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Abstract

Underwater Instance Segmentation (UIS), integrating pixel-
level understanding and instance-level discrimination, is a
pivotal technology in marine resource exploration and eco-
logical protection. In recent years, large-scale pretrained vi-
sual foundation models, exemplified by DINO, have ad-
vanced rapidly and demonstrated remarkable performance on
complex downstream tasks. In this paper, we demonstrate that
DINO can serve as an effective feature learner for UIS, and
we introduce DiveSeg, a novel framework built upon two in-
sightful components: (1) The AquaStyle Aligner, designed to
embed underwater color style features into the DINO fine-
tuning process, facilitating better adaptation to the underwa-
ter domain. (2) The ObjectPrior Prompter, which incorpo-
rates binary segmentation-based prompts to deliver object-
level priors, provides essential guidance for instance segmen-
tation task that requires both object- and instance-level rea-
soning. We conduct thorough experiments on the popular
UIIS and USIS10K datasets, and the results show that Di-
veSeg achieves the state-of-the-art performance.

code — https://github.com/ettof/Diveseg

Introduction

Understanding underwater scenes is critical for advancing
marine exploration and sustainable utilization of marine re-
sources, supporting a broad range of applications such as
marine research, ecological monitoring, and ocean resource
extraction (Tang et al. 2024; Abdullah et al. 2024). Among
the key technologies in this domain, Underwater Instance
Segmentation (UIS) plays a particularly vital role, as it fa-
cilitates both pixel-wise classification and instance-level dis-
crimination of underwater objects for accurate recognition
and localization. Compared to underwater semantic seg-
mentation (Islam et al. 2020; Zheng et al. 2024), UIS of-
fers significant advantages in distinguishing overlapping ob-
jects (e.g., schools of fish and corals) and accurately de-
lineating object boundaries. These capabilities are essen-
tial for enhancing the performance of underwater robots
or autonomous underwater vehicles in tasks such as obsta-
cle avoidance, object manipulation, autonomous navigation
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(Cong et al. 2021; Christensen et al. 2022) and underwater
video segmentation(Fang et al. 2025a,b).

Unlike natural images, underwater imagery presents
unique visual characteristics and significant challenges due
to light absorption and scattering, color distortion, low con-
trast, and limited visibility, all of which substantially de-
grade image quality (Li et al. 2019). These effects are of-
ten non-uniform and depth-dependent, resulting in consid-
erable variation in the appearance of scenes and object in-
stances. A typical underwater imaging system and several
degraded images are shown in Figure 1 (a). Early works of
UIS (Lian et al. 2023; Jiang et al. 2024; Corrigan, Tay, and
Konovessis 2023) use capacity-limited convolutional neu-
ral networks to perform end-to-end learning from collected
underwater data. Unfortunately, due to their limited repre-
sentational capacity, these conventional models still exhibit
suboptimal performance in this domain, and some visual-
ization results can be seen in Figure 1 (b). Recent advances
in visual foundation models (Radford et al. 2021; Kirillov
et al. 2023; Oquab et al. 2023; Cong et al. 2025), trained on
large-scale datasets, have inspired growing interest in lever-
aging pretrained visual embeddings for underwater instance
segmentation. Li et al. (Li et al. 2025a) introduced the Seg-
ment Anything Model (SAM) (Kirillov et al. 2023) to the
UIS task, and proposed using the low-rank fine-tuning tech-
nique (Hu et al. 2022) to adapt pretrained representations
to underwater scenarios. However, the approach still relies
heavily on large-scale underwater datasets to alleviate do-
main misalignment and yields only marginal performance
improvements.

DINOV2 (Oquab et al. 2023) is a powerful visual encoder
pretrained in a self-supervised manner on the large-scale
LVD-142M dataset, enabling it to learn rich and transfer-
able visual representations. It has shown remarkable gen-
eralization ability across diverse downstream tasks, such as
object detection (Liu et al. 2024), object tracking (Tumanyan
et al. 2024), and image segmentation (Li et al. 2023). In con-
trast to SAM, which relies on task-specific supervised train-
ing, DINO learns task-agnostic visual features through self-
supervised learning. This generalization capability is espe-
cially critical in underwater scenarios, where annotated data
is scarce and the visual characteristics often deviate signifi-
cantly from those of natural images. Nonetheless, due to the
substantial domain gap, directly transferring DINOv2 to the
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Figure 1: (a) A typical underwater imaging system: direct transmission carries useful scene information, forward scattering
causes blurring, and backscattered light reduces visibility. We also present representative underwater images from UIS datasets.
(b) Visual comparisons among Watermask (CNN-based method), USIS-SAM (SAM-based method), and Ours (DINO-based

method).

underwater task is far from straightforward (see Figure 2).

In this paper, we focus on leveraging the DINOv2 foun-
dation model to address the task of underwater instance seg-
mentation, and propose a novel framework, called Diveseg.
To fully harness the capabilities of DINOv2, it is essen-
tial to enhance its adaptation from two perspectives: un-
derwater scene adaptation and underwater objects adapta-
tion. (1) Underwater scene adaptation aims to mitigate im-
age degradation caused by color distortion and light scat-
tering effects commonly found in underwater environments.
To this end, we design a AquaStyle Aligner, which captures
the unique stylistic features of underwater images through
Fourier decomposition, and then injects them into DINOv2
backbone to eliminate the misalignment with the pretrained
model through lightweight parameter learning. (2) Under-
water objects adaptation focuses on enabling the model to
generalize effectively to frequently occurring underwater
objects—such as corals, jellyfish, and sea turtles—which are
underrepresented in the LVD-142M dataset. To tackle this
challenge, we introduce the ObjectPrior Prompter, which
utilizes a binary mask encompassing all foreground objects
to facilitate the learning of instance- and class-agnostic fea-
tures, and subsequently employs them to prompt instance-
specific learning. By decoupling instance-agnostic object
perception from fine-grained instance discrimination, this
mechanism substantially eases the challenge of adapting to
diverse marine instances. We conduct comprehensive exper-
iments on the UIIS and USIS10K datasets, and the results
demonstrate that our method achieves superior segmenta-
tion performance. The main contributions are summarized
as follows:

* We are the first to introduce DINO into the UIS task and
propose the DiveSeg, which effectively eliminates do-
main inadaptability. Extensive experiments demonstrate
that DINO can serve as a powerful learner for UIS and
achieves state-of-the-art (SOTA) performance.

* We design the AquaStyle Aligner to embed the color style
features of underwater scenes into the DINO fine-tuning
process, enabling better adaptation to underwater envi-
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ronments.

* We propose the ObjectPrior Prompter, which introduces
binary object segmentation cues to provide object-level
priors for complex instance segmentation, thereby guid-
ing the model to more effectively localize and distinguish
underwater target categories and instances.

Related Work
Visual Foundation Models

In the field of computer vision, visual foundation models
have become indispensable for improving downstream task
performance. Early approaches such as SiImCLR (Chen et al.
2020) and MoCo (He et al. 2020) leveraged contrastive
learning on tens of millions of images to learn effective fea-
ture representations, thereby laying the groundwork for un-
supervised visual pretraining. Subsequently, DINO (Caron
et al. 2021) introduced a self-distillation mechanism to ex-
tract robust representations from unlabeled data. Building
upon these developments, MAE (He et al. 2022) further im-
proved model generalization by performing masked image
reconstruction on large-scale datasets. Meanwhile, the SAM
(Kirillov et al. 2023) has demonstrated zero-shot segmenta-
tion capabilities for arbitrary visual objects by jointly train-
ing on large-scale manually annotated masks and automat-
ically generated data, thereby introducing a new paradigm
for interactive and automated segmentation.

More recently, DINOv2 (Oquab et al. 2023) was pre-
trained on over one billion web-sourced images within a
multi-modal processing pipeline, yielding substantial gains
in classification, detection, and segmentation tasks. Unlike
SAM, which focuses on precise boundary delineation, DI-
NOvV2 captures rich, high-dimensional semantic features
that can be seamlessly integrated into downstream segmen-
tation frameworks, thereby enhancing fine-grained semantic
understanding in complex scenarios.

Underwater Instance Segmentation

Underwater instance segmentation aims to accurately iden-
tify and segment each individual object in underwater



scenes, offering both pixel-wise classification and instance-
level distinction. Lian et al. (Lian et al. 2023) formally in-
troduced the underwater instance segmentation task by con-
structing the USIS dataset and proposing WaterMask—an
extension of Mask R-CNN adapted for underwater envi-
ronments. While WaterMask integrated a dedicated mod-
ule to mitigate light attenuation and color distortion, its
dependence on conventional convolutional backbones lim-
ited its representational capacity, leading to suboptimal per-
formance. To advance the field, Lian er al. (Lian et al.
2024) subsequently, the USIS10K benchmark dataset was
released-this dataset focuses on salient instance segmenta-
tion on the basis of underwater salient object detection (Li
et al. 2025b; Jin et al. 2024), and improves SAM by in-
troducing USIS-SAM. Through carefully designed adapters
and prompt mechanisms, USIS-SAM transfers the pre-
trained capabilities of SAM to the underwater domain. How-
ever, because the prompt strategy does not fully accommo-
date the high target density and visual variability that are
characteristic of underwater scenes, the segmentation accu-
racy of USIS-SAM remains limited.

In this work, we propose a novel underwater instance seg-
mentation architecture built upon DINOv2. By harnessing
the superior high-dimensional semantic features of DINOv2
and integrating a lightweight, scenario-specific aligner, our
network substantially outperforms prior methods. Notably, it
achieves these gains with only a modest increase in trainable
parameters, demonstrating both effectiveness and efficiency
in tackling the unique challenges of underwater instance seg-
mentation.

Method
From Motivation to Overall Architecture

Benefiting from self-supervised pretraining on the large-
scale LVD-142M (Oquab et al. 2023) dataset, DINOv2
demonstrates strong general-purpose visual feature extrac-
tion capabilities and excels across various downstream tasks.
However, in underwater environments, the absorption and
scattering of long-wavelength light by water leave primar-
ily short-wavelength components, causing images to ap-
pear predominantly blue-green. In Figure 2, we investigate
whether the vanilla DINOv2 can extract effective feature
representations from underwater images using the principal
component analysis (PCA). The results suggest that while
DINOV2 is able to capture most of the primary targets in
underwater images, its representations are often affected by
background noise compared to natural images and may fail
to detect some objects.

Hence, to obtain effective representations for UIS, spe-
cialized fine-tuning strategies are needed to facilitate the ef-
ficient adaptation of DINOv2 to underwater environments.
This paper presents DiveSeg, a novel framework whose
overall architecture is depicted in Figure 3, comprising two
major components: (1) The AquaStyle Aligner addresses the
domain adaptation challenge from a scene-level perspec-
tive by explicitly extracting background color information
to model the unique stylistic features of underwater images,
thereby mitigating color domain misalignment; (2) The Ob-
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Figure 2: The PCA visualization of DINOv2 and DiveSeg
on natural image and underwater images. The background is
removed by thresholding the first PCA component.

JjectPrior Prompter tackles the adaptation problem from an
object-level perspective by leveraging binary object segmen-
tation masks to guide the learning of target categories and in-
stances in underwater scenes. The two adaptation strategies
jointly empower DINOvV?2 to extract more discriminative and
accurate representations tailored to underwater scenes, as
shown in Figure 2.

AquaStyle Aligner

AquaStyle Aligner contains Style Extraction that captures
underwater color style information via frequency-domain
decomposition, and Style Injection that integrates these
features into the DINOv2 representation learning process
through a cross-attention mechanism.

Style Extraction. A primary distinction between under-
water and natural images lies in the color distortion caused
by light dispersion in the water medium. This color deviation
predominantly manifests in the low-level features of the im-
age. In the frequency domain, the amplitude component of
the Fourier spectrum effectively preserves low-level statis-
tical characteristics. Therefore, we adopt the Fourier ampli-
tude as a representation of underwater style features. Specif-
ically, for an image x € R¥>*Wx3 its Fourier transform F,
can be expressed as

H-1W-1

./—"x(u, 'U) = Z Z (ﬁ(’L’]) . e*2ﬂ[(%+%).

i=0 j=0

)

Here, I represents the imaginary unit, and each channel of
the image is calculated independently. The amplitude com-
ponent A, and the phase component ¢,, are respectively ex-
pressed as:

1A, (u,v)| = VRe{Fy(u, v)}2 + Im{F,.(u,v)}2, (2)
_ Im{F, (u,v)}
¢ (u,v) = arctan (Re{FAu,v)}) , 3)
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Figure 3: The overall framework of the proposed DiveSeg is illustrated as follows. First, we employ a Style Extraction module to
obtain an underwater style vector. This vector is subsequently injected into the frozen DINOv2 backbone via the Style Injection
module, enabling rapid adaptation to the underwater domain. Together, these two modules constitute the AquaStyle Aligner. In
addition, the ObjectPrior Prompter leverages binary masks to learn object-level priors, which guide the network to focus on
underwater objects and ease the challenge of directly segmenting specific instances.

Original Image
‘ ro\

Amplitude
+ mean phase
iFT

Style Image

Figure 4: Underwater images and the corresponding style
images, FT and iFT represents Fourier transform and inverse
Fourier transform.

where Re(-) and Im(-) are the real part and the imaginary part
respectively. To represent the image style information, we
fix the phase at the average value ¢, and use the amplitude
information to reconstruct the style image & via the inverse
Fourier transform F 1

#(,3) = FH{|Auu, )] - €7} )

As illustrated in Figure 4, averaging the phase while re-
taining the amplitude in the frequency domain effectively re-
moves object-related content from the image, preserving the
distinctive color characteristics of underwater scenes. Based
on this, we employ multi-layer convolution and global aver-
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age pooling to encode the style image into a compact style
vector p,.

Style Injection. Inspired by the adapter design proposed
by Houlsby et al. (Houlsby et al. 2019), we develop a style
injection module that employs cross-attention rather than re-
lying solely on the standard multilayer perceptron (MLP),
enabling more effective interaction between style represen-
tations and image features. Specifically, implemented as a
parallel branch to the Multi-head Attention with normaliza-
tion layer (MHA) in ViT, our style injection module shares
the same input but integrates the style vector p, through a
cross-attention mechanism. In this design, the query is ob-
tained from ViT features, while the key and value are gener-
ated from the style vector, enabling effective fusion of visual
content and style information. This injection process can be
expressed as:

w1 = MHA(V;,) + CrossAttn (Vip, MLP(pg)), (5)

where V;,, represents the input features of the ViT block,
and all parameters of the MHA are frozen. Essentially, the
features produced by the cross-attention can be regarded as
a complementary representation to those from the original
MHA, helping to prevent the degradation of the pretrained
model. The output of this step is denoted as w;.

At the subsequent Feed-Forward (FF) in ViT block, which
consists of an MLP followed by a normalization layer, fol-
lowing the standard adapter design paradigm, we employ



Method Backbone Params [ mAP APs APzs
CNN-Based Methods

Mask R-CNN ResNet-101 63M 234 40.9 25.3

Mask Scoring R-CNN ResNet-101 79M 24.6 41.9 26.5

Cascade Mask R-CNN ResNet-101 88M 25.5 42.8 27.8

BMask R-CNN ResNet-101 66M 22.1 36.2 24.4

Point Rend ResNet-101 63M 25.9 434 27.6

R3-CNN ResNet-101 T7IM 24.9 40.5 27.8

Mask Transfiner ResNet-101 63M 24.6 42.1 26.0

Mask2Former ResNet-101 63M 25.7 38.0 27.7

‘WaterMask ResNet-101 67M 27.2 43.7 29.3
Transformer-Based Methods

USIS-SAM ViT-H 701M 294 45.0 323

DiveSeg (Ours) ViT-L 390M 35.6 52.0 38.5

Table 1: Quantitative comparisons with state-of-the-arts on the UIIS dataset. The best results are highlighted in bold, while the

second-best results are indicated with underlines.

cascaded multilayer perceptrons to integrate the features
from the previous step at a deeper level. This enables DI-
NOV2 to better capture the distinctive color characteristics
of underwater images and acquire more discriminative vi-
sual representations. This is formulated as:

wy = FF(wy) + MLP (GeLU(MLP(w1))). (6)

Likewise, the parameters of the FF remain frozen. Two
additional MLP layers are employed to reduce and subse-
quently restore the feature dimensionality, forming a bot-
tleneck structure. The output of this step, denoted as ws, is
taken as the output of the ViT block.

Notably, we evenly divide all ViT layers in the original
DINOV2 architecture into four sequential blocks to adapt to
the instance segmentation decoder. To minimize the com-
putational overhead and parameter growth, the AquaStyle
Aligner is only applied to the first ViT layer in each block,
resulting in a total of four AquaStyle Aligners across the fea-
ture extraction process.

ObjectPrior Prompter

Along with the color adaptation for underwater scenes
largely resolved, the instance segmentation of underwater-
specific objects continues to pose significant challenges.
This is primarily due to the rarity of these object cate-
gories in the DINOV2 pretraining dataset, rendering direct
learning of instance-level segmentation in underwater con-
texts a nontrivial task. Driven by this insight, we intro-
duce the ObjectPrior Prompter that initially applies a bi-
nary mask to constrain class-agnostic and instance-agnostic
feature learning, subsequently embedding these features as
prior prompts within the DINOv2 backbone to ease the
learning of instance-level underwater objects.

As illustrated in the top section of Figure 3, we
initially extract image features at multiple resolutions
through a multi-scale encoder. Subsequently, the Object-
Prior Prompter interacts with the backbone to progressively
incorporate underwater object priors. Specifically, the multi-
scale encoder follows a simple design, consisting of three
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convolutional layers for feature extraction, stride-2 convo-
lutions for downsampling, and 1x1 convolutions for di-
mensionality reduction. The encoder outputs a three-scale
pyramid of features, denoted as { f1,, f3;, f3;}, with corre-
sponding resolutions { gz, 14z 53z } of the input image.

In the ObjectPrior Prompter, the multi-scale features are
first used to generate pseudo masks via 1x1 convolution
layers followed by Sigmoid functions, supervised by a bi-
nary mask. The binary mask is a single-channel image de-
rived from the segmentation ground truth, covering all target
objects. During both training and inference, pseudo masks
Proask are dynamically generated for each image to repre-
sent all foreground instances. It can be formulated as:

R'ﬁask =0 <CO7’ZU’1€X1 (f]l\cJ)) ’ (7)

where k& € {1,2,3}. Then, we perform element-wise mul-
tiplication between the pseudo masks and the correspond-
ing original features to preserve object-related information.
The resulting features are further integrated with the original
ones via a convolutional layer and residual connection, en-
hancing instance-level representations without compromis-
ing the original semantics. Formally defined as:

frrr = Convixt (Phaa - fi1) + i (8)

Subsequently, the features f~,, are flattened and concate-
nated, termed as Oprompt, and used as an object-level prior
prompt to interact with ViT features. In the cross-attention
mechanism, the prompt serves as the key and value, while
the ViT features act as the query:

opp

vir = CrossAttn (fvir, Oprompt) - )

Here, fy;r and f{*}. denote the ViT features before and af-
ter prompt-based interaction, respectively. Finally, we up-
date the features Opyomp: through multiple linear layers, and
then reshape them back to the original pyramid feature di-
mensions, allowing supervision from the binary mask. We
embed the ObjectPrior Prompter module after each block
and use the sum of its output f*}. and the original ViT fea-
ture fy ;7 as the decoder input.



Class-Agnostic

Multi-Class

Method Backbone Params AP ADo yyo. P AP yy.
CNN-Based Methods
S4Net ResNet-50 47M 32.8 64.1 27.3 23.9 435 24.4
RDPNet ResNet-101 66M 54.7 78.3 63.0 39.3 55.9 454
OQTR ResNet-50 50M 56.6 79.3 62.6 19.7 30.6 21.9
WaterMask ResNet-101 67M 59.0 80.6 67.2 38.7 54.9 432
Transformer-Based Methods
SAM+BBox ViT-H 641M 45.9 65.9 52.1 26.4 38.9 29.0
SAM+Mask ViT-H 641M 55.1 80.2 62.8 38.5 56.3 44.0
RSPrompter ViT-H 632M 58.2 79.9 65.9 40.2 55.3 44.8
USIS-SAM ViT-H 701M 59.7 81.6 67.7 43.1 59.0 48.5
DiveSeg(Ours) ViT-L 390M 64.1 82.8 72.2 48.4 62.3 54.4

Table 2: Quantitative comparisons with state-of-the-arts on the USIS10K dataset. The best results are highlighted in bold, while

the second-best results are indicated with underlines.

DiveSeg(Ours) USIS-SAM WaterMask

Groundtruth

Figure 5: Qualitative comparisons of DiveSeg with SOTA UIS methods on the USIS10K and UIIS datasets.

Experiments

We conduct extensive experiments on UIIS (Lian et al. 2023)
and USIS10K (Lian et al. 2024) datasets to verify the ef-
fectiveness of the proposed DiveSeg. Experimental results
show that DiveSeg achieves better performance than the ex-
isting SOTA methods. In addition, we also performed ab-
lation experiments on the proposed AquaStyle Aligner and
ObjectPrior Prompter to verify the effectiveness of individ-
ual modules.

Experimental Setup

Datasets. The proposed method is evaluated on UIIS and
USIS10K datasets. The UIIS dataset contains 3937 training
images and 691 testing images, covering 7 instance cate-
gories, as follows: Fish, Reefs, Aquatic plants, Wrecks/Ru-
ins, Human divers, Robots, and Sea-floor. The USIS10K
dataset contains 10632 images, which are divided into train-
ing set, validation set and test set according to the ratio of
7:1.5:1.5. The dataset contains not only the seven instance
categories mentioned above, but also class-agnostic labels
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to support class-agnostic instance detection tasks.

Evaluation Metrics. To ensure a fair and comprehensive
comparison, we adopt the standard mask AP evaluation pro-
tocol commonly used in instance segmentation benchmarks.
This includes metrics such as mAP, APsy, and APrs,
which correspond to average precision computed at differ-
ent IoU thresholds. These metrics collectively capture both
coarse and fine-grained segmentation accuracy, allowing for
a thorough assessment of the model’s ability to detect and
localize instance masks with varying levels of precision.

Implementation Details. We implemented the proposed ap-
proach using PyTorch and the Detectron2 framework. Train-
ing was conducted on an NVIDIA A100 GPU with a batch
size of 8, using AdamW as the optimizer with a weight de-
cay of 0.05. The initial learning rate was set to le-4, and
the warm-up strategy was employed. The training lasted
for 30,000 iterations, during which the learning rate was
decayed to one-tenth of its initial value at the 23,000th
and 27,000th iterations. The segmentation head adopted the
Mask2Former (Cheng et al. 2022) architecture. We applied



Methods mAP APsg APrs

Full Model 35.6 520 385

w/o AquaStyle Aligner 34.8 50.6 37.6
w/o ObjectPrior Prompter | 34.1 50.8 37.8
DINOv2+Mask2Former 30.9 44.6 322

Table 3: Ablation study of individual components.

classification loss and mask loss to constrain the predictions
of Mask2Former, while binary cross-entropy (BCE) loss,
IoU loss, and L1 loss were used to guide the learning of
pseudo masks.

Comparison with State-of-the-arts

Quantitative Results. (1) On the UIIS dataset. As shown
in Table 1, we compare our method against the SOTA algo-
rithms. Our DiveSeg, which employs ViT-L as the backbone,
achieves mAP, APsg, and APr5 of 35.6, 52.0, and 38.5, re-
spectively, representing improvements of 21.1%, 15.6%, and
19.2% over USIS-SAM with a ViT-H backbone. Further-
more, DiveSeg substantially outperforms WaterMask and
other competitors across all metrics, demonstrating its su-
perior capability in underwater instance segmentation. (2)
On the USIS10K dataset. As summarized in Table 2, our
approach demonstrates clear superiority over existing meth-
ods. In the class-agnostic setting, it achieves mAP, APs,
APr5 of 64.1, 82.8, 72.2, outperforming USIS-SAM by 4.4,
1.2, and 4.5 percentage points, respectively. Under the multi-
class setting, it attains mAP, APsy, APr5 of 48.4, 62.3,
54.4—substantially higher than USIS-SAM—while using
only 55.6% of its parameters. These results compellingly
demonstrate that our model not only excels at class-agnostic
instance segmentation but also delivers precise class-level
and instance-level predictions in challenging underwater en-
vironments.

Qualitative Results. As shown in Figure 5, we qualitatively
compare our method with WaterMask and USIS-SAM on
the UIIS and USIS10K test sets. Our approach more ac-
curately delineates object boundaries for instance, success-
fully segmenting fish in shadows (Column 1) and underwa-
ter ruins (Column 6), and detecting coral missed by others
(Column 4). In terms of classification accuracy, our model
also outperforms the competitors. For example, in Column
2, other methods misclassify fish as coral due to complex en-
vironmental interference, whereas our model produces cor-
rect predictions. Moreover, in cases of instance overlap such
as fish and coral (Column 3) or divers with equipment (Col-
umn 5) our model maintains clear instance boundaries, while
others often produce boundary confusion.

Ablation Study

Effectiveness of the Individual Modules. Table 3 presents
an ablation study evaluating the contributions of the
AquaStyle Aligner and the ObjectPrior Prompter, based on
a baseline that comprises a frozen DINOv2 backbone and a
trainable Mask2Former decoder. Introducing the AquaStyle
Aligner increases mAP by 3.9 points, APsq by 6.0 points,
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Methods mAP  APsg APrs
Frozen 30.9 44.6 322

Full Fine-tuning 31.1 45.4 35.2
LoRA 31.8 474 34.6
Adapter 32.7 48.1 36.4
AquaStyle Aligner 34.1 50.8 37.8

Table 4: Ablation study of AquaStyle Aligner.

and AP;5 by 5.4 points, while adding the ObjectPrior
Prompter yields improvements of 3.2, 6.2, and 5.6 points
on these metrics, respectively. When both modules are com-
bined, m AP reaches 35.6, with corresponding further gains
in APsy and AP75, which demonstrates that the AquaStyle
Aligner and the ObjectPrior Prompter play significant roles
in adapting DINOv2 for underwater instance segmentation.
Ablation Study on the AquaStyle Aligner. Table 4 re-
ports an analysis of alternative adaptation strategies for DI-
NOvV2 to validate the efficacy of our AquaStyle Aligner.
“Frozen” denotes that all parameters of DINOv2 are kept
fixed, and no additional learnable parameters are introduced
in the encoder. First, we adopt the full fine-tuning strategy
for DINOv2 (Row 2), which enables gradient updates for
all parameters of the DINOv2 model that are kept frozen
in the “Frozen” setting. However, this approach yields only
marginal improvements over the frozen backbone, possibly
due to catastrophic forgetting of the pre-trained knowledge
caused by updating a large number of parameters. Moreover,
inspired by recent studies demonstrating that low-rank adap-
tation (LoRA) and lightweight Adapters can effectively tai-
lor pre-trained ViTs with minimal parameter overhead, we
apply these techniques in Rows 3 and 4. Both approaches
lead to substantial performance improvements, confirming
the effectiveness of targeted parameter fine-tuning. The pro-
posed AquaStyle Aligner scheme (Row 5), which incorpo-
rates specialized underwater style extraction and effective
style injection, surpasses these methods. This demonstrates
that integrating underwater style features into DINOv2 pro-
vides more pronounced benefits for understanding and seg-
menting underwater scenes.

Conclusion

This paper introduces DiveSeg, a novel Underwater Instance
Segmentation (UIS) framework built on the DINOv2 visual
foundation model. It tackles two key challenges of UIS:
underwater scene adaptation and underwater object adapta-
tion. DiveSeg has two core components: AquaStyle Aligner,
which embeds underwater color style features into DINOv2
fine-tuning via Fourier decomposition and cross-attention
to boost domain adaptation; and ObjectPrior Prompter,
which uses binary segmentation prompts to provide object-
level priors, enabling instance segmentation through dual
object- and instance-level reasoning. Extensive experiments
on UIIS and USIS10K datasets show DiveSeg achieves state-
of-the-art performance, significantly outperforming existing
methods in both quantitative and qualitative results.
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