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A B S T R A C T

The proliferation of accessible deep-water imaging platforms has resulted in the acquisition of vast amounts of 
image data, resulting in an analysis bottleneck. Object detection is now being applied to assist the image 
annotation process, with the potential to reduce analysis time. However, for object detectors to effectively tackle 
the scale of the challenge, models need to be generalisable to allow the transfer between imaging platforms and 
in space. This study trains YOLOv5 object detection models to identify six coral morphology groups using an
notated imagery collected by ROV ISIS in the UK (JC136). Model performance was tested with independent 
datasets to inspect different aspects of transferability. Imagery collected on Tropic Seamount near the Canary 
Islands (JC142) with the same ROV (ISIS) was used to test spatial transferability. Imagery collected with ROV 
Holland I (SeaRover Project) from the Irish deep sea was used to test the transferability of models between ROVs. 
Model performance was moderate, recalling 60% of human annotations when evaluated against the validation 
dataset with varying performance across morphological groups (Recall = 44–69%). However, when tested using 
the independent datasets, model performance falls, recalling only 23% to 34% of human annotations across 
transfer scenarios. The results suggest that the model performance when transferred was poor, arising because of 
high shape variability within some morphological groups and poor taxonomic representation across datasets. We 
discuss how a coordinated community effort could improve model transferability and potentially address the 
analysis bottleneck.

1. Introduction

Technological advances have seen the proliferation of accessible 
deep-water imaging platforms, such as towed cameras, Remotely 
Operated Vehicles (ROVs) and Autonomous Underwater Vehicles 
(AUVs). Such platforms are critical to surveying and monitoring 
ecologically important and sensitive areas, such as those supporting 
cold-water corals. Vast image datasets can be generated from a single 
research cruise, resulting in an analysis bottleneck where experienced 
analysts may take months to years to annotate imagery collected from a 
single survey. This challenge will ultimately be exacerbated as ocean- 
observing strategies become increasingly autonomous and data collec
tion rates continue accelerating. This is set against the backdrop of the 
climate and biodiversity crises, expanding human uses of the oceans (e. 

g. deep-sea mining) and the ratification and implementation of the UN 
BBNJ Agreement. This places an urgency on the quantitative assessment 
of the status and change in marine ecosystems and the societal benefits 
they provide. To achieve this, it is critical to reduce and eliminate the 
data bottleneck problem. Now, within a deep-sea context, deep learning 
(DL) and computer vision (CV) are being applied to assist image anno
tation and tackle the analysis bottleneck (Bridges et al., 2025; Piechaud 
and Howell, 2022).

CV is a field of artificial intelligence (AI) that interprets and analyses 
visual data, such as images and videos. DL is a subset of machine 
learning that uses large neural networks to determine patterns and 
features in raw data and learn from them (Rubbens et al., 2023). Neural 
networks are inspired by the structure of the brain with an input layer 
(features), at least one ‘hidden’ layer and an output layer which 
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produces predictions. Algorithms designed to locate and classify objects 
within an image are referred to as “object detectors”. Once trained, these 
algorithms can be applied to new data (e.g. an image) to detect and 
classify (predict) learnt objects. Typically, ‘supervised’ learning 
methods are used meaning that the data used to train such algorithms 
are labelled, i.e. objects within images have been manually annotated 
and classified.

Numerous studies have applied DL algorithms to seafloor imagery to 
assist or automate the process of image annotation for biological and 
geological data. Models have been trained to detect and classify a single 
group such as a particular coral species, Dendrophyllia cornigera (Abad- 
Uribarren et al., 2022; Lamarck, 1816), or xenophyophore species, 
Syringammina fragilissima Brady, 1883 (Piechaud and Howell, 2022). 
Multi-group models have also been trained to detect multiple objects (e. 
g. Beijbom et al., 2015; Cuvelier et al., 2024; Iyer et al., 2025; Mbani 
et al., 2023; Piechaud et al., 2019; Zhang et al., 2022). For example, Deo 
et al. (2024) trained a series of classification models to detect 33 groups; 
spanning a variety of taxa from feather stars to sea pens to tube worms; 
and included two non-living groups; coral rubble and woody debris. DL 
algorithms can also be trained to detect and classify benthic habitats (e. 
g. Game et al., 2024) and substrates (e.g. Jackett et al., 2023). As well as 
processing imagery to identify objects; DL algorithms can be used to 
generate count and density data (e.g. Marini et al., 2018; Piechaud and 
Howell, 2022), size data (e.g. Álvarez-Ellacuría et al., 2020; Piechaud 
and Howell, 2022), analyse timelapse image data (e.g. producing 
growth data; Osterloff et al., 2019); as well as be incorporated into larger 
data processing; analysis and modelling pipelines; such as species dis
tribution modelling (Abad-Uribarren et al., 2022).

The scale of the image analysis bottleneck is vast. Piechaud and 
Howell (2022) demonstrate how DL can be utilised to reduce the time 
taken to annotate a single taxon across 60,000 images from hundreds of 
hours to less than 10 days – including model training. For DL to address 
the scale of the image analysis bottleneck, CV and DL models need to be 
generalised enough to transfer geographically and across imaging plat
forms, avoiding the need for new models to be trained for each newly 
collected dataset.

A time- and resource-effective way of tackling the bottleneck would 
be to develop DL models that perform consistently across most 
frequently used imaging platform types, e.g. different towed cameras, 
ROVs, or AUVs. However, this poses challenges regarding the compa
rability of imagery produced between platforms and whether model 
performance would be consistent. The comparability of seafloor imagery 
is affected by a platform's camera, lighting system and setup (e.g. camera 
resolution and angle, white balance, colour, brightness, distribution of 
light, etc.), the type of platform (e.g. fixed camera angle), and opera
tional factors (e.g. zoom, distance from the seabed, etc.). In addition to 
comparability between platforms, the comparability of imagery acquired 
from the same platform may also change over time, for example, if 
camera or lighting systems are upgraded. These factors affect how an 
object will appear in an image, with the potential for an identical object 
to appear differently in imagery collected from different platforms, and 
therefore affect a model's transferability.

The spatial transferability of models also affects the ability of DL to 
address the scale of the bottleneck problem. Idealistically, the perfor
mance of a trained model would remain constant when transferred and 
applied to a new location, whether that be locally, regionally or at a 
basin scale. Factors affecting spatial transferability include the param
eterisation of the model during training, e.g. models are not overfitted, 
and if the model training dataset is representative of the new transfer 
area, e.g. do the same model groups occur in the training (source 
domain) and transfer (target domain) datasets? Testing the dual aspects 
of spatial and cross-platform transferability of a single DL model is 
currently an unmet research gap in the context of deep-sea research.

1.1. Aims

This study investigates the application of DL models to the real-world 
challenge of cold-water coral surveying and monitoring. Specifically, we 
aim to test the transferability of DL models under two different scenarios 
to address the described research gap: 

1. A transfer to a new location using the same imaging platform (spatial 
transfer).

2. A transfer to the same location but a different imaging platform.

2. Methods

2.1. Study area & data collection

Archived video transects were collated from five research cruises 
across three projects: Deep-Links (JC136; Howell et al., 2016); MarineE- 
Tech (JC142; Murton, 2016) and SeaRover (RH17001; RH18002; 
CE19015; O'Sullivan et al., 2017, 2018, 2019). Although all research 
cruises had individual objectives, all conducted high-definition video 
transects of the seabed using an ROV to investigate and characterise the 
benthos (Table 1, Fig. 1).

2.2. Image analysis

For each dataset, still frames were extracted every 20 s from each 
ROV transect video for annotation and deinterlaced using FFmpeg. An 
extraction interval of 20 s was used because when the ROV was moving, 
20 s reduced the number of overlapping frames, whilst not losing a vast 
amount of image data. Black corals and octocorals (referred to herein as 
corals) were annotated with perpendicular boxes in BIIGLE 2.0 
(Langenkämper et al., 2017). Images were not annotated where the 
image quality was too poor to identify corals, for example, where 
lighting was too low, or the camera was obscured by suspended 
material.

Corals were classified by expert annotators into one of the following 
morphological groups (classes): Arborescent, Bottlebrush, Branching- 
3D, Fan–2D, Mushroom and Unbranched (Fig. 2) based on the 
SMarTaR-ID Morphology Tree (Howell et al., 2019). These annotations 
were quality checked by a single annotator. This was carried out in 
BIIGLE using the Largo tool; which allows annotators to easily review 
annotations in a regular grid. The coral section of the SMarTaR-ID 
Morphology Tree is based on an unpublished morphological classifica
tion system developed by coral taxonomist Denis Opresko; and the 
Catami classification system (Althaus et al., 2015). Training was deliv
ered by post-doctoral researchers within the research group led by Prof 

Table 1 
Details of research cruises where imagery was collected.

Deep-Links 
(JC136)

MarineE-Tech 
(JC142)

SeaRover 
(RH17001, 
RH18002, 
CE19015)

Location UK Tropic Seamount 
(Canary Islands)

Ireland

ROV ISIS ISIS Holland I

Camera Sony HDR-CX560V 
(1080i)

Sony HDR-CX560V 
(1080i)

Kongsberg 
OE14–502 
(1080i)

Lighting
2 x DSPL Multi Sealite 
(LED), 
3 x APHOS 16 LED

2 x DSPL Multi 
Sealite (LED), 
3 x APHOS 16 LED

4 × 250-watt 
halogens, 
2× Bowtech LED, 
4 x APHOS LED 
lights

Transects 24 17
29 
(12, 10, 7)

Target 
Feature(s)

Continental Slope, 
Seamounts, Ridges

Seamount
Continental Slope, 
Banks
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Howell, a co-creator of SMarTaR-ID. A morphological approach to 
classifying corals was taken for several reasons: 

(1) Without physical specimens, identifying biota to high taxonomic 
resolution, e.g. species, from imagery is difficult – often 
impossible.

Fig. 1. a. Distribution of ROV video transects collected during the MarineE-Tech project (JC142) on Tropic Seamount (MO = Morocco, WS = Western Sahara, MA =
Mauritania); Fig. 1b. The distribution of ROV video transects collected during the Deep-Links (JC136) and SeaRover (RH17001, RH18002, CE19015) projects (IR =
Ireland, UK = The United Kingdom, FR = France).

Fig. 2. Example annotations of each coral morphology group. Where Row. 
A = Arborescent, B = Bottlebrush, C = Branching 3D, D = Fan 2D, 
E = Mushroom and F = Unbranched.
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(2) Annotators often take a two-stage approach to annotating, as 
recommended by Howell et al. (2023). The first pass of the image 
data involves annotating to morphological groupings before 
refining such groups in a second pass, for example, into opera
tional taxonomic units (OTUs).

(3) Object classification models have no taxonomic knowledge and 
learn only from features detectable from an image. It is theoret
ically, therefore, more relevant to DL that corals are labelled 
based on their morphological (physical) features and classified 
into morphologically similar groups.

(4) We assume that morphology is more generalisable than taxon
omy. For example, two individual corals may be morphologically 
similar in imagery but be two separate species. Morphology 
would be more suitable in the context of spatial transferability 
because coral morphologies are geographically cosmopolitan, 
whereas coral species may not be.

2.3. Data preparation

For each dataset, annotation reports were downloaded from BIIGLE 
2.0 for data preparation. In R (R Core Team, 2023), bounding box co
ordinates for each annotation were converted from BIIGLE (x_min, 
y_min, x_max and y_max in pixel coordinates) to YOLO format (x_centre 
and y_centre coordinates normalised by image height and width) – a 
subset of which were plotted onto images to ensure coordinates and 
scaling was correct. JC136 annotations were randomly subset by image 
into training (70%; Train-JC136) and validation (30%; Val-JC136) 
datasets. To test model performance and transferability, the JC142 
(Test-JC142) and three SeaRover (Test-SR17/18/19) datasets were kept 
separate to act as independent test datasets. Libraries of corresponding 
images, labels, and YAML files were prepared and formatted for model 
training and evaluation. The number of annotations by dataset and 
morphological group are available in Table 2 which highlights the group 
(class) imbalance in the datasets used, representing typical deep-sea 
benthic imagery datasets.

2.4. Model training

A ‘You Only Look Once’ Version 5 (YOLOv5) Convolutional Neural 
Network (CNN) by Ultralytics (Jocher et al., 2022) was used to detect 
coral morphology groups (classes). When this study was initiated; 
YOLOv6 had just been released; but YOLOv5 was used because it is 
simple and fast to implement; and had been shown to perform well at 
detecting benthic megafauna in previous studies (Hou et al., 2023; 
Piechaud and Howell, 2022; Wang et al., 2024; Zhang et al., 2024). 
Additionally, YOLO only requires one pass of the new data through the 
CNN to make a prediction. This allows the algorithm to process imagery 
and make predictions in real-time, i.e. from live video. In the long term, 
working within the YOLO architecture leaves the potential for “on the 
fly” image annotation during data collection at sea, as demonstrated by 
Browne (2022).

Off-the-shelf, YOLOv5 is pre-trained using the COCO-2017 dataset 
(Lin et al., 2015), meaning re-training to update the CNN architecture to 
detect features of the custom image dataset (coral morphology) is 
required – a process referred to as transfer learning. A YOLOv5 model 
was re-trained using the training dataset (Train-JC136) within the 
PyTorch framework, using a Google Collaboratory Professional account. 
‘Google Colab’ is a cloud-based service that allows remote access to a 
GPU and high RAM facilities that were unavailable locally.

Preliminary models were run to determine the largest model size 
(small, medium or large), batch size and number of epochs, and the 
highest image resolution that could be run using the computational re
sources available via Google Colab. No other hyperparameters, e.g. 
learning rate, were optimised. Three final YOLOv5-m (medium size) 
models were trained using image resolutions of 960 × 960 and 250 
epochs, but with different batch sizes (8, 16 & 32; Mod-b8, Mod-b16, 
Mod-b32). Epoch refers to the number of complete passes of the training 
dataset through the CNN, and batch size refers to the number of images 
(samples) used in a single forward and backward pass of the CNN. Three 
models of equally spaced batch sizes were used within the computa
tional limits (up to a batch of 32) to test the effect on model trans
ferability and, by inference, model performance when transferred and 
tested using independent datasets.

2.5. Model evaluation & transfer

Performance metrics were obtained by running a modified YOLOv5 
‘val.py’ script on the validation dataset (Val-JC136) and the indepen
dent datasets (Test-JC142 & Test-SR17/18/19) as follows. The ‘best’ 
weights of each trained model as determined by YOLO were used to 
make the detections (predictions) across each of the labelled image 
datasets (i.e., images with bounding boxes and classification labels), 
where ‘best’ weights are selected on the highest mean average precision 
(mAP) score. Detections for each image were saved as a text file con
taining the bounding box coordinates, predicted group and confidence 
score for each prediction. Using an Intersection over Union (IoU) of 0.5 
and a variety of confidence thresholds (0.05, 0.1, 0.3, 0.5, 0.9), the 
number of true positives (TPs), false positives (FPs), false negatives 
(FNs), and Precision, Recall and F1 metrics were extracted and calcu
lated (defined in Table 3) for each overall model and by group. Model 
detections and evaluation metrics were then saved locally.

In R, predicted bounding box coordinates were converted from 
YOLOv5 format back into BIIGLE format. The detections were then 
uploaded to BIIGLE on their corresponding images in a new project for 
visual inspection. Upon inspection, it was clear that the models had 
made correct detections that human annotators originally missed, 
therefore inaccurately penalising model performance. As a result, false 

Table 2 
Number of annotations per dataset, per morphological group, and the number of 
images per dataset (bottom row).

Morphological 
Group

Train- 
JC136

Val- 
JC136

Test- 
JC142

Test- 
SR17

Test- 
SR18

Test- 
SR19

Arborescent 272 154 5 0 0 0
Bottlebrush 149 39 49 162 55 19
Branching-3D 1721 556 503 480 1745 165
Fan-2D 1425 409 245 193 153 40
Mushroom 138 39 8 14 11 26
Unbranched 965 331 219 3722 901 89
Total 4670 1528 1029 4571 2865 339
Number of 

Images
1539 513 186 965 788 175

Table 3 
Definitions of key evaluation metrics.

Intersection over 
Union (IoU)

The percentage of overlap between a ground truth and a 
predicted bounding box

True Positive (TP) A predicted bounding box with an IoU equal to or greater 
than 0.5 and a correctly predicted group label

False Positive (FP)

An erroneous predicted bounding box with no 
corresponding ground-truthing box. This includes 
instances where the IoU < 0.5 hasn't been met and/or the 
predicted group label is incorrect

False Negative (FN)
An instance of a ground-truthing bounding box with no 
corresponding predictions, i.e. an annotated coral has not 
been detected

Precision
The proportion of predicted bounding boxes (positives) 
that are correct: 
Pr = TP / (TP + FP)

Recall
Proportion of annotations correctly classified: 
Re = TP / (TP + FN)

F1
Combines Precision and Recall scores to create a balanced 
metric: 
F1 = 2 x ((Pr x Re) / (Pr + Re))

K.P. Graves et al.                                                                                                                                                                                                                               Ecological Informatics 95 (2026) 103749 

4 



positive predictions from a subset of images (n = 50), stratified by 
transect, made from each of the three models (Mod-b8, Mod-b16, Mod- 
b32) across the five datasets (Val-JC136, Test-JC142, Test-SR17/18/19) 
were manually reviewed and evaluated in BIIGLE. This allowed an es
timate of the rate at which models have correctly detected corals missed 
by human annotators, i.e., false positives that are correct (true posi
tives). This incidence rate (False Positive Correction Rate) was then used 
to make an estimated adjustment to the evaluation metrics for each 
validation and testing dataset, as per Bridges et al. (2025). Further de
tails on this process are given in Appendix A.1.

Following Rainio et al. (2024); Friedman's tests were used in R to test 
for statistically significant differences (p < 0.05) in performance metrics 
(precision; recall and F1) between Mod-b8; Mod-b16 and Mod-b32 when 
transferred to the testing datasets (Test-JC142; Test-SR17/18/19). A 
Friedman's test was chosen because it is a non-parametric repeated 
measures test; so it does not assume the evaluation metrics are normally 
distributed; the test is suitable for a small number of testing datasets (n 
= 4) and is recommended by Rainio et al. (2024). Wilcoxon tests were 
run as a post-hoc test to determine which models were significantly 
different. These were run twice using a Holm (default) and Bonferroni p- 
value correction, with Bonferroni used to reduce the risk of false 
positives.

Firstly, the best performing model-confidence threshold combination 
was determined for the Val-JC136 dataset. This model-threshold com
bination was used to make predictions across the test datasets to create a 
strict transferability benchmark based on the validation-derived 
configuration.

Secondly, the best-performing model-threshold combinations were 
selected for each testing dataset. This second step was taken to optimise 
performance for each test dataset, considering the downstream appli
cation of the models: as a tool to assist ecologists annotate benthic im
agery and reduce the time spent on the annotation process. Priority was 
given to models and thresholds that optimised recall metrics and 
reduced the number of False Negatives (FNs), retaining the highest 
confidence threshold possible. Should models perform well, they will be 
implemented as tools to make detections (predictions) across new, in
dependent datasets that will ultimately require post-processing and 

cleaning. In the context of post-processing, correcting false negatives (i. 
e., drawing bounding boxes and labelling missed corals) is more time- 
intensive than correcting false positives (i.e., deleting incorrect coral 
detections or correcting labels of detected corals). As a result, detection 
was viewed as a more important task (drawing bounding boxes) than 
classification (labelling).

During the analysis of the results, it became clear that the difference 
in model performances across transfer scenarios, to some degree, was 
driven by the differences in taxonomic make-up of morphological 
groups across datasets. The identification of all coral taxa across the five 
different datasets was not possible within this study. However, to 
illustrate this important point (discussed in the results and discussion 
sections), corals within the Unbranched coral morphology groups were 
identified down to family or morphospecies across all the datasets where 
possible. The corals were identified by a single annotator, using the 
‘Largo’ tool in BIIGLE. This was carried out in a two-stage process by a 
single annotator: Stage One, all unbranched coral annotations were 
sorted into three groups – Antipatharia (black corals), Octocorals or 
Pennatulacea (seapens). Stage Two, annotations in each group were 
refined further and re-labelled to either a taxonomic family or a mor
phospecies level.

3. Results

3.1. Model training & validation

Mod-b8 and Mod-b16 were automatically stopped short of running a 
full 250 epochs (Fig. 3) as YOLO determined that no increase in per
formance had been detected over the previous 50 epochs. Mod-b8 and 
Mod-b16 completed 173 and 182 epochs, respectively. Mod-b32 did 
complete 250 epochs, but precision and recall metrics had stabilised 
during the training process, reaching an asymptote (Fig. 3). Model 
performances based on metrics obtained on the Val-JC136 dataset 
indicate that no single model (batch size) outperformed all other 
models.

Performance metrics calculated on Val-JC136 indicate that the best- 
performing model was Mod-b16 with a threshold of 0.3 (Fig. 4), 

Fig. 3. Progression of recall and precision scores for each model during training. 
(Red = Mod-b8, Green = Mod-b16, Blue = Mod-b32).
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minimising the number of false negatives and maximising the recall 
score. A recall score of 0.57 means that 57% of the corals in the Val- 
JC136 dataset were detected and correctly classified, suggesting a low 
performance. However, a moderate precision score of 0.67 indicates that 
when the model makes a prediction, the prediction is correct 67% of the 
time.

3.2. Model testing

3.2.1. Model transfer benchmarking
The best performing model-confidence threshold combination for 

Val-JC136 (Mod-b16, Conf = 0.3) was used to make predictions across 
all four testing datasets, providing a benchmark test for transferability. 
This model performed poorly when tested in both transfer scenarios 
(Table 4a). Recall dropped from 0.57 to 0.10, and Precision dropped 
from 0.67 to 0.33 when tested with Test-JC142 (different region, same 
ROV). Model performance also dropped when tested using Test-SR17/ 
18/19 (same region, different ROV). Recall varied from 0.12 to 0.30, 
and Precision varied from 0.33 to 0.49.

3.2.2. Model transfer optimisation
The performance of the three trained models (Mod-b8, Mod-b16, 

Mod-b32) were tested using the four independent datasets (Test- 
JC142, Test-SR17/18/19). The best model-threshold combination for 
each testing dataset was determined to optimise transfer performance 
for their intended application: an annotation assistance tool for 
ecologists.

Friedman's tests indicated that, across the four testing datasets, there 
were only statistically significant differences (p < 0.05) among models' 
performances for the precision metric (p = 0.04), but not for recall (p =

0.17) or F1 (p = 1.00). However, the subsequent post-hoc Wilcoxon tests 
indicated that there were no statistically significant differences between 
the model's precision scores for either Holm (all pairwise p-values =
0.380) or Bonferroni (Mod-8/Mod-16, p = 0.38; Mod-8/Mod-32, p =
0.75; Mod-16/32, p = 0.38) p-value correction methods. However, while 
not statistically significant, the effect sizes were large for both Holm and 
Bonferroni methods (r = 0.73–0.91). The difference in results between 
the Friedman's and post-hoc Wilcoxon tests is likely the result of only 
testing three models (Rainio et al., 2024).

The statistical tests suggest that no single model (Mod-b8, Mod-b16 
or Mod-b32) outperformed other models when transferred and inde
pendently tested. As a result, the model/threshold combinations with 
the best performance metrics (with an emphasis on recall score) were 
identified for each testing dataset. These were Mod-b8 using a threshold 
of 0.1 for Test-JC142, and Mod-b16 and thresholds of 0.1/0.1/0.05 for 
datasets Test-SR17/18/19, respectively. Re-thresholding and model se
lection for each test dataset were carried out to maximise the recall 
metric for each dataset (Table 4b).

Compared with performance on the Val-JC136 dataset, the perfor
mance of models on all test datasets was greatly reduced across all 
metrics despite optimisation (Fig. 5). Additionally, the performance of 
models on the test datasets is less stable over increasing thresholds, 
suggesting reduced confidence in predictions on the testing datasets. No 
predictions were made with a confidence of 0.9+ for the Test-JC142 
dataset.

The trained models performed best when tested on the Test-SR18 
dataset (Fig. 5, green line) across both precision and recall metrics. 
However, it is unclear from these results whether there is a difference in 
transferability between ROVs or locations. There was a large variation in 
performance between the Test-SR17/18/19 image dataset sets collected 

Fig. 4. Mod-b16 performance over various metrics and confidence thresholds. Note, there is a small decrease in model performance between confidence thresholds 
of 0.3 and 0.5 that is not discernible from this graph.

Table 4 
Comparison of performance metrics when (a) the same model and threshold is applied to benchmark model transferability, and (b) the best-performing model and 
threshold combination for each testing dataset is applied to optimise model performance. Conf = Confidence threshold, TP = True Positive, FP = False Positive, FN =
False Negative.

Dataset Batch Conf Precision Recall F1 Instances TP FP FN

a) Val-JC136 16 0.30 0.67 0.57 0.61 1520 859 420 661
Test-JC142 0.33 0.10 0.15 1029 100 199 929
Test-SR17 0.39 0.12 0.19 4571 560 892 4011
Test-SR18 0.49 0.30 0.37 2865 846 896 2019
Test-SR19 0.33 0.20 0.25 339 67 139 272
Total 10,324 2432 2546 7892

b)

Val-JC136 16 0.30 0.67 0.57 0.61 1520 859 420 661
Test-JC142 8 0.10 0.32 0.17 0.22 1029 174 374 855
Test-SR17 16 0.10 0.33 0.16 0.21 4571 731 1511 3840
Test-SR18 16 0.05 0.44 0.33 0.38 2865 938 1191 1927
Test-SR19 16 0.10 0.31 0.21 0.25 339 71 159 268
Total 10,324 2773 3655 7551
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using ROV Holland I. When thresholded to maximise performance (0.1/ 
0.1/0.05), Test-SR17/18/19 dataset precision scores varied between 
0.31 and 0.44, and recall scores between 0.16 and 0.33; a variation in 
which the precision and recall scores for the Test-JC142 (ROV ISIS), 0.32 
and 0.17 respectively, sit. As the performances of the models under the 
two transfer scenarios are not distinct, with neither scenario out
performing the other, the differences in performance are likely driven by 
dataset-specific factors, rather than a specific transfer scenario.

However, despite having minimal effects on the Val-JC136 perfor
mance, results suggest that batch size can impact the performance and 
transferability of a model to new independent datasets. For comparison, 
when all three models (Mod-b8, Mod-b16, Mod-b32) were applied to 
Test-SR18, and predictions thresholded at a confidence level of 0.1, 
precision and recall scores varied from 0.40 to 0.52 and 0.27–0.35, 
respectively – differences of 12% & 8%. Full testing results for each 
model on each dataset are in Appendix A.2. Additionally, taking the 
additional optimisation step did improve model performance, albeit not 
statistically different. By optimising models and thresholds for each 
dataset, FN decreased by 341 across all the datasets compared to the Val- 
JC136 transfer benchmark results.

3.3. Manual evaluation & adjustment

From each dataset, 50 images were randomly sampled (stratified 
across transects) for manual evaluation to determine the rate at which 
each model correctly identified corals missed by human annotators, i.e. 
FPs that are TPs. The FP Correction Rate – the proportion of FPs that 
were considered TPs after manual evaluation – varies across datasets, 
from 5.2% to 21.3% (Table 5). When metrics are recalculated using the 
correction rate, the performance across all metrics is improved. As 
calculating precision considers TPs and FPs, precision is more greatly 
affected by the corrections than recall, which considers TP and FN. The 
largest FP Correction Rates were observed in the Val-JC136 and Test- 
SR17 datasets, with 21.3% and 12.6%, respectively. These results indi
cate that although the model performance may be poor overall, when 
tested independently, the models are still capable of detecting and 

correctly classifying corals missed by human annotators (e.g. Test- 
SR17).

3.4. Performance by morphological group

Model performance by morphological group was highly variable 
(Table 6). Results from the Val-JC136 dataset indicated variability in 
recall (0.54 to 0.71) and precision (0.63 to 0.81) scores between groups. 
The best-performing group by recall was ‘Mushroom’ (0.71), and the 
worst, ‘Bottlebrush’, ‘Branching 3D’ and ‘Fan 2D’ (0.54). By precision, 
the best-performing group was ‘Bottlebrush’ (0.81), and the worst- 
performing group was ‘Fan 2D’ (0.63). Similar to the overall model 
performances, performance across groups decreased when tested with 
independent datasets. However, the reduced model performance was 
not uniform across test datasets. Except for the ‘Mushroom’ group, recall 
for the Test-JC142 across all other groups was lower than the Test-SR17/ 
18/19 datasets.

Confusion matrices depict the degree of confusion by the model, 
representing the proportion of ground truthing annotations assigned 
across the predicted coral groups. Outside correlations between the 
same groups, the only correlations between two groups greater than or 
equal to 10% occurred between Mushroom-Branching 3D and, more 
consistently, Branching 3D-Fan 2D (Table 7). However, confusion was 
highest between groups and ‘background’, where ‘background’ is 
deemed any image pixels outside a ground truthing bounding box. 
Confusion between true background and predicted groups was higher in 
the testing datasets than in the validation dataset, reflecting the relative 
increase in false presences and reduced precision scores. Complete 
confusion matrices for each dataset are available in Appendix A.3.

The taxonomic breakdown of the Unbranched coral morphological 
group is detailed in Fig. 6. The most dominant taxa for each dataset were 
as follows: Stichopathes gravieri (Molodtsova, 2006) represents 71% of 
the JC136 unbranched corals; Stichopathes msp. 1 represents 73% of the 
Test-JC142 unbranched corals; and Stichopathes msp. 2 represents 70%, 
67% and 39% of the Test-SR17, SR18 and SR19 unbranched corals, 
respectively. Example annotations of the three dominant Stichopathes 

Fig. 5. Precision, recall and F1 metrics for the best performing model for each dataset (Val-JC136 = Mod-b16; Test-JC142 = Mod-b8; Test-SR17/18/19 = Mod-b16) 
across various tested confidence thresholds (Conf).

Table 5 
Performance metrics (precision, recall, F1) for each dataset and the adjusted metrics according to the dataset's FP Correction Rate.

Dataset Precision Recall F1 Precision 
Adjusted

Recall 
Adjusted

F1 
Adjusted

FP Correction Rate

Val-JC136 0.67 0.57 0.61 0.76 0.60 0.67 21.3%
Test-JC142 0.32 0.17 0.22 0.33 0.18 0.23 5.2%
Test-SR17 0.33 0.16 0.21 0.37 0.18 0.24 12.6%
Test-SR18 0.44 0.33 0.38 0.47 0.34 0.40 6.8%
Test-SR19 0.31 0.21 0.25 0.33 0.22 0.26 5.2%
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taxa are available in Fig. 7.

4. Discussion

4.1. Model training & validation

This study, using transfer learning, trained YOLOv5 algorithms to 
detect six morphological groups of cold-water coral using imagery 
collected using ROV ISIS on the research cruise JC136 and validated 
those models. These models were then tested using four independent 
image datasets from four different research cruises: JC142 (collected 
with ROV ISIS) to test spatial transferability, and SeaRover 2017/2018/ 
2019 (collected with ROV Holland I) to test transferability between 

Table 6 
Performance metrics (P = precision, R = recall) for individual morphological groups for validation and test datasets.

Morphological Group Validation Test

JC136 JC142 SR17 SR18 SR19

P R P R P R P R P R

Arborescent 0.69 0.62 0.00 0.00 NA NA NA NA NA NA
Bottlebrush 0.81 0.54 0.40 0.16 0.45 0.20 0.39 0.38 0.00 0.00
Branching 

3D
0.71 0.54 0.48 0.21 0.39 0.40 0.65 0.43 0.44 0.34

Fan 2D 0.63 0.54 0.20 0.15 0.16 0.53 0.15 0.50 0.08 0.38
Mushroom 0.70 0.71 0.67 0.50 0.40 0.14 0.59 0.27 0.67 0.23
Unbranched 0.64 0.57 0.16 0.09 0.39 0.11 0.23 0.10 0.14 0.13

Table 7 
Instances of confusion between morphological groups equal to or greater than 
10% across validation and test datasets.

Dataset True Group Predicted Group Confusion (%)

Val-JC136 Branching 3D Fan 2D 11
Fan 2D Branching 3D 14

Test-JC142 Mushroom Branching 3D 12

Test-SR17 Branching 3D Fan 2D 21
Fan 2D Branching 3D 19

Test-SR18 Fan 2D Branching 3D 21

Test-SR19
Branching 3D Fan 2D 12
Fan 2D Branching 3D 10

Fig. 6. Breakdown of the taxa comprising the Unbranched morphology group for each dataset, where n = number of annotations.

Fig. 7. Example annotations of the dominant unbranched taxa across the annotation datasets: Stichopathes gravieri (left - orange, thickly coiled), Stichopathes msp.1 
(middle – thin, not coiled, pale, dull colour), and Stichopathes msp. 2 (right – thin, not coiled, orange or red). (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)
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imaging platforms (ROVs).
The overall performance of models trained and validated using the 

JC136 dataset was only moderate for precision (Pre = 0.67, Adj-Pre =
0.76) and poorer for recall (Re = 0.57, Adj-Re = 0.60). When comparing 
the performance of the three individual models – Mod-b8, Mod-b16 and 
Mod-b32 – validated on the Val-JC136 dataset, there was no obvious 
divergence in performance (Fig. 3), suggesting that batch size had little 
effect on the performance of this dataset and only remained moderate. 
For comparison, the DeepSee Model (Iyer et al., 2025), which utilises a 
YOLOv8 architecture, is trained from ROV imagery to detect 15 mor
phospecies, including “Gersemia” – a genus of soft coral, has precision 
and recall scores for the overall model of 0.85 and 0.78, respectively, 
and 0.87 and 0.82 for the “Gersemia” group.

4.2. Model testing

Results indicate poor model transferability when benchmarked with 
independent datasets, with a substantial drop in performance compared 
to the validation data, which was only initially moderate. After model 
optimisation – selecting the best model-confidence threshold – for each 
testing dataset, model transferability and performance remained poor.

No model – Mod-b8, Mod-b16 or Mod-b32 – consistently out
performed other models when tested independently; Mod-16 performed 
best on Val-JC136, Mod-16 performed best across the Test-SR datasets, 
and Mod-8 performed best on Test-JC142. These results suggest that, at 
least within those tested, a one-size-fits-all model parameterisation 
approach does not yield the best results. Across the three models and 
batch sizes used in this study, recall performance varied by up to 8% 
when independently tested. When considering that image datasets from 
a single research cruise can be composed of 10,000 s of images and 
100,000 s of annotations, an improvement of 8% recall performance 
could potentially reduce annotation time significantly. It is therefore 
recommended that, where computational resources and time allow, a 
variety of model parameter configurations should be optimised before 
being applied as an annotation assistance tool and predictions (de
tections) are made across new datasets.

The direct comparison between published models is difficult because 
of the different image datasets, classification systems, model architec
tures and number of groups used, and the different reporting of metrics. 
However, where some degree of comparison is possible, the models 
presented in this study perform seemingly poorly. For example, Cuvelier 
et al. (2024) present MAIA models each individually trained to detect 
five groups; including “Alcyonacea” and “Actiniaria/Corallimorpharia”; 
with recall scores of 0.95 and 0.81 and precision scores of 0.12 and 0.04; 
respectively. Abad-Uribarren et al. (2022) trained two models (Faster 
RCNN and RetinaNet architectures) to detect a single coral species; 
Dendrophyllia cornigera (Lamarck, 1816); and utilised augmentation 
approaches. Evaluation metrics for the FasterRCNN model were Re =
0.84; Pre = 0.86 and F1 = 0.85; whilst metrics for the Retinanet model 
were Re = 0.98; Pre = 0.40 and F1 = 0.57. The FaunD-Fast model 
(Mbani et al., 2023) was trained to detect 10 groups of abyssal mor
photypes; including “coral”; from images collected from a towed camera 
platform. Model performance was presented for small; medium and 
large objects (by pixel size) with average recall and precision scores of 
0.16/0.50/0.73 and 0.12/0.42/0.69; respectively. Deo et al. (2024)
trained ResNet, DenseNet, Inception, and Inception-ResNet models to 
detect 33 groups, including “Anthomastus-like coral”, “Arborescent 
coral”, “free-living coral”, “sea pen”, “sea whip coral”, and “simple 
branching coral”. The Inception-ResNet model provided a mean preci
sion across groups of 0.65, but no precision or recall scores are provided 
for each group.

However, these published models were not tested with independent 
datasets. Instead, these were tested using a subset of the dataset retained 
during model training or using data from a separate transect, but from 
the same dataset. Few published studies, e.g., Katija et al. (2022); have 
tested benthic fauna object detection models using independent 

datasets. As an applied case study for the FathomNet dataset; Katija et al. 
(2022) fine-tuned a RetinaNet object detection model to detect 20 “high- 
level benthic supercategories” (Woodward, 2021); including “sea fan”; 
“sea pen”; “soft coral”; and “stony coral”. This model was tested with an 
independent dataset. Although evaluation metrics are not reported; 
Katija et al. (2022) reported the model made many FPs and FNs pre
dictions on the target (test) dataset, “sometimes overwhelming the 
number of correct annotations of a given class (group)”. They conclude 
this resulted from subtle differences between the training (source) and 
testing (target) datasets, including ROV, camera angle relative to the 
seafloor, groups not represented in the training data and high densities 
of some fauna, particularly the “sea fan” group. Such distribution shifts - 
changes in data distributions between training (source) and testing 
(target) datasets - cause poor model performance in independent tests or 
on transfer because models are not sufficiently generalised.

4.3. Manual evaluation

Manual evaluation of predictions on a subset of each dataset indi
cated that across all datasets, models detected corals that were previ
ously missed by human annotators, i.e. False Positives that are True 
Positives. The False Positive Correction Rate (Bridges et al., 2025) was 
variable across the datasets, from 5.2% to 21.3%, resulting in the 
undermarking of model performance before correction. For example, in 
the instance of Val-JC136, after adjusting for the FP Correction Rate 
(21.3%), recall increased from 0.57 to 0.60, and precision increased 
from 0.67 to 0.76. However, it is noteworthy that a higher FP Correction 
Rate is not necessarily an indicator of good model performance. Test- 
SR17 has an FP Correction Rate of 12.6%, resulting in adjusted recall 
and precision scores of 0.18 and 0.37, respectively – an example of a 
relatively high FP Correction Rate, but poor overall model performance. 
Therefore, given the results of this exercise, where it is appropriate, we 
recommend that a sample of predictions be manually evaluated to adjust 
and correct model performance. As a secondary benefit, additional 
analysis could help identify datasets or taxonomic groups with elevated 
rates of error and help guide and shape training for image annotators.

4.4. Understanding model performance

Although not specifically tested in this study, the poor performance 
of models when transferred – irrespective of ROV or geography – will, to 
some degree, be driven by differences in image-specific factors between 
research cruises. As previously set out, these factors include lighting and 
camera setups (e.g. camera resolution and angle, white balance, colour, 
brightness, distribution of light, etc.), the type of platform (e.g. fixed 
camera angle), and operational factors (e.g. zoom, distance from the 
seabed, etc.) – even subtle differences in training and testing datasets 
can result in a drop in model performance (Katija et al., 2022). However; 
image augmentation and enhancement have been shown to combat the 
effects of these domain shifts on model performance (Folkman et al., 
2025; Walker et al., 2024), and should be considered in future studies. 
Additional factors will also affect the model's performance between 
datasets, for example, in high coral density areas, where annotation 
becomes more difficult to tell overlapping corals apart.

The decrease in performance across the testing datasets is not uni
form, with Test-SR18 performing better than all other test datasets 
(Table 5). However, the results do not follow any distinct patterns across 
either geographical location or gear type. Interrogation of results and 
the underlying datasets suggests that the decrease in performance is 
likely not just attributed to a change in location or ROV – the morpho
logical classification approach used may not be as generalisable as 
assumed, and poor testing performance is inherent of this.

In this study, black and octocorals were classified morphologically. 
Although coral groups occur across training and testing datasets at a 
morphological level, some corals are not represented (or not as abun
dant) in both training and testing datasets at a taxonomic level and, 
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therefore, represent a distribution shift (Katija et al., 2022). For 
example; the “Unbranched” morphology group is dominated (71%) by 
the black coral Stichopathes gravieri (Molodtsova, 2006; Fig. 7) – a coiled, 
thick, orange coral – in the JC136 dataset. Comparatively, Test-JC142 
has no occurrences of S. gravieri but includes other morphospecies of 
Stichopathes msp. 1 (73%; inconspicuous, thin, pale, and uncoiled; Fig. 7) 
and bamboo corals – taxa that either do not occur or are not well rep
resented in the training dataset. The same also occurs across the Test- 
SR17/18/19 datasets, which is dominated by Stichopathes msp. 2 
(39–70%), which is thin, uncoiled and red or orange (Fig. 7). This sug
gests that, at least in this study, the “Unbranched” morphological group 
is not inherently generalisable and that datasets also need to maintain 
some taxonomic parity. This may also apply to other morphological 
groups where many taxa occur within it, such as “Branching 3D”, but 
this was not formally tested in this study.

Variability in taxonomic occurrences between datasets will be driven 
by location as a function of species range and suitable habitat, but also 
by project or survey objectives and aims. Typically, research cruises and 
surveys are time and resource limited. This results in strict criteria when 
developing survey plans, often leading to the targeting of habitats and 
geomorphological features. As a result, the datasets collected are biased 
towards the target feature(s) and the biological communities that 
characterise or inhabit it, leading to group (class) imbalances once an
notated as well as variable image ‘background’. This will place limita
tions on how generalisable object detection models can be when trained 
using typical datasets collected in deep-sea ecological research. For 
example, the Train-JC136 dataset is dominated by coral taxa found on 
hard or coral rubble substrates such as antipatharians (black corals), 
compared to Test-SR19, which is mostly characterised by coral taxa 
found on soft substrates such as sea pens.

4.4.1. Performance by morphological groups
Group performance by recall and precision in the Val-JC136 dataset 

variable (0.54 to 0.71 and 0.63 to 0.81, respectively). Performance 
across all morphological groups is reduced when models are applied to 
testing datasets and are considerably more variable, with recall varying 
from 0.00 to 0.53 and precision varying from 0.00 to 0.67. Across Test- 
SR17/18/19 datasets, Fan-2D consistently ranked the best group for 
recall (0.38 to 0.53) but ranked poorly for precision (0.08 to 0.20).

Group (class) imbalance, the disproportionate ratio of instances 
across groups, exists in the Train-JC136 dataset; the smallest training 
group is Mushroom (n = 138), and the largest training group is 
Branching-3D (n = 1721). This is representative of real-world ecological 
datasets where natural variation in abundance occurs. This is due to the 
inherent rarity of some taxa compared with others, but also because of 
the often limited and targeted nature of deep-sea research cruises, as 
previously discussed. Group (class) imbalance can affect model perfor
mance “detrimentally” (Buda et al., 2018) as models can become biased 
towards the larger; majority groups; reducing model performance and 
generalisation. Different methods can address group (class) imbalance 
and be split into two groups: data-level and classifier-level. Data-level 
methods involve the re-balancing of the groups in the dataset by over
sampling or under-sampling. Classifier-level methods require adjust
ments to model parameters; such as altering the weights of 
misclassifications for different groups or applying different thresholding 
techniques (Buda et al., 2018; Johnson and Khoshgoftaar, 2019).

A clear limitation of this study is that there have been no attempts to 
address the group (class) imbalance that occurs within the training 
dataset and future studies should consider this. However, the purpose of 
this study is to determine what is achievable with datasets typical of 
those acquired within a research cruise or survey. As a result, it would be 
expected that model performance would be biased to larger groups, such 
as Branching-3D. However, Val-JC136 results show the Mushroom 
group (n = 138) has the highest recall score (0.71) compared to other 
morphological groups, outperforming Branching-3D (n = 1721) in recall 
score (0.54). This relationship is the same when tested using the Test- 

JC142 dataset, however, Branching-3D outperforms Mushroom when 
tested using the Test-SR datasets. The training group size of Bottlebrush 
(n = 149) is similar to Mushroom (n = 138), but has a lower validation 
recall score (0.54) of any group and a mixed performance across all the 
test datasets.

These varying performances imply that the results are more complex 
than just the effect of group (class) imbalance. In the instance of 
Mushroom and Branching-3D performance, disparities are likely 
attributed to the morphological variation found within the annotations 
of each of those groups. In this study, the Mushroom group comprises 
individual corals of similar structural morphology and colour, with 
inter-group morphological variance coming mostly from whether indi
vidual Mushroom corals have their polyps extended or retracted. 
Comparatively, there is significant morphological variability within the 
Branching-3D group and it contains many different taxa (Fig. 2, Row C). 
Therefore, although it is a much larger group size, there is much more 
morphological variance within the group to be learned during model 
training compared to Mushroom, which is a more homogenous group.

This morphological variety also occurs in the Fan-2D group, with the 
morphological group characterised by numerous different taxa. How
ever, morphology between Branching-3D and Fan-2D are less distinct 
compared to other morphological coral groups, with instances of the 
same taxa, e.g. Leiopathes sp., occurring across both groups because of 
relatively subtle differences in their morphology. This lesser distinction 
between the two groups is apparent when observing confusion matrices, 
where four of the five datasets have 10–21% confusion between the two.

4.5. Next steps: model applications and improving performance

Despite the relatively poor performance of the models, they may still 
be useful tools in some applications. For example, as a foundation model 
to act as a first pass of newly acquired image data. In this instance, the 
models could be used to make a first pass to quickly obtain a small subset 
of annotations from the new data. The new annotations could then be 
used as a transfer learning dataset to update and optimise the model, 
potentially improve performance and then reapply across the new 
dataset. A second potential use is group-specific. For example, in some 
transfer scenarios, the models in this study still performed moderately 
for some classes, such as “Fan 2D” in the Test-SR17/18 and “Mushroom” 
in the Test-JC142 dataset. In these instances, Recall scores of 50% +
were obtained. If applied to a newly acquired dataset, even moderate 
Recall performances of 50% results in halving the number of corals that 
require manual annotation. However, improving model performance is 
still needed.

Increasing the initial performance of the trained model when vali
dated requires improving the quality of the model training data, 
particularly the degrees of heterogeneity within coral groups. Where 
group sizes are large and comprise morphological variability and 
confusion, i.e. Branching-3D and Fan–2D, two potential solutions for 
improving model performance concerning the datasets include, 

1. Re-classify annotations to additional, nested morphological groups to 
create more homogenous groups. However, this would also increase 
the number of overall groups, which can reduce model performance 
(Piechaud et al., 2019) and the number of instances per group to 
train a model on; or,

2. Aggregate groups together to create a larger group, e.g., ‘Coral’ or 
‘Animal’, to create a single object detection model. This has been 
shown in other studies to reduce annotation complexity without 
substantially compromising model performance (Bridges et al., 
2025).

Overcoming these group performance issues is dataset-specific, but 
also dependent on the application of the model (Bridges et al., 2025). 
For assisting the annotation process, the decision depends on whether 
the human effort should be front-loaded, taking more time to create 
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more homogenous and numerous groups, or whether a training set of 
fewer groups should be quickly created (or consolidated to one, e.g. 
‘Coral’), with more human effort afterwards to clean predictions and 
further resolve annotations to lower morphological or taxonomic 
groups.

The more considerable room for improvement in this study is the 
overall performance of the models when transferred and tested by 
datasets collected with a different ROV (Test-SR) or in a different loca
tion (Test-JC142). As discussed, a fundamental challenge in tackling this 
is the limitations, biases and differences between the training and testing 
datasets. In addition to trialling whether training performance improves 
with different levels of classification, i.e. single-group or additional 
resolved groups, the generalisation of the models with varying levels of 
classification should also be tested against new locations and imaging 
platforms. The datasets used in this study could also be combined to 
create a larger training dataset that is more representative, but this could 
increase morphological variability within groups if they are not resolved 
further. Additionally, a future study could investigate how further 
transfer learning could improve model performance. For example, an 
interesting question would be, how much additional data is required 
from the testing datasets in transfer learning to see an improvement in 
model performance? The fast-paced nature of this area of research 
means that since this study's inception, many newer DL algorithms, e.g. 
YOLOv11, have come online. Future studies should also test if these 
newer algorithms, by nature of their improved architectures, inherently 
perform transfers and handle domain shifts better.

However, taking a ‘go it alone’ approach to tackling this challenge 
will likely only take developments so far, given the image-bottleneck 
issue is universal, and the urgent need to process image-based data 
comes from pressures at a local to an ocean basin scale. For object 
detection models to be transferable enough to address the scale of this 
challenge, they require training datasets that are truly representative at 
an ocean basin or global scale, not just locally or regionally. Developing 
representative models will require the collating of imagery datasets and 
the standardisation of image annotations between datasets. Existing 
projects such as SMarTaR-ID (Howell et al., 2019); CATAMI (Althaus 
et al., 2015) and FathomNet (Katija et al., 2022) represent community- 
led efforts to address these challenges, such as establishing standardised 
marine image databases, unified species catalogues and classification 
schemes, and open-sourced image databases for training and testing 
object detection models.

Furthermore, international groups such as the Challenger 150 
Megafaunal Image-based Technical Working Group (www.challenger 
150.world) are taking coordinated steps to make accepted standards 
and quality control methods of image annotation, including supporting 
the use of automation using AI. Actions from this working group include 
training in the use of annotation software and identification, develop
ment of training materials, the sharing and further development of 
reference identification guides and libraries, standardisation workshops, 
establishing networks of annotators and taxonomists, and coordinating 
funding applications.

5. Conclusion

The object detection models trained in this study to detect and 
classify black and octocoral morphologies performed moderately. 
However, when models were transferred geographically and between 
ROVs, performance was poor. There was no discernible difference in 
model performance based on spatial or image platform transfer. Inter
rogation of the results suggests that, in addition to the effects of model 

transfer, model performance was poor because of high morphological 
and taxonomic variability within the “Unbranched” coral group and that 
the training dataset (source domain) was not representative of the 
testing datasets (target domain). While this was not tested across all 
morphological groups, this should be considered when developing 
training-testing datasets and transferring models.

To tackle the image analysis bottleneck, a community effort will be 
required to develop representative training datasets at an ocean basin 
scale. With representative training datasets, the community will then be 
able to test which coral classification approach (e.g. morphological or 
taxonomic) and level will produce the most transferable models when 
applied to unanalysed existing or newly collected image-based data. 
This will reduce the human and time resources needed to annotate 
image datasets, allowing scientists to extract biodiversity information 
from images as effectively as possible and address the conservation and 
management needs of the day.
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Appendix A. Appendices

A.1. False positive correction rate

For each dataset, 50 images were randomly selected for manual evaluation to calculate the False Positive Correction Rate. For each subset image, 
the accompanying YOLO predictions (from the best-performing model) and human annotations were compiled.

Images, human annotation and YOLO predictions were uploaded to BIIGLE. A new volume was created for each dataset, e.g. Test-JC142. YOLO 
predictions and human annotations were uploaded onto two separate but duplicated SMarTaR-ID Morphology label trees. This allowed for the model 
and human annotations to have distinct coloured annotations, making it easier to tell the two sets of annotations apart.

A new evaluation label tree was created for evaluating the YOLO predictions to denote false negatives (FN), false positives (FP) and true positives 
(TP). 

• FN_record = Corals missed by the model
• FP_but_detected = Coral detected but incorrectly classified
• FP_duplicate = Coral detected and classified more than once
• FP_nothing_not_coral = Detection made, but it is not a coral
• TP_legit = Correctly detected and classified coral
• TP_missed = Correctly detected and classified coral that a human annotator missed

To evaluate, each image was cycled through, and every YOLO annotation was assigned an additional label from the evaluation label tree in 
accordance with its performance, e.g. TP_legit. Where the model missed corals identified by human annotators, they were marked with an “FN_record” 
annotation. See Fig. A.1. for an example.

Fig. A.1. Example image from Val-JC136 after manual evaluation. Annotations marked [A] are an example of a corrected FP, i.e. the model correctly detected a coral 
that was missed by human annotators; [B] an example of a FN, i.e. the model did not predict a coral annotated by human annotators; and [C] an example of a TP, i.e. 
the model correctly detected and labelled a coral.

Once all subset images were evaluated, BIIGLE reports were generated for the evaluation label tree, giving a breakdown of the number of FNs, FPs 
and TPs per image. From these annotations, evaluation metrics (Recall, Precision, F1) were calculated.

For each dataset, the number of corals that were correctly detected and labelled by the models were calculated, i.e. TP_missed. In the initial 
evaluations, these corals would have been determined FPs because they were not accompanied by a ground-truthed, human annotation. The pro
portion of the original FPs that had been re-evaluated as TPs, or the FP Correction Rate, was calculated for each of the image datasets by.

FP Correction Rate = (TP missed/(TP missed+All FPs) ).

The correction rate calculated from each subset of data was then extrapolated across the complete datasets to generate estimated evaluation 
metrics. Two main limitations of this are that (1) it is assumed that the correction rate in the subset of images is the same across the whole dataset, and 
(2) the subsampling of images was not stratified by morphology, meaning that a correction rate was not calculated for each morphological group.
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A.2. All Model Results.

A.2.1. Val-JC136

A.2.2. Test-JC142.
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A.2.3. Test-SR17.

A.2.4. Test-SR18.

A.2.5. Test-SR19.
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A.3. Confusion Matrices.

A.3.1. Val-JC136 Confusion Matrix.
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A.3.2. Test-JC142.

A.3.3. Test-SR17

K.P. Graves et al.                                                                                                                                                                                                                               Ecological Informatics 95 (2026) 103749 

16 



A.3.4. Test-SR18.

A.3.5. Test-SR19.

K.P. Graves et al.                                                                                                                                                                                                                               Ecological Informatics 95 (2026) 103749 

17 



Data availability

Code and links to image data and annotations are available and 
stored in a GitHub repository (https://github. 
com/kyrangraves/Graves_et_al_2026_AI_Coral_Morphology).
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