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Detecting individual animals is an important step for building monitoring tools for animal based welfare

5528511 indicators. Latest advances in foundation models (FM) have shown promising performance in zero-shot
Keywords: segmentation over various domains. Here, we show that an FM Segment Anything Model (SAM) can be
Segmentation used to find rainbow trout (Oncorhynchus mykiss) and Atlantic salmon (Salmo salar) in a real-life recirculated
Computer vision aquaculture system (RAS) commercial production environment with a stocking density of 32-40kg/m?,
RAS without the need for costly training data. We evaluate two prompting methods over a benchmark containing
Aquaculture 88 manually verified images and thousands of masks, comparing these hand-annotated prompts with fully

Fish welfare

automatic segmentation. We also propose a fast annotation workflow utilizing a lightweight classifier to refine

the set of output masks, improving the proportion of good-quality whole fish or head masks for automatic
detection from 60.5% to 77.7%, and for hand-annotated prompts from 75.6% to 85.2%.

1. Introduction

The global need for fish protein for human consumption continues
to grow, and because fishing is already at the maximum capacity,
aquaculture is expected to cover the increased demand in the future
(EC, 2020). Recirculating aquaculture systems (RAS) are a scalable
solution to increase fish production. As the whole environment in
RAS is controlled by humans, strict monitoring systems are necessary
to ensure health and welfare of the fish. Inferior health and welfare
decreases profitability and leads to a suboptimal use of resources.
Therefore, improvements in fish health and welfare practices are key
for achieving optimal and sustainable fish farming (Macaulay et al.,
2021). During the last decade, computer vision and advances in deep
learning have provided ample opportunities for intensive monitoring in
animal production, with most of the focus being on terrestrial animals
(Borges Oliveira et al., 2021), but showing great potential also for
aquaculture (Yang et al., 2021; Fitzgerald et al., 2025).

Animal based measures (ABM) are the best indicators of animal
welfare (EFSA AHAW Panel, 2012). For two species commonly farmed
in the Nordic countries, rainbow trout (Oncorhynchus mykiss) and At-
lantic salmon (Salmo salar), such ABM include external morphological
damage such as skin lesions, eye, gill and fin damage, abnormalities
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in body shape, and swimming-related indicators such as activity level,
schooling behaviour, aberrant swimming and loss of balance, aggres-
sion, apathy and stereotypic movement (Pettersen et al., 2014; Noble
et al., 2020). Detecting individual fish from video data and deriving
these indicators automatically in a commercial RAS environment would
be a significant building block for fish welfare monitoring, as expert
observations of these indicators are very costly and time-consuming
to do in production facilities. In a review, Fitzgerald et al. found
that the second most common use of computer vision applications in
aquaculture was behavioural monitoring (Fitzgerald et al., 2025).
Segmentation of fish in tanks is a special computer vision task,
because of multiple similar-sized objects of interest densely scattered
against the background. The fish are of the same species, of roughly
similar size and the area of interest is restricted. This makes the task
a well-suited candidate for experiments with general-purpose models
showing good zero-shot performance. Segment Anything Model (SAM)
(Kirillov et al., 2023) is the first foundation model proposed for image
segmentation, showing promising results over a wide array of tasks
without additional training (Wang et al., 2024). Previous work on
fish instance segmentation is largely based on either background—
foreground subtraction (Zhao et al., 2016; Zhou et al., 2018; Yu et al.,
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Fig. 1. In farm 1, the cameras were connected to Jetson Nanos, from which the video data was streamed to a mini-pc located close to the tanks. The video data

was further transferred to a cloud storage for offline analysis and model training.

2021), a traditional computer vision method that requires a low stock-
ing density and a static background, or a supervised approach based
on neural networks, using manually annotated data to train a model
(L. Zhang et al., 2024). Manual annotation is costly, which has some-
what been mitigated by using weakly supervised learning and various
annotation tools (Laradji et al., 2021). The strong zero-shot perfor-
mance of SAM is based on its architecture utilizing recent advances
in deep learning and the large scale of its training dataset (11M im-
ages, 1B masks). The model architecture is based on Transformers,
best known as the building blocks behind modern Large Language
Models (LLMs) (Vaswani et al., 2017). Vision Transformers (ViTs),
Transformers adapted for visual tasks, are a higher capacity alterna-
tive to previous state-of-the-art architectural paradigm Convolutional
Neural Networks (CNNs) (Dosovitskiy et al., 2021).

Therefore, we experiment with SAM and compare its different
prompting approaches using both annotated data and a fully auto-
matic segmentation mode. As part of the publication, we release a
manually verified segmentation dataset consisting of 88 images. To
our knowledge, datasets from large-scale commercial RAS environment
have not been published for fish instance segmentation before. Previous
experiments using computer vision in a RAS environment, including
detecting (Wang et al., 2022), segmenting (L. Zhang et al., 2024) and
tracking fish (Liu et al.,, 2024; Li et al., 2024; Ciani et al., 2024),
classifying appetite (Razman et al., 2019) and detecting dead fish (Zhou
et al., 2025), have typically been carried out at small aquariums and
tanks, 100—1000 times smaller in scale and intensity.

The aim of the paper was to study if fish detection using SAM-
based automatic instance segmentation is applicable in a large-scale
commercial production environment. We evaluated SAM on the fish
object detection task and conducted a categorical assessment of the
mask quality. In addition, we developed a lightweight post-processing
workflow leveraging SAM and a mask shape-based classifier, show-
ing a clear precision-increasing trade-off on both on automatic and
hand-annotated prompts.

2. Materials and methods

Image data was collected from two commercial Nordic RAS farms,
one raising rainbow trout in farm 1, and one raising Atlantic salmon
in farm 2. From both farms, RGB cameras were installed over the tank
surface to record over several days’ time period, and the resulting image
dataset was manually annotated.

2.1. Data collection

2.1.1. Image data

In farm 1, Alvium 1800 U-240c cameras were set up 2 m above the
surface of two 540 m? tanks with a height of 5.5m and 12 m in diameter
containing rainbow trout (Fig. 1). During the observation period, the
estimated mean weight of the stock was 300-350g with a stocking
density of 32-38kg/m®. Cameras were placed and oriented to avoid
occlusion caused by foam and reflections from the light sources, and to
ensure view of the constantly lit feed landing area from the centralized
pipe feeding system. Camera settings were adjusted for better image
quality, deciding on exposure time of 33 ms, gain of 18 dB, continuous
white balance adjustment and a frame rate of 27 FPS. In total, 470 h
of semi-continuous video data was collected in June 2022, recording
two minutes at a time at varying intervals over a 12-day period. Images
were extracted from a selection of the videos, using a minimum interval
of 100ms to avoid strong temporal correlation between the frames,
resulting in 1501 RGB images with a size of 1600 x 999 from Camera
1 and 369 images of size 1450 x 1100 from Camera 2.

At farm 1, recirculating water goes through drum filters to remove
solids, fixed-bed biofilters to transfer ammonia to nitrate, and a trick-
ling filter to remove CO,. The water is treated with UV before reaching
the fish tanks. NaOH and liquid oxygen are added to maintain pH and
oxygen at appropriate levels. Temperature is typically maintained at
16—17°C. The centralized pipe feeding system provides feed 10-14
times per day.

In farm 2, one Ubiquiti Unifi G4 Pro camera was set up 4 m above
the surface of a circular concrete tank with a depth of 3 m and a
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Fig. 2. Annotated fish heads from Farm 1 (left) and from Farm 2 (right).

diameter of 7 m containing Atlantic salmon. The salmon had an average
size of 475¢ and a density of 40kg of biomass per cubic metre. In
total, 36 h of semi-continuous video data was collected in the spring
of 2022, recording five minutes at a time at varying intervals over a
19-day period. From the 24 FPS high-resolution video, two interesting
non-overlapping sublocations with less noise due to reflections and
foam were identified and cropped. Images were extracted from the
videos, using a minimum interval of 100ms to avoid strong temporal
correlation between the frames, resulting in 370 extracted RGB images
of size 2000 x 1159 and 414 images of size 1600 x 850.

At farm 2, intake water is sourced directly from the sea and un-
dergoes no further treatment than filtering and UV-treatment before
entering the system. The water has a salinity of around 30 g/L. Within
the recirculation system, the water is treated in fixed-bed biofilters and
reoxygenated to 85-100 percent saturation (around 10mg/L) with a
tank diffuser and high pressure cones. Temperature is typically main-
tained at 12°C. Sprinkle feeders provided feed continuously during a
16 time window each day and artificial light were on for 24 h/day.
Ammonium and carbon-dioxide concentrations and pH are monitored
daily with classical chemical methods. Alkalinity were controlled using
sodium hydroxide (NaOH) to keep an average pH of 7.15. Carbodioxide
concentrations were on average 12mg/L.

2.1.2. Manual annotation

We used a manually annotated fish object detection dataset in our
experiments. The detection annotation task involved drawing rectangu-
lar bounding boxes around the heads of the fish to mark all fish in the
images (Fig. 2). Three annotators conducted their work independently
over several months, using a concise guidebook that included visual
examples, authored by one of the annotators. All utilized the open-
source MakeSense (Skalski, 2019) online annotation tool for their
tasks.

By focusing on fish heads rather than entire bodies, the annotators
aimed to minimize variations in bounding box size resulting from
differences in fish orientation and camera angles. Identifying all fish
consistently posed a challenge due to variable lighting and high densi-
ties of fish within the tanks. The resulting annotated dataset consisted
of 1684 images from both farms. A subset of the data was used as
model input in our experiments. No additional manual annotation
was performed; in particular, no segmentation masks were manually
created.

Inter-annotator agreement was assessed on a separate subset of
76 images that was sampled to reflect the camera distribution of the
evaluation data. The three annotators independently labelled fish head
bounding boxes on the same images. Then, inter-annotator agreement
was evaluated using precision, recall, F; and mIoU:

Precision = — L2 (@]
TP+FP

TP

Recall = ———— 2)
TP+ FN

Precision - Recall
F1=2. —————— 3
Precision + Recall ®

N
1 Area of Overlap;

oU=— Y — =4 4
o N Z Area of Union, “

i=1
In these object detection metrics, predicted box is considered a True
Positive (TP) if it has an Intersection over Union (IoU) above a given
threshold with a ground truth (GT) box. False Positives (FP) are pre-
dicted boxes that do not have a matching GT box based on this
criterion, and False Negatives (FN) are GT boxes that do not have a
matching predicted box.

When evaluating model performance, these object detection metrics
are computed by comparing predicted bounding boxes to manually an-
notated GT bounding boxes. We calculated inter-annotator agreement
by doing a pairwise comparison over the annotator pairs, treating one
as the “predicted” set and the other as the “ground truth” set. Precision,
recall, F; and mIoU between the pairs were then computed using one-
to-one bounding-box matching at different IoU thresholds. All bounding
boxes were matched only once, and the matching was performed in
descending IoU order.

Overall, the curve suggested highest object-level agreement at IoU <
0.30, with localization differences becoming more influential at higher
IoU thresholds (Fig. 3). Overall agreement was highest between Anno-
tators A and B (F1 = 0.809), while comparisons involving Annotator C
showed lower recall due to fewer annotated objects (Table 1).

2.2. Computational experiments

2.2.1. Automatic segmentation

The encoder—decoder architecture of SAM consists of a heavy image
encoder and a more lightweight prompt encoder and mask decoder
(Kirillov et al., 2023). The authors leverage this architectural design
when training the model, as the image only needs to be encoded once,
and any subsequent prompting of that image uses less than 1% of
the image encoder’s compute time. This enables iterative predictions
for mask refinement during training, improving model performance
(Kirillov et al., 2023). The image encoder used is a ViT model Masked
Autoencoder (ViTMAE) (He et al.,, 2022), whose training is based
on self-supervision by masking random patches of the input image
and reconstructing the missing parts. This self-supervision serves as a
starting point for multi-stage model training, which together with the
architectural choices allow for the large-scale training needed for a
foundation model. In addition, the authors of SAM define prompt in
segmentation context to mean any information that specifies what to
segment in the image (Kirillov et al., 2023), e.g. a point or a bounding
box, which makes SAM flexible in terms of model input.
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Fig. 3. Inter-annotator agreement across IoU thresholds.

A Image crop and contour

— contour mask axis

B Contour geometry

— candidate box

C Generated bounding box

— selected box —— contour box  —— generated box

Fig. 4. Bounding-box generation workflow. We estimate the fish long axis from the mask contour, generate two candidate square boxes at opposite ends of the
mask using an anatomy-informed inward fraction of 0.25, and select the candidate containing the greater mask pixel mass.

Fig. 5. Prompts (dots) and resulting segmentation masks (blue). Very small masks with an area smaller than 1000 pixels and very large masks with an area larger
than 25000 pixels and the corresponding prompts have been removed for clarity, as well as grid points that did not produce a mask in automatic segmentation
due to low model confidence. Data from Farm 2. Left: Hand annotated prompts (dots) and resulting segmentation masks. Right: Grid of points as prompts (dots)

and resulting segmentation masks.

Table 1

Pairwise inter-annotator agreement on a sampled 76-image subset. Object-level matches were
computed using same-class bounding boxes with IoU > 0.30.

Annotators Images N, Ny Precision Recall F1 Mean IoU
Avs B 76 4702 4520 0.793 0.825 0.809 0.594
Cvs A 76 2436 4702 0.963 0.499 0.657 0.652
Cvs B 76 2436 4520 0.933 0.503 0.653 0.635

Utilizing the property of the model to be prompted by any set of
points in the image, we compared the performance of SAM when it is
prompted using hand-annotated points locating the fish, and when it is
prompted using “automatic segmentation”, an evenly sampled grid of
points, a method proposed by Kirillov et al. (2023), without any prior
knowledge of the locations of the fish.

Using 88 randomly split images from the dataset described in Sec-
tion 2.1.2, SAM was prompted with the centre points of the N=5,828
annotated bounding boxes. Another set of masks for the same im-
ages was produced using automatic segmentation (Fig. 5). Suitable
parameters for the automatic segmentation were chosen manually, by

visually inspecting the outputs of a coarse grid search described in
Appendix A. The largest image encoder variant ViT-H was used in all
the experiments.

The data used in this study had originally been annotated for a
fully supervised fish head object detection task. As a result, there was a
systematic scale mismatch between the detection ground truth, which
consisted of head bounding boxes, and the SAM predictions, which
typically segmented the whole fish. To report standard object detection
metrics, we derived head bounding boxes automatically from the pre-
dicted segmentation masks using a contour-guided head box generation
procedure (Fig. 4). As a parameter, we use a biologically informed
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Head
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Fig. 6. Examples of the mask classes before any post-processing.

inward fraction of 0.25: Atlantic Salmon head length is approximately
20% of fork length (Garber et al., 2019), and we use a slightly larger
value to account for the fact that human-annotated detection boxes
are not necessarily tight around the head. This pre-processing step was
designed for the present imaging setup to compute standard detection
metrics, and may be less reliable for fish with substantially different
proportions, for example due to age, body condition, or camera view-
point. Full details and a sensitivity analysis of the fraction parameter
are provided in Appendix A.

Additionally, to evaluate the performance of the two different
prompting strategies independent of annotator recall and bounding
box localization, and provide qualitative insight mask quality and
consistency, both segmentation outputs were manually reviewed, and

the masks were assigned a class based on their quality (Fig. 6). The
criteria for the classes were as follows:

» ‘incorrect’ Non-fish, or a rugged (non-smooth) or multi-part
mask, with no real occlusion to justify its roughness or patchiness,
or a very small mask covering only a portion of the fish or its head
‘multiple’: A smooth mask covering multiple fish (e.g. a head and
another whole fish, or two whole fish)

’head: A smooth mask covering the head of the fish, but less than
50% of the body of the fish

‘fish’: A smooth mask covering exactly one fish, or more than 50%
of a fish
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head @ nuttiple

Fig. 7. Filtering undesired masks using a classifier, data from Farm 1. Left: Output of automatic segmentation and class predictions produced by our post-processing
method. Right: The proposed post-processing applied, removing all masks that are not predicted to be of good quality ‘fish’ masks by the model. Overlapping

masks are coloured in brighter green.

Configure
Segmentation
— model
Predict Predict
Annotate
Annotated Train Predict and filter
small Classifier
dataset

Refined
large
dataset

Fig. 8. Our proposed post-processing workflow to refine the automatic segmentation output.

2.2.2. Post-processing

With either prompting method, some of the resulting masks were
low quality. They contained ragged edges, multi-part masks, multiple
fish or no fish at all, and were difficult or impossible to filter using
heuristic rules based on mask size and shape. To reduce the number of
incorrect masks from the dataset, we propose to use a classifier to filter
out the low quality masks using extracted mask features (Algorithm 1,
Appendix A).

Assigning the possibly undesirable masks to different classes pro-
vides more information on the underlying data and enables more
granular post-processing, as filtering requirements can depend on the
application at hand (Fig. 7). For example, in tracking tasks it might
be beneficial to include heads as well as whole fish masks, as there is
substantial occlusion in commercial fish farming tanks due to stocking
density. Similarly, ‘multiple’ masks could be used to help infer tracks
with overlapping detections.

The proposed workflow is described in Fig. 8. First, reasonable
parameters for automatic segmentation are chosen in the configuration
phase. Then, a small set of segmentation masks are produced using au-
tomatic segmentation, annotated by hand and used to train a classifier.
The trained classifier is then applied to a larger dataset, and the masks
that are predicted to be of undesired class are filtered out. The proposed
workflow can be plugged in with any classifier. In our experiments
we compared three different non-linear classifiers, which we trained
on a combination of simple global descriptors, convexity defects and
invariant moments.

The models were first evaluated comparing their one-vs-all bi-
nary classification accuracies for the different classes. Binary accuracy,
fraction of correct predictions, gives insight into the class-specific per-
formance of the model. In addition, the proposed post-processing was
applied by using a multi-class classifier trained to distinguish all of the
classes from each other. Mask precision %, i.e. the true proportion of
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Detection results at IoU 0.30 without post-processing. Bounding boxes are derived from the segmentation mask

with the contour-guided generation.

Prompt N predictions TP FP FN Precision Recall F1 Mean IoU
Manual 5307 3183 2124 2641 0.600 0.547 0.572 0.485
Automatic 6376 2103 4273 3721 0.330 0.361 0.345 0.488

Fig. 9. Example of differences in ‘incorrect’ masks between prompting methods from Farm 2. Left: Manual prompts. Right: Automatic segmentation. Large amount
of surface disturbance combined with the grid prompt caused the reflections and bits of foam to be segmented.

the desired class in the data before and after filtering, was calculated
by comparing the manually annotated class label and predicted labels
for a given mask on the left-out test set:

TP
TP+ FP
where True Positives (TP) are predictions correctly assigned to the tar-
get class, and False Positives (FP) are predictions incorrectly assigned
to that class.

The focus on precision in the evaluation metrics stems from the
observation that, when monitoring fish in RAS tanks, the group-level
metrics from the detected fish may serve as an indicator of the group.
The fraction of fish visible at the surface compared to the total number
of fish in the tank is very small, also in human visual observation,
making image-level recall less relevant when considering the scale of
the fish monitoring problem in RAS. Mask precision % does not require
bounding box localization with a matching human-produced bound-
ing box annotation, and the precision depends only on the manually
verified class labels. In addition, precision of the multiclass classifier
reflects the method’s applicability in real-life scenarios in cases where
multiple classes need to be considered simultaneously. Because we
evaluated the mask quality based on coarse categorical assessment, seg-
mentation metrics that depend on pixel accuracy were not applicable
to this data.

- 100%, )

Mask Precision % =

3. Results
3.1. Automatic segmentation

Manual prompts produced significantly better results than auto-
matic, with an F, score of 0.57 (Table 2). The manual annotation
prompts are a strong prior for object localization, and the resulting
difference of manual to the original bounding boxes can be attributed to
SAM and the contour-based bounding box generation. Automatic mode
does not have any training for the specific task or prior information
on fish locations, and is relying solely on pre-training and the visual
structure of the image, resulting in significantly lower precision and
recall, with an F; score of 0.35

Automatic segmentation produced more masks overall, with 72
masks on average per image, while having 49.9% of the masks with
a confirmed label of ‘fish’ (Table 3). A notable difference between the
prompting methods was the proportion of ‘incorrect’ masks produced.
Automatic segmentation produced more masks on surface disturbance,
as the evenly distributed point grid sampling is likely to hit a location
where these are present (Fig. 9). Using automatic segmentation, 20.0%
of masks were of ‘incorrect’ class.

Table 3
Distribution of manually confirmed mask classes produced using two different
mask generation methods with SAM on 88 images without post-processing.

Prompt N Fish Incorrect Head Multiple
Manual 5307 62.0% 6.8% 13.5% 17.7%
Automatic 6376 49.9% 20.0% 10.6% 19.5%

With manually annotated prompts, the percentage of ‘fish’ masks
was 62.0% (Table 3), with an average number of 60 masks per image.
There was a higher proportion of ‘head’ masks, which was to be
expected due to the prompts being located directly on the fish heads.
Human annotators were also less likely to mark a bounding box on an
area with low visibility, resulting in a smaller quantity of ‘incorrect’
masks. For one image with low visibility due to surface disturbance,
both prompting methods produced zero masks.

3.2. Post-processing

We evaluated the proposed method using both sets of the manually
classified masks from the 88 images. Features were extracted from the
mask shapes: area, major and minor axis lengths, number of submasks,
number of convexity defects and Hu moment invariants (Hu, 1962)
(Fig. 10). The extracted features were used to train three different non-
linear classifiers: K-Nearest Neighbours (KNN), Multilayer perceptron
(MLP) and Random Forest (RF). The classifiers were configured as
follows: KNN(#,ei0ppours = 3), RF(max_depth = 10, nogimarors = 20,
max_features = 3), MLP(a = 0.05, max_iter = 5000).

For the dataset with hand-annotated prompts, mean test accuracy
over the three evaluated classifiers for distinguishing ‘fish’ masks from
other classes with a one-vs-all binary classification scheme was 82.7%
(Table 4). On the automatically produced masks, the mean test accu-
racy for one-vs-all binary classification was slightly lower, especially on
the accuracy on ‘incorrect’ and ‘head’ masks (Table 4). The accuracy
of ‘fish’ masks over the evaluated classifiers on automatic prompts was
82.4%. On both prompting modes, correctly classifying ‘multiple’ masks
was a difficult task due to the close similarity of ‘fish’ and ‘multiple’
classes in cases where the fish are swimming closely parallel, leading
to more confusion between these classes.

Overall, there was little difference in the performance between the
different evaluated classification models on either prompting methods,
with KNN having a somewhat lower accuracy compared to the other
two models. For clarity, we have reported only RF in Table 5, as it
achieves the highest accuracy on automatic ‘fish’ binary classification,
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Fig. 10. Kernel density estimation (KDE) over histogram of mask area sizes (left) and second Hu moment invariant (right) for the different manually confirmed
mask classes in automatic segmentation. Bandwidth adjustment factor of 0.25 is used to retain the characteristics of the distributions. Outliers (i.e. masks with
pixel area greater than 25000 and moment invariants greater than 1.0) are omitted for clarity.
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Fig. 11. Precision-recall at IoU 0.30. Our post-processing consistently improves precision but lowers recall.

Table 4

One-vs-all binary classification mean test accuracy and its standard deviation
for the different models and classes over a stratified 5-fold cross-validation,
compared to manually confirmed mask labels.

Prompt Model Fish % Incorrect % Head % Multiple %
KNN 803+ 1.0 94.7+0.5 952+09 83.7+1.0

Manual MLP 842+04 949 +0.4 96.1 +0.4 86.5+0.8
RF 83.6+ 1.1 94.8 +0.5 959+0.3 86.0+ 1.4
KNN 79.1+1.3 88.1+1.0 90.8 +0.6 824 +09

Automatic MLP 83.6+1.1 89.8 +1.4 91.5+09 86.5+ 1.0
RF 846+13 90.3+0.8 92.1+0.6 859+0.5

and the conclusions are nearly identical for MLP for post-filtering
precision.

For the detection evaluation, bounding boxes were produced as
follows: for masks predicted ‘fish’, the contour-guided bounding box
generation procedure with head fraction 0.25 was used; for masks
predicted ‘head’, the SAM-produced bounding box containing the mask
was used. We have included the analysis on the SAM-produced head
boxes in Appendix A. Box selection was based only on the classifier-
predicted mask class. Ground-truth mask labels were not used during
detection evaluation.

Filtering increased precision for both prompting strategies at the
cost of recall (Fig. 11). For manually prompted SAM masks, this tradeoff
slightly reduced mean F;, whereas for automatically prompted masks
the precision gain outweighed the recall loss, producing a modest
increase in mean F; (Table 5). Although filtering changed the mean
precision-recall balance and the mean F; slightly improved on both
modes, the fold-wise F; distributions overlapped with the unfiltered
setting, indicating that the post-processing primarily traded recall for
precision rather than producing a clear overall F;, gain or reduction
(Table 5).

When evaluating multiclass model precision by using the true mask
class quantities left after the post-processing on the automatic mode, we

see that it effectively filtered out undesired masks: the mask precision
% on ‘fish’ and ‘head’ masks increased from 60.5% to 77.7% (Table
5). By applying the filtering on manually prompted masks, the mask
precision % on ‘fish’ and ‘head’ in the test set increased from 75.6%
to 85.2% (Table 5). The resulting number of masks after filtering was
31%-33% lower than ground truth on the two modes. In practical terms,
on average, the post-processed automatic prompt produced 45 masks
per image, of which 35 confirmed relevant masks, whereas human
annotators marked 66 fish per image.

4. Discussion

This study demonstrated that SAM could be used to automatically
detect fish in two large-scale commercial RAS environments, in two dif-
ferent fish species with a production level stocking density and standard
production fish size with reasonable precision. We also showed that
detecting fish in RAS setting is a challenging task also for a human
annotator, resulting in low inter-annotator agreement.

The video equipment used were RGB surface cameras, which makes
the fish instance segmentation a challenging and time-consuming task,
because of the low contrast, surface disturbances and high level of
occlusion caused by a commercial level stocking density (Fig. 12). The
performance of SAM was better with manually annotated prompts than
when using a fully automatic mode. This is to be expected, as the
manually annotated prompts effectively incorporate prior information,
and guide the localization for the model.

Both sets of mask outputs were effectively refined using a light-
weight post-processing procedure, showing that simple shape descrip-
tors are enough to improve the detection precision and mask precision
of SAM. The three different one-vs-all binary classifiers trained to
distinguish good quality, whole ‘fish’ masks from other types reached
a mean accuracy of 82.7% on manually annotated data and 82.4% on
automatic prompts. Using a multiclass classifier trained to distinguish
all four of the presented classes, the proportion of ‘fish’ masks increased
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Table 5

Aquaculture 626 (2027) 744459

Final post-processing results for the filtering target using RF classifier. Values are stratified 5-fold cross-validation fold means and standard
deviations, shown on separate rows. For the proposed filtering method, detection metrics were computed from out-of-fold classifier
predictions. Detection was evaluated at IoU 0.30 using contour-guided generated head boxes with head fraction 0.25 for ’fish’ predictions,
and SAM-produced bounding boxes for ’head’ predictions. Mask P % is the categorical mask precision: the fraction of TP ’fish’ and ’head’
masks present after filtering, regardless of human annotator bounding box locations.

Prompt/ Mask count Mask Detection at IoU 0.30
filter GT Before After P TP FP FN P R F1 Mean
filter filter (%) IoU

M/None 1165 1061 1061 75.6 637 425 528 0.600 0.547 0.572 0.485
+ 50 + 26 + 26 + 0.7 + 17 + 25 + 44 + 0.017 + 0.021 + 0.019 + 0.004

M/Ours 1165 1061 784 85.2 586 198 579 0.747 0.504 0.602 0.486
+ 50 + 26 + 19 + 1.4 + 20 + 12 + 67 + 0.015 + 0.037 + 0.030 + 0.003

A/None 1165 1275 1275 60.5 421 855 744 0.330 0.361 0.345 0.487
+ 42 + 14 + 14 + 1.0 + 19 + 31 + 43 + 0.018 + 0.019 + 0.017 + 0.007

A/Ours 1165 1275 801 77.7 355 446 810 0.443 0.305 0.361 0.489
+ 42 + 14 + 26 + 22 + 29 + 26 + 44 + 0.031 + 0.024 + 0.026 + 0.005
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Fig. 12. Examples of failure cases of SAM and the bounding box generation procedure, successful and unsuccessful bounding box localization and matching.

from 75.6% to 85.2% on the manually annotated data and from 60.5% to
77.7% on the automatic prompts. The improvements are at the cost of
recall, which is clearly reduced for both prompting methods, showing a
decrease on the object detection recall from 0.36 to 0.31 on automatic.
This precision-recall tradeoff is also seen on the object detection preci-
sion, which increases from 0.33 to 0.44 on automatic. However, F, stays
relatively stable on both prompting methods, suggesting a controlled
tradeoff.

Monitoring fish on a commercial scale is considered difficult
(Macaulay et al., 2021). Among animal production systems, some of
the highest stocking densities outside aquaculture are typically found
in broiler chicken production (Buijs et al., 2009). However, broiler
chickens do not exhibit the vertical stacking and underwater imaging
distortions present in RAS, and their colouration generally provides
better contrast against the background. The small fraction of fish visible
at the surface compared to the total number of fish in the tank makes
the broad visual monitoring of the whole tank a very challenging
problem.

In previous work on detecting swimming-related ABM, studies have
relied on classical computer vision techniques in small-scale tanks.
Using background—foreground subtraction measures such as dispersion,
velocity and turning angle of the shoal (Zhao et al., 2016) or different
feeding-related quantitative measures (Zhou et al., 2018; Li et al., 2020)

can be calculated. Optical flow has been suggested to avoid some
of the limitations of background—foreground subtraction, and used to
find behaviours related to stress and feeding based on outlier detec-
tion (Yu et al., 2021). However, modern deep learning methods have
been shown to surpass classical computer vision methods in accuracy
(Fitzgerald et al., 2025). Supervised deep learning methods has been
used in both detecting individual fish and classifying group behaviour
(Zhao et al., 2021). Supervised detection combined with stereo cameras
to measure swimming speed, pattern and dispersion has been applied
to study the effects of dissolved hydrogen sulphide in Atlantic salmon
(Ciani et al., 2024). The downside to supervised models is that they
need a lot of training data specific to each environment, and thus
require costly manual annotation for good performance. This is often
not feasible in real world applications, highlighting the usefulness of
models such as SAM that demonstrate viable zero-shot performance in
fish instance segmentation without additional training.

In underwater images, object detectors have been used to find
fish skin surface damage (Liu et al., 2025), and to detect sea lice in
Atlantic Salmon (Gupta et al., 2022; C. Zhang et al., 2024). Similarly,
object detectors have been used to detect skin peeling and whitening
in groupers (Chen et al., 2022). In surface cameras, the image quality
is greatly affected by reflections, waves, foam and water turbidity
(Li et al., 2020). On the other hand, underwater cameras are more
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expensive and require more maintenance due to biofilm accumulation.
In our setting, underwater cameras would have likely given a very
limited view on the fish due to water turbidity and high occlusion from
the stocking density.

Pre-trained foundation models have sparked enthusiasm, due to
their good zero-shot performance on a variety of tasks and the possibil-
ity for quick adaptation for real-world applications (Zhou et al., 2024).
A general-purpose model that is quick to fine-tune to specific tasks
saves training resources and time spent on annotation work. Within
a short time of the release of SAM, the numerous adaptations (Awais
et al., 2025), many fine-tuning experiments (Song et al., 2024; Huang
et al., 2024; Archit et al., 2025), and its already prevalent use as a
tool to assist manual segmentation show the significance of FM in real-
world image segmentation tasks. Using a point-level weak supervision
scheme requiring a single click per fish (Laradji et al., 2021) with SAM
is much more efficient than drawing the masks by hand. Our proposed
workflow, once trained on a small number of images, can be used
to obtain a larger dataset using automatic segmentation. Depending
on the number of objects in the image and the performance of the
automatic model, our method can be efficient when leveraging the
trained classifier together with automatic segmentation to create a large
number of annotations with sufficient quality for practical applications.
However, the proposed workflow is not likely suitable for applications
where a very high, consistent mask quality or high recall is needed.

When comparing the prompting techniques of SAM, similar results
to ours have been found, for example, in medical imaging: using man-
ual annotations seem to outperform automatic segmentation (Huang
et al., 2024), but the performance can be improved by fine-tuning the
model (Huang et al., 2024) and post-processing the segmentation out-
put (Williams et al., 2024). Using different post-processing techniques
and incorporating prior information to refine the set of output masks
to improve model performance is a common technique used in seg-
mentation tasks (Chen et al., 2018; Sauer et al., 2024; Furtado, 2021),
including using a classifier to assess segmentation mask quality (Lin
et al.,, 2020). When training classifiers, simple hand-crafted features
can outperform CNN-based feature extraction when the training data
sample size is small (Lin et al., 2020).

The limitations of our study includes lack of pixel-level ground truth
and consequently lack of pixel-level mask evaluation. In our paper,
we evaluate the mask quality based on coarse categorical assessment.
Pixel-level ground truth of the segmentation masks would be necessary
to comprehensively validate mask quality and border consistency of
SAM in RAS with standard instance segmentation metrics. Our low
inter-annotator agreement on object detection task indicates that ob-
taining gold-standard pixel-level ground truth is not a trivial task in
commercial RAS setting.

The bounding box generation used in our experiment was designed
as a preprocessing step for the present imaging setup and metric
reporting, and it may be less reliable for fish with substantially dif-
ferent proportions, for example due to age, body condition, or camera
viewpoint. The lower but very stable mean IoU across cross-validation
folds compared to human annotators suggests stable but coarse ob-
ject localization, reflecting limitations of the bounding-box generation
procedure.

The detection recall metric for our proposed method is very low.
Our recall metric suffers from two sources of noise unrelated to the
model itself: low ground truth quality due to low inter-annotator agree-
ment and localization inaccuracies in bounding box generation. There-
fore, as recall is confounded by noise factors independent of the model,
the measured performance is likely underestimated and may increase
once these factors are mitigated. This interpretation is further sup-
ported by the large difference in detection precision and categorical
mask precision (0.44 vs 0.78), where the difference of the metrics
is that detection precision requires bounding box localization with a
matching human-produced annotation (IoU> 0.3). Higher quality, task-
specific ground truth data and a more thorough analysis would be
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needed to comprehensively assess and distinguish these effects, to get
a better understanding of the recall when using SAM and our proposed
post-processing classifier.

The proposed classifier in our post-processing method is a super-
vised machine learning model and thus dependent on the data it
learns on. Having a relatively small number of images and fish farms
presented, as we have in our experiments, may limit the generalizabil-
ity of the model. On the other hand, the annotation and re-training
effort associated with out method is very moderate, possibly making it
more suitable for a case-by-case fit than traditional supervised object
detection models.

In our paper we use a simplistic grid based prompt for SAM. As
demonstrated by our results in the differences of manual mode vs
automatic, better localization priors as prompts are likely to further
increase the usefulness of SAM. Further development of SAM itself is
active, showing continuing improvement of its zero-shot performance
(Ke et al., 2023). Multi-modal implementations combining prompts in
text format (Zou et al., 2023), a feature already supported by SAM,
are of particular interest: could a simple ‘fish’ prompt compete with
annotations made by humans in our task in the future? Human-in-the-
loop SAM-based annotation workflow utilizing this multi-modality has
already been proposed for livestock, showing considerable reduction in
the amount of manual labour required (Wu et al., 2024).

It has been shown that improved localization accuracy through
object segmentation improves tracking and scene understanding perfor-
mance in various settings compared locating the objects using bounding
boxes (Voigtlaender et al., 2019; Behl et al., 2017). Many recent adap-
tations of SAM focus on tracking (Zhang et al., 2025; Bai et al., 2024;
Cheng et al., 2023). On fish, a robust zero-shot tracking model based
on instance segmentation FMs has not yet been established. We see
the approach as promising and hope that our experiments contribute
towards this goal.

Challenges for model development for fish detection and instance
segmentation include the lack of data from large-scale fish farms and
benchmarks for model development, especially when taking into ac-
count the differences in ABM when assessing welfare in different fish
species and the vast range of different rearing environments. We hope
that our contribution in this regard encourages other researchers to
share their data in the future to tackle these challenges.

5. Conclusion

We have demonstrated the feasibility of SAM in detecting fish in
a large-scale commercial RAS environment. We compared the perfor-
mance of SAM on manually annotated bounding box prompts to a
fully automatic segmentation mode, finding that manual annotations
produce clearly better results when no additional post-processing is
applied. Our proposed post-processing method improved precision on
both prompting methods by classifying the mask outputs and filter-
ing out undesirable masks. While providing a clear precision-oriented
trade-off, our method had stable F; overall performance.
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