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Abstract— Autonomous underwater vehicles (AUVs) are in-
creasingly used to survey coral reefs, yet efficiently locating
specific coral species of interest remains difficult: target species
are often sparsely distributed across the reef, and an AUV
with limited battery life cannot afford to search everywhere.
When detections of the target itself are too sparse to provide
directional guidance, the robot benefits from an additional
signal to decide where to look next. We propose using the visual
environmental context – the habitat features that tend to co-
occur with a target species – as that signal. Because context
features are spatially denser and often vary more smoothly
than target detections, we hypothesize that a reward function
targeted at broader environmental context will enable adaptive
planners to make better decisions on where to go next, even in
regions where no target has yet been observed. Starting from
a single labeled image, our method uses patch-level DINOv2
embeddings to perform one-shot detections of both the target
species and its surrounding context online. We validate our
approach using real imagery collected by an AUV at two reef
sites in St. John, U.S. Virgin Islands, simulating the robot’s
motion offline. Our results demonstrate that one-shot detection
combined with adaptive context modeling enables efficient
autonomous surveying, sampling up to 75% of the target in
roughly half the time required by exhaustive coverage when
the target is sparsely distributed, and outperforming search
strategies that only use target detections.

I. INTRODUCTION

Coral reefs are ecologically critical ecosystems that sup-
port a large range of biodiversity, and monitoring these
ecosystems is essential for understanding their health and
informing conservation efforts. A key scientific task is to
capture images of as many instances as possible of a target
coral species, enabling researchers to study the distributions,
abundances, and overall health of that species.

Surveying reefs manually with divers or teleoperated ve-
hicles is resource intensive and limited in spatial coverage.
Autonomous underwater vehicles (AUVs) offer a scalable
alternative to manual diver surveys, but traditional fixed-
pattern surveys such as ”lawnmower” patterns do not adapt
to the distribution of a target species, often resulting in sub-
optimal sampling efficiency. Adaptive surveying approaches
that tailor AUV search behavior to individual reef site charac-
teristics and different target species distributions can improve
AUV efficiency, collecting larger numbers of scientifically
valuable samples.

However, adaptive surveying of specific species on coral
reefs poses a fundamental challenge. Target coral species are
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(a) Target Species (b) Environment Context

Fig. 1: Example of the AUV surveying for one of the
three coral species used to evaluate our approach (depicted
above). Two same-length robot trajectories (blue squares)
generated by (a) following target species detections vs. (b)
environment context detections. The heatmap of environment
context detections (b) guides the robot towards regions with t
arget species even in areas where the target species heatmap
(a) contains no information and forces random exploration.

often sparsely distributed across a reef: even with a reliable
detector, positive detections are rare and scattered, providing
the robot with no directional signal for where to find more of
the target. Without additional guidance, the robot must fall
back on random actions, wasting limited battery life over
large regions where the target is absent (Figure 1).

This search problem can be formalized as computing
a distribution Q = p(c |x), where c is the target coral
class and x denotes spatial coordinates. Given a robot path
R = x1, . . . ,xN , we can estimate p(c |x) from collected
observations. The straightforward approach is to choose R
as a coverage path, but this is slow. A greedy approach that
selects waypoints to maximize p(c |x) directly fails when
the target coral distribution is patchy and sparse, leaving the
robot with no gradient to follow between isolated detections.
If the robot can detect environmental context alongside the
target itself, it gains a spatially broader exploration signal
that provides directional guidance even in regions where no
target has yet been observed (Figure 1).

We hypothesize that different coral species occupy distinct
environmental sub-niches within a reef at spatial scales of
meters to tens of meters. We refer to these co-occurring
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habitat features as the species’ environmental context, and
we propose that R can be improved by modeling this en-
vironmental context E such that p(c |x) ∝ p(c |E)p(E |x),
and then greedily computing R to maximize p(E |x). While
a target species may be sparse, the broader habitat in which
it occurs — substrate textures, neighboring organisms, and
reef structures that tend to surround it — is typically denser
and varies more smoothly across the reef.

We operationalize detections using patch-level feature
embeddings from DINOv2 [1], a self-supervised visual foun-
dation model. While off-the-shelf segmentation models are
rapidly advancing [2], [3], [4], we found empirically that they
often do not reliably detect the full range of coral species
considered in this work, particularly smaller species in vi-
sually complex reef environments. Feature correspondences
in the DINOv2 embedding space enable one-shot detection
of these species from a single labeled image, without any
retraining. To characterize environmental context, we sample
non-target features that co-occur with the target and maintain
them in an online buffer that adapts as the robot explores
new areas of the reef. Our entire approach is one-shot: only
a single target image needs to be labeled by selecting a few
patches corresponding to the target coral species.

We evaluate this framework by simulating robot trajecto-
ries using real reef imagery by an AUV at two sites in St.
John, USVI, showing that environment context-guided explo-
ration consistently improves survey performance across both
sites and three biologically different coral species (Figure 1).

The main contributions of this paper are:
• Demonstration of one-shot detections of three diverse

coral species across two reef sites on real AUV
imagery collected in St. John, USVI.

• A method for online characterization of the visual
environment context of a target coral species that
enables more efficient target-conditioned surveying.

II. METHOD

We consider the problem of target-conditioned surveying
in coral reef environments, where the objective is to maxi-
mize the number of observations of a specified target coral
species within a fixed time horizon. The survey platform is an
AUV equipped with a downward-facing camera, operating at
an approximately fixed altitude above the reef and collecting
image observations as it traverses the site. The environment
is treated as approximately planar, allowing the AUV’s tra-
jectory to be restricted to a two-dimensional survey domain.
At each step, the vehicle must decide where to move next
given the current image observation in order to maximize its
cumulative reward, defined as the number of target species
detections collected within the available mission time.

For an operator deploying our methodology, the workflow
proceeds as follows: an AUV is deployed at a site of interest
and teleoperated until the operator identifies a target species.
The operator then labels a handful of image patches cor-
responding to the target (Figure 2). These patches initialize
the one-shot detector, while the environment context model is
simultaneously initialized from randomly sampled non-target

patches in the same image. The vehicle then transitions to
autonomous operation, detecting new target instances, updat-
ing its context model online, and using both signals to guide
exploration. Our approach consists of three components: (1)
one-shot detection of target coral species, (2) image-level
scoring of species presence, and (3) environment context
detection.

A. One-Shot Detector

We first aim to detect candidate patches in an unlabeled
survey image that correspond to a given target species, given
a single labeled image. Formally, given an input image
I ∈ RH×W×3, DINOv2 partitions the image into non-
overlapping consecutive patches of size P × P pixels to
obtain the set,

P(I) = {p1, p2, . . . , pN}, N =
H

P
× W

P
. (1)

Each image is center-cropped such that H = W = 518,
and P = 14 (default input resolution and patch size for
the DINOv2 ViT base model) such that |P(I)| = 1369.
After the image is partitioned into patches P(I), these
patches are passed through a pretrained DINOv2 vision
transformer fθ(·), which outputs a set X (I) of d-dimensional
embeddings corresponding to the feature embeddings for
each patch pi,
X (I) = fθ(P(I)) = {x1, x2, . . . , xN}, xi ∈ Rd. (2)

To perform detection for a target class c, we assume the
existence of a single target image Iq , from which a set of M
target feature embeddings Qc ⊂ X (Iq) are generated from
target patches,

Qc = {q1, q2, . . . , qM}, qj = fθ(pj) ∈ Rd. (3)

Practically, a human operator selects these features by
clicking on a few patches in the target image that correspond
to the target coral species of interest. For each new candidate
image patch embedding xi = fθ(pi) and each target feature
embedding qj , we compute the cosine similarity,

si,j =
⟨xi, qj⟩
∥xi∥ ∥qj∥

. (4)

We define the correspondence score of patch pi with
class c as the maximum similarity across target feature
embeddings,

Sc
i = max

j
si,j . (5)

To eliminate weak correspondences, we threshold these
scores,

S̃c
i =

{
Sc
i if Sc

i ≥ σc.

0 otherwise.
(6)

Thresholds were selected by inspecting cosine similarity
distributions on held-out images from the first reef site and
held fixed for all subsequent experiments. A target threshold
of σc = 0.3 eliminates noisy detections, while a context
threshold of σc = 0.1 admits a broad range of features
without including weak correspondences. Finally, to ensure
that each patch is assigned at most one class (to eventually
avoid conflating the environment context with the target), we
apply a tiebreaking rule, assigning each patch to the class

9976



(a) Target Image (b) Candidate Image (c) Class Detections

Fig. 2: Given selected patches from a target image (a), a candidate image (b) can be labeled with class assignments computed
from patch-level correspondences (c). Red circles mark a target species (Gorgonia ventalina), and randomly sampled blue
circles characterize the initial environment context model for this species. Patch-level class assignments (c) show that our
approach detects the target coral species (red patches) and surrounding environment context (blue patches).

with the maximum nonzero score,
ĉi = argmax

c
S̃c
i , Ŝi = max

c
S̃c
i . (7)

B. Image-Level Scoring

While our patch-level detection produces per-patch corre-
spondences, our goal is to obtain an image-level score that
reflects the strength of presence for a target species. Since
patches may only partially cover object contours and are
not guaranteed to align precisely with species instances, we
adopt a heuristic that counts the number of patches per-image
assigned to each class. For a target class c, we define the
image-level score as the sum of the number of patches in
that image that match a target patch,

Φc(I) =

N∑
i=1

1[ĉi = c]. (8)

The patch-counting heuristic provides a proxy for species
abundance and coverage within the image. While segmenta-
tion would yield precise instance masks, patch-level features
are coarse and this approach provides a robust, empirically
validated estimate. The assumption that the AUV maintains
a roughly constant altitude ensures that Φc(I) correlates with
the actual spatial coverage of the target species.

C. Environment Context

Beyond detecting target species, we can also characterize
the visual environmental context of the target, under the
assumption that certain visual features tend to co-occur
spatially with each species. Because the target coral species
is sparse, individual positive or negative detections from an
image rarely provide clear guidance on which direction to
move next. In contrast, the environmental context signal is
typically denser across an image, offering a spatially denser
signal that suggests promising directions of exploration. The
planner leverages this signal to guide movement in ways
that preserve or increase exposure to relevant environmental
context.

For a target class c, we define an environment context fea-
ture set Ec, which contains representative patch embeddings

not assigned to c but frequently observed in the vicinity of
class c.

To initialize Ec, we leverage the target image Iq , which is
guaranteed to contain at least one instance of the target class.
We first identify the complement set of background patches
in image Iq that do not correspond to the target class c,

Xc̄(Iq) = {xi ∈ X (Iq) | ĉi ̸= c}. (9)

From here, we randomly sample K features from this set
of non-target patches Xc̄(Iq) and insert them into a context
buffer, subject to a maximum buffer size M ,

Ec ← SampleK
(
Xc̄(Iq)

)
, |Ec| ≤M. (10)

where Iq denotes a labeled target image containing target
class c, and K and M are chosen hyperparameters. Sampling
this way ensures that Ec is initialized with background
features from regions that are spatially adjacent to true
instances of the target.

In order to capture the variance in the environment context
of a target species across an entire reef site, the context buffer
Ec is updated by adding K randomly sampled background
features from any image I that scores strongly enough for
target species presence. We find that for the size of the reef
sites considered in our evaluation (20m x 20m), catastrophic
forgetting is avoided by selecting M = 200, and K =
25. For larger sites with greater context variance, further
parameter tuning or alternative buffer update strategies may
be needed to avoid catastrophic forgetting. Specifically, for
each image I , we compute the image-level score Φc(I) (Eq.
8), and if this exceeds a user-defined threshold τc, we update
the buffer by sampling new features from Xc̄(I),

if Φc(I) ≥ τc : Ec ← FIFOM

(
Ec,SampleK(Xc̄(I))

)
, (11)

where FIFOM (·) denotes a bounded first-in, first-out queue
of maximum size M . If adding new samples would cause
Ec to exceed M , the oldest features are discarded, ensuring
that the buffer always maintains a fixed memory footprint
while adapting dynamically to new observations and poten-
tial spatial drift in the environment context. We find that
our approach generates context scores that align with target
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presence (Figure 4), and that using a context buffer that is
updated online outperforms a context buffer that is fixed at
initialization (see results).

III. EXPERIMENTAL EVALUATION

To evaluate the utility of environment context detections
in generating target-specific survey patterns, we test our
approach on real imagery collected in March 2024 by an
AUV at two 20m × 20m reef sites (Yawzi Point and Tektite)
in St. John, USVI. We evaluate our approaches ability
to survey three target coral species (Figure 1): Gorgonia
ventalina, Orbicella annularis, and Antillogorgia spp.. These
three coral species were chosen due to their visual and
biological differences. Orbicella annularis is a stony coral
that is often smaller in size than Gorgonia ventalina and
Antillogorgia spp., is attached to the sea floor (i.e., sessile),
and engages in biological processes that build stony reef
structure. Gorgonia ventalina and Antillogorgia spp. are both
soft corals that sway with seawater movement and do not
build reef structure. The variance in visual appearance for
soft species like Gorgonia ventalina and Antillogorgia spp.
makes them interesting targets for the one-shot DINOv2 de-
tector. Additionally, the fact that these corals are biologically
dissimilar means that the environment context for each of
them is likely quite different, making them good targets to
evaluate the generality of our environment context generation
approach.

Approximately 4,000 images were processed in
MetaShape [5] to construct orthomosaics of each site
(Figure 3). The orthomosaic serves not as synthetic input,
but as a spatial reference frame that positions each real
AUV image within the site. Each image is registered to the
orthomosaic using its center pixel coordinates and footprint,
allowing us to associate grid cells with the set of real images
that overlap them spatially. The alignment of the images
to a coordinate frame enables us to retrieve representative
observations for any grid cell, so that arbitrary robot
trajectories can be replayed on real reef imagery. In effect,
the orthomosaic provides the spatial scaffold for simulating
survey strategies, while ensuring that every evaluation is
grounded in actual visual data collected by the AUV.

A. Context-driven Exploration

We compare two exploration strategies: a coverage policy
and a greedy myopic policy guided by local observations.
Fixed survey patterns such as lawnmowers and straight lines
have been standard for many practitioners conducting under-
water surveys [6], [7]. In this work, the coverage baseline
(Lawnmower) is implemented as a lawnmower[8] trajectory
with row spacing equal to one grid cell width, ensuring every
cell is visited exactly once.

In contrast, the greedy myopic policy adapts its path
based on local image observations. The survey domain is
discretized into a regular grid of cells, where each 3×3
block of cells corresponds to approximately one full AUV
downward-facing camera footprint (Figure 3). At each time
step, the vehicle has access to the image crops that cover the

cell it occupies and the eight surrounding cells. The candidate
image is the image corresponding to the central grid cell
in the 3×3 grid cell region. Each of the eight surrounding
cells are scored for target species presence and environmental
context using the DINOv2-based approach described above,
and the vehicle moves to the neighboring cell with the
highest score. To encourage exploration and prevent cycling,
the score of any visited cell is zeroed upon first entry; if all
surrounding cells score zero, the vehicle selects a random
unvisited neighbor.

B. Scoring

The greedy myopic policies start from random positions
in each trial, and all policies are run for the same number
of time steps. The maximum number of timesteps corre-
sponds to the length of the full coverage lawnmower,
which visits every cell once and exhaustively samples
all of the target coral species present at the reef site.
To approximate coral colony number and size observed,
each trajectory is scored using the pixel area of ground
truth segmentation masks for each of the three target coral
species. All curves using a local greedy policy represent an
aggregated performance across 100 random trials.

C. Baselines

We compare the performance of each policy when using:
1) target detections only (Target), 2) target detections and
target environment context detections (Target + EC), and
3) target environment context detections only (EC) as an
exploration signal to select which cell to visit next.

We also compare a range of alternative exploratory signals
against our target environment context detections. While the
co-occurrence relationships of different coral species is still
an area of active research in the marine biology community,
it is generally accepted that corals tend to grow on rocky
substrata rather than bare sandy bottoms. In order to demon-
strate that our algorithmically generated notion of target
environment context does not reduce to a simple substrata
detection algorithm, we trained a segmentation model to
detect substrata. This model consists of a trained multilayer
perceptron (MLP) head on top of a frozen backbone [3].
In order to compare against a manual definition of environ-
ment context as substrata, we evaluate the performance of
a greedy myopic policy that uses substrata segmentations
only (Segmentation), and substrata segmentations and target
detections (Segmentation + Target) as an exploration signal.

IV. RESULTS AND DISCUSSION

A. Environment Context

We first evaluate the effectiveness of combining target
detections and environment context in guiding AUV surveys.
Figure 5 shows reward curves that represent the total number
of instances of the target coral sampled as a function of time.
In each plot the maximum number of timesteps corresponds
to exhaustive coverage for the coverage policy (lawnmower),
which fully samples the target species. Across both reef sites
and multiple target species, following the combined signal of
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Fig. 3: Ground truth (hand-labeled) and detected distributions for Gorgonia ventalina at Yawzi Point and Tektite reefs in St.
John, USVI. The peaks in ground truth, target species, and environment context detections align, although the environment
context distribution has planning signal that leads towards target peaks, in areas where the target distribution has none.

environment context and target detections consistently results
in better performance than all other methods, including using
target detections as an exploration signal alone. This result
emphasizes the spatial breadth of the environment context
signal: the environment context signal provides useful direc-
tional information in regions where target detections alone
provide no directional information which allows the vehicle
to make informed decisions instead of taking random actions,
and to perform better than following target detections alone.

Importantly, the greedy policy that follows the combined
signal of environment context and target detections samples
more target species substantially faster than the greedy
policies that follow all other signals. 75% of all the Gorgonia
ventalina at Yawzi Point reef is sampled in 50% less time
than the exhaustive coverage lawnmower. A fast convergence
rate is a highly desirable feature for practitioners, since
marine surveys can often be interrupted prematurely in the
field due to changing environment conditions or unforeseen
technical difficulties with the vehicle. While the sites covered
here are bounded (20m x 20m), the rapid initial target collec-
tion rate suggests a greedy policy that leverages environment
context could provide practical advantages at larger sites
where exhaustive coverage is infeasible.

These results also show that our environment context
characterized using deep visual features creates a better ex-
ploratory signal than manually defining environment context
by segmenting for substrata. Following only the environment
context performs similarly with following target detections,
whereas following only substrata segmentations underper-
forms all methods. This result suggests that our notion of
environment context aligns better with the presence of target
species than substrata segmentations.

Interestingly, the performance differences between all
methods are more pronounced for the Yawzi Point reef site
than they are for the Tektite reef site. We hypothesize that
the large performance gap at Yawzi Point is due to the
difference in the ground truth distribution of the target coral
species at each of these sites. As seen in Figure 3, the
distribution of Gorgonia ventalina at Yawzi Point reef is
much more isolated to the left side of the site, meaning
that exploration becomes crucial if starting anywhere on the
right side of the site. The distribution of the same species
at Tektite reef however, is much more uniformly spread out
across the entire reef site. As a result, regardless of where
the mission begins the AUV will already be spatially close
to target coral species, and the difference between random
exploration and exploration using environment context is
reduced. While our method generally outperforms all others
for both species at each site, it is important to note that at
the Tektite reef the coverage policy lawnmower achieves a
higher number of total instances sampled at full coverage.
While our method converges more rapidly, the multi-modal
nature of the distribution of target coral species at Tektite reef
means that the local myopic policy can easily be distracted
by local maxima, allowing the coverage policy to outperform
the greedy policy in the long run.

B. Sensitivity to Initial Target Image

We also evaluated the sensitivity of our method to the
choice of initial target image. For each species and site, we
randomly selected five images and provided target exemplars
by clicking on instances of the target within each image.
The full pipeline was then run using these initializations, and
we report reward curves in Figure 6 that show performance
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Fig. 4: Comparison of normalized target species detection
scores and target environment context detection scores across
spatial cells in both reef site orthomosaics. The positive
regression slopes indicate a consistent spatial co-occurrence
between target and context scores. While the correlation
is modest, the context signal nonetheless provides useful
directional information for the greedy policy, which only
needs to compare a small set of neighboring cells rather than
make precise abundance predictions.

aggregated over 100 random seeds for a greedy local-search
policy that follows the combined environment context and
target detections (EC + Target). While minor differences
in performance are observed — particularly at the Yawzi
Point site — overall the results indicate that our method
is largely insensitive to the specific choice of initial target
image. This robustness is important for practical deployment,
as it suggests that operators in the field need not carefully
search for an “ideal” first instance of a target coral species
in order to obtain strong survey performance.

C. Sensitivity to Online Buffer Updates

We next evaluated the role of updating the environment
context buffer online. Specifically, we compared two vari-
ants: a fixed buffer baseline (Fixed Context), where the
environment context is populated once from features sam-
pled in the initial target image and then held constant for
the duration of the survey, and a running buffer baseline
(Running Context), where the buffer is similarly initialized
but subsequently updated whenever an image exceeds the
target presence threshold. As shown in Figure 7, the perfor-
mance of the two methods is largely indistinguishable at the
Tektite site. In contrast, at Yawzi Point the running buffer
exhibits a modest but consistent advantage over the fixed
baseline. We hypothesize that this difference arises from the
degree of environmental variability: the datasets considered
here span relatively limited spatial extents (only 20m x 20m),
which reduces the potential benefit of dynamically updating
the buffer. Nonetheless, the results at Yawzi Point indicate
that even within small reef sites, meaningful variation in

species-specific environmental context exists, and that online
updating can help capture this variation to improve survey
efficiency. We expect online updating to potentially become
more important at larger sites where visual environmental
context varies more substantially, but confirming this would
require experiments at larger spatial scales. That said, the
strong performance of even the fixed buffer suggests that
a single target image captures a substantial portion of the
relevant environmental context at these spatial scales, which
is a practical advantage for deployment — the method does
not depend on extensive online learning to be effective.

V. RELATED WORK

A. Species Detection Underwater

A large body of work has explored coral detection and
segmentation for ecological surveys. Early methods relied on
classical image processing [9], while recent approaches use
deep learning for semantic segmentation and object detec-
tion [10], [11]. Large-scale efforts such as CoralNet [12],
CoralScape [3], and CoralSCOP [4] introduced extensive
labeled datasets and demonstrated the potential of supervised
learning, but these methods can be difficult to generalize
across sites with varying visual conditions. Since annotated
imagery is costly to obtain, adapting such models to new
locations or species remains challenging.

Recent advances in self-supervised learning and founda-
tion models offer a path forward through one-shot detection.
Models such as CLIP [13] and DINO/DINOv2 [14], [1] learn
transferable feature embeddings and have shown promise in
ecological applications [15], [16], [17], [18], [19]. Hamilton
et al. [20] used self-supervised features for unsupervised
segmentation, though not on underwater imagery, while
Raine et al. [21] leveraged DINOv2 features for coral species
annotation but did not explore environmental context. Here,
we demonstrate that pretrained patch-level embeddings can
enable one-shot detection of both coral species and their
associated visual contexts, using only a single labeled target
image as supervision.

B. Adaptive Surveying

Autonomous underwater surveys have traditionally relied
on methods that use prior environmental knowledge or build
maps during deployment for planning [22], [23], [24], [25].
While effective, these approaches consume valuable mis-
sion time constructing environment representations before
exploration can begin. Online surveying methods instead
allow robots to adapt directly in novel sites, maximizing
observation time. Girdhar et al. [26] introduced the Realtime
Online Spatiotemporal Topic (ROST) framework, enabling
robots to learn environmental features and adapt strategies on
the fly, which has been applied to reef monitoring. However,
such frameworks focus on general exploration rather than
species-specific objectives.

Goal-conditioned approaches introduced by Karapetyan
et al. [27], [28], Manderson et al. [29], Todd et al. [30],
and Jamieson et al. [31] adapt robot behavior for targeted
exploration. Karapetyan et al. rely on trained segmentation
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Fig. 5: Percent of all possible targets sampled against normalized time steps for different surveying policies (exhaustive
lawnmower and greedy local search) for each target coral species at both reef sites. Shaded regions denote ±1 standard
deviation across 100 random seed trials of the greedy policy. At full coverage for each site (Time = 100), the lawnmower
samples 100% of the target. Our method significantly outperforms a naive lawnmower pattern, sampling 75% of the target
vs. 10% at Time = 40 when targets are sparsely distributed. These test sites are spatially bounded (20m x 20m) — in larger
environments where exhaustive coverage is infeasible, the rapid initial collection rate suggests a greedy policy that leverages
environment context could potentially provide practical advantages.

Fig. 6: Percent of all possible targets sampled for the EC + Target policy following environment context signals generated
from five different initial target images. Shaded regions denote ±1 standard deviation across 100 random seed trials of the
greedy policy. There are slight differences between performance at the Yawzi Point site, but overall our method is fairly
insensitive to variations in the initial target image.

Fig. 7: Percent of all possible targets sampled for a policy that follows the signals generated by an environment context
buffer that is fixed at initialization (Fixed Context), and an environment context buffer that is updated each time a target
species is observed (Running Context). Shaded regions denote ±1 standard deviation across 100 random seed trials of the
greedy policy. In environments with higher environment context variance (Yawzi Point), updating the environment context
buffer outperforms the environment context buffer that is fixed at initialization.

models, limiting generalization. Manderson et al. propose a
goal-conditioned visual policy that balances covering target
species and reaching waypoints. Todd et al. characterize
context using manually defined substrata classes from higher-
altitude imagery. Jamieson et al. develop a reward model
guided by ROST topics and human-provided exemplars. In
contrast, our method requires only a single labeled tar-
get image at deployment, eliminating continuous human
supervision while still enabling target-conditioned adaptive
surveying.

Building on this line of work, we introduce a model that
learns the environmental context of target species online us-
ing self-supervised features rather than pre-defined substrata

classes. By capturing co-occurrence patterns between species
and their surrounding habitat, our method provides a dense
exploration signal that improves target-adaptive surveying in
visually complex reef environments.

VI. CONCLUSION

We presented a method for one-shot detection and context-
aware adaptive surveying of coral reef environments using
patch-level features from a pretrained vision transformer.
Given a single labeled target image, our approach detects
arbitrary coral species and learns the visual environmental
context in which they occur, producing a spatially dense
exploration signal that improves survey efficiency beyond
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following target detections alone. Results of simulated tra-
jectories run on real reef imagery from surveys done in St.
John, USVI, demonstrate that combining one-shot detection
with environment context-guided reasoning offers a promis-
ing pathway toward efficient ecological monitoring. Several
limitations of the current work suggest directions for future
research. Our evaluation compares against a lawnmower
baseline and detection-only variants on bounded 20m ×
20m grids; stronger baselines such as information-driven
planners [30], [31] would better contextualize the benefit of
the context model. The greedy policy also cannot cross large
featureless gaps between reef patches, motivating extension
to non-myopic planners. Deployment in larger, unbounded
environments would further test generality — particularly for
the online context buffer — and validating the full pipeline
on robot hardware at larger, more diverse reef sites is an
important next step.
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