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Marine scientists have been leveraging supervised machine learning algorithms to analyze image and video data for nearly two decades. There have been many advances, but the cost of generating expert human annotations to train new models remains extremely high. There is broad recognition both in computer and domain sciences that generating training data remains the major bottleneck when developing ML models for targeted tasks. Increasingly, computer scientists are not attempting to produce highly-optimized models from general annotation frameworks, instead focusing on adaptation strategies to tackle new data challenges. Taking inspiration from large language models, computer vision researchers are now thinking in terms of “foundation models” that can yield reasonable zero- and few-shot detection and segmentation performance with human prompting. Here we consider the utility of this approach for ocean imagery, leveraging Meta’s Segment Anything Model to enrich ocean image annotations based on existing labels. This workflow yields promising results, especially for modernizing existing data repositories. Moreover, it suggests that future human annotation efforts could use foundation models to speed progress toward a sufficient training set to address domain specific problems.
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1 Introduction


Ocean scientists have been capturing images and video to observe marine organisms for decades (Jaffe, 2014; Robison et al., 2017). The instruments that collect this visual data have become progressively more efficient with improved battery technology and the advent of digital sensors and storage. Researchers now regularly collect terabytes of images, perhaps representing 100s of thousands of observations, over a single field campaign (Bell et al., 2022). The sheer amount of raw data precludes fully manual annotation and has inspired marine scientists to invest time and effort into automating the process.


Marine scientists have leveraged recent advances in supervised machine learning (ML) models, training and deploying a neural network or vision transformer architecture. These tools learn a feature space directly from a set of annotated image or video data, obviating the need for hand-engineered features tailored to a particular data set. Scientists iteratively tune a model until it achieves acceptable performance on an independent validation set and then deploy it to process new data collected in the field. Crucially, this entire process relies on expertly annotated data to ensure that the model learns a robust mapping between the input images and the desired output concepts.


Creating a high-quality, taxonomically-correct set of labeled data for training ML models remains an extremely time-consuming task (Van Horn et al., 2015). Highly-trained annotators must spend 100s of hours examining images and footage to identify a sufficient number of animals to appropriately tune modern models (Hughes et al., 2018). The degree of difficulty, and hence number of necessary human hours, for these annotation tasks increases significantly when experts must also localize objects with bounding boxes, polygons, or segmentation masks (Katija et al., 2022). Unfortunately, this is typically an open-ended process: most supervised models fail when applied to data collected in new regions with different equipment, thus requiring continuing manual annotation efforts as scientists seek to work in new regions or with different tools (Beery et al., 2018; Orenstein et al., 2020).


These challenges are not unique to oceanographic or marine biological applications of ML. Computer scientists are increasingly looking to develop methods to adapt models to new data distributions, often with the explicit inclusion of humans in the workflow. This type of approach is common in Natural Language Processing where researchers have embraced the development of “foundation models,” any large model trained on a large corpus of annotated data that generalizes well to new tasks (Bommasani et al., 2021). The strong performance in few- and zero-shot scenarios—situations where limited or no training data is available—is often achieved via prompt engineering, where humans interact with the model to generate a valid response to the task at hand. Computer vision researchers are now developing foundation models for image annotation tasks like object detection and segmentation. The goal is to produce trained models that are general enough to yield useful output based on a simpler, human-generated prompt (e.g. a point, bounding box, or text description) that specifies what to localize in an image. The resulting localized data can then be used to fine-tune a model for a downstream, domain-specific task.


The utility of foundation models for ocean imaging is manifest; they could be leveraged to speed a human annotator’s first pass through a dataset or to enrich existing annotations. In this paper, we present and analyze the output of Meta AI’s Segment Anything Model (SAM; Kirillov et al., 2023) on four ocean-specific dataset enrichment tasks: (1) selecting regions from point annotations on images collected from a tow sled running transects around Antarctica (Jansen et al., 2023); (2) converting point annotations to bounding boxes on images from the Station M abyssal monitoring station (Smith and Druffel, 1998); (3) returning segmentation masks from a set of bounding boxes of fish in images collected at a cabled observatory 4-km off the coast of Spain (Francescangeli et al., 2023); and (4) creating segmentation masks from bounding boxes around the inner filters of larvaceans in images drawn from FathomNet (Katija et al., 2022). These datasets represent diverse habitats, sampling methodologies, and target organisms. In all cases, SAM is not attempting to output a taxonomic label. Instead, the model attempts to create a localization—drawing either a box or outline—around an object based on a point selected by a human. While we are programmatically feeding SAM pre-existing annotations, the prompts could equivalently be interactively supplied by a human annotator.


We underscore that these results are an early exploration of an extremely powerful new tool. Our work should be viewed as an engineering test, an attempt to understand how to apply foundation models to assist human annotators in a principled and clear-eyed manner. These results should be taken as illustrative rather than conclusive; there are many remaining avenues to explore and challenges to address. With that caveat, we believe our results are compelling enough to suggest that foundation models should quickly become a standard part of expert human annotation workflows for marine visual data.





1.1 Related work


Foundation models can be thought of as a human-AI system that attempts to alleviate some of the annotation burden for human experts. The body of work is akin to human-in-the-loop systems used to speed manual classification of imagery by leveraging model output to presort data or ask annotators guiding questions. In the question setting, the computer selects maximally informative questions to ask users based on the image itself and the annotators’ previous responses (Branson et al., 2010). This technique has been used effectively for fine grained classification, especially of birds (Wah et al., 2011). More recently, representation models have been trained to presort image data ecological studies. The MegaDetector is a general purpose terrestrial object detector that finds animals in camera trap data but does not ascribe a label, effectively removing empty frames from a raw dataset (Norouzzadeh et al., 2021). The MAIA method was developed specifically for marine imagery and uses a series of unsupervised and semi-supervised steps to bootstrap annotations in a new dataset (Zurowietz et al., 2018). The goal of these systems is to pre-filter data automatically for human verification and, eventually, training of a dataset-specific model (Russakovsky et al., 2015).


Foundation models can be used in an identical manner, generating region proposals automatically for expert review, but have the additional capability of operating directly with a human-in-the-loop. Instead of asking users questions or prefiltering data, foundation models ingest direct human input to parse a generic feature representation of a given image. While technologically different, the approaches are conceptually similar: get a human to help the machine interpret an image with minimal effort. SAM in particular has shown promise for domain science applications like drone-based remote sensing for detecting aquaculture infrastructure (Ren et al., 2023). Janowski and Wróblewski (2024) applied SAM to analyze a diversity of seabed data collected by several sampling systems. The pipeline they articulate uses SAM without human prompting and is targeting bathymetric features along the seabed. We believe our work is the first to measure SAM’s performance on marine biological images based on human prompts.


The methods described in this paper belong to the broad field of computer vision. We rely on technical terms throughout the paper and have attempted to describe them as concisely as possible in the main paper. We have provided a glossary in 
Supplementary Table S1
 as a quick reference for terms that show up throughout the text. We also point readers to excellent primers on computer vision for animal ecology by Weinstein (2018) and a more specific treatment for marine biology in Belcher et al. (2023).







2 Methods





2.1 Segment Anything Model


The Segment Anything Model (SAM) is an image segmentation foundation model, a system that is trained on a broad corpus of annotated images so it can easily generalize to new scenarios (Kirillov et al., 2023). Importantly, SAM was designed to be applied to a range of downstream tasks using prompt engineering, explicitly meant to function in zero- and few-shot environments with human input. SAM was trained on SA-1B, an enormous dataset of 1 billion segmentation masks drawn from 11 million images. The scale of SA-1B dwarfs previous libraries of segmentation masks, with approximately 400x more masks than previously released datasets (Kirillov et al., 2023). The dataset is composed of high resolution images of everyday objects, collected around the world, taken with a variety of cameras, and licensed from a third party photo provider. There are some images of marine organisms in this data, but none collected underwater nor drawn from scientific datasets.


The SAM framework consists of a Vision Transformer model used as an image encoder, a prompt encoder that maps inputs to an embedding space, and a decoder that combines image and prompt embeddings to generate output masks. The developers tested SAM’s zero-shot performance with point prompts on 23 datasets covering a range of domains, including two underwater image datasets: Northumberland Dolphin Dataset (NDD20), a set of DSLR and GoPro images, and TrashCan, a subset of the JAMSTEC Deep-sea Debris Database of ROV video data (Trotter et al., 2020; Hong et al., 2020). NDD20 segmentation masks are annotated both at the coarse level of ‘dolphin’ and identified as individuals. TrashCan images are labeled with 7 morphotaxonomic classes and 8 types of human detritus found on the sea floor. SAM produced reasonable masks on both of these datasets as measured by both Intersection over Union and a qualitative survey distributed to annotators (Kirillov et al., 2023).






2.2 Deployment


We deployed SAM with the ViT-L backbone trained on the SB-1 dataset
1
 the first release of the model (Kirillov et al., 2023). We used the model as-is, with no hyperparameter tweaking or fine tuning. We wrote a wrapper function to feed SAM prompts in a standard format and retrieve region proposals to simulate a human annotator interacting with SAM. This workflow was devised to make use of existing human annotations and assess what SAMs output might be should those annotations have been done with a foundation model.


We deployed SAM on a server based NVIDIA RTX A6000. All wrapper code written for this project to feed images and prompts into the model and analyze results are available on GitHub
2
. We note we are not able to make the endpoint publicly available to run new images through the model. Users will need access to their own GPU to run SAM.






2.3 Datasets


We drew data from four datasets containing a diversity of images from around the world, collected in different habitats with different approaches to target different organisms (
Table 1
). In all cases, we took a small subset from each repository, selected by a random number generator. Our team did not create any new human annotations for prompting; we adhere to the taxonomies and labeling schemes used by the original data annotators.



Table 1 | 
Summary of datasets considered.





	Dataset

	Region

	Habitat

	Method

	Classes

	Prompts

	Type

	Evaluation metrics






	AS-AID
	Antarctic
	benthic
	towed array
	26
	165
	points
	dist.



	Station M
	CA Current
	benthic
	camera trap
	1
	355
	points
	dist., IoU



	OBSEA
	Medit.
	benthic
	camera trap
	11
	117
	boxes
	dist., IoU



	FathomNet
	CA Current
	midwater
	ROV
	1
	60
	boxes
	dist., IoU







Twenty five randomly selected images were drawn from each one and existing human annotations were used to prompt the Segment Anything Model. Since different types of annotations were available for each dataset, the output was measured with a suite of evaluation metrics. A qualitative survey of output quality was distributed to a domain expert for each set of images.







2.3.1 The Antarctic Seafloor Annotated Imagery Database


The Antarctic Seafloor Annotated Image Database (AS-AID) is a set of images collected from downward facing camera on a tow sled in the waters around Antarctica between 1985 and 2019 (Jansen et al., 2023). The dataset represents 80 classes of animals and substrate collected in diverse high latitude habitats. Domain experts used a point-grid annotation scheme to estimate percent coverage of substrates and organisms. Grid sampling is an approach for making relatively unbiased population estimates in a spatial region within some uncertainty bound. For image-based sampling, the dimensions of the sample grid are determined by the image size and the desired sampling statistics (Perkins et al., 2016). The ASAID annotators overlaid a 9 x 12 grid of points and identified the substrate or organism found at that single pixel for a total of 108 point annotations of animals and objects in each frame. The team used the CoralNet web-based GUI and its label suggestion function to do their manual labeling (Chen et al., 2021). All organism labels were based on the Collaborative and Annotation Tools for Analysis of Marine Imagery (CATAMI) hierarchical classification scheme (Althaus et al., 2015). In the current work, we ignore substrate labels and focus only on organism point annotations for prompting SAM.






2.3.2 Station M benthic camera trap


Station M is an abyssal monitoring station established in 1989 off the coast of Central California to study seafloor processes over time and better quantify energetic relationships between the surface and the benthos (Smith and Druffel, 1998; Sherman and Smith, 2009). Images are taken every hour, and a subsample has been point annotated in MBARI’s Video Annotation and Reference System (VARS) for 15 classes by a team of experts in the regional benthic fauna (Schlining and Stout, 2006). The taxonomic names adhere to the World Register of Marine Species (WoRMS) knowledge database (Horton et al., 2021). We focused on the jellyfish Benthocodon spp., one of the most common organisms at Station M, for the purposes of the current work. The point annotations for Benthocodon spp. in each subsampled image were used to prompt SAM. For the purpose of evaluation for the current work, a human expert from the MBARI Video Lab made bounding box annotations around the previously identified points.






2.3.3 OBSEA Image Dataset


The Seafloor Observatory (OBSEA) Image Dataset is an annotated subsample of image data collected by a cabled video-platform deployed in a marine protected area 4 km off the coast of Barcelona, Spain (Francescangeli et al., 2023). Images were collected every 30 minutes over a two year period from 2013 to 2015 with a camera observing an artificial reef structure at about 20 m depth. Two different cameras were used over the course of the deployment and images were JPEG compressed for storage. The OBSEA research team built a custom python-based annotation tool to draw bounding boxes oriented along the major axis of target fish (Marini, 2022). The classification adhered to the FishBase hierarchy and included an “unknown” category for out of focus targets (Froese and Pauly, 2000). Since the OBSEA data was originally annotated with bounding boxes, we use those localizations rather than points to prompt SAM to generate segmentation masks. The boxes were rotated to align with the image axes for the purpose of these experiments.






2.3.4 FathomNet imagery


FathomNet is a global image database that hosts human-verified annotated marine images, collected in all marine habitats, from the surface to the benthos and the coast to the open ocean (Katija et al., 2022). We selected annotated images of Bathochordaeus mcnutti, a species of filter feeding larvacean found in the midwater, from the broader FathomNet repository (Sherlock et al., 2017; Katija et al., 2017). These images often had multiple bounding box localizations per individual highlighting the animal itself, the inner filter, and outer filter where present. The midwater habitat and the shapes of the filters are very unlike anything originally used to train SAM. The annotations were made with the VARS-Localize interface according to WoRMS accepted taxonomic designations (Barnard, 2020; Horton et al., 2021). For the purposes of our tests, we selected images collected from 2018 to 2024 and prompted SAM with just localizations of the inner filter.







2.4 Evaluation


Bounding boxes and masks suggested by SAM were evaluated with three metrics. Intersection over Union (IoU) and Euclidean distance measurements are fairly standard in image processing and computer vision. A qualitative survey, akin to the one distributed by the SAM authors, was given to our expert human annotators.





2.4.1 Intersection over Union


Intersection over Union (IoU) is the ratio between the area correctly identified by the computer and the total number of pixels between the proposal and the ground truth:
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where A is the region proposed by SAM and B is the ground truth localization. A ∩ B is the number of pixels shared between the regions and A∪B is the total number of pixels in both. IoU is bounded between 0 and 1, with IoU = 0 indicating the regions are entirely disjoint and IoU = 1 indicating they are perfectly aligned (Rezatofighi et al., 2019). IoU was computed between each proposal and ground truth annotation. These values are subsequently averaged to yield a score for a collection of images.



IoU was used to evaluate the output on the Station M, OBSEA, and FatomNet datasets (Equation 1). The images from AS-AID only have point annotations and thus IoU cannot be computed for those proposals.






2.4.2 Distance


The Euclidean distance was computed between the ground truth point annotation or center of the human localized bounding box and the center of the bounding box output by SAM:
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where the point (x
1
,y
1) represents the ground truth point annotation or center of the bounding box. (x
2
,y
2) is the center of the bounding box proposed by SAM. The SAM output for each dataset was evaluated with dist (Equation 2).








3 Results





3.1 AS-AID


After removing substrate labels, SAM was prompted with 414 annotated points from 25 randomly selected images in the AS-AID dataset and returned bounding boxes and segmentation masks (
Figures 1a
, 
2a
). The foundation model output was filtered by an area threshold of one million pixels to remove localizations that were larger than a third of the full frame image, removing 121 proposals for a return rate of ∼70%. After filtering by region area, the average distance between the SAM bounding box proposals and the original annotation point was 66.0 pixels (
Figure 1b
). The mean distance is larger than the other datasets considered in this work.


[image: Two-panel image. Panel (a) shows an underwater scene with identification markers, using orange boxes and green points to highlight specific areas. Panel (b) is a histogram displaying data on Euclidean distance in pixels, with counts on the vertical axis. Most counts fall within zero to one hundred pixels, decreasing significantly beyond this range.]
Figure 1 | 
SAM performance on AS-AID image data. The model was prompted with points annotated by grid sampling. For all plots, clearly incorrect region proposals have been removed based on the empirical area threshold. (a) SAM region proposals are plotted in orange with the output bounding boxes and their respective center points. Green circles are the original point annotations. (b) The distribution of Euclidean distance in pixels between the center point of the SAM region proposals and the original point annotations after removing obvious incorrect, large proposals.




[image: Four underwater images showcase different scenes with outlined shapes. A) Dense seabed covered with marine life, outlined in various colors. B) Sparse seafloor with small outlined boxes. C) Submerged structure with fish, highlighted with rectangles. D) Floating transparent organism, outlined for emphasis.]
Figure 2 | 
SAM segmentation masks on all four datasets. The model was prompted with points or bounding boxes as described in Section 2.2. The output was filtered as described in Section 3. In all figures, the green boxes and points represent ground truth annotations while orange outlines are SAM segmentation mask proposals. (a) AS-AID. (b) Station-M. (c) OBSEA. (d) FathomNet.








3.2 Station M


SAM was prompted with 335 ground truth point annotations and returned bounding boxes and segmentation masks (
Figures 2b
, 
3
). The output was thresholded by area to retain region proposals with an area of less than one million pixels squared. The threshold was chosen based on the size of the original images (2256 x 1504) and set to exclude any bounding boxes larger than a third of the entire image area. This threshold was chosen empirically by observing the outputs and filtering out localizations over a given size.


[image: Underwater scene with marked objects and two histograms. Image a shows a seabed with colored squares highlighting objects. Chart b displays counts of Euclidean distances, with most values near zero. Chart c displays counts for intersection over union values, peaking around 0.5.]
Figure 3 | 
SAM performance on image data collected at Station M. The SAM model was prompted with point annotations created by human expert annotators. For all plots, clearly incorrect region proposals have already been removed based on the empirical area threshold. (a) SAM region proposals are plotted in orange with both the output bounding boxes and center points. Green circles are the original point annotations. Blue boxes are the ground truth regions made by a human expert for this project. Note that there are instances where the human expert drew boxes where the original human annotator did not indicate a jellyfish Benthocodon spp. (b) The distribution of Euclidean distance in pixels between the center point of the SAM region proposals and the original point annotations. (c) The distribution of Intersection over Union scores between the human expert’s bounding boxes and the SAM proposals. Note that no comparison was made between the new regions identified by the human if there is not a corresponding point label.




After applying the area threshold, SAM returned 284 region proposals from 335 original prompts, a return rate of approximately 85%. SAM typically missed low contrast examples of Benthodocon sp. in the far-field (approximately the upper third of images) and sometimes returned localizations that included shadows cast by the camera’s strobes (
Figure 3a
). The average Euclidean distance between the original point annotations and the center of the SAM bounding boxes proposals was approximately 15 pixels (
Figure 3b
). The average IoU between the human generated bounding boxes and the SAM proposals was 0.42 (
Figure 3c
).






3.3 OBSEA


The 25 image subset of the OBSEA dataset contained 117 bounding box labels. SAM was prompted with the manually drawn boxes and returned both bounding boxes and segmentation masks (
Figures 2c
, 
4a
). No area threshold was applied since SAM did not return any obviously incorrect region proposals with an area close to the frame size. The average distance between the center of the manually drawn bounding boxes was 6.3 pixels (
Figure 4b
). The average IoU between the groundtruth and SAM proposals was 0.39 (
Figure 4c
). The relatively low IoU was a function of the rectified groundtruth localizations; aligning the boxes to the x-axis rather than the major axis of an individual fish clipped off extremities.


[image: Underwater scene showing a sunken structure with multiple yellow boxes highlighting objects. Two bar graphs depict data: one shows Euclidean distance in pixels with varying counts, and the other shows Intersection over Union with a range of counts, both labeled with axes.]
Figure 4 | 
SAM performance on OBSEA imagery. The SAM model was prompted with bounding boxes created by human expert annotators. (a) SAM region proposals are plotted in orange with both the output bounding boxes and center points. Green boxes are the original human annotations and the green circles are the box centers. (b) The distribution of Euclidean distance in pixels between the center point of the SAM bounding box proposals and the center of the human made bounding boxes. (c) The distribution of Intersection over Union scores computed from the overlap between the human ground truth and SAM region proposals.








3.4 FathomNet


The 60 image subset of FathomNet data contained 60 bounding box ground truth labels of the inner filter of Bathochordaeus mcnutti. SAM returned both bounding boxes and segmentation masks based on the manually drawn input localizations (
Figures 2d
, 
5a
). Again, SAM did not return any obviously incorrect region proposals and did not require filtering. The average distance between the centers of the region proposals and ground truth bounding boxes was 5.9 pixels (
Figure 5b
). The mean IoU between the proposals and human generated boxes was 0.88 (
Figure 5c
).


[image: Image divided into three panels. Panel (a) shows an underwater scene with lines highlighting an object. Panels (b) and (c) display bar charts. Panel (b) depicts counts versus Euclidean distance in pixels, showing a high frequency at lower distances. Panel (c) shows counts versus intersection over union, with a concentration near the value one.]
Figure 5 | 
SAM performance on FathomNet imagery of Bathochordaeus mcnutti. The SAM model was prompted with bounding boxes drawn around the inner filter by human expert annotators. (a) The SAM region proposal is plotted in orange and the original human annotation is shown in green. The dots represent the centers of the bounding boxes. (b) The distribution of Euclidean distance in pixels between the center points of the SAM proposals and the ground truth bounding boxes. (c) The distribution of Intersection over Union scores between the human ground truth and SAM region proposals.









4 Discussion


In this paper, we experimented with Meta AI’s Segment Anything Model on four ocean-specific dataset enrichment tasks, testing its ability to return localizations from minimal human prompts. While the model was not perfect, it often produced reasonable bounding box and segmentation proposals from a given point or bounding box prompt as compared to localizations created by human experts. SAM had several important, dataset-dependent failure modes. When it struggled, the errors frequently manifested as boxes or masks with areas close to that of the full frame image. Such obviously incorrect localizations are easy to filter with an empirical area threshold. There are, however, patterns to these errors that give clues as to how foundation models might be most effectively used for enrichment of historic datasets and future annotation assistance.


The AS-AID imagery was the most challenging for SAM to work with. These point annotations were collected from an overhead perspective that is not well represented in the SAM training data. Moreover, the habitat represented in AS-AID is biologically diverse, including animals with complex morphologies imaged over variable substrate. 30% of the prompts caused SAM to return erroneous segmentations over the empirical size threshold. Organisms that are closely grouped in space were often segmented as a single animal. Likewise, since the prompts were from a gridded human annotation workflow, the points were not always on or near the centroid of the target. The model would then sometimes return the negative space formed by a coral branch or between the limbs of an echinoderm. The most egregious errors are easy to filter out with an area threshold, but many failures are difficult to spot with high level metrics and must be corrected by a human operator. Given SAM’s performance on the AS-AID data, the model might be most effective for annotation enrichment when used to target particular organisms like worms, sponges, echinoderms, and certain kinds of bryozoans that occur on their own rather than in colonies. Further experiments are needed to assess SAM’s reliability when prompted manually with points closer to the center of each object.


SAM was able to reliably produce quality proposals from point annotations in the fore- and middle-ground of Station M camera trap images. The model struggled with small objects far from the camera trap and animals with heavy shadows from the strobes. In the first case, SAM would missegment and return a localization above the empirical area threshold. This seems to be a consistent issue with small, relatively low contrast objects – they blend into the background, obscuring edges and making segmentation difficult. In these experiments, about 15% of all annotations returned incorrect localizations on the scale of the entire image. Benthocodon sp. nearer the camera often appeared with bold shadows on both sides, an effect of the strobes. Because Station M is on sandy substrate, these shadows manifest as dark regions on a light background, leading SAM to return horizontally elongated region proposals that include the animal and both shadows. The wide region proposals drove the lower IoU scores relative to the output from the other datasets. This type of error is not easy to filter by simple thresholding and suggests that size estimates from SAM-derived proposals might be suspect without further inspection.


SAM yielded qualitatively excellent results on the OBSEA dataset, returning bounding boxes that included the entire animal and segmentation masks that adhered tightly to the outline of the target fish. The high quality results from SAM are perhaps a function of fish-like objects being present in the original training set. Indeed, the SAM developers reported high zero-shot results on the NDD20 dolphin dataset. SAM occasionally missed heavily shadowed portions of targets in the OBSEA data, losing tails and fins. These are again subtle errors that are difficult to filter with simple thresholds. Fortunately, the errors are rare for the OBSEA data and would mostly affect size estimates from the SAM output.


The model did well with the Bathochordaeus mcnutti data drawn from FathomNet. The bounding boxes were typically tight with the inner filter and aligned well with the ground truth. Segmentation masks likewise were tight to object outline, though tended to include the larvacean itself and occasionally cut off small edges of the filter. While the morphology of the larvacean is quite distinct from the objects used to train SAM, the animal and filter present as light pixels on a dark background; SAM functioned as a very effective edge detector. These results indicate that a foundation model might help annotators quickly create masks and boxes with several clicks. The output would be sufficient for training certain types of AI models, but perhaps not immediately usable for filter volume estimates.


Across the four datasets, SAM was most successful on images in the midwater. The relatively simple, uniform background was easy for the model to parse even when the target morphology (like the larvacean) was different from most of SAM’s training data. The model likewise did well with fish, a concept and morphology it is familiar with from its training data. Both of the tested benthic environments caused distinct issues for SAM. The complexities of the organisms, the variability of the substrate, and distinctive overhead angle in AS-AID caused missegmentations in many cases. The angle and illumination of the Station-M camera system caused shadows and resulted in many far field, small targets that resulted in erroneous localizations from SAM.


While there are many important caveats, SAM’s output in these tests is promising. One should not assume it will work out-of-the-box in all cases, but can anticipate using it to help human annotators do their job more efficiently Awais et al. (2025). With the right user interface, a user could feed SAM unannotated marine image data and prompts to generate region proposals Crosby et al. (2023); Zurowietz et al. (2019). The annotator can then accept or adjust the proposals to get an accurate bounding box or segmentation mask. This workflow will initially be most effective in sparse environments, like midwater image data where object edges are easier to detect, or when asked to find targets like fish that the model is likely already familiar with. Eventually SAM, and other foundation models, will be better able to handle data from complex marine environments with additional human feedback and marine-specific annotations Zhao et al. (2025).






5 Conclusion


The results on these four very different marine image datasets suggests that SAM, and other foundation models, have potential for assisting human experts when creating localized annotations. While SAM’s zero-shot results are very impressive in this domain case study, they are not good enough to be trusted in a fully operational manner; human experts should be prepared to check any data enrichment outputs and manipulate region proposals generated with direct user input. Researchers should exercise caution when attempting to apply the system as-is and spend time determining which organisms, deployment strategies, or regions might effectively leverage the model’s strengths.


There is lots of potential for further studies and calibration of foundation model performance for marine applications. We reiterate our study is best viewed as preliminary. Larger, more comprehensive studies are needed to properly establish efficacy and efficiency, both for annotator assistance and full automated deployment. Future work might include, for example: evaluating the potential of other available foundation models for segmentation; comparing foundation model output directly against a bespoke segmentation model trained directly on the target data distribution; determining foundation model efficacy in noise environments and establishing abilities on old, lower resolution marine image data; execute a humancomputer interactions study to measure the efficiency gains realized when an expert human works with a foundation model to generate new annotations Siriborvornratanakul (2024). We note that executing such projects requires access to enormous annotated datasets, larger than the ones we used for this study. Indeed, the most effective solution may eventually be training of a foundation model specifically for marine images Zhao et al. (2025).


If properly applied, SAM and other foundation models could be very effective for enriching previously annotated image datasets like we did in this study. Such models could also be helpful in a fully interactive manner for new annotations. The output of foundation models will certainly improve with fine-tuning after an appropriately large number of expert-annotated ocean imagery has been collected. Likewise, fully automated models, foundation or otherwise, will continue to require expert-annotated, domain-specific imagery. But existing generic foundation models can already help speed marine scientists toward such bespoke models.
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Footnotes



1 sam_vit_l_0b3195.pth available at: https://dl.fbaipublicfiles.com/segment_anything/sam_vit_l_0b3195.pth

2 https://github.com/bioinspirlab/deepsea-sam-experiments.git
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