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Abstract

Automatic and accurate estimation of fish sizes from images and videos is essential for many
monitoring, fisheries management, stock assessment and conservation efforts. However, current
methods often rely on physical reference objects or stereo-camera systems that are not always
available. This paper explores the advancements, applications, and challenges of automated fish
body-size estimation from images, using artificial intelligence (Al) and machine learning (ML)
methods. We first introduce key concepts in Al and ML for a non-specialised audience and review
existing literature on models used for fish size estimation. We identify key barriers such as a lack of
high quality and publicly available datasets, image variability, scattered efforts and the challenges of
model generalisation across diverse species. Then we present a novel framework for size estimation
from monocular (non-stereo) images without a specified reference object, using a fishing tournament
dataset from an angling app. Our approach utilises an efficient, pretrained deep learning-based
feature extraction tool integrated with an automated regression pipeline and can be run on a single
computer with a GPU. Our findings demonstrate a promising pathway for size estimation in images
without a reference object, where estimated fish lengths were mostly within 10% of their true length.
Future research and collaborative efforts should focus on improving the diversity and public
availability of training data and integrating image metadata to enhance the accuracy of size
estimation. Additionally, it is essential to rigorously test and refine the robustness of current models
in real-world fisheries applications and to adopt standardised, comparable metrics for evaluating and
benchmarking fish size estimation models across studies.
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1. Introduction

In fish population and fisheries research and management, data on fish body sizes, or length
frequencies, can provide important insights into population status and species biology. Size data
underpins many ecological and management frameworks, including size-spectrum theory, biomass
estimation, and length-based stock assessments (Froese et al., 2018; Hordyk et al., 2014; Pauly,
1987). Body size is correlated with key biological rates such as growth, metabolism and reproduction
(Brown et al., 2004; Peters, 1983), it affects species trophic position and predation risk (Jennings et
al., 2001) and is therefore a valuable metric for understanding individual fitness and broader
ecosystem dynamics. Importantly, unlike ageing, fish length can be estimated non-invasively from
visual observations, making it particularly useful for underwater monitoring or aquaculture settings
where destructive sampling is not feasible or required.

The increasing availability of digital imagery has created new opportunities to automate the collection
of fish and aquatic invertebrate body size data, for example through underwater cameras, onboard
catch monitoring systems, angler or small-scale fisheries contributed photos, citizen science, and
cameras installed on fish cleaning stations. Machine learning (ML), which is a branch of artificial
intelligence (Al) focused on algorithms that improve their performance through data-driven
optimisation, and computer vision, a subfield of Al focused on image-based tasks, now provide
powerful tools to automate the extraction of fish length information from such datasets. Computer
vision has already been applied successfully for automated species identification in fisheries catch
and bycatch monitoring, behavioural analysis such as feeding or interactions with fishing gears, and
estimation or monitoring of weights or lengths in fisheries (onboard, recreational fishing) and
aquaculture (both underwater and out-of-water) settings (Abangan et al., 2023; Barbedo, 2022; Lonati
et al., 2024; Sheaves et al., 2020). In both aquaculture and fisheries, Al tools are now increasingly
used for both real-time or post hoc processing of visual data. Yet, while numerous studies have
focused on developing ML models for fish detection and species identification, fewer have addressed
the challenge of estimating fish size. To date, there is still no generic, widely accepted, and publicly
available framework for extracting size information from the wide variety of currently available image
sources. As a result, the large volumes of fish imagery generated across fisheries, ecological
monitoring, and citizen science efforts remain underutilised for fish population assessment.

Several key factors continue to limit Al applications in real life fish or catch monitoring situations,
including the high variability in lighting, water clarity and background conditions across images, as
well as diverse fish morphologies (Huang et al., 2025). Further, the lack of coordinated efforts to build
large, diverse, and annotated datasets for training size estimation models and the commercial nature
of many existing tools restrict open access, reproducibility, and community-driven development. This
is unfortunate, both because there is an urgent need for better monitoring tools to address growing
pressures on fish populations, and because the widespread adoption of digital technology could
provide unprecedented amount of fish size data for research. Bridging this gap between the
technological and data availability potential and practical applications requires funding and closer
integration between model developers and end users in fisheries science, aquaculture and ecology.
For non-specialist users such as fisheries managers, conservation practitioners, and field ecologists,
understanding the capabilities and limitations of different model types is crucial for informed adoption
(Wing & Woodward, 2024). Equally important is the development of open-source user-friendly tools,
standardised datasets, and collaborative initiatives that foster transparency and accelerate progress
across disciplines.
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In this study we aim to: 1) introduce key machine learning (ML) concepts relevant to fish body size
estimation for a non-specialised audience, 2) summarise current main approaches and studies
employing ML for fish size estimation from images, 3) present a case study and an open source model
on estimating fish sizes in monocular images (i.e. images captured with a single camera, without
stereo or depth information) without a specified reference object and 4) provide recommendations for
improving the transparency and uptake of ML tools for automated fish size estimation.

2. Automated approaches to measure fish

The process of automating fish size measurements in images has traditionally been divided into two
main tasks. The first task is to accurately detect fish of interest in the image and determine the two
points between which the length should be estimated. This task is done by object detection models,
which either place a bounding box around the detected fish individual or segment it from the image,
i.e. trace its overall shape. The models then need to determine which two points to use for fish size
estimation, typically the tip of the snout and the end of the tail (e.g. Abinaya et al., 2022). Alternatively,
the model might first estimate the area of the traced fish shape and derive the fish length from that
(Climent-Perez et al., 2024). Moreover, if a fish is in a distorted position, individual length must be
reconstructed by measuring fish along a set of defined and consistent body segments (e.g. Yu et al.,
2023). This task of finding a fish may seem straightforward, given the rapid advances of object
detection models, however the challenge is still far from resolved in real world applications, where
light and background conditions, as well as fish positions and distance to the camera are highly
variable (reviewed in section 2.1).

Assuming the first task of identifying the points for size measurement is completed with sufficient
accuracy, the second task is to relate the pixel distance or area to a real size measure. Converting
pixel distance can be done using a reference object of known length (e.g., a ruler) present in the
image, using stereo images where the distance to the camera and 3D shape of the fish can be
reconstructed from two images taken from slightly different angles, or estimating distance of the fish
to the camera (image depth) in cases where camera and lens parameters are known. Alternatively,
deep learning models such as visual transformers (presented in section 3) can be trained to directly
predict fish length from image features, bypassing explicit object detection and measurement steps.
In such cases, the exact methodology of measurement becomes a “black box”, as the internal
reasoning used by the model to estimate size is often not interpretable.

While this study focuses on Al based fish size estimation, accurate detection of fish and its shape has
been an inextricably linked part of the process and is often the main determinant of the model
performance (see also review by Barbedo, 2022). Therefore, before progressing to size estimation
models, we briefly review the progress of object detection models in fish image analysis.

2.1. Object detection models and their applications for fish studies

Object detection models are now widespread, from smartphones, to cameras on streets, self-service
supermarket checkouts and self-driving cars. The evolution of object detection models has been
reviewed by Zou et al. (2019), but here we provide a brief overview that focuses on fisheries and
aquaculture studies (see also (Barbedo, 2022). The literature on detection models can be highly
technical and inaccessible for an ecologically oriented audience, so we also summarise relevant terms
and methods (Table S1). Simply speaking, object detection models aim to find the location of an object
(also known as localisation) and to do it as fast as possible. There is usually a trade-off between
accuracy and speed, with different models developed for specific purposes, e.g. high-speed models

4
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for real-time applications, such as cameras on fishing gears that might determine fishing decisions,
versus slower but higher accuracy models for post-sampling or catch image analyses.

In the context of image analysis, it is important to distinguish between classification and object
detection models. Classification models assign an entire image to a category, such as fish species,
but are not concerned with where in the image the fish is located. In contrast, object detection models
both locate and identify individual objects within an image. Segmentation models are closely related
to object detection but go a step further by classifying each pixel in the image as belonging to the
object of interest or not (e.g., answering the question: “Is this pixel part of the fish?”). While
classification models do not provide spatial information, they are often simpler, faster, and require less
annotated data, as they are trained using a dataset containing only one label per image. Classification
models are useful when the goal is, for example, to confirm species presence or when there is only
one primary subject in the image. In contrast, detection or segmentation models require more complex
annotations such as bounding boxes or outlines and class names for every object of interest. However,
the combined localisation and identification capability makes object detection and segmentation
essential for more complex scenarios such as images from fishing vessels or underwater surveys,
where multiple fish of different species may appear in the same frame and need to be individually
recognised (Zaidi et al., 2022).

Both classification and detection models start with the same ‘backbone’, an algorithm that transforms
the original image pixels into feature maps — internal representations that capture patterns such as
lines, edges, shapes, and textures in different parts of the image (see below and Table S1 for
glossary). In convolutional neural networks (CNNs, Li et al., 2022), these maps are built through a
mathematical operation called convolution, which scans the image with filters of increasing size. In
Vision Transformers or ViTs (Dosovitskiy et al., 2021; Khan et al., 2022), the image is instead split
into small patches, which are then processed in sequence to learn relationships between features
across the entire image (see Table S1 for a glossary). The exact details of feature extraction are
technical, but it is important to note that in deep learning models, the relevant features to be identified
are not defined by the user but are learned by the model during the training stage. It is tempting to
think that those features represent increasingly abstract and recognisable patterns in the image,
moving from identification of lines and curves to more specific shapes (e.g. circles or tail-like shapes),
to anatomical features as eye, head or fins. However, neural networks are largely black boxes, and
increasingly complex features may not at all correspond to traits or patterns that humans consciously
recognise as important. The extracted features are then passed onto a subsequent neural network or,
in the case of the study presented here, a regression model, which finds optimal weights (parameters)
for each specific feature to reduce the cost function (e.g. difference between the known fish species
or size and model estimation). Some models may pass the same feature maps to several subsequent
models (or ‘heads’), where one model finds optimal weights for feature maps to produce accurate
bounding boxes, while another may find different weighting to yield most accurate species
classification.

Development of object classification models started in 1990s, initially focusing on recognition of
handwritten digits and human faces (Lecun et al., 1998; Turk & Pentland, 1991). These models already
used simple CNNs but used specific handwritten algorithms to produce classification results. A major
breakthrough in computer vision came with the release of advanced image classification AlexNet
model in 2012 (Krizhevsky et al., 2012). AlexNet combined the concepts of convolution and neural
networks into a large-scale deep learning model trained on millions of images and introduced
additional operations to improve the training process. AlexNet'’s ability to learn high-level features from
millions of diverse images also led to the expansion of transfer learning applications. Transfer learning

5
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is an approach where a model trained to recognise diverse classes (such as “car,” “fish,” or “tree”) in
a large, generic dataset (e.g., ImageNet for object classification or COCO for object detection) is
adapted to a more specific task, such as fish species detection or segmentation. By leveraging
features learned from millions of images, transfer learning reduces the need for large, annotated
datasets in the target domain (e.g. fish species) and often improves model performance and
generalisation.

AlexNet’'s success triggered a rapid switch to deep CNN for feature extraction in most vision tasks.
Many subsequent object detection frameworks used AlexNet's convolutional layers to extract and
process feature maps and only added additional ‘heads’ to e.g. produce bounding-boxes and
classification of objects within those bounding boxes. This was the start of modern two-stage object
detection models, initiated by R-CNN in 2014 (Ren et al., 2015). Two-stage models first generate
candidate regions where the object is likely to occur (proposals made from the entire image feature
maps) and then analyse each of these regions separately, honing on feature maps of specific areas,
to classify objects and refine bounding box coordinates. These models include R-CNN, Fast R-CNN
and Faster R-CNN (Girshick, 2015; Girshick et al., 2014; Ren et al., 2015), each with increasing
improvements in accuracy and processing speed. Two-stage models are generally slower, but have
higher accuracy and performance, especially in detecting objects of difference sizes and distances to
the camera. In contrast, one-stage models were developed in 2016 with the goal of improving
computational speed. One-stage models were first developed by YOLO or ‘you only look once’
(Redmon et al., 2016) and later with single shot detector SSD (Liu et al., 2016) or Retina-Net models
(T. Y. Lin et al., 2017). One-stage models process the entire image in one pass, setting bounding
boxes and probabilities of object classes all in one head from full image feature maps. Progressive
versions of YOLO (v2 to v12, released in February 2025) further improved model performance, speed
and accuracy, although these models still struggle with small objects in noisy images (Murat & Kiran,
2025).

A major advancement in object classification and detection, and in deep learning applications in
general, was achieved through the development of transformers, introduced by Google in 2017.
Unlike CNNs that look for relationships in adjacent parts of an image (through sliding matrix
operations), transformers analyse all input data at once, by finding most important relationships among
input tokens (local visual features). This means that transformers employ a self-attention mechanism
to evaluate the global context of an input, calculating dynamic attention scores that estimate the
relevance of specific visual features or words based on their context in the entire image or text
(Vaswani et al., 2017). Transformers were instrumental in the advancement of large language models
(LLMs), where interpreting the meaning of a word requires the full context of a sentence. Visual
transformers (ViTs) also skip the image convolution step (local feature extraction) and instead
analyse features of the entire image at once (Dosovitskiy et al., 2021). Similarly to large language
models, ViTs split the image into patches (like words in a sentence) and processes these patches like
a sequence of tokens, looking for general relationships among them. While ViTs require larger training
datasets, they have outperformed CNNs in all benchmarking image datasets (Dosovitskiy et al., 2021).

Finally, latest computer vision applications use hybrid models, combining both CNNs and ViTs (Wu
et al., 2021). Here CNNs first process the image to produce localised feature maps, which are then
passed onto ViTs to assess image-wide relationships. These models improve accuracy, but such
improvements generally require increased computation cost and larger training datasets compared to
CNN-only approaches (unless pretrained feature extractions can be used, as in the case study
presented here).
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While object detection algorithms have made great progress, their performance in real world fish
detection is still relatively poor (see also section 2.3). Major challenges remain in correctly identifying
fish in challenging underwater environments, with scattered or low light levels and complex habitats
(in kelp forests, mangroves or reefs), where fish body parts might be obscured. Tracking fish
individuals, or any other objects in videos also remains a challenge and a key area of ongoing research
(Abangan et al., 2023; Zou et al., 2019), as traditional object detectors are generally focused on single
images. Yet, fish tracking is essential for size estimation in underwater video-based monitoring
(BRUVs, ROVs), where a fish is tracked until its orientation enables sufficiently accurate size
measurement. To date, most BRUV analyses still use manual labour for fish tracking, which is time
consuming and introduces a major bottleneck in image processing. Another challenge for fish specific
applications relate to the low performance of models in detecting small objects, especially in crowded
conditions.

2.2 Models for fish size estimation from images

Fish size estimation from images can be approached through different methods, which differ
fundamentally in their use of training data, reliance on reference objects, and complexity of modelling.
Reference object-based methods do not necessarily require training of models for size estimation.
Instead, they use physical objects of known dimensions to calibrate the scale of the image. These
objects can, for example, be rulers, checkerboards, conveyor belts (of known width), ArUco markers
(square pieces of paper or other material with a black border and an internal pattern of white and black
squares), colour plates or coins. By measuring the number of pixels corresponding to the reference
object, the pixel length of the fish can be converted into real-world units. For accuracy, the fish and
the reference object must be at approximately the same distance from the camera, and some
calibrations may need to be done to account for the curvature of fish, camera distortions and light
conditions.

Reference object-based approaches are conceptually simple and can provide reliable size estimates
when objects of known dimensions are consistently present in the image. However, their application
is constrained by several practical and methodological limitations. First, placing or ensuring the
presence of a reference object in the field can be logistically challenging, particularly in natural
underwater environments where conditions are dynamic, and access is limited. Second, the accuracy
of size estimation depends heavily on the relative position and distance of the fish to the reference
object, which is not always controllable in natural conditions. Third, reference objects may not always
remain visible or within the same focal plane as the target organism, leading to errors in scaling and
measurement. Finally, this approach is less suited for large-scale monitoring, autonomous data
collection, or opportunistic imagery (e.g., from citizen science or archival footage), where reference
objects are typically absent. These constraints limit the generalisability of reference object-based
methods and underscore the need for more automated, reference-free approaches that can operate
effectively across diverse sampling contexts

Similarly, methods using a fixed and known distance between the camera and the object or 3D
reconstruction from stereo images (Marrable et al., 2022) also do not require ML for fish size
estimation. They rely on explicit geometric relationships rather than learned features and in theory can
provide accurate size estimates for all detected objects. Fixed distance approaches are often used in
aquaculture or commercial fisheries settings, and they require fixed camera setups, which restrict their
scalability in natural or underwater environments. In contrast, stereo images are more relevant in
observations of natural ecosystems but require calibrations to account for specific camera parameters
and are sensitive to lighting conditions (Garner et al., 2021; Tonachella et al., 2022; Voskakis et al.,

7
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2021). In both cases, accurate fish detection is still needed to identify the individuals to be measured,
and in videos, robust tracking algorithms are required to follow individuals until their orientation is
suitable for measurement (Monkman et al., 2019).

A new emerging approach is monocular depth estimation (“monovision”), where deep learning
models attempt to reconstruct the distance to objects using a single camera image. This technique
has been explored in fields such as robotics and autonomous driving (Afshar et al., 2023) and in forest-
specific applications (Jia et al., 2025) but, to our knowledge, it has not yet been applied to fish size
estimation. Its accuracy depends on having detailed knowledge of camera parameters (e.g., focal
length, sensor size, lens distortions) and is further complicated by underwater imaging conditions such
as light scattering, turbidity, and refraction. While promising, monovision remains limited and largely
unexplored in the context of fisheries and ecological monitoring.

Species-specific models can estimate size from measurable body proportions or landmarks, using
known relationships between morphology and total length derived from sample data. Typically, they
rely on regression or other classical inferential models (e.g. Alvarez-Ellacuria et al., 2020). Some are
purely statistical, while others incorporate machine learning algorithms such as random forests or
shallow neural networks trained on shape descriptors. These models can operate without reference
objects, but usually require species-specific training data and calibration. Their main limitation lies in
generalisability, as performance may decline when fish morphology varies significantly across age,
sex, or environmental conditions.

Finally, it is important to note that the Al field is developing rapidly. While most applications to date
use separate object detection or segmentation and size measurement methods, recent deep learning
approaches, including CNNs and transformer-based architectures, can now jointly detect fish and
predict size (i.e. “end-to-end Al” approach) directly from image features such as shape, texture, and
proportions (Jarefio et al., 2024). These models learn complex, non-linear relationships between
image data and size measurements by training on large, annotated datasets. Unlike detection and
classification models, “end-to-end Al” approaches do not require explicit equations (as in stereo
images or statistical model) or predefined features (reference objects); instead, they automatically
extract and encode relevant visual patterns for size estimation. This makes them especially useful
when reference objects are unavailable or impractical, such as in recreational angler photos or
underwater footage from ecological surveys (such as the case study presented here). However, their
accuracy depends heavily on the quality, size and representativeness of training, and the models have
not been yet widely deployed or tested in real life situations.

2.3 Overview of published studies using automated and ML tools for fish size
estimation

This section provides a synthesis of the current literature using automated and ML methods for fish
size estimation, highlighting the diversity of methods, common limitations, and gaps in consistency
across studies. To compile relevant literature on automated and ML applications for fish size
estimation, we conducted a systematic search using two major academic databases: Web of Science
and Google Scholar. The search queries used were ((ALL=("machine learning”) AND ALL=("fish
size")) OR (ALL=("fish length") AND ALL=("machine learning"))) for Web of Science and "machine
learning” AND "fish size" OR "machine learning” AND "fish length" for Google Scholar. The search
was performed in April 2025. The screening and data extraction were conducted by CNS Silva and F
Heather. While our search focused on the specific application of “machine learning” to ensure a review
of contemporary data-driven architectures, we acknowledge that the broader field of digital

8
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photogrammetry has a longer history of fish size estimation using classical image processing
techniques.

The Web of Science search yielded 19 results, while Google Scholar returned 1050 results. Due to
the broad scope of Google Scholar, many of the retrieved publications were unrelated, with results
screened and selected to only include studies that explicitly applied automated techniques to estimate
fish sizes from images. A total of 39 relevant publications, including scientific papers, books, reports,
a thesis and conference proceedings, were identified as relevant and included in this review (Figure
S1, Table S2).

There has been a clear and consistent rise in the number of studies applying automated and ML
techniques for fish size estimation over the past several years (Figure 1), with most research
concentrated in fisheries and aquaculture and relatively limited application in broader ecological
contexts, such as monitoring and conservation. Out of 39 reviewed studies, 24 were done for above-
water, 14 for underwater environments, and one study was conducted in both above- and underwater
environments (Yu et al., 2023). The number of images used for training varied from a few hundred to
tens of thousands, with the median value of approximately 1100 images, with studies from aquaculture
generally using smaller training datasets (for the full distribution of range of species and images used
see Figure S2). As highlighted above, ML based studies for fish size identification generally first
employed an object detection model and then used different methods to estimate length of these
objects. In many cases, published studies focused on the performance of the object detection model,
with less emphasis on the accuracy of the size estimation method itself. Below we briefly review the
main object detection techniques used and then concentrate on the size estimation part.

Object detection

Deep learning-based object detection has become the most widely used strategy for automating fish
recognition in images, though the choice of architecture has evolved over time. Among the reviewed
studies, earlier ones (e.g. Alvarez-Ellacuria et al., 2020; Monkman et al., 2019) predominantly used
two-stage models (e.g. R-CNN, Faster R-CNN, Mask R-CNN), while one-stage models (e.g. YOLO)
gained more popularity in recent years (e.g. Jansi Rani et al., 2024; Karoline & Nogueira, 2024). Studies
employed a variety of deep learning architectures such as Mask R-CNN, YOLO, ResNet, and
EfficientNet models, with many leveraging transfer learning (e.g. (Marrable et al., 2023; Monkman et
al., 2019).

Many reviewed studies used data augmentation to train the detection models, where images were
rotated, flipped or transformed in other ways to create ‘new’ images, increasing the size of the training
data to enhance model performance (e.g. Fernandes et al., 2020; Shibata et al., 2024). Notably only
17 out of 39 (or 44%) of studies explicitly reported the number of images used in different stages of
model development. Performance of object detection models was reported using a range of metrics,
including accuracy, Intersection over Union (loU, percent overlap between predicted and true
bounding box, where 1.0 = perfect overlap and 0.0 = no overlap), precision (percentage of correctly
identified objects among all identified objects), recall (percentage of all real objects identified by the
model), and F1 score (combination of precision (P) and recall (R); 2*P*R/(P+R)). Top models achieved
accuracies above 90% and loU scores often exceeding 80% (e.g. Garcia et al., 2020; Rocha et al.,
2024; Yu et al., 2021), which highlights the effectiveness of deep learning for automatic fish detection
in images, while also reflecting a potential publication bias, as studies reporting higher-performing
models are more likely to be published. However, as accuracy can be misleading in imbalanced
datasets, some studies also reported precision and recall (n=8 and n=9, respectively), which provide
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a more informative assessment of detection performance. Where available, these metrics were
generally high (>90%), supporting the conclusion that deep learning approaches are effective for fish
detection, although inconsistencies in reporting across studies limit direct comparison.
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Figure 1. Temporal trends in publications by (a) detection model architectures used, (b) research
disciplines of application and (c) size estimation methods used as mentioned in each publication.
Computer vision (non-ML): Use traditional, non-learning-based image processing techniques (e.g.
Grab Cut, morphological operations); Hybrid models: Combine different architectures or stages (e.g.,
two-stage detector + one-stage detector); One-stage models: Perform object localisation and
classification in a single step (e.g. YOLOv3—v9, CenterNet); Two-stage models: Detect object regions
first, then classify them (e.g. R-CNN, Faster R-CNN, Mask R-CNN, Haar classifier). Other: Includes
approaches without the need for reference objects such as end-to-end automated systems (e.g. ViTs).
Reference object: use objects of known size placed in the scene to calibrate image scale. Species-
specific models: Applies empirical equations linking measurable features (e.g., body depth) to total
length for a given species (e.g. length estimation from body ratio equations). Stereo imaging: Uses
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dual-camera setups to estimate 3D structure and fish size from disparity. Note that literature search
was conducted in April 2025 so this year is not complete.

Size estimation approaches and performance

Among reviewed studies, reference object-based methods were the most used for fish size estimation
(51.3%), followed by stereo imaging (20.5%), while species-specific models (10.3%) and other
methods such as end-to-end automated systems using ViTs (5.1%) were rarer. Notably, 12.8% of
studies did not explicitly mention the methods used for size estimation. Some studies were difficult to
classify within our defined categories. For example, Alvarez-Ellacuria et al. (2020) developed an
Unsupervised Deep Morphological Open-source System (UDMOS) for estimating fish length in
images without the need for reference objects. The pipeline combined an initial object detection stage
with post-processing steps based on brightness, pixel ratios, and histogram-based distance estimation
to calculate fish size. This approach integrated detection and measurement in a single workflow but
remained a modular pipeline rather than an end-to-end learning model, as the size estimation relied
on rule-based heuristics rather than direct prediction from image features.

Reviewed studies reported several metrics for the performance of fish size estimation including
absolute errors, relative errors, a correlation coefficient and standard deviation expressed as mean or
median standard deviation (Table 1). The most reported error metrics were mean percent error or
MPE (n=9), with values ranging from 0.37% to 6.69%, and mean absolute error or MAE (n=9), with
values ranging from 0.22 cm to 5.36 cm and R? (n=5), with values ranging from 0.998 to 0.7.
Surprisingly, around 20% of studies (n=8) did not report any error metric for size estimation. On
average, studies reported only one error metric and only one study reported three different metrics
(Nguyen et al., 2024). This lack of standardised performance metrics limited our ability to compare
fish size estimation accuracy across studies.

Table 1: Summary of commonly reported performance metrics for fish size estimation in the reviewed
studies.

Name Acronym Description

Mean absolute error MAE Average magnitude of errors, regardless of direction

Mean absolute error MAED Variability of absolute errors across samples; if absolute

deviation errors for all fish size estimates were identical, MAED
would be 0

Mean absolute MAPE Average of absolute relative errors expressed as a

percentage error percentage; scale-independent accuracy metric (MAPE =
MARE x 100)

Mean absolute relative MARE Average absolute prediction error relative to the true

error value; scale-independent metric of accuracy.

Mean percent error MPE Average error relative to true value expressed in
percentage

Mean bias error MBE Average of errors; indicates whether predictions are

systematically over- or under-estimated (positive =
overestimation, negative = underestimation)

Mean relative error MRE Average error relative to true value
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Mean squared error MSE Average of squared errors; penalizes larger errors more

strongly
Pearson’s correlation r Measures linear correlation between predictions and true
coefficient values
R-squared (coefficient of R? Proportion of variance in true values explained by the
determination) model
Root mean squared RMSE Square root of MSE
error
Square root of the mean RMSD Average magnitude of prediction errors, calculated as
squared deviation the square root of the mean of squared differences
between predicted and true values
Standard deviation of SDE Spread (variability) of prediction errors around the mean
errors

Although no statistically significant difference was detected in mean percent error (MPE) between
studies using reference objects and those using stereo imaging (Wilcoxon rank-sum test, p = 0.23),
studies employing reference objects tended to show lower error values (x = 2.5%, SD = 2.3%) than
those using stereo imaging (X = 5.3%, SD = 1.6%); however only 9 studies reported values of mean
percent error.

The number of species considered across the reviewed studies varied widely, ranging from a single
species to as many as 319 (see Figure S2 for more details on distribution of species numbers across
studies). Marrable et al. (2023) trained a one-stage model (YOLOvV5) on 319 species of fish and used
underwater stereo images to automate length measurements. This generalised semi-automated
model performed similarly to the accuracy of measurements taken by humans (Pearsons’s correlation
coefficient of 0.99) and was able to estimate sizes of numerous species with varying colour, texture
and morphometrics. However, as we already noted in the overview of object detection models for
underwater image analyses, the authors of this study also could not fully automate the matching of
individual fish across the two stereo images, and to identify the optimal frame for fish measurement,
i.e., where the fish is most perpendicular to the cameras.

Approximately half of reviewed studies (16 out of 39) focused on developing size estimation models
for only one species. While species-specific models may achieve high accuracy for the target
organism, their broader applicability is limited, as they often fail to generalise to species with different
body shapes, morphologies, or colour patterns.

3. Case Study - A machine learning based image classification method to
estimate fish sizes from monocular images without a specified reference
object

In this study, we present an end-to-end automated pipeline designed to predict fish lengths from
image-based visual embeddings (compact numerical representations of images that capture their
essential visual features) using a visual transformer (ViT) and an automated machine learning
(AutoML) regression model. We use a ViT DINOv2 (Oquab et al., 2023), which does not fit neatly into
the conventional categories of one-stage, two-stage, or hybrid detection models mentioned above,
since it is primarily a self-supervised vision transformer designed for general-purpose image feature
extraction rather than object detection. On its own, DINOv2 generates embeddings that can be directly
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used for classification tasks, which conceptually aligns more closely with a one-stage approach.
However, when integrated into more complex architectures, DINOv2 can form a part of a two-stage
or hybrid detection pipeline. Our pipeline, described below, consists of a structured sequence of tasks,
beginning with feature extraction, followed by data postprocessing, model training, and evaluation.
The following sections describe the methodology and the experimental results.

3.1. Methods

Dataset and pre-processing. Data consisted of 2865 images of fish (Table S3) collected from the
Angler’s Atlas angler app. For all Angler’s Atlas data, fish images and size were collected through
app-based fishing tournaments, conducted in Canada and USA during 2022-2023. For these
tournaments anglers must provide the size of a fish and upload an image of that fish next to a ruler
for fish length verification by the Angler’s Atlas team. Anglers can also upload a “hero shot” which
consist of anglers holding the fish, without having a ruler or another reference object in the
background. This reporting design means that for each “hero shot” image used to train the model,
there is a verified and accurate fish length information available. Not all tournaments incentivised
catching the largest fish; depending on the rules some tournaments collected photos across a range
of fish sizes. In this study we only used “hero shots” for ML based fish length estimation, whereas fish
length information data was checked and verified by the Angler’'s Atlas team. As a result, all images
used for the model training include a human holding a fish out of water, at various angles and distance
to the camera. We selected images that had only one fish per image. The images were initially
screened manually to remove low quality images (e.g. no fish in the image, obscured fish, image too
blurred or with very poor lighting). The final dataset included 2865 images from 90 fish species, with
fish body sizes ranging from 10 to 79.6 cm (Table S3).

The images were automatically pre-processed as a part of the pipeline through a series of
transformations. As any deep-learning model, DINOv2 requires input images with specific
characteristics. To meet these requirements, our images were first resized to 244 x 244 pixels, then
centre-cropped to 224 x 224 pixels (keeping the central region and cropping the edges), and their
pixel values were normalised with a mean and standard deviation of 0.5. The 224 x 224 input size is
a widely adopted standard in computer vision, as it was originally established in the ImageNet
benchmark and has since became the default resolution for many pre-trained models, including in
DINOv2.

Visual feature extraction model. In this study we use DINOv2 Vision Transformer Giant, developed
by Facebook Research (Oquab et al., 2023) and pre-trained on large-scale datasets to extract visual
embeddings from the images. DINOv2 is comprehensively described by Oquab et al. (2023) with full
details on the model design, training data, and optimisation procedure. The model was downloaded
and applied to extract visual embeddings from fish images, and we did not apply any fine-tuning or
architectural modifications to the model.

After obtaining the visual image embeddings (where each image was now represented by a vector of
1536 numbers), the pipeline proceeded to post-process the data (Figure 2). This step involved
standardising both the visual features (embeddings) and the target values (fish lengths) for model
training to enhance model stability and improve learning efficiency. The values in the visual embedding
vector were standardised to zero mean and unit variance using z-score standardisation (z = (x = u) /
o, where x is the raw embedding vector and u, ¢ are the mean and standard deviation computed over
the training embeddings). These standardised embedding vectors were then used as input features
to the regression model. Fish length values corresponding to each image were used for the cost
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function to train the model, and these values were also normalised to be between zero and one (see
link to the model code for further details). Once scaled, the dataset was divided into training and test
sets, with 75% of the data allocated for training (2148 images) and the remaining 25% reserved for
evaluation (717 images). This last step of dividing the data was done 10 times, each with a random
split between the training and test datasets and subsequent regression step, repeated for each of the
random image splitting replications (Figure 2).

Preproce;smg (resglng', center DINOV2 ViT Giant
cropping, normalization)

Extraction of visual embeddings
(i.e., numerical summaries)

P
Performance assessment Postprocessing (standardize
embeddings, normalize lengths)

(Optimize for MAE, 1 hour time budget)

[ AutoML XGBoost regression model ¢ Train and test split (75% / 25%) }

Repeat x10: split data, train model, evaluate on test set.

Figure 2. Workflow of the case study pipeline for fish size estimation. The process includes image
preprocessing, feature extraction using DINOv2 Giant, post-processing, and dataset partitioning into
training and test sets. AutoML with XGBoost was then applied to build predictive models, and
performance was assessed using standard evaluation metrics.

Size regression model: Extracted embeddings were used as inputs for the downstream prediction
task, focused on training a machine learning model to predict fish lengths from their corresponding
embeddings. For this we employed an AutoML approach, which automates the end-to-end workflow
of building predictive models. AutoML searches over a set of algorithms and/or their hyperparameters
to discover the configuration that optimises a user-specified performance metric. We constrained the
pipeline to use XGBoost (Extreme Gradient Boosting), a gradient-boosted decision tree algorithm, to
model the relationship between image embeddings and fish size. XGBoost is an efficient
implementation of gradient-boosted decision trees and has consistently shown top-performance for
tabular data, which matches the nature of our dataset after feature extraction (Chen & Guestrin, 2016).
Early-stopping (see definition in Table S1) and sub-sampling allow the process to abandon
underperforming models quickly, squeezing more experiments into a fixed time. After that time,
AutoML returns the model with the best performance. The training was completed on a single GPU,
with the training process taking only 1.5 hours per run, performed on a workstation equipped with an
NVIDIA GeForce RTX 4060 GPU.

In our pipeline, AutoML was configured to use mean absolute error (MAE) as the primary optimisation
metric, ensuring that the model is trained to minimise absolute deviations between predicted and true
fish lengths. We allowed the AutoML system to train the regression models for up to one hour. During
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this time, it automatically tested different model hyperparameters (settings such as learning rate, depth
of the network, or batch size, see Table S1 of terms) using an internal hold-out validation split which
selected the combination that produced the lowest error on the internal validation set.

Performance evaluation metrics: Following model training, the pipeline moved to the evaluation
phase, where the performance of the trained model was tested on unseen data. The model was
loaded, and predictions generated for the test set. Since the target values were previously scaled
during preprocessing, an inverse transformation was applied to restore them to their original range.
The evaluation process measured the model’s performance using four key metrics: R? score, mean
absolute error (MAE), mean absolute percentage error (MAPE), and mean absolute error deviation
(MAED). These metrics collectively provided a comprehensive assessment of the model’'s predictive
accuracy.

Hold-out validation: To systematically assess the model's performance, the pipeline executed the
training and evaluation process ten times, each as a fully independent run. In each run, the dataset
was randomly divided into training and test sets using a standard hold-out split, a new model was
trained from scratch using only the training set, and then evaluated on the held-out test set. This train-
test step was repeated 10 times. No model weights or information were carried over between runs,
ensuring no data leakage from the test set into the training process. By averaging results over these
ten independent runs, we reduced the impact of randomness in both data partitioning and model
training, yielding a more reliable estimate of overall performance (Figure 2).

3.2. Results

On average there were 32 images per species on the final dataset used for model training, ranging
from 1 to 694 images per species (Table S3, Figure S3). Across all species, the overall mean fish
length was 41.78 cm (SD = 20.57 cm), illustrating that the dataset included a broad range of body
sizes (Figures 3, S3).

80 1

70 1

60 1

50 1

40

Predicted Fish Length (cm)

30 1

20 A

10 1

T T T T T T T T
10 20 30 40 50 60 70 80
Real Fish Length (cm}

Figure 3. Linear regression (R? = 0.927) between real and predicted fish lengths (cm) by the fish size
regression model.

The results of the fish length prediction pipeline demonstrated a strong overall performance, with an
R2 score of 0.927, indicating that the model successfully explained 92.7% of the variance in fish length
across fish sizes ranging from 10 to 79.6 cm (Figure 3). MAE was at 3.98 cm, indicating that, on
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average, the model’s estimates deviated by about 3.98 cm from the actual fish lengths. This
corresponded to an overall MAPE of 11.84% and this error metric tended to decrease with fish size,
where smallest fish (10-20 cm long) had a mean MAPE of 20% whereas length of fishes above 40 cm
was estimated with MAPE of 6-9% (Figure 4). Finally, the MAED was around 3.86 cm, which
suggested that the errors of length estimates were not highly variable across the dataset. Overall,
these findings indicated that the deep learning-derived features captured essential patterns that
correlate with fish size, allowing for accurate regression predictions, as seen in Figures 3 and Figure
S5.
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Figure 4. Mean absolute percentage error (MAPE) for each of the 10 cm fish length groups, are
shown in the top plot. The bottom plot shows MAPE for the most abundant species and for the rare
species classified into small and large species (based on their median length). The boxplots show
median estimated across 10 runs from the test dataset, while the p values shown on the right are
the means with full variability across the 10 estimates shown with +/- values. The edges of the boxes
are the 25th and 75th percentiles (i.e., the interquartile range), and the whiskers extend to the
minimum and maximum observed values.

Images with the smallest MAPE generally corresponded to species with a high number of training
images, such as lake trout (n = 694) and included images with well framed and cropped fish individuals
(Figures 4 and 5). By contrast, images with the largest MAPE often contained substantial visual noise,
such as the full bodies of anglers or distracting backgrounds. These patterns suggest that both training
sample size and image composition played roles in determining model accuracy for size estimation.

16



641
642

643
644

645
646
647
648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674

MAPE: 0.00004

MAPE: 0.00003
MAPE: 0.00002

MAPE: 0.00007
MAPE: 0.00006 —

MAPE: 1.25215

Figure 5. Examples of five images with the lowest (top row, most accurate predictions) and highest
(bottom row, least accurate predictions) mean absolute percentage error (MAPE) in size estimation.

3.3. Discussion on the case study findings

Estimating fish length from monocular images without a reference object remains a long-standing
challenge in fisheries monitoring because most established approaches rely on rulers or stereo-
camera systems to convert pixel dimensions into real-world sizes (Monkman et al., 2019; Shibata et
al., 2024). Our study demonstrates that accurate size estimation is possible even in the absence of
explicit references by leveraging visual transformers (ViTs) for feature extraction and a relatively
simple, non-neural network model (AutoML) for regression analysis. The pipeline presented here
achieved strong predictive performance across a wide fish size range (10-80 cm), despite a relatively
small dataset of 2865 images and the complexity of images (“hero shots”) that often included diverse
backgrounds, angler poses, and variable fish orientations. Estimates were particularly reliable for
individuals larger than 40 cm, with errors in the range of 6-9%, consistent across different fish sizes
(Figures 3, 4). Compared to traditional morphometric methods or earlier CNN-based pipelines, this
end-to-end approach reduces the need for manual calibration or controlled imaging conditions,
highlighting the utility of ViTs and automated modelling frameworks for scalable, real-world ecological
applications. Notably, the performance of our model was achieved using very limited resources. The
dataset used for training was relatively small and the architecture of the model was compact, making
use of a pretrained ViT to extract digital features from images and a widely used regression modelling
tool to convert extracted features into size estimation. This model architecture meant that the training
could be completed using low computing resources. Assuming the model performance can be
maintained with new datasets (see below), the pipeline presented here could therefore be used even
by small research or management teams across the world to develop more specific fish size estimation
applications.

Comparing our results with those from recent studies, our model performance appears competitive,
especially given the absence of explicit reference objects (Table 2). The choice of error metric should
be context-dependent (Chai & Draxler, 2014), as different metrics capture different aspects of model
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performance, and their suitability varies based on factors such as the size distribution of the target
species and the intended application (e.g., regulatory enforcement, stock assessment, or citizen
science data collection). For instance, MAE is commonly used in ML for overall absolute model
performance but may be less meaningful when comparing across fishes of varying sizes, given that
1cm error in 10cm fish and 100cm fish is quite different. Percentage or relative error metrics such as
MAPE are more suitable for these purposes, because they scale errors relative to true fish size, but
they can become unreliable when the true values are very small and the division by small
denominators disproportionately inflates the error. The most encouraging aspect is that in our case
study relative errors were rather consistent (ca 10%) across size groups, suggesting this limitation did
not strongly affect our results.

Table 2: Comparison of datasets (number of images used for training, number of species included),
approach used (model type, size estimation method) and reported performance metrics in fish length
estimation across reviewed studies that reported mean absolute errors (MAE) and our case study.

Study Dataset (n, species) Approach Performance
(MAE)
This study 2865 images, 90 spp. ViT (DINOv2) embeddings + 3.98 cm

XGBoost regression; no
reference object

Monkman et al., 2019 734 images, 1 spp Two-stage; reference object  2.20 cm
Bravata et al., 2020 623 images, 22 spp One-stage; stereo imaging 3.22 cm
Tseng et al., 2020 5000 images, 8 spp One-stage; reference object  5.36 cm
Ovalle et al., 2022 4782 images, 14 spp Two-stage; reference object  0.92 cm
Mots’oehli et al., 2024 40000 images, 163 spp One-stage; reference object  2.30 cm
Jansi Rani et al., 2024 3726 images, 1 spp One-stage; not stated 0.22 cm
Gao et al., 2024 1000 images, 2 spp One-stage; not stated 0.80 cm
Climent-Perez et al., 1185 images, 59 spp Hybrid; reference object 1.27 cm
2024

Nogueira, 2024 362 images, 4 spp One-stage; reference object  1.44 cm
Cao et al., 2024 3080 images, 1 spp One-stage; reference object  0.33 cm

To our knowledge this is the first publicly available model aiming to estimate fish sizes from monocular
(non-stereo) images without a specified reference object across a wide range of fish species. One
somewhat similar application is presented by Jarefo et al., (2024), who also used an automated
approach to classify fish sizes from images. However their study was based on a limited number of
species and images were collected in a controlled fish market setting, where fish were photographed
in standardised boxes (one box per image). While they used 8505 images to train a species
classification model for 19 different species, the size classification model was trained and applied only
for one species Pagrus pagrus and size determination only focused on classifying fish into five distinct
size groups, rather than an actual size estimation in centimetres. Other models have or are being
developed in commercial aquaculture settings and in the commercial or recreational fisheries space,
but with a proprietary restriction. However such models have limited application scope, and their
performance cannot be properly compared.

Lowest model performance was observed in smallest fish individuals and there are several potential
reasons for this. First, some photos with small fish included mostly background information with fish
only taking a small fraction of the image, potentially providing insufficient information for the model.
Similar challenges have been documented in broader computer vision literature, where small objects
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are harder to detect as they provide less contextual information and are more easily overwhelmed by
background noise (Cheng et al., 2023; Hua & Chen, 2025; Nikouei et al., 2025, Zou et al., 2019). The
challenge of extracting relevant information from small objects might have been amplified by our
choice of a pretrained vision transformer DINOv2 to extract image features (embeddings). While ViT
include a powerful attention mechanism to find relationships across different parts of the image, they
encode images in fixed-resolution patches and if small fish occupy only a few patches, this limits the
morphological detail that is captured. Vision Transformers have been shown to struggle with encoding
fine-grained local textures and edges due to their patch-based representation (Azad et al., 2023).
Although this limitation has primarily been documented in medical imaging, the same challenge may
also affect fish size estimation. This limitation is not unique to ViTs however, as CNNs also face
difficulties detecting and accurately representing small objects in cluttered or noisy images, because
local features can be lost or suppressed during successive pooling and convolution operations (Muksit
et al., 2022).

A second reason could be the fact that images of small fish were mostly dominated by diverse species,
while larger fish sizes included popular angling species with few species and more images per species
(Figures S3, S4). This combination of high species diversity but limited per-species representation
may have also limited the model’s ability to learn consistent features for small fish, thereby reducing
prediction accuracy. The uneven representation of images across species is both a strength and
limitation for training our model. On one hand, a diverse range of species likely have increased a
probability that the model is indeed learning to recognise individual fish length, rather than other
features of the image (e.g. learn species identity and estimate the size based on that). On the other
hand, species with limited image data may have yielded less reliable size predictions. In addition, a
certain degree of measurement error is inherent to all size data, as it depends on the smallest
increment of the measuring instrument (e.g., 1/4 inch). The same absolute error thus represents a
much larger relative error for a small fish (e.g., 5 cm length) than for a large fish (e.g., 70 cm length),
which may further contribute to the higher variability observed among smaller individuals.

Although our pipeline appears to have reasonable overall performance, a central question is how does
the model actually estimate fish length from monocular images without a reference object? Since
DINOv2 embeddings capture holistic visual features, the model is unlikely to measure length in a
geometric sense. Instead, it probably relies on combinations of cues: the relative shape and
proportions of the fish body, the scaling of textures (e.g., fin-to-body ratio, eye size), and potentially
even contextual information such as the angler's hands or arm span. Because hands are often in
consistent positions when holding fish in our dataset, they could act as implicit size references, as
“proxy landmarks,” even though this was not explicitly modelled. This possibility highlights both the
promise and the ambiguity of using deep learning and generic vision transformers as they may exploit
contextual cues in ways not transparent to researchers. Deep learning models for wildlife detection
have been shown to use background or human-related cues (such as traps, vegetation type, or
camera placement) rather than the animal itself (Beery et al., 2018), and the ‘black-box’ aspect of
deep learning models remains a challenge in our understanding. Further, we also found that image
background and fish positioning influenced model performance, with uniform backgrounds and
horizontally oriented fish generally producing lower errors. This finding echoes broader work in
computer vision emphasising the importance of image composition and signal-to-noise ratio in model
performance (Beery et al., 2018). Future work should explore the features that the model uses for
training by applying tools such as attention heatmaps, Grad-CAM adaptations for ViTs, or attribution
maps to highlight which regions of the image contribute most to the prediction (Playout et al., 2022).
Such approaches could confirm whether the model is primarily “looking at” the fish body or drawing
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information from surrounding human features, which has important implications for model
transferability to other contexts (e.g., underwater images where no humans are present).

Overall, this case study offers a promising tool for automatic fish size measurements without a
reference object. Our approach was deliberately simplified to demonstrate a reproducible and
computationally accessible workflow, with the aim of lowering barriers to adoption while highlighting
opportunities for further methodological development. However, before the model can be applied in
real world applications it is essential to further test its performance. A critical test will be to assess
whether fish sizes can be estimated from images without humans in the background. Given the
challenge of the problem, this study originally aimed to ease the task by specifically using only “hero
shot” photos, i.e. photos of humans holding a fish. The next stage is to see whether the model can be
adapted to other types of images. Yet, even if the model only works well in these specific settings
(humans holding a fish) it would still be useful for automatic analyses of many photos shared and
contributed by anglers. Should the model’s performance be maintained across more diverse types of
photos, it would provide an exciting opportunity to develop a more generic model for fish size
estimation. Either way, future improvements should be made by training the model further with more
examples of small-bodied species images in varied environmental conditions. Refining and
automating preprocessing steps to reduce background noise will also help the model focus on relevant
features. From a modelling perspective, integrating species-specific priors (e.g. expected body shapes
or growth trajectories) could guide predictions, particularly in ambiguous cases. Such auxiliary
metadata incorporated into model training, like fish species, habitat, or measurement conditions could
provide additional contextual cues to enhance prediction accuracy. Finally, approaches that combine
multiple architectural paradigms - for example, integrating CNNs with ViTs - may yield richer feature
representations, enhancing robustness across variable image conditions (Haruna et al., 2025). With
continued improvements in training data, model architecture, and real-world validation, publicly
available and relatively generic fish size estimation models could significantly enhance data collection
in fisheries science, aquaculture and management.

4. Conclusions and future directions

The application of machine learning to automated fish length estimation has expanded rapidly, but the
field remains fragmented and lacks consistent methodological and reporting standards. Our literature
analyses showed that studies vary widely in how they describe model architectures, training sample
sizes, and performance metrics, which complicates cross-study comparisons and hinders
reproducibility, potentially because this is a relatively new and rapidly evolving field and methodology
is not yet rigorously developed. We recommend that it should be mandatory to provide clear
descriptions of model types and architectures, training sample sizes, and preprocessing procedure.
In addition, studies should transparently describe the size estimation strategy used (e.g., reference
object, stereo vision or monocular estimation) and the environmental or contextual conditions under
which images were collected. Without such transparency, it is difficult to evaluate the strengths and
limitations of different approaches. Finally, the choice of fish size performance metric should be
context-dependent and studies should report a comprehensive set of evaluation metrics, as different
metrics capture different aspects of performance.

A second key recommendation is the adoption of benchmark datasets that would allow fairer model
comparison and reproducibility. Progress in computer vision has been fuelled by the availability of
large-scale, well-curated, open datasets such as ImageNet (Deng et al., 2009) and COCO (Lin et al.,
2014). By contrast, in fisheries science, datasets remain relatively scarce, fragmented, domain-
specific and often not publicly shared. Existing resources such as Fish4Knowledge (Boom, 2016),
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DeepFish (Saleh et al., 2020) and OzFish (AIMS et al, 2019) represent valuable progress, but most
are restricted to either underwater imagery or fish in trays, and only a subset provide annotated fish
body size information. Developing an open, standardised dataset of fish images paired with accurate
size data, covering a wide range of species, habitats, and imaging conditions, is crucial for building
models with broad generalisability, cross-study evaluation, community involvement and faster
innovation.

Our case study illustrates the potential for image-based estimation of fish lengths without the use of
explicit reference objects. Traditional methods typically rely on rulers, stereo cameras, or laser scales
to provide geometric reference (e.g. Bravata et al., 2020; Fernandes et al., 2020). While these
approaches are often highly accurate, they can be impractical in citizen science or recreational
fisheries, where standardised calibration tools are absent. By contrast, our end-to-end approach
achieved strong predictive performance across a broad fish size range, despite noisy, heterogeneous
“hero shot” imagery. These results suggest that transformer-based and hybrid (CNNs and
transformers) methods may offer a complementary route for fisheries monitoring, particularly in
contexts where manual calibration is not feasible. However, further work and broader collaboration is
required to ensure the models are advanced to a high standard and are available to the community.
As we already mentioned, several commercial systems for automated fish size estimation already
exist (such as e.g. UMITRON LENS for aquaculture and I-Ocean’s Al Fish Size Estimation Camera),
but these models remain proprietary and largely inaccessible for research purposes. Open-source
alternatives, such as NOAA’s VIAME toolkit or the model presented here are urgently needed to
enable collaboration, wide adoption and further development, standardisation, and open
benchmarking efforts. Greater emphasis on model interpretability will be important for adoption in
management contexts. Tools such as attention maps and gradient-based attribution methods can help
reveal which parts of the image the model uses for prediction, clarifying whether features such as
hands or fish outlines serve as implicit reference cues (Cao et al., 2024; Playout et al., 2022).

Finally, models must be scalable and user-friendly. Real-time applications for citizen science,
aquaculture monitoring, or stock assessments will require lightweight architectures and
straightforward deployment pipelines. Collaboration with fishers, managers, and regulators will also
be critical for ensuring ethical and effective implementation (Probst, 2020). Al tools now make it
relatively easy to convert advanced code into user-friendly applications, and we encourage all model
developers to take this step. Even if some models cannot be publicly hosted due to computing
resource limitations, user-friendly applications can be hosted on public repositories and used locally
by research and management teams.

In conclusion, automated fish length estimation using machine learning represents a rapidly maturing
but still fragmented field. Our study demonstrates that end-to-end pipelines using transformer-based
embeddings and AutoML regression can achieve strong predictive performance even under noisy,
reference-free conditions. To build on these advances, the field must prioritise standardised reporting,
multi-metric evaluation, open benchmark datasets, publicly available and user-friendly models and
explainable approaches. With these foundations in place, automated fish length estimation has the
potential to become a scalable, reliable tool for fisheries monitoring, aquaculture, and citizen science,
supporting more sustainable management of aquatic resources.
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