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Abstract 

Underwater digital monitoring systems using acoustics and video have the potential to transform marine monitoring and fisheries 
stock assessment but generate significant amounts of data, shifting the burden from data collection to data analysis. Machine learning 
(ML) is a potential solution but remains underutilized for marine monitoring, partly due to the time and cost of annotating new training 
datasets for each marine class and habitat. This raises the pivotal question: “How can we train marine machine learning models with 
limited annotated data?” We catalog publicly available marine datasets annotated for detection and classification, in vestig ating the 
feasibility of leveraging a fish detector trained on three existing datasets to detect fish in a new small underwater marine dataset. We 
compare the accuracy and training time of pre-trained models to those without pre-training. We find pre-training with OzFish yields 
faster convergence and comparable performance with smaller training datasets. However, pre-training with some datasets reduced 
performance and increased training time. We expect our catalog of publicly available marine datasets will assist in the selection of 
pre-training datasets. Our results underscore the need for diverse, large, publicly available marine datasets with varied habitat and 
class distributions to develop and integrate ML models into automated systems for monitoring marine ecosystems. 

Keywords: machine learning; transfer learning; public marine image datasets; fisheries; stock assessment; autonomous monitoring; remote video monitoring 

Introduction 

Traditionally, marine ecosystem monitoring relies on methods 
such as trawling, gill nets, field surveys, visual observations, 
and manual data collection on-site (Gallo et al. 2022 ). While 
these methods are effective, they come with limitations in scal- 
ability, cost, time, and labor, often concentrating on specific 
target species and with negative environmental effects. Con- 
sequently, our monitoring of underwater life remains insuffi- 
cient, leading to surprises when fish or shellfish populations 
suddenly decline, as seen in the recent unexpected collapse of 
the Bering Sea snow crab population (Szuwalski et al. 2023 ). 
The swift changes in migratory and reproductive behaviors 
of various marine species due to climate change and warming 
waters (Poloczanska et al. 2016 ) exacerbate this issue. 

Addressing these issues necessitates the urgent adoption of 
scalable monitoring methods. These methods are vital not 
only to track these changes but also to ensure the efficacy 
and safety of climate-related endeavors, such as expanding 
tidal power, offshore wind farms, and innovative carbon diox- 
ide removal technologies. To meet the escalating demand for 
monitoring marine species, alternative approaches, includ- 
ing remote sensing (Wang et al. 2010 ), environmental DNA 

metabarcoding (Xiong et al. 2022 ), acoustic sensing (Yas- 
sir et al. 2023 ), and video cameras (Saleh et al. 2022 ), have 
been proposed. While these methods offer cost-effective and 
potentially scalable monitoring alternatives, the sheer vol- 
ume of data they produce makes manual analysis impractical, 

prompting automated techniques to analyze the massive data 
generated. 

Deep learning presents a promising solution for scaling 
marine monitoring by automating the processing of large 
datasets. Specifically, deep learning can automate two primary 
tasks in underwater video monitoring: detection, which iden- 
tifies and localizes marine objects, and classification, which 
assigns species labels to the detected objects. In recent years, 
deep learning has achieved notable breakthroughs across do- 
mains such as healthcare, robotics, entertainment, manufac- 
turing, and transportation (Min et al. 2017 , Pierson and Gash- 
ler 2017 , Da’u and Salim 2020 , Gupta et al. 2021 , Yang 
et al. 2021 ), demonstrating its effectiveness in addressing com- 
plex object detection and classification challenges. In the con- 
text of detecting and classifying marine species, object detec- 
tion models have been widely applied to identify and catego- 
rize marine objects in various data sources, including fishing 
boats (Rekha et al. 2020 ), fish farms (Crescitelli et al. 2021 ), 
and fish counter images (Malik et al. 2023 ); public datasets 
such as fish4K (Boom et al. 2012 ), fishCLEF (Joly et al. 2016 ), 
Norfisk (Crescitelli et al. 2021 ), and OzFish (Australian Insti- 
tute of Marine Science (AIMS) et al. 2019 ); and in relatively 
fewer cases, custom underwater video datasets (Lathifah et al. 
2020 , Marrable et al. 2022 ). Deep learning models learn dis- 
criminative features from a set of examples and then apply 
these learned features to perform tasks such as classification 
and detection on another set of examples, assuming identi- 

© The Author(s) 2025. Published by Oxford University Press on behalf of International Council for the Exploration of the Sea. This is an Open Access 
article distributed under the terms of the Creative Commons Attribution License ( https:// creativecommons.org/ licenses/ by/ 4.0/ ), which permits unrestricted 
reuse, distribution, and reproduction in any medium, provided the original work is properly cited. 
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cal data distributions. These models necessitate training on la- 
beled data specific to the environment and species of interest. 
However, iterating this training process for each new applica- 
tion is time-consuming and requires experts to manually label 
a substantial number of images, often in the thousands, for 
each species. Motivated by the human brain’s adaptability in 
transferring knowledge across tasks, researchers are actively 
investigating and embracing strategies to explore the possibil- 
ities of transfer learning—leveraging knowledge gained from 

mastering one task to excel in another (Knausgård et al. 2022 , 
Veiga et al. 2022 ). 

Transfer learning is commonly used to train machine learn- 
ing models on smaller datasets by first training them on a 
large publicly available dataset and then applying the acquired 
knowledge to a task with limited annotated data. Transfer 
learning generally comprises two main phases: pre-training 
and fine-tuning. In the pre-training phase, a machine learning 
model is trained on a large publicly available dataset to learn 
the discriminative features of the examples in that dataset. 
During the fine-tuning phase, some or all of the model’s pa- 
rameters are adjusted using the parameters learned during 
pre-training to better fit the smaller dataset. This approach 
contrasts with training a model without any pre-training: 
with randomly initialized weights, where representations are 
learned solely from the often limited annotated dataset avail- 
able. 

Various studies have used transfer learning by pre- 
training with public marine datasets for the tasks of marine 
species classification and detection. For example, Knausgård 
et.al., ( 2022 ) pre-train the backbone of their YOLOv3 de- 
tector using weights from a YOLOv3 model trained on Im- 
ageNet (Russakovsky et al. 2015 ) for object classification 
(not detection) and pre-train their classification model with 
Fish4K (Boom et al. 2012 ). They then fine-tune with some ex- 
amples from their custom temperate fish dataset to achieve 
83.68% classification accuracy on a small high-resolution 
dataset of 1022 images of 4 temperate fish species. Siddiqui 
et al. ( 2017 ) extracted features from three deep learning ar- 
chitectures trained on ImageNet (Russakovsky et al. 2015 ) 
to train a classifier to detect and classify 16 classes of fish in 
W estern Australia. V eiga et al. ( 2022 ) trained using a com- 
bination of the annotated samples from a publicly available 
dataset OzFish (Australian Institute of Marine Science (AIMS) 
et al. 2019 ) and negative examples from the custom dataset 
to generate annotations of a 700 min raw video footage cus- 
tom dataset with the same species distribution as the OzFish 
dataset. While these examples showcase the application of 
pre-training in marine detection and classification tasks, the 
role of pre-training in fine-tuning remains unclear. Specifically, 
it is not evident whether the choice of the pre-training dataset 
significantly influences the fine-tuning of a marine dataset or 
if utilizing the largest general-purpose vision dataset is more 
advantageous. If the former holds true, what defines an ideal 
marine dataset? 

In this study, we systematically study the influence of pre- 
training dataset selection on the fine-tuning process for fish de- 
tection in a low-lit, low-resolution underwater marine dataset. 
Most state-of-the-art object recognition models optimize de- 
tection and classification jointly using a shared feature extrac- 
tion backbone; however, isolating detection from classifica- 
tion offers significant benefits for generalizing these tasks to 
small marine datasets. This is because generalizing detection 
and classification to marine monitoring presents fundamen- 

tally different challenges: Detection requires labor-intensive 
manual annotation to draw bounding boxes around objects, 
while classification must contend with large variations in 
species distributions, morphological changes, and temporal 
dynamics that complicate transfer learning. By focusing exclu- 
sively on detection, we can tailor pre-training and fine-tuning 
strategies to reduce annotation burdens and enhance localiza- 
tion performance, ultimately creating a scalable framework 
that is better suited to complex and resource-constrained en- 
vironments such as low-light, low-resolution underwater set- 
tings. 

As an initial step, we compiled a catalog of publicly avail- 
able underwater marine datasets and evaluated their suitabil- 
ity for training machine learning models for detection and 
classification based on criteria such as dataset size, number 
of examples per marine class, and ease of use. Next, we for- 
mulated specific hypotheses and conducted systematic experi- 
ments to evaluate how pre-training dataset choice affects con- 
vergence time, performance [measured by mean average preci- 
sion (mAP]), and generalization on two subsets of our custom 

underwater dataset. We hypothesize that pre-training with 
large marine datasets improves both detection performance 
and convergence speed for fish detection, but it does not fully 
overcome the challenges of small fine-tuning datasets. Our ex- 
periments demonstrate that the choice of pre-training dataset 
significantly impacts fish detection performance and conver- 
gence speed on our custom underwater dataset: The specific 
hypotheses and experiments are detailed in the “Experiments”
section, and the results of the experiments are presented in the 
“Results” section. 

Throughout the study, we maintain a consistent approach 
for fine-tuning: all model parameters are initialized with those 
learned during the pre-training phase, without selectively ini- 
tializing specific layers of the fine-tuning model. Here, “marine 
classes” refer to categories of marine species represented in the 
underwater images, such as fish, crustaceans, or other marine 
organisms. It is important to clarify that the term “class” here 
is used in the context of machine learning and does not corre- 
spond to taxonomic classifications in marine biology. 

In summary, the paper presents a comprehensive catalog 
of publicly available marine datasets assessed for their ap- 
plicability to classification and detection tasks, along with a 
systematic exploration of the impact of pre-training dataset 
choice on fine-tuning in the context of fish detection. To the 
best of our knowledge, this study is the first comprehen- 
sive investigation to guide the selection of pre-training image 
datasets for underwater fish detection. 

Materials and methods 

Dataset curation 

The process of compiling the curated list of datasets started 
with an initial selection of datasets: Fish4K, OzFish, and Nor- 
fisk, which we discovered during our earlier research (cita- 
tion removed for anonymity for review). To expand our col- 
lection, we conducted targeted online searches utilizing key- 
words: “Fish, ” “Fish images, ” “Fish species, ” “Fish distribu- 
tion, ” “Fish computer vision, ” “Norfisk, ” and “datasets simi- 
lar to Norfisk.”Additionally, we broadened our exploration to 
include data hosting platforms such as Kaggle and Roboflow, 
aiming to identify datasets pertinent to marine species classifi- 
cation. This systematic search approach yielded a substantial 
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Dataset selection is critical for fish detection pre-training 3 

Table 1. Public datasets with at least 1000 photographic images of marine classes annotated for the tasks of marine class detection and classification. 

Size of dataset 

Dataset No. of images Detection Classification M H T O 

Fish4Knowledge (Boom et al. 2012 ) 27 370 images 27 370 annotations 23 species N N Y N 

OzFish (Australian Institute of Marine 
Science (AIMS) et al. 2019 ) 

80 000 images 45K annotations 
over 1800 frames 

500 classes Y N N N 

Fathomnet (Katija et al. 2022 ) 109 871 images 296 795 annotations 2398 concepts Y Y N N 

Deep Vision fish dataset (Allken and 
Rosen 2020 ) 

4925 images 4.925 annotations 3 fish classes one 
class: mesopelafic fish 

Y N N N 

NOAA Puget Sound Nearshore 
Fish (Farrell et al. 2023 ) 

77 739 images 67 990 annotations 
on 30 384 images 

2 marine animals 
Fish, Custaceans 

Y Y N N 

NorFisk (Crescitelli et al. 2021 ) 12 514 images 12 514 annotations 2 classes N N N N 

DeepFish (Garcia-d’Urso et al. 2022 ) 1291 images 7339 annotations 59 species Y N N Y 

Open Images Google API (Kuznetsova 
et al. 2020 ) dataset 

24 386 images 24 386 annotations 16 marine classes Y N N N 

FishCLEF (Joly et al. 2016 ) 93 videos with 
20 000 images 

22 655 annotations 15 species Y Y N N 

google_dataset _try 
(roboflow.com) (Xelou1 2022 ) 

1290 images 1290 annotations 14 classes Y N N N 

Brackish dataset (Pedersen et al. 2023 ) 21 151 images 49 266 annotations 6 marine clases Y Y Y N 

Fishnet.AI (Kay and Merrifield 2021 ) 143 818 images 549 209 annotations 34 object classes (fish 
classes and humans) 

Y N N N 

Salmon Computer Vision (Atlas et al. 
2023 ) 

1567 videos each 
several minutes to an 
hour long 

532 000 annotations 15 salmon species Y Y Y N 

Visual Marine Animal Tracking 
(VMA T ; Cai et al. 2023 ) dataset 

33 sequences, with 
each seq ∼75s long 

74 178 annotations 17 marine classes Y Y Y N 

AFFiNe (Venema and de Beer 2022 ) 7482 images 7482 annotations 30 species N N N Y 

Kakadu FishAI dataset (Jansen et al. 
2024 ) 

44 112 images 82 904 annotations 23 tropical 
freshwater species 

Y Y N N 

Labeled Fishes in the Wild (Cutter et al. 
2015 ) 

929 annotated; 3167 
negative images; test 
set: 211 frames from 

single video 

1005 training set 
2061 test set 

N/A N Y N N 

M: Does the dataset include images with multiple marine classes in the same image?; H: Does the dataset include images of the habitat without any marine 
sightings?; T: Is the dataset annotated for tracking marine classes?; O: Are the marine classes outside a water body, like on fish boats or in fish markets? 

pool of datasets. Subsequently, we filtered these datasets to 
identify datasets containing a minimum of 1000 photographic 
images with labels suitable for training supervised machine 
learning models for classification and detection tasks while 
excluding those with illustrations or stampings. 

The resulting selection comprises fifteen publicly accessi- 
ble datasets, listed in Table 1 for recommendation. Moreover, 
we evaluated each dataset for the presence of multiple ob- 
jects within images, the inclusion of non-fish images (i.e. neg- 
ative samples without fish and only habitat), label availability 
for tracking, and the depiction of fish both underwater and 
outside of water to ensure alignment with various practical 
use cases. Detailed dataset descriptions are attached in the 
Supplementary Material . A comprehensive list of all identified 
datasets is also attached as Supplementary Material . 

The recommended datasets have been sourced from various 
locations and encompass a diverse range of data acquisition 
methods. The largest dataset, FathomNet (Katija et al. 2022 ), 
is a collection of approximately 100 000 high-resolution ex- 
pertly annotated images, initially seeded with a subset of cu- 
rated imagery and metadata from the Monterey Bay Aquar- 
ium Research Institute (MBARI), National Geographic Soci- 
ety (NGS), and the National Oceanic and Atmospheric Ad- 
ministration (NOAA) and allows for collection from differ- 
ent data sources. Other datasets that were collected through 
the deployment of underwater cameras in the ocean include 
Fish4Knowledge (Boom et al. 2012 ), OzFish (Australian In- 

stitute of Marine Science (AIMS) et al. 2019 ), and Deep Vi- 
sion fish dataset (Allken and Rosen 2020 ). For instance, the 
Fish4Knowledge dataset was acquired by placing 10 cam- 
eras in Southern Taiwan over three years to study the detec- 
tion, classification, and behavioral recognition of coral reef 
fish, primarily during daylight hours. Another notable dataset, 
OzFish, was collected from 3000 baited remote underwater 
videos and includes annotations not only for detection and 
classification but also for studying the size and shape of fish 
tails. Similarly, the Deep Vision fish dataset gathers data from 

surveys conducted in the Atlantic Ocean during 2017 and 
2018, with a specific focus on economically significant pelagic 
species. 

In contrast, some datasets were procured within fish farms, 
such as the NOAA Puget Sound Nearshore Fish 2017–2018 
dataset (Farrell et al. 2023 ) and the Norfisk (Crescitelli et al. 
2021 ) datasets, which were gathered in and around shell- 
fish aquaculture farms within a Northeast Pacific estuary and 
multiple fish farms in Norway , respectively . Additionally , cer- 
tain datasets have been acquired outside of water, such as 
DeepFish (Garcia-d’Urso et al. 2022 ), consisting of images 
captured at a local wholesale fish market in El Campello, 
Spain, and AFFiNe (Venema and de Beer 2022 ), which is 
a dataset of 30 freshwater species of the Netherlands, pho- 
tographed by anglers. Others, like Fishnet.AI (Kay and Merri- 
field 2021 ), were obtained from on-board monitoring cameras 
on longline tuna fishing boats in the Western and Central Pa- 
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cific, containing images of both fish and humans on fishing 
boats. 

Furthermore, there is considerable variation in species and 
habitat distribution granularity among these datasets. For in- 
stance, the Salmon computer vision dataset (Atlas et al. 2023 ), 
gathered by deploying cameras across two First Nation-run 
weirs, includes labels for 15 distinct salmon species. In con- 
trast, the Brackish dataset (Pedersen et al. 2019 ), derived 
from annotated frames of 89 videos captured by a single 
camera spanning a 180 km long strait between the North 
Sea and Kattegat, offers labels at a finer granularity, encom- 
passing categories such as fish, small fish, crab, shrimp, jelly- 
fish, and starfish. Conversely, the Labeled Fishes in the Wild 
dataset Cutter et al. ( 2015 ) lacks species labeling but pro- 
vides annotations exclusively for detection purposes. As for 
the VMAT (Cai et al. 2023 ) dataset, it covers diverse marine 
habitats, ranging from coral reefs to seagrass beds, shallow 

and deep mid-water columns, and sandy and rocky seabeds 
with 17 different types of marine animal, including octo- 
puses, sharks, dolphins, and nine classes of fish. Additionally, 
it captures a variety of swimming behaviors, including fast, 
medium, and slow constant swimming, darting, crawling, and 
stop-and-go maneuvers. 

Datasets like the Open Images Google API (Kuznetsova 
et al. 2020 ) were compiled from online sources, notably Flickr. 
The origin of some datasets remains unclear, such as the 
Google_dataset_try dataset (Xelou1 2022 ), a small balanced 
dataset hosted on the Roboflow platform, and fishCLEF, a col- 
lection of 93 annotated underwater videos released as part of 
the larger lifeCLEF (Joly et al. 2016 ) competition. These care- 
fully selected datasets offer a versatile toolkit, serving as an ex- 
cellent foundation for researchers and practitioners to adapt 
machine learning to marine class classification and detection. 

Four supplementary datasets: WildFish ++ (Zhuang et al. 
2021 ), ONC SeaTube (Hoeberechts et al. 2015 ), Fish- 
net.AI (Kay and Merrifield 2021 ), and DeepFish (Saleh et al. 
2020 ) are promising underwater video datasets with signifi- 
cant potential for machine learning research. However, their 
application to supervised machine learning is limited by chal- 
lenges such as restricted access or the absence of annotations. 
Further details about these datasets are provided in Section 4 
of the Supplementary Material . 

What role does the choice of the pre-training 

dataset play in fine-tuning the underwater marine 

dataset? 

Experiments 
We formulate specific hypotheses and design corresponding 
experiments listed below to investigate the impact of the pre- 
training dataset on fine-tuning a custom underwater dataset 
(The custom underwater dataset used in this study will be 
made available upon reasonable request. The YOLOv7 mod- 
els trained on the public marine datasets Norfisk, OzFish, and 
NPSNF are publicly hosted on Hugging Face.) for fish detec- 
tion. Figure 1 describes the workflow of the conducted exper- 
iments. 

� Hypothesis 1: Pre-training with large datasets—datasets 
with at least 10 000 annotated objects in the dataset—
will result in higher mAP, a metric used to assess the per- 
formance of the task of fish detection, on the fine-tuning 
dataset, compared to training with random initialization. 

Experiment: Conduct statistical t-tests to compare the 
mAP of models fine-tuned on a custom underwater video 
dataset pre-trained with three public marine underwater 
datasets, a generic computer vision dataset MS COCO 

((Lin et al., 2014), with the model trained solely on the 
custom dataset without pre-training, on an independent 
test set of the custom underwater dataset used for fine- 
tuning. 

� Hypothesis 2: Pre-training with large datasets results 
in faster convergence on the fine-tuning dataset com- 
pared to random initialization. Convergence is when the 
model’s performance stabilizes, meaning further training 
will not significantly improve accuracy or reduce the er- 
ror rate. It is measured in epochs, indicating the com- 
putational power required to train the model on that 
dataset. 
Experiment: Compare the number of epochs required for 
the custom underwater dataset with the same number of 
samples to converge, both with and without pre-training. 
An epoch is defined as the duration taken by the model 
to iterate through all samples in the training set precisely 
once. 

� Hypothesis 3: Pre-training with diverse datasets en- 
hances the model’s ability to generalize effectively 
(higher mAP) when performing the same task on a com- 
pletely unseen dataset. 
Experiment: Conduct statistical t-tests to compare the 
mAP of models fine-tuned on a custom underwater video 
dataset, pre-trained with three public marine underwater 
datasets, a generic computer vision dataset MS COCO, 
with the model trained solely on the custom dataset 
without pre-training, on a distinct underwater marine 
dataset: the Brackish dataset (Pedersen et al. 2019 ). This 
dataset has a different data distribution from the pre- 
training and fine-tuning datasets used in this study and 
is referred to as the “OOD” dataset. 

� Hypothesis 4: Pre-training alone cannot fully address 
the disparity in annotated dataset sizes, i.e. models fine- 
tuned on larger datasets will perform (mAP) better than 
models fine-tuned on smaller datasets, irrespective of the 
dataset used for pre-training. 
Experiment: Conduct statistical t-tests to compare the 
fine-tuning performance (mAP) of models trained on 
two subsets of the custom underwater marine dataset—
specifically, one subset comprising 500 samples and an- 
other containing 1000 samples—pre-trained with three 
public marine underwater datasets, and a general com- 
puter vision dataset, MS COCO on a test set of the cus- 
tom underwater dataset used for fine-tuning. 

Model 
The YOLO family of models is a single-stage object detector 
that frames object detection as a regression problem, applying 
this approach to spatially separated bounding boxes and their 
class probabilities to identify various classes of objects in an 
image. The initial version, proposed by Redmon et al. ( 2016 ) 
in 2015, utilized a single convolutional neural network to pre- 
dict bounding boxes and class probabilities directly from com- 
plete images during a single evaluation. Over the years, YOLO 

models have improved in accuracy and efficiency. This study 
uses YOLOv7 (Wang et al. 2023 ), which was released in 2022, 
for all experiments and evaluates performance using the fol- 
lowing metrics: 
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Dataset selection is critical for fish detection pre-training 5 

Figure 1. Study w orkflo w: publicly a v ailable fish datasets are cataloged, and three underwater marine datasets—Norfisk, OzFish, and the NOAA Puget 
Sound Nearshore Fisheries dataset—are selected based on their similarity to the custom dataset. A YOLOv7 detector is trained on each of these 
datasets. Two training sets are created from the annotated custom underwater dataset, containing 500 and 1000 samples. For each subset, a YOLOv7 
detector is trained using three approaches: (a) pre-training on the marine datasets, (b) pre-training on MS COCO, and (c) training from random 

initialization. 
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� Intersection over union (IoU) : IoU quantifies the over- 
lap between the predicted bounding box and the anno- 
tated fish object. Higher IoU values indicate more accu- 
rate alignment. The IoU threshold is a predefined value 
(e.g. 0.5), specifying the minimum overlap required for 
a detection to be considered valid. For instance, with a 
0.5 IoU threshold, detections overlapping with the an- 
notated fish object by at least 50% are considered valid 
detections. 

IoU = 

Area of overlap 
Area of Union 

. (1) 

� Precision: Precision is characterized as the proportion of 
correct positive fish detections among all annotated fish 
objects, serving as an indicator of the accuracy of posi- 
tive predictions made by the object detector. 

Precision = 

True Positives 
True Positives + False Positives 

. (2) 

� Recall: Recall measures how well the detector finds all 
the annotated fish objects. A higher recall indicates that 
the model can effectively recognize and recall a greater 
proportion of relevant fish objects present in the dataset. 

Recall = 

True Positives 
True Positives + False Negatives 

. (3) 

� mAP: Average precision (AP) serves as a singular metric 
capturing the trade-off between precision and recall in 
a model, calculated as the area under the interpolated 
precision-recall curve. For the task of classification with 
multiple classes, AP is computed individually for each 
class and then averaged to obtain the mAP. However, for 
the specific task of detection with a single class: fish, the 
mAP is equivalent to the AP. 

mean Average Precision (mAP) = 

1 
j 

j ∑ 

i =1 

AP i (4) 

with AP i being the AP of the i th class and j being the total 
number of classes. 

Average Precision(AP) = 

n −1 ∑ 

k =0 

[( recall (k ) − recall (k + 1) ) 

×precision (k ) ] , (5) 

where n is the number of ground truth objects and k is 
an index representing each object in the ground truth, 
ranging from 0 to n − 1. 

Datasets 
To facilitate effective transfer learning from pre-training to 
fine-tuning, we selected pre-training datasets that closely re- 
sembled our custom dataset. The custom dataset consists of 
underwater images with a resolution of 1080 × 1920, cap- 
tured at depths of 200–500 m, with class distribution de- 
scribed in Table 2 . From the marine catalog presented in Table 
1 , we identified datasets that met the following criteria: (i) an 
image resolution of 1080 × 1920, (ii) images capturing fish 
within the water column, and (iii) at least 1000 examples of 
the most abundant class in the dataset. Originally, we were tar- 
geting datasets with a similar class distribution as our dataset, 
but we did not find any dataset with a similar distribution to 
the custom dataset in this study. 

Table 2. Class distributions in the OzFish and custom datasets. 

Class/species Count 

OzFish dataset 
Fish 30 635 
Lethrinus punctulatus 2162 
Lethrinus atkinsoni 929 
Lutjanus sebae 815 
Acanthurus triostegus 689 
Lutjanus vitta 497 
Thalassoma lunare 449 
Pomacentrus coelestis 443 
Abudefduf sexfasciatus 317 
Chromis atripectoralis 230 
Lutjanus bohar 215 
Thalassoma lutescens 209 
Epinephelus areolatus 185 
Pentapodus porosus 152 
Alepes vari 143 
Lethrinus rubrioperculatus 143 
Lethrinus ravus 143 
Lethrinus nebulosus 134 
Epinephelus multinotatus 131 
Abalistes stellatus 122 
Dascyllus aruanus 119 
Acanthurus sp . 104 
Caesio teres 98 
Naso fageni 95 
Carangoides gymnostethus 83 
Siganus fuscescens 71 
Epinephelus fasciatus 68 
Odonus niger 62 
Stegastes nigricans 53 

Custom dataset 
Gadus morhua 66 741 
Macrourus berglax 24 639 
Skate 10 361 
Sebastes mentella 8490 
Anarhichas lupus 6248 
Hippoglossus hippoglossus 3478 

Only species with at least 50 examples are included for OzFish for brevity. 

We identified the OzFish (Australian Institute of Ma- 
rine Science (AIMS) et al. 2019 ), NPSNF (Farrell et al. 
2023 ), and Brackish (Pedersen et al. 2019 ) datasets as 
those that satisfied all the criteria outlined above. Ozfish 
dataset has several subsets annotated for separate tasks such 
as detection, classification, fish size computation, and fish 
tail detection. For this study, we selected the “Bounding 
Box Species Annotations” subset, as it is the only subset 
where every frame is exhaustively annotated with bound- 
ing boxes and corresponding species labels for all marine 
organisms in the frame. The OzFish dataset contains 142 
species of reef fish, with multiple fish per image. Similarly, 
the NPSNF and Brackish datasets also feature multiple fish 
per image but differ in that they were acquired in brack- 
ish waters and categorize marine life into broader groups, 
such as fish and crab, rather than more specific species 
specification. 

Furthermore, we included the Norfisk (Crescitelli et al. 
2021 ) dataset, which, despite its lower resolution of 253 ×
337, met other criteria and contains underwater images cap- 
tured in fish farms with examples of two classes: saithe (a 
member of the Cod family, similar to Gadus morhua in the 
custom dataset) and salmonoids. Unlike the other datasets, 
Norfisk has only one fish per image. 
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Dataset selection is critical for fish detection pre-training 7 

Figure 2. Sample images from the datasets used in this study. All images were obtained from publicly a v ailable image datasets. In the pre-training 
datasets (arranged from top left to bottom right), sample images were extracted from the OzFish dataset (Australian Institute of Marine Science et 
al., 2019 ), the Norfisk dataset (Crescitelli et al., 2021 ), the NPSNF dataset (Farrell et al., 2023 ), and the MS COCO dataset (Lin et al., 2014 ). For the 
out-of-distribution dataset, the sample image was extracted from the Brackish dataset (Pedersen et al., 2019 ). 

The OzFish, Norfisk, and NPSNF datasets were used for 
pre-training, while the Brackish dataset was designated for 
out-of-distribution (OOD) testing. The Brackish dataset is 
considered “OOD” because the model was not fine-tuned on 
this dataset but was instead tested on it to evaluate general- 
ization performance. We aimed to select an OOD dataset that 
shares similarities with one of the pre-training datasets, and 
the Brackish dataset met this criterion. It was acquired in en- 
vironments similar to those of the NPSNF dataset, and both 
datasets include crab as a shared class. Although both the 
NPSNF and Brackish datasets use unconventional labeling, 
categorizing marine animals broadly as “fish, ” “small_fish, ”
and “crab” without finer taxonomic resolution, they were 
chosen for this study due to the environmental and class 
overlap between them. Examples of images from all datasets 
used in this study can be seen in Fig. 2 . The class distribu- 
tions of the OzFish dataset and the custom dataset (the only 
datasets in this study with corresponding scientific names) 
are presented in Table 2 . The species distribution of Skate in 
the custom dataset, along with the class distributions of the 
Norfisk, NPSNF, and Brackish datasets, are included in the 
Supplementary Material . For the pre-training experiments, we 

used the Brackish dataset (Pedersen et al. 2019 ), which is ex- 
tended by the Brackish MOT dataset (Pedersen et al. 2023 ) 
listed in Table 1 . 

In machine learning, it is common practice to fine-tune 
models using pre-trained weights from large, publicly avail- 
able datasets rather than starting with randomly initialized 
weights. YOLOv7 was pre-trained on the MS COCO dataset 
(Lin et al.,2014 ), and the resulting model parameters were re- 
leased by its authors. For completeness, we compare models 
fine-tuned on marine datasets with models fine-tuned on MS 
COCO dataset. MS COCO is a general-purpose computer vi- 
sion dataset containing 200 000 labeled images with 1.5 mil- 
lion object instances across 80 classes, mostly non-marine cat- 
egories such as “boat, ”“cow, ”and “backpack. ”We did not re- 
train YOLOv7 on MS COCO; instead, we used the YOLOv7 
model pre-trained on MS COCO and published by the origi- 
nal authors (Wong 2022 ). 

Data processing 
Pre-training datasets 

Typically, for training a machine learning model, a dataset is 
partitioned into training, validation, and test sets. The model 
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8 A yyag ari et al. 

Table 3. Training, validation, and test set sizes for the Norfisk, OzFish, and 
NPSNF marine underwater datasets, along with the mAP of YOLOv7 mod- 
els trained on each dataset. 

Dataset 

Size of 
training 

set 

Size of 
validation 

set 

Size of 
test 
set 

mAP on 
test 
set 

NorFisk 8758 2502 1254 0.999 
OzFish 1230 351 177 0.764 
NOAA Puget Sound 
Nearshore Fish 
Dataset (NPSNF) 

18 041 6171 6172 0.717 

The mAP values indicate the detection performance of the models on their 
respective test sets. 

learns features from the training set and is monitored for 
overfitting using the validation set during training. Perfor- 
mance is evaluated on the independent test set, not exposed 
to the model during training. In this study, training and test- 
ing of public marine datasets are restricted to images con- 
taining fish. Images with at least one annotated fish object 
from Norfisk, OzFish, and NPSNF datasets were randomly 
distributed into training, validation, and test sets with ratios of 
70/20/10, 70/20/10, and 60/20/20, respectively, accounting for 
dataset size. The split sizes for the three datasets are detailed in 
Table 3 , and details regarding label preparation for all datasets 
are provided in the Supplementary Section . 

Fine-tuning dataset 

The custom dataset used in this study consists of 221 videos, 
exhaustively annotated by an ecologist at the DFO using the 
VIAME (Dawkins et al. 2017 ) platform. These 221 videos are 
segmented into train, validation, and test splits in a 70-15-15 
ratio based on the frequency of fish in a frame within each 
video. The models are trained on the data in the training split, 
the data in the validation split are then used to track the model 
parameters and avoid overfitting, and the performance of the 
trained models is evaluated on the data in the test split. Frames 
are extracted from these videos at a rate of 30 frames per sec- 
ond, and frames lacking at least one annotated fish object are 
excluded. The resulting train, validation, and test splits com- 
prise 71 736; 19 211; and 19 210 frames with fish, respectively. 

Labels generated by VIAME are transformed to adhere to 
the format expected by YOLOv7, and text files containing in- 
formation about the fish bounding boxes are created, main- 
taining the same directory structure as the extracted frames. 
Within the training subset, frames with fish are further divided 
into two subsets: one with 500 samples and another with 1000 
samples, both containing frames with at least one annotated 
fish object. These subsets ensure equal representation of ex- 
amples from each class of fish, with frames possibly featuring 
examples from multiple fish classes or multiple instances of 
the same fish class. 

OOD dataset 
The Brackish dataset, selected to evaluate the fine-tuned 
model’s generalization beyond its initial training distribu- 
tion, comprises six labeled categories: “fish, ” “small_fish, ”
“crab, ” “shrimp, ” “jellyfish, ” and “starfish. ” For the test set, 
we choose all images featuring at least one annotated sample 
of the class “fish.”It is important to note that these frames may 
also include instances from other categories such as shrimp 
and crab, acknowledging and accommodating the diversity 

within these frames. The annotations, presented in a format 
similar to OzFish and NPSNF, are formatted as expected by 
YOLOv7, and corresponding text files are generated to facili- 
tate the computation of mAP for the comparative analysis. 

Training 
Pre-training 

The YOLOv7 detector is trained on the training split of each 
of the four public datasets, with default hyperparameters and 
augmentations, with weights initialized randomly. We use the 
default IoU and confidence thresholds of 0.65 and 0.001, re- 
spectively, to train and evaluate the detectors. Norfisk and 
OzFish are trained at an image resolution of 640, the recom- 
mended image resolution for training a YOLOv7 object de- 
tector, with a batch size of 32. The model is trained on one 
NVIDIA A100 SXM4 GPU. NPSNF, on the other hand, is 
trained at an image resolution of 1280 × 1280 on NVIDIA 

A100 SXM4 GPUs connected via NVLink with a batch size 
of 4, following the hardware limitations and chosen param- 
eters on the researcher’s original work on YOLOv5, as can 
be found here (Morris 2023 ). It is important to note that we 
do not perform any hyperparameter tuning. All models are 
trained till convergence, and the models with the best mAP, at 
the IoU and confidence thresholds of 0.65 and 0.001, respec- 
tively, are used for fine-tuning the custom dataset. The perfor- 
mance of the trained models on the test sets of these datasets 
can be found in Table 3 . 

Fine-tuning 

Initially, we train a YOLOv7 detector on each of the two train- 
ing subsets (one with 500 samples and another with 1000 
samples) of the fine-tuning dataset, using the validation set 
to prevent overfitting. All the layers for training are randomly 
initialized without using weights from previous tasks to es- 
tablish the baseline. These two models are referred to as the 
models trained without any pre-training, with random ini- 
tialization. Subsequently, we fine-tune the YOLOv7 detector 
using the parameters learned using the four different pub- 
licly available datasets: (i) Norfisk, (ii) OzFish, (iii) NPSNF, 
and (iv) MS COCO on both the training subsets. To ensure 
statistical significance, each of these five experiments is con- 
ducted five times due to the randomness inherent in training a 
YOLOv7 detector. All experiments are conducted using the 
default hyperparameters and augmentations as provided in 
the default YOLOv7 repository. Training is conducted on a 
single NVIDIA A100 SXM4 GPU, with images trained at a 
resolution of 640 until convergence. The models with the best 
mAP on the validation splits (the data samples used to avoid 
overfitting and determine when the model has converged) of 
each of the fine-tuning datasets are used for evaluating the 
fine-tuned models. 

Results 

Detection performance on the custom dataset 
� Hypothesis 1: In contrast to our hypothesis, pre-training 
with marine datasets did not consistently result in higher 
mAP as indicated in Table 4 and Fig. 3 . Pre-training 
with some marine datasets—NPSNF and Norfisk—
performed statistically lower than models trained with 
no pre-training, while pre-training with OzFish per- 
formed statistically significantly better. Models pre- 
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Dataset selection is critical for fish detection pre-training 9 

Table 4. Performance comparison of models fine-tuned on the custom underwater image dataset with subsets of 500 and 1000 frames, pre-trained with 
publicly a v ailable marine datasets (Norfisk, OzFish, and NPSNF), pre-trained with the general-purpose computer vision dataset MS COCO, and randomly 
initialized models. 

Performance on test set for models pre-trained with mAP (mean ± stddev) 

Models fine-tuned with No pre-training MS COCO Norfisk OzFish NPSNF 

500 samples 0.854 ± 0.004 0.857 ± 0.003 + 0.794 ± 0.003 ∗∗+ 0.896 ± 0.01 ∗∗ 0.655 ± 0.02 ∗∗+ 

1000 samples 0.879 ± 0.007 0.879 ± 0.011 0.858 ± 0.014 0.898 ± 0.005 ∗ 0.824 ± 0.002 ∗∗

Models marked with ∗ and ∗∗ indicate a statistically significant difference with P -values < .05 and .01, respectively, in the t-test compared to training with 
random initialization. Models marked with + indicated statistical significance with a P -value < .05 between the models fine-tuned with 500 and 1000 samples. 
Bold values denote the models with the highest mAP. 

Figure 3. Performance (mAP) comparison of the models trained with and without pre-training. Models are pre-trained with the marine datasets: Norfisk, 
NPSNF, and OzFish, and a general-purpose image dataset—MS COCO on two annotated subsets of the custom dataset—one with 500 samples and 
another with 10 0 0 samples of the custom dataset. All the trained models are tested on the test set of the custom dataset. Each fine-tuned model is 
trained five times to test for statistical significance. 

trained with MS COCO showed no statistical difference 
in terms of mAP. 

� Hypothesis 2: In contrast to our hypothesis, pre-training 
did not always accelerate the convergence time as indi- 
cated in Table 5 . Pre-training with the marine datasets 
Norfisk and NPSNF took longer to converge, while pre- 
training with OzFish and MS COCO took less time than 
training without any pre-training. 

� Hypothesis 3: In contrast to our hypothesis, pre-training 
with large datasets did not consistently result in bet- 
ter generalization on the Brackish dataset as indicated 
in Table 6 and Fig. 4 . Pre-training with the marine 
datasets NPSNF and OzFish showed statistically signif- 
icantly better results than the models trained without 
any pre-training. Models pre-trained with MS COCO 

showed no statistical difference in terms of mAP to 
the models trained without any pre-training. All the 
trained models exhibited overall poor performance on 
the Brackish dataset. 

� Hypothesis 4: In contrast to our initial hypothesis that 
pre-training alone cannot fully address the disparity 
in annotated dataset size, pre-training with the marine 
dataset OzFish yielded statistically similar results with 
the smaller annotated dataset as observed in Table 4 . 

However, pre-training with the datasets MS COCO, 
Norfisk, and NPSNF; and the models trained without 
any pre-training showed statistically significantly higher 
performance with the larger annotated dataset. 

We observe that the choice of pre-training dataset signif- 
icantly influences both the performance (mAP) and conver- 
gence rate of the fine-tuning task. Models pre-trained with the 
OzFish marine dataset outperformed those trained without 
pre-training and those pre-trained with other marine datasets, 
and they also converged the fastest. Remarkably, the mod- 
els fine-tuned on a smaller subset of the custom underwater 
dataset with 500 samples, using the OzFish dataset, showed 
comparable performance to those fine-tuned on a larger sub- 
set with 1000 samples. This is a notable result, as it demon- 
strates that with the right pre-training datasets, similar per- 
formance can be achieved with smaller datasets. In contrast, 
pre-training with the Norfisk and NPSNF marine datasets re- 
sulted in slower convergence and lower mAP compared to ran- 
dom initialization or pre-training with MS COCO. This un- 
derscores the importance of carefully selecting the pre-training 
dataset, as not all marine datasets necessarily outperform MS 
COCO or random initialization. 
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10 A yyag ari et al. 

Table 5. Epochs required for model convergence when fine-tuning on 500 and 1000 frames. 

Number of epochs to converge (mean ± stddev) 

Models fine-tuned with No pre-training MS COCO Norfisk OzFish NPSNF 

500 samples 362 ± 50 244 ± 40 ∗ 2732 ± 37 ∗∗ 27 ± 9 ∗∗ 2146 ± 156 ∗∗

1000 samples 256 ± 68 190 ± 22 2275 ± 32 ∗∗ 55 ± 37 ∗∗ 1565 ± 19 ∗∗

Lower values indicate faster convergence. Asterisks ( ∗) and ( ∗∗) denote statistically significant differences compared to random initialization, with P -values 
< .05 and < .01, respectively. Models marked with ∗ and ∗∗ indicate a statistically significant difference with P -values < .05 and < .01, respectively, in the 
t-test compared to training with random initialization. Bold values denote the models with the fastest convergence. 

Table 6. Performance comparison of models fine-tuned on a custom underwater image dataset with subsets of 500 and 1000 frames, pre-trained with 
publicly a v ailable marine datasets (Norfisk, OzFish, and NPSNF), pre-trained with the general-purpose computer vision dataset MS COCO, and randomly 
initialized models on Brackish dataset. 

Performance on Brackish dataset for models pre-trained with mAP (mean ± stddev) 

Models fine-tuned with No pretraining MS COCO Norfisk OzFish NPSNF 

500 samples 0.026 ± 0.007 0.023 ± 0.001 0.067 ± 0.003 ∗∗+ 0.089 ± 0.026 ∗ 0.124 ± 0.018 ∗∗
1000 samples 0.034 ± 0.014 0.032 ± 0.021 0.035 ± 0.006 0.081 ± 0.021 ∗ 0.096 ± 0.026 ∗

Models marked with ∗ and ∗∗ indicate a statistically significant difference with P -values < .05 and .01, respectively, in the t-test compared to training with 
random initialization. Models marked with + indicated statistical significance with a P -value < .05 between the models fine-tuned with 500 and 1000 
samples.Bold values denote the models with the highest mAP. 

Figure 4. Performance (mAP) comparison of the models trained with and without pre-training. Models are pre-trained with the marine datasets: Norfisk, 
NPSNF, and OzFish, and a general-purpose image dataset—MS COCO on two annotated subsets of the custom dataset—one with 500 samples and 
another with 10 0 0 samples of the custom dataset. All the trained models are tested on the Brackish dataset, the dataset not exposed to the model 
during training. Each fine-tuned model is trained five times to test for statistical significance. 

Recall across the different classes in the custom 

dataset 

Although the models in this study were trained exclusively for 
detection, we investigated whether pre-training with specific 
datasets influenced performance across different classes. Some 
pre-training datasets, such as Norfisk, include examples from 

a similar family—e.g. Saithe in Norfisk and Gadus morhua 
in the custom dataset, both belonging to the Cod family. 
To understand how the class distribution of the pre-training 
datasets impacted performance across different classes in the 

custom dataset, we evaluated the models’ detection perfor- 
mance across these classes. Since the models were trained 
solely for detection, metrics such as true negatives and false 
negatives could not be computed. Instead, we focused on true 
positives and used recall as the primary evaluation metric. 
Table 7 shows the mean and standard deviation of recall per- 
centages for models fine-tuned on the subset of the custom 

dataset with 1000 samples, as evaluated on the test set. The 
results for models trained on the 500-sample subset are pro- 
vided in the Supplementary Material . 
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Table 7. Recall values for models trained on different pre-training datasets, including marine datasets (Norfisk, NPSNF, and OzFish) and the general-purpose 
MS COCO dataset. 

Mean and stddev for recall across datasets 

Classes No pre-training MS COCO Norfisk OzFish NPSNF 

Gadus morhua 83.02 ± 1.5 83.15 ± 1.1 81.32 ± 0.2 86.42 ± 1.5 69.96 ± 0.4 
Macrourus berglax 87.92 ± 1.5 89.68 ± 0.5 83.71 ± 1.0 92.72 ± 0.7 79.50 ± 0.6 
Skate 68.34 ± 5.9 64.13 ± 2.5 65.25 ± 2.0 79.50 ± 5.7 49.30 ± 0.9 
Sebastes mentella 89.59 ± 0.9 90.03 ± 1.2 81.93 ± 0.9 92.23 ± 2.0 72.09 ± 1.1 
Anarhichas lupus 83.03 ± 2.1 80.81 ± 4.3 76.27 ± 4.4 85.01 ± 5.5 67.61 ± 2.8 
Hippoglossus 
hippoglossus 

60.75 ± 4.3 56.54 ± 3.1 56.54 ± 3.5 72.02 ± 4.3 53.82 ± 1.1 

All models were fine-tuned on 1000 samples from the custom dataset. Higher recall indicates better ability to correctly identify relevant instances. 

We observed that the models had the best recall on Sebastes 
mentella , followed closely by Macrourus berglax , likely due 
to distinguishing features such as the reddish coloration of 
Sebastes mentella and the prominent eyes of Grenadier. Con- 
versely, the models consistently struggled with Skate and Hip- 
poglossus hippoglossus across all pre-training experiments. 
These groundfish classes remain close to the seabed, making 
them inherently difficult to detect and classify. 

Discussion 

The importance of the choice of the pre-training dataset on 
both the training time and the performance (mAP) of ma- 
chine learning models for fish detection and classification is 
evident from our study . Specifically , for our dataset with deep 
underwater images of fish under battery-powered lighting, 
pre-training with OzFish demonstrated outstanding perfor- 
mance compared to models without pre-training. Model pre- 
trained with OzFish achieved an average mAP of 0.89 in 27 
epochs compared to 0.85 in 362 epochs for the models trained 
with 500 custom underwater samples and an average mAP 
of 0.89 in 55 epochs compared to 0.87 in 256 epochs for 
models trained with 1000 underwater samples. Both results 
were statistically significant, with a P -value < .01, on the t- 
test conducted to account for training randomness on mAP 
distributions from five models, one distribution from mod- 
els pre-trained with OzFish and the other from models with 
random initialization. Additionally, models pre-trained on the 
OzFish dataset consistently exhibited higher recall across all 
classes in the fine-tuned dataset compared to models pre- 
trained on other datasets. Furthermore, OzFish pre-trained 
models consistently exhibited higher recall across all classes 
and lower standard deviations in recall compared to ran- 
domly initialized models, demonstrating their robustness and 
reliability. 

Contrary to our initial hypothesis that pre-training on 
larger marine datasets would enhance fine-tuning perfor- 
mance, pre-training with Norfisk and NPSNF yielded poorer 
results compared to OzFish, a smaller dataset, and random ini- 
tialization with MS COCO, a large image dataset without any 
marine-specific categories. We attribute this to limitations in 
the Norfisk and NPSNF datasets. Norfisk comprises only two 
categories (saithe and salmonoids), is acquired on a fish farm, 
features one fish per image, and includes lower-resolution im- 
ages, reducing the diversity and informativeness of its data. 
Similarly, NPSNF primarily contains single-fish-per-frame im- 
ages captured in murky waters, where even human identifica- 
tion is challenging. These factors likely constrained the ability 

of models pre-trained on these datasets to transfer features 
effectively during fine-tuning, highlighting the importance of 
data diversity and quality. 

We make an interesting observation in the recall per- 
formance of models fine-tuned with NorFisk. The models 
pre-trained on NorFisk—a dataset containing examples of 
“saithe,” a member of the cod family—and fine-tuned with 
500 examples from the custom dataset exhibited a recall for 
Gadus morhua that surpassed that of Macrourus berglax , 
the second-best performing class following Sebastes mentella . 
This represented the only occurrence where Gadus morhua 
detection showed a higher recall than Macrourus berglax . 
However, when fine-tuned with 1000 examples, the recall for 
Macrourus berglax surpassed that of Gadus morhua , indicat- 
ing that NorFisk may harbor specific features advantageous 
for cod recognition, although these benefits may have been 
mitigated by catastrophic forgetting (Kirkpatrick et al. 2017 ), 
a prevalent phenomenon encountered when fine-tuning all 
model parameters during the task. 

For OOD testing, all models exhibited low mAP values, re- 
flecting the expected performance drop when machine learn- 
ing models are tested on data distributions they were not 
trained on. While we hypothesized that exposure to more 
diverse pre-training datasets would enhance robustness, our 
results did not support this assumption, likely due to catas- 
trophic forgetting during fine-tuning. Models pre-trained on 
NPSNF generalized best to the Brackish dataset, possibly due 
to shared environmental characteristics, such as murky wa- 
ters, and the presence of crabs in both datasets. However, 
the significant class variance between the fine-tuned dataset, 
which lacks crab, and the Brackish dataset, where crab pre- 
dominates, likely diminished the model’s ability to retain rel- 
evant information and limited its generalization capability. 

OzFish comprises images of fish captured in reef environ- 
ments, characterized by matching resolution, multiple classes 
in a single frame, fish in the water column, and instances 
of occlusion. These features closely align with our custom 

dataset, likely facilitating better feature transfer during fine- 
tuning and resulting in superior performance. Despite hav- 
ing only 1800 images compared to the 30 384 examples in 
NPSNF, the largest marine pre-training dataset used, we hy- 
pothesize that OzFish’s diversity and similarity to our custom 

dataset were critical factors in its success. 
These findings highlight the importance of dataset charac- 

teristics, such as resolution, class diversity, habitat complexity, 
and the presence of multiple classes per image, in determin- 
ing the effectiveness of pre-training. They emphasize the need 
for selecting datasets that closely match the target domain to 
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enhance model performance. However, the absence of univer- 
sal standards for resolution, clarity, format, and comprehen- 
sive annotation (i.e. ensuring that all fish in the images are la- 
beled) complicates direct comparisons of datasets’ suitability 
for detection tasks. Establishing such standards would likely 
improve pre-training outcomes and facilitate the integration 
of multiple datasets. 

Our experiments highlight the critical impact of selecting 
an appropriate pre-training dataset on model performance, 
even if ideal characteristics are not always obvious. When ex- 
perimenting with various datasets is impractical, we recom- 
mend pre-training with a large image database such as MS 
COCO or ImageNet (Russakovsky et al. 2015 ). Although pre- 
training with MS COCO may result in similar performance 
(an average mAP of 0.85 and 0.87 for models trained with 
500 and 1000 samples, respectively) to random initialization, 
it encourages faster and more stable convergence. For models 
trained with 500 examples from each marine class in the cus- 
tom underwater dataset, those pre-trained with MS COCO 

converged in 244 epochs, compared to 362 epochs for mod- 
els with random initialization, showing significantly quicker 
convergence times with a P -value < .05. While models trained 
with 1000 samples did not show statistically significant faster 
convergence, the standard deviation for random initialization 
was 62 epochs compared to 22 epochs for MS COCO pre- 
training. Additionally, the average epochs required for con- 
vergence were reduced to 190 for MS COCO pre-training, 
compared to 256 for random initialization. This smaller stan- 
dard deviation, combined with stable average mAP, makes 
pre-training with MS COCO a preferred and stable alterna- 
tive. Most open-sourced computer vision architectures pub- 
lish their parameters learned on MS COCO, making pre- 
training with MS COCO highly accessible and ready to use. 

In this study, we focus exclusively on the impact of pre- 
training on fine-tuning for the task of detection, specifically 
detecting general “fish” objects in a custom dataset. Detect- 
ing generic fish objects is not only an intermediate step to- 
ward species classification but also directly useful in marine 
monitoring, where species-level identification is not always 
required. Similar to echosounder studies that estimate fish 
biomass through acoustic backscatter without species-specific 
resolution (Peña et al. 2021 ), generalized fish detection can 
provide a general overview of biodiversity. The detected fish 
objects can then support downstream tasks such as species 
classification, population estimation, behavioral analysis, and 
identifying previously unseen species. Decoupling detection 
from classification enables us to address the unique challenges 
of each task independently, which can be difficult if both tasks 
are optimized simultaneously. For example, detection can uti- 
lize large public image datasets to learn shared anatomical 
features across various marine species, even when the species 
distributions in specific studies do not align with those in pub- 
lic datasets, thus enhancing the generalization of detection. 
Meanwhile, classification can benefit from unsupervised tech- 
niques like clustering, which are impractical when applied to 
entire images containing multiple objects of different classes, 
but become feasible when focused on detected marine objects. 
We believe this decoupling is a critical intermediate step to- 
ward automating the application of machine learning to ma- 
rine monitoring. 

We also note that the performance of the trained models 
could potentially be improved by further refining the hyper- 
parameters specific to the dataset in question. Hyperparame- 

ter tuning is a time-consuming process, and achieving state- 
of-the-art results in terms of mAP was not the primary fo- 
cus of this study. Furthermore, our study primarily focused 
on fine-tuning by initializing all model parameters. More nu- 
anced experiments, such as selectively fine-tuning only the last 
few layers or training models to perform simultaneous detec- 
tion tasks on both large annotated public datasets and small 
custom datasets, could reveal additional insights. Moreover, 
this study did not specifically analyze which dataset character- 
istics exerted the greatest influence. Future research could sys- 
tematically conduct experiments to assess the relative impor- 
tance of different attributes such as class diversity, number of 
examples per class, and image resolution, thereby improving 
the selection of pre-training datasets. Additionally, combin- 
ing datasets with diverse characteristics—such as taxonomy, 
habitats, and imaging conditions—for pre-training could en- 
hance model generalization and potentially outperform mod- 
els pre-trained on single datasets, particularly when fine-tuned 
on small labeled datasets. 

Efficient application of machine learning to monitor ma- 
rine ecosystems hinges on three key elements: data represen- 
tative of the test set distribution, sufficient computational re- 
sources, and publicly available, adaptable machine learning 
methodologies. Representative datasets enable accurate mod- 
eling, sufficient computational resources handle large-scale 
data processing, and adaptable methodologies aid in tailor- 
ing models to specific challenges in marine monitoring. For 
practitioners new to machine learning, we recommend fol- 
lowing best practices such as pre-training with comprehen- 
sive datasets like MS COCO, ensuring sufficient class-specific 
samples (Ayyagari et al. 2023 ), using representative datasets 
for training and testing, applying data augmentation tech- 
niques, and addressing class imbalances with subsampling, 
oversampling, or adjusted loss functions. Additionally, practi- 
tioners should thoroughly understand their datasets and con- 
duct basic sanity checks, such as verifying the data, ensuring 
initial overfitting to a single example, and establishing base- 
line metrics before performing more complex experiments. 
Comprehensive experimentation is essential to validate ma- 
chine learning approaches and ensure robust and reproducible 
results. 

In parallel with advancements in machine learning method- 
ologies, the availability of diverse, extensive, and publicly ac- 
cessible annotated marine datasets is crucial for progress in 
underwater data monitoring. The primary challenges in cre- 
ating and publishing such datasets include data collection, the 
cost and effort of manual annotation, and hosting require- 
ments. To address these challenges, we advocate for innova- 
tive approaches such as Cornell’s Merlin app for bird iden- 
tification and leveraging platforms like Amazon Mechanical 
Turk for crowdsourcing annotations. These methods could be 
applied to datasets such as ONC SeaTube (Hoeberechts et al. 
2015 ) and DeepFish (Saleh et al. 2020 ) to automate the anno- 
tation process. Engaging the broader public through initiatives 
like MBARI’s recently launched game, Fathomverse (Simpson 
2024 ), can further accelerate the development of annotated 
marine datasets. 

A significant limitation of many existing datasets is the 
prevalence of ambiguous labeling practices. Generic terms 
such as “crab, ” “cod, ” or “starfish” are often used, which 
can refer to multiple species across different families, reduc- 
ing the utility of these datasets for precise machine learning 
applications. Only a few datasets, such as OzFish, DeepFish, 
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FishForKnowledge, and FishCLEF, provide full Latin species 
names. When species-level identification is not possible, re- 
searchers should adopt the lowest possible taxonomic spec- 
ification (e.g. “Sebastes sp.” instead of “Redfish”) to enhance 
accuracy and usability. Proper taxonomic labeling is criti- 
cal for improving dataset quality , interpretability , and repro- 
ducibility. It also enables researchers to identify the most suit- 
able datasets for tasks like transfer learning, ultimately en- 
hancing the scalability and effectiveness of machine learning 
models. 

Publicly accessible datasets that capture diverse habitats 
across various marine environments, combined with rigorous 
taxonomic species labeling, offer a strong foundation for ad- 
vancing the scalability of machine learning models in marine 
ecosystem monitoring. Coupled with a robust understanding 
of applying machine learning to small underwater datasets, 
these efforts can significantly improve our ability to moni- 
tor marine species, better understand the impacts of climate 
change, and develop effective climate-driven mitigation strate- 
gies in oceanic ecosystems. 
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