
to a custom baseline based on previous work (Linki6
et al., 2022). Using accuracy, the distance between
each prediction and its corresponding true catch
location and mean absolute error & mean squared
error metrics, this study demonstrates that the
model outperforms the baseline. The study shows
that the model can learn spatiotemporal patterns
in fish migration despite a highly sparse dataset.

2 Literature Review

2.1 Al in the Fishing Industry

Many models are used worldwide within the
fishing industry. These types of models typically
represent the biomass or abundance of a species
and include probability models (Libralato, 2025).
One example is the CMSY++ method created
by Froese et al., which is a data-limited stock
assessment method for fishes and invertebrates.
It is a Bayesian implementation of a modified
Schaefer model, using an Artificial Neural Network
for assistance. The model can predict biomass,
maximum sustainable yield and stock status and
exploitation rates. The model can predict this
based on catch-only data (if this data is accurate
enough) or based on absence and presence data of
a fish species.

Species Distribution Models (SDM) have
existed for a long time, being able to predict
all sorts of species (Dhyani et al., 2023). For
example, distribution of species can be modelled
through a maximum-entropy method. This is a
popular machine learning method able to create a
distribution map of any species, as long as presence
data is given (Dhyani et al., 2023; Phillips et al.,
2006). These SDMs have been used in the context
of the fishing industry. SDMs have, for instance,
been used to predict species found in estuarine
fisheries (ting Zhang et al., 2022). Furthermore, by
combining multiple SDMs into an ensemble, one
can predict distributions of multiple fish species.
These models can be used to spatially manage
fishing areas which can encourage sustainable
fishing (Panzeri et al., 2024). These models make
use of assumptions on the environment (Dhyani
et al., 2023).

2.2 Diffusion Models for Geospatial
and Timeseries Forecasting

Diffusion models (Ho et al., 2020) can not only
be applied to generating images, but can also be
applied for data purification, molecular graph
modeling and anomaly detection (Yang et al.,
2023). Another application of diffusion models
is forecasting. Research has shown that diffusion
models can be applied to this type of problem,
with success (Li et al., 2022; Cachay et al., 2023).
One example is by Liu et al. (2024), which have
used a series of diffusion models to predict the
wind power generated for the next three days. All
diffusion models are able to "successfully capture
the short-term trend of wind power".

Diffusion models generate data by denoising a
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Figure 2.1: Figure showing the processes for a
diffusion model. Here q(z:|r:—1) represents the
Gaussian noise added and pg(z¢—1|z) represents
the reverse process learned by a diffusion model.
The process shows how the model is able to
generate an image from a pure noise image Xr.
Figure from Ho et al. (2020).

data sample. The data sample is first noisified
by iteratively adding Gaussian noise to the sam-
ple. This results in a noisified data sample. The
diffusion model attempts to denoisify this image
by iteratively predicting the noise added, and sub-
tracting that from the data sample. This process is
illustrated in figure 2.1 with an image, but a similar
process can be applied to for example a time series.
There are many different custom diffusion mod-
els (Yang et al., 2024). The diffusion model used
in this paper is based on Rasul et al. (2021). In
this paper, the authors propose a new model called
TimeGrad. This is a conditioned diffusion model
able to forecast timeseries. The model is condi-
tioned on the hidden states from either an LSTM
or GRU, allowing it to learn the temporal relation-
ships in the data.
Furthermore, by using a U-Net with convolutional
layers (Ronneberger et al., 2015), the diffusion
model can be trained on images, allowing it to
learn the geospatial relationships in the data. This
idea has also been used by for example Soni et al.
(2025), which used a U-Net to extract road net-
works from satellite images, a type of geospatial
data.

3 Methods

3.1 Datasets

Four different datasets were used for this study.
Catch data, salinity and sea surface temperature
were suggested by the FishAl: Sustainable Com-
mercial Fishing Challenge Nordmo et al. (2022).
Bathymetry data was added as well.

Catch data was sourced from the Norwegian gov-
ernment (Fiskeridirektoratet). This dataset con-
tains about 130 fields of information related to
fish caught from different vessels. It includes in-
formation about the vessels themselves, personnel
involved and information about the fish caught
(including where and how much). The data is in
tabular form and ranges from 2000 up to and in-
cluding 2024.

Salinity data consisted of daily salinity values cre-
ated by applying an 8 day running mean. The data

has a granularity of 0.25 degrees longitude and
latitude (Remote Sensing Systems (RSS), 2024).
Spatiotemporal analysis of cod has shown that
salinity is a major influence in the presence of cod
(Nian et al., 2021).

Sea surface temperature (SST) data consists of
daily average temperature readings from a satellite.
The data has a granularity of 0.25 degrees longi-
tude and latitude (Huang et al., 2021). SST is also
known to be one of the major influences on cod’s
behavior Nian et al. (2021).

Bathymetry data was taken from the GEBCO
project. More specifically, sub ice bathymetry was
taken. The dataset has a granularity of 0.004
degrees longitude and latitude (GEBCO Com-
pilation Group, 2024). Evidence suggests that
bathymetry influences the decisions of fishing ves-
sels (Alizadeh Ashrafi et al., 2020), as well as the
migration of fish (Hobson et al., 2009; Meeanan
et al., 2023).

3.2 Data Processing

Pre-processing.  Multiple pre-processing steps
were applied before using the data. 1) Incorrect
dates in the catch data were removed. 2) Missing
specific longitude and latitude coordinates in
the catch data were substituted with the given
"Hovedomrade’ longitude and latitude coordinates.
This is a second coordinate specified with each
catch, and was more consistently provided. 3)
Any catches with land-coordinates were removed.
Natural Earth’s 10 meter land polygons were used
to do this (Patterson and Kelso, 2024). 4) Remove
any coordinates not present in Norway’s Exclusive
Economic Zone (EEZ). The EEZ dataset from
Flanders Marine Institute was used to do this
(Flanders Marine Institute, 2024).

Four different maps were created, each map cor-
responding to a different dataset. All maps had the
same longitude and latitude size, derived from the
maximum and minimum coordinates in the catch
data. An example sample can be seen in Figure 3.1.

Maps representing catch data were created
by summing catch weight for a given day. A
Gaussian filter is applied to each map (i.e. for
each day)(o = 3.5).

The salinity data consisted of missing values on
specific ocean coordinates. These were interpolated
by replacing each missing value with the mean
of all available observations within 3 degrees
longitude or latitude. The same interpolation was
applied to the sea surface temperature dataset.

The bathymetry map did not contain any miss-
ing coordinate values and was therefore not altered.
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Figure 3.1: An example sample used to train the model on. From left to right: the catch data, sea
surface temperature, salinity and bathymetry data. Note the high sparsity present in the catch

data.

After these operations, days where no fish was
caught (a catch map of only zeros) and salinity
maps of only NaNs were removed from the dataset.
Any remaining NaN values were then converted
to zero. A mask was created and converted any
land values to zero (Patterson and Kelso, 2024).
Slices of 8 days were created from the catch data:
the current day, 6 days behind and the next day.
The current day of salinity, SST, and bathymetry
were used as environmental data. The next day of
catch data is what the model was trained on and
what the model predicted. After these slices were
created the data was split chronologically into a
training, validation and testing dataset. Catch
data and bathymetry data were normalized locally
while salinity and SST were normalized globally
Mazziotta and Pareto (2022).

Post-processing.  Predictions of the model and
baseline consisted of a map similar to the catch
map. In order to derive the exact catch coordinates
from the predictions, multiple Gaussian Mixture
Models were fitted with a number of means from 1
up to and including 15. The model with the lowest
Bayes Information Criterion score was selected out
of these 15. This process was applied to the model,
baseline and ground truth. The process was also
applied to the ground truth as a lot of catch
locations did not result in a significant Gaussian
blur. Only a few spots had such a high value that
you could visually see a Gaussian blur, which is
the most important information when it comes to

predicted distribution.

3.3 Baseline

A baseline was created to compare the model with.
This baseline was created similarly to the winning
paper of the FishAlI: Sustainable Commercial Fish-
ing Challenge Linki6 et al. (2022). The baseline
creates a prediction for a given day by summing
the past 7 days, current day and next 7 days of
the previous 3 years. A Gaussian filter (¢ = 3.5)
is then applied. This is done for all the days also
predicted by the model.

3.4 Diffusion Model

Main Architecture. The diffusion model
implemented is based on the ADM network
(Dhariwal and Nichol, 2021), which is also
implemented in (Karras et al., 2024). The
architecture is represented in Figure 3.2. The
Figure shows the complete architecture used for
this study. The model is fed a padded noisy
image, which gets passed through multiple encoder
and decoder blocks, some of which include an
attention mechanism. For each encoder or decoder
block, the embedding is injected into the image
by multiplying and then summing the embedding
element-wise to the image. The resulting values
from the model are added to the original noisy
image, creating a denoised image. Note that after
this process the image may still contain a lot of
noise, as the model needs to denoise the same
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Figure 3.2: The architecture of the model used. It is a conditional diffusion model. A letter D’
means that a down block was used, U’ that an up block was used and ’A’ that an attention block
was used. Image style derived from Karras et al. (2024).
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Figure 3.3: A simplified representation of the
architecture used in this study. The Figure
highlights the encoder/decoder structure as well
as the injection of the embedding. Figure style
derived from Karras et al. (2024).

image many times for it to become coherent. The
architecture used represents an U-Net structure
(Ronneberger et al., 2015). Each encoder block
passes the encoded image to a corresponding
decoder block "which allows the network to
propagate context information to higher resolution
layers" (Ronneberger et al., 2015). A schematic
representation of this can be seen in Figure 3.3.

Conditional Information. The diffu-
sion model implemented was conditioned on
multiple pieces of information. Apart from the
standard Gaussian noise schedule, environmental
data, previous catch data and date information
was added. After embedding all of the information
in a 1 dimensional tensor of length 2048, the
embedding vector gets directly added in the
encoder and decoder blocks. This allows the
model to denoise an image based on conditional
information (Rasul et al., 2021). The diffusion
model implicitly learns the geospatial relationships
present in the data, as it needs to denoise images
and models the underlying distribution.
Environmental data and previous catch data were
encoded through a convolutional neural network
(CNN), the structure is loosely based on the
LeNet-5 architecture (Lecun et al., 1998).

Time information is encoded through a sin/cos
embedding layer after which a linear layers scales
it up to the highest channel size of 2048.

Sparsity Bits. The final modification
applied is the addition of sparsity bits, a modifica-
tion proposed by (Ostheimer et al., 2025). Sparsity

Prediction

Sparsity Map

Filtered Output

Figure 3.4: Three visualizations. The "Predic-
tion" layer is the standard layer outputted by
the model. The "Sparsity Map" is the second
channel, indicating which pixels need to be zero
and which should not be. "Filtered Output" is
the final sample and used for evaluation.

bits are an extra layer representing which pixels in
an image are zero and which have a value higher
than zero, this is represented through a boolean
channel. This additional information allows the
model to learn the sparsity patterns in the original
image. In practice, it means the model has an
input of two channels, one for the map to denoise
and one for the sparsity layer to denoise. When
sampling, the model outputs two channels, one
representing the catch map and one the sparsity
channel. Using a threshold function, the sparsity
layer is transformed into a boolean layer, which is
used to keep or zero the pixels in the catch map.
An example of this process is shown in figure 3.4,
which shows the prediction and sparsity map (as a
boolean layer), followed by the final output.

3.5 Metrics

Multiple metrics were implemented to accurately
understand the performance of both the model
and baseline. Both the baseline and model were
compared with the ground truth datasets from
the test set. The metrics not only focus on the
performance image-wise, but they also show
performance with respect to predictions made on
the best fishing locations.

Mean Squared Error. The mean squared
error (MSE) is calculated through the following
formula:

1< .
MSE = > (P - Py)? (3.1)
i=1
where P stands for the ground truth image and
P;; represents the pixel at row i, column j. And
where P stands for the sampled image. The MSE

compares the images generated by the model with
the ground truth. It shows the overall difference



between all pixels, with a stronger focus on larger
errors (due to the squaring).

Mean Absolute Error. The mean abso-
lute error (MAE) is calculated through the
following formula:

1 ¢ -
MAE = & 2_; |Pij — Py (3:2)

The MAE makes the same type of comparison with
the MSE, but it shows the average difference. This
gives a good overview in general on the performance
of the model/baseline.

Haversine Distance. A distance metric was
used to compare the fishing spot predicted by the
model, with the nearest actual fishing spot. This
metric highlights the actual fishing locations and
can give a better insight in how the model/baseline
predicts. The longitude and latitude coordinate
values were used to calculate the distance between
prediction and closest actual fishing locations. The
haversine distance is used, and is calculated as
follows:

d = 2R arcsin

<\/sin2 (Aj) + €0s ¢ €oSs ¢ sin’ (?))

(3.3)

Where d is the distance between two points (in
kilometers), R is the radius of Earth (6371 km)
@1, ¢=2 are the latitude of points 1 and 2 (in radians)
and A1, Ay are the longitude of points 1 and 2 (in
radians).

Accuracy and Number of Predictions.
A prediction is counted as correct if the distance
between the prediction and closest catch location
is less than or equal to 50 kilometers. This binary
classification also allows the computation of
accuracy. The amount of predictions and correct
and incorrect predictions give more insight into
the behavior of the model/baseline. Accuracy
allows for an easier comparison with respect to
performance.

Inference time. This refers to the time
it takes for the model to sample one image given a
catch history, environmental data and day of the
year value.

Training time. This refers to how long
it takes for the model to train for one epoch.

COy emissions and power consumption.
How much carbon dioxide was emitted and
electricity was consumed for the whole training

of the model. And how much environmental
impact generating the test samples has. Both of
these metrics are generated through CodeCarbon
(Courty et al., 2024)

4 Results

Training results

A diffusion model was trained for 500 epochs.
Training occurred on a single NVIDIA Tesla v100
GPU along with 1 CPU core. Training took about
20.1 hours in total which includes sampling from
the model every 50 epochs (a total of 10 sampled
images). Training time per epoch had a mean of
2.88 seconds. Inference time took 152.73 seconds.
Training the model cost 7.62 kWh of energy and
2.03 Kg of carbon dioxide. Generating the 490
test samples cost 0.74 kWh and 0.20 Kg of carbon
dioxide. This means that to produce 1 test sample,
it cost 1.51 Wh and 0.41 grams of carbon dioxide.
This means that the model does not consume a lot
of electricity and carbon dioxide. Moreover, you
only need to produce 1 sample per day, this would
result in about 150 grams of CO5 emitted within a
year. This is negligible compared to the millions of
tonnes of CO2 emitted each year from the fishing
industry in the EU Parker et al. (2018).

Samples generated by the diffusion model
show that the model has successfully learned the
underlying distribution. It can generate many
samples without much or any noise. An example
image can be seen in Figure 3.4. The quality of
the sampled image is of similar quality than the
dataset itself. The learned sparsity map also shows
the learned spatial layout of the diffusion model.
This spatial structure is present in all sampled
images.

Metrics can be seen in Table 4.1 and Figures
4.1a and 4.1b. The diffusion model scores equally
on accuracy with an accuracy of 0.17 & 0.25 while
the baseline has an accuracy of 0.17 £+ 0.19. MSE
and MAE scores also indicate that the model
produces results that are closer to the ground
truth than the model, a lower MSE or MAE
score is better. Distance metrics indicate that the
model scores significantly better than the baseline.
The mean distance is much lower. Minimum and
maximum distance metrics were also calculated.
These are the minimum distance and maximum
distance of all distances for a given day. The
baseline has a much higher maximum distance and
much lower minimum distance. This behavior is
consistent with the amount of predictions. The
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(a) Bar plot showing different distance metrics. Per predicted day, multiple predictions and therefore
multiple distances were calculated. The minimum, mean and maximum was taken of these distances for
each day and plotted as a bar plot. On average, the model’s locations are much closer to the ground truth
locations compared to the baseline. The maximum distance between a prediction of the baseline and ground
truth is much larger than that of the model as well, indicating higher performance from the model.

MSE 4 ‘

‘ o
Accuracy
o o
MAE 1
T T T T T T T T T T T T T T T
0.000 0005 0.010 0.015 0.020 0025 0030 0.035 0.040 0.0 0.2 0.4 0.6 0.8 1.0
Value Group Value

mm Model I Baseline

(b) Left: Different metrics showing how the model and baseline performed. The model produces much lower
MAE and MSE scores compared to the baseline. Right: A bar plot with a strip plot overlayed showing the

accuracy and correct predictions by the model and baseline. The accuracy and amount of correct predictions
are very similar.

Figure 4.1: Metrics showing the performance of the model and baseline.
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Figure 4.2: A sample from both the model (top) and baseline (bottom). The model’s prediction are
much closer to the actual fishing locations while those of the baseline are much more distributed.
Note that while there are a lot of catch locations (54), most of these catch locations have an
insignificant catch amount, meaning they are not recognized by the post-processing described in

Section 3.2



Metric Model (mean + SD) Baseline (mean + SD)
MSE | 0.00408 + 0.00147 0.00680 + 0.00364
MAE | 0.01144 £ 0.00315 0.02066 £ 0.00833

Minimum distance |
Maximum distance |
Mean distance |
Accuracy 1

151.73 £ 192.21

418.25 £ 348.06

270.90 £ 224.80
0.16985 + 0.24979

105.77 £ 165.96

1177.03 £ 649.08
485.39 + 289.60
0.17049 + 0.18964

Total predictions 2.90 + 1.32 5.98 + 2.25
Correct predictions 0.50 £ 0.70 0.88 £ 0.87
Incorrect predictions 2.40 £+ 1.28 5.10 £ 2.34

Table 4.1: Comparison of model versus baseline performance different metrics. The model achieves
significantly better spatial accuracy, with predictions averaging 271 km from actual fishing locations
compared to 485 km for the baseline. The model also shows superior performance in predicting the
distribution, with an MAE of 0.011 versus 0.021 for the baseline, indicating that the distribution
predicted by the model is superior to that of the baseline.

baseline creates more predictions than the model,
most of which are incorrect.

Figure 4.3 plots the distance along the accuracy
of the model and baseline. As the distance in-
creases, more predictions are counted as correct
predictions, increasing the accuracy. The Figure
shows that as you increase the accepted distance,
the accuracy of the model increases more than
that of the baseline. The model makes predictions
which are closer to the ground truth catch locations
compared to the baseline.

5 Discussion

Key Findings. A diffusion model was created
with the intent of predicting fish catch locations.
A baseline was created to compare the model with.
The baseline itself did not produce very meaningful
results. It produced a lot of predictions of which
a lot were incorrect with respect to the ground
truth data. The model itself produced better
results. This indicates that the model does have
the capability to predict future fishing locations
and generate a distribution map on cod.

The diffusion model used was able to produce
meaningful maps despite the sparsity present
in the data. This can occur because of three
reasons. First of all, in theory, a diffusion model
is able to learn any probability distribution, if
the model capacity is large enough, there is
enough data and the number of timesteps used is
infinity (Song et al., 2021). The second reason
for this convergence is that the model does not
try to predict zero-valued numbers, it tries to
predict the added noise, which is almost never
zero. This means the loss function can accurately
evaluate the models performance. Thirdly, the
sparsity bits added allow the model to learn spatial
information better. Figure 3.4 shows that the

model used the extra layer to learn spatial infor-
mation, as this layer contains the outline of Norway.

Whether the predictions produced by the model
could actually be used is difficult to tell. The ac-
curacy metric used in the study does not perfectly
show how well the model performs, as the post-
processing used has some error. Some predicted
spots will not have been marked as a prediction,
and vise versa. This means that the actual accu-
racy of the model may be higher or lower. Using
the current metrics, you would need to cover a
circular area of 200 km? to get an accuracy of
50%. Whether this is feasible is dependent on
many factors. It should be noted that the coastline
of Norway is about an order of magnitude larger
than this Central Intelligence Agency (2024). This
means that traveling to certain locations may only
be profitable if it is near 100% correct. This would
also be dependent on the selling price of cod, which
is not consistent through the year Alizadeh Ashrafi
et al. (2020). It would also make the implemen-
tation of a marine protected area more difficult,
as you would need to cover a large area. To draw
more decisive conclusions, future research should
compare the accuracy of fisheries with that of the
model.

The results generated by the model are in
line with (Meeanan et al., 2023). This study
also researched the influence of different features,
and found that salinity, sea surface temperature,
bathymetry, latitude, longitude, date and total
catch was accountable for 17.4% of the predictive
power. It should be noted that the study did not
use visual based deep learning techniques but in-
stead used classical machine learning techniques
such as a Random Forest or Decision Tree model.
Nevertheless, it explains the relatively low accuracy
in our study.

This shows one of the major limitations of this
project: the quality of the data. First of all, as
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Figure 4.3: A plot plotting how much distance there can be between a prediction and catch location
before it is counted as an incorrect prediction. The model and baseline perform similarly, with the

baseline being slightly more accurate overall.

noted by other studies, there is a high bias in data.
The catch locations are heavily determined by the
decisions made by the vessels. These decisions
are not only made based on the highest fish
caught, but also for example on the weather, fuel
consumption and price of fish. Furthermore the
temporal granularity was very low, also limiting
predictive power. Meeanan et al. (2023) found that
information about the vessel and its behavior (such
as vessel length, average speed, etc.) along with a
day and night variable, accounted for about 69.9%
of predictive power. The main contributions of
these data would be that it would reduce sparsity,
which is one of the major difficulties of this
problem (Roéason, 2024; Cronin, 2024). It would
also allow for absence data to be incorporated,
which is crucial information in most standard
models and reduces their performance drastically
if this is not available (Dhyani et al., 2023; Froese
et al., 2023).

Broader Impacts. In this study, cod
has been treated as a single stock due to the
data provided. This resulted in a model treating
cod as a single species. However, there are some
considerations that need to be taken when treating
cod in this way. One important observation is that
cod consists of multiple different subspecies. This
is also modeled by fisheries and institutions them-
selves Kualtska et al. (2024). However, treating
cod as a single species can have detrimental effects.
According to Hutchinson (2008), the treatment

of the Atlantic Cod as a single stock can lead to
loss on genetic diversity, failure of conservation
measures, and threats to the ecosystem. By
treating cod as a single stock, sustainable fishing
may not be guaranteed despite a fully working
model.

6 Conclusion

Being able to predict the presence and absence of
fish is crucial not only for the efficient travel of
fishing vessels, but is also required for certain mea-
sures taken against the overfishing of fish. In this
study, a diffusion model was used to forecast the
catch locations of cod one day ahead. By condition-
ing the model with the last 7 days of catch data,
last day of salinity, sea surface temperature and
bathymetry data along with the date, a properly
trained model was created. Furthermore, a base-
line was created originating from previous studies.
This study shows that the model outperforms this
baseline. The model performs lower in terms of
mean squared error and mean absolute error with
respect to the ground truth when compared to
the model, which means it more closely resembles
the ground truth than the baseline. This result is
also highlighted by the minimum, maximum and
mean distance of both models. While the mini-
mum distance of all predictions made by the model
is larger, the mean and maximum show that the
model outperforms the baseline. As you increase
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the accepted distance for a correct prediction, the
model’s accuracy increases more than that of the
baseline.. This study has shown that despite a
large presence of sparsity in the data, the diffusion
model can predict the presence of Cod. Although
the model’s performance may or may not be useful,
this study suggest that by adding other features,
the quality of data would be increased, allowing
the model to make more accurate predictions. It
is to be hoped that a model like this can be used
to allow for more sustainable fishing, decreasing
carbon dioxide emissions and allowing for healthy
cod and fish stock sizes.
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A Appendix

Predicted Fishing Locations - 2023-11-08
MSE: 0.0031 | MAE: 0.0096 | Correct Predictions: 2 | Avg Distance: 159.0km
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Figure A.1: Samples generated by the model (top) and baseline (bottom).
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Predicted Fishing Locations - 2024-01-19
MSE: 0.0020 | MAE: 0.0084 | Correct Predictions: 2 | Avg Distance: 136.8km
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Figure A.2: Samples generated by the model (top) and baseline (bottom).

17




Predicted Fishing Locations - 2024-04-24

MSE: 0.0054 | MAE: 0.0136 | Correct Predictions: 1 | Avg Distance: 155.8km
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Figure A.3: Samples generated by the model (top) and baseline (bottom).
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Predicted Fishing Locations - 2024-08-03
MSE: 0.0045 | MAE: 0.0110 | Correct Predictions: 0 | Avg Distance: 870.6km

Predicted Intensity
mmm Ground Truth Intensity
--- Scatter Points ---
() Predicted Means (1)
6N 7 @ Ground Truth Means (1)
[0 Nearest Actual Locations (1)
A A All Actual Catches (41)
e 4 A
A A A A
. AR% aa L84
adga®
A ﬁ A
6°N - 4 &
A
A
2°N o
A A
A
A
af
6°N T T T T
A A & & &
> ~ 9 ] 4%
Longitude
Predicted Fishing Locations - 2024-08-03
MSE: 0.0090 | MAE: 0.0270 | Correct Predictions: 0 | Avg Distance: 1253.2km
Predicted Intensity
B Ground Truth Intensity
--- Scatter Points ---
O Predicted Means (9)
67N 7 © Ground Truth Means (1)
[0 Nearest Actual Locations (9)
A A All Actual Catches (41)
2°N A
A AN
o aR% AR ata
Aa A’
A % &
67N
PR
A
A
27N
A A
" A
al
B°N T T T T
= A & & &
> ~ 2 R
Longitude

Figure A.4: Samples generated by the model (top) and baseline (bottom).
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Predicted Fishing Locations - 2024-12-15

MSE: 0.0083 | MAE: 0.0181 | Correct Predictions: 0 | Avg Distance: 137.9km
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Figure A.5: Samples generated by the model (top) and baseline (bottom).
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