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ABSTRACT

Underwater monocular depth estimation aims to infer the distances between scene objects from the camera from a single underwater
image. Nevertheless, the propagation of visible light in water is subject to wavelength-dependent absorption and scattering, which
introduce color distortion, low contrast, blur, and texture degradation, thereby hindering the reliable extraction of depth cues. The
degradation of underwater images varies with the propagation distance of visible light, providing a physical basis for scene distance
estimation. Leveraging this property, underwater monocular depth estimation has evolved from inferring distances using single
physical cues to comprehensive estimation approaches that integrate deep learning with multi-source observations. Starting from
the theoretical foundations of underwater imaging and light propagation, Bayesian estimation, and prior constraints, our survey
classifies existing methods into three categories: traditional physical-prior methods, deep-learning-driven methods, and multimodal
fusion methods. Moreover, we review the utilization of depth cues across a range of underwater tasks, including underwater
image enhancement and restoration, underwater three-dimensional (3D) reconstruction, underwater object detection, autonomous
underwater vehicle (AUV) navigation and localization, and underwater robotic operations. On this basis, our survey analyzes
current challenges, including complex optical degradation, insufficient cross-domain generalization, the scarcity of high-quality real-
world data, and the difficulty of balancing accuracy with computational efficiency. Further, we outline promising avenues for future
research, including the integration of underwater imaging priors and deep learning, the improvement of multimodal fusion reliability,
the development and benchmarking of real-world underwater depth datasets, and the advancement of real-time depth estimation
tailored for underwater intelligent devices.
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1 Introduction Monocular methods infer scene depth from visual cues such
as color, texture, edges, perspective, and semantics within
a single image. They feature simple system configurations,
flexible deployment, and low hardware cost, making them
more suitable for underwater platforms with constrained
space, power, and payload capacity. But their estimation
results generally suffer from scale ambiguity [, due to the
absence of explicit constraints such as disparity and geometric
baselines ). Stereo and multi-view methods recover scene
depth by leveraging inter-view correspondences, disparity, and
camera intrinsic and extrinsic parameters. Under the conditions
of accurate calibration and geometric modeling (¢!, they can
produce metric depth with actual physical meaning, but their
performance heavily depends on cross-view matching, camera
calibration [, and multi-view consistency. According to
output scale, underwater depth can also be divided into relative
depth and metric depth: relative depth primarily describes the
According to the modality of visual observation, underwa- depth ordering and spatial hierarchy among different scene

ter depth estimation can be primarily categorized into monoc- regions, whereas metric depth reports the distance between a
ular depth estimation and stereo/multi-view depth estimation.

the three-dimensional (3D) geometry of underwater

scenes and serves as an essential foundation for
advancing underwater visual perception from two-dimensional
(2D) appearance understanding to 3D spatial cognition. Con-
ventional underwater images primarily record two-dimensional
projection information such as color, texture, and semantics of
scenes, whereas underwater depth estimation further recovers
the distance from scene points relative to the camera and
their spatial distribution from one or more images, thereby
providing reliable geometric information for tasks such as
underwater 3D reconstruction [!!, underwater object detection
and localization !, autonomous underwater vehicle (AUV)
navigation !, and underwater robotic operations /.

Depth is a key physical quantity for characterizing
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scene point and the camera in actual physical units such as
centimeters or meters.

Compared with terrestrial scenes imaged through air,
visible light propagation in underwater environments is consid-
erably more complex. Visible light undergoes absorption and
scattering as it travels through water, with significant variations
in attenuation across different wavelengths. Water turbidity,
suspended particles, artificial illumination, and nonuniform
lighting further cause image degradation phenomena such as
color shifts, contrast reduction, edge blurring, and texture
attenuation %1% These degradations can weaken or even
distort the color, texture, edge, and semantic cues used
by monocular depth estimation, and reduce the reliability
of correspondence matching between stereo or multi-view
images. In addition, underwater cameras typically observe
external scenes through waterproof housings, where light
refracts at the interfaces between different media such as
air, waterproof glass, and water /), introducing deviations
into the conventional pinhole imaging model and epipolar
geometry (¥, which further complicates camera calibration,
disparity estimation, and metric-scale recovery. Consequently,
depth-estimation methods designed for terrestrial imagery
cannot be directly adapted to complex and dynamic under-
water environments; instead, specialized depth estimation
approaches must be developed by integrating underwater light
propagation mechanisms, refractive geometric models, and
specific characteristics of underwater data distributions.

Existing research on underwater depth estimation has
largely evolved along three technical lines: traditional phys-
ical priors, deep-learning-driven estimation, and multimodal
fusion. Traditional physical-prior methods establish physical
relationships between underwater light-propagation distance
and image observations, and estimate scene depth by ex-
ploiting priors such as dark channels, color differences, light
attenuation ['!!, image blurriness ['?!, and backscattering ['3].
For instance, some approaches first classify the water type
and then estimate the relative depth of underwater images
using corresponding light attenuation parameters [, Such
methods exhibit strong physical interpretability and do not rely
on large-scale training data, but they are typically built upon
assumptions such as specific water types, uniform illumination,
or fixed imaging parameters, which limits their applicability in
complex and dynamic environments.

With the advancement of deep learning, Convolutional
Neural Networks (CNNs) 5] Transformers ['® '], and Mamba
architectures based on state-space models !'8] have been
increasingly applied to underwater depth estimation. These
methods can jointly learn multi-level depth cues, involving
color, texture, edges, semantics, and global structure, from
data, thereby reducing reliance on single hand-crafted priors
and improving feature representation capabilities in complex
scenes. However, deep learning-based methods generally
require large-scale underwater data with accurate depth an-
notations (') In practice, acquiring real underwater depth
data is difficult and annotation costs are high 2%/, Moreover,
significant domain gaps exist across different water bodies,
lighting conditions, and imaging devices ' 2!-22, which makes
models vulnerable to issues such as poor generalization, scale
drift, and difficulty in quantifying uncertainty.

To compensate for the limitations of purely visual
observations under low-visibility, weak-texture, and scale-

2

recovery scenarios, some studies have further introduced sonar,
echo sounders ** 241 and other ranging sensors ™ to fuse visual
information with acoustic or range data. For instance, distance
observations provided by single-beam echo sounders have
been integrated into Simultaneous Localization and Mapping
(SLAM) systems P! to calibrate the scale ambiguity inherent
in monocular vision. Multimodal fusion can combine the
robustness of acoustic sensing in turbid water with the high
spatial resolution of visual imagery, forming complementary
advantages in absolute-scale recovery and complex environ-
ment perception. However, it faces challenges such as
heterogeneous data representations, spatial extrinsic parameter
calibration 231, temporal synchronization **, and cross-modal
feature alignment .  Underwater depth estimation has
evolved from relative-depth inference relying on single optical
physical cues to data-driven approaches using multi-level
visual representations, and is further progressing toward the
collaborative modeling of vision, acoustic, and other sensory
information.

To date, existing surveys on depth estimation have
primarily focused on monocular depth estimation in terrestrial
scenes. They have systematically categorized deep learning-
based monocular depth estimation methods °! and discussed
supervised and unsupervised learning, network architectures,
datasets, and evaluation metrics. Such reviews have laid
a relatively complete foundation for understanding the de-
velopment of general monocular depth estimation, but they
typically assume that images conform to imaging principles in
air and rarely provide systematic analyses of how underwater
absorption, scattering, wavelength-dependent attenuation, and
medium refraction affect depth cues and geometric models.
Furthermore, existing works often treat underwater depth
estimation merely as a specific application within general depth
estimation, underwater image enhancement and restoration, or
underwater 3D vision, and there remains a lack of a systematic
survey that starts from underwater imaging mechanisms and
coherently covers theoretical foundations, core methods, and
typical applications.

To this end, our survey presents a comprehensive review
of the theoretical foundations, technical approaches, and ap-
plication scenarios of underwater depth estimation, organizing
related studies into a three-level framework of theory, methods,
and applications, as illustrated in Fig. 1. Atthe theoretical level,
we focus on introducing underwater image formation and light-
propagation models, refractive geometry, Bayesian estimation,
visual prior constraints, and deep feature representation
mechanisms, elucidating the intrinsic relationships between
underwater image observations and scene depth. At the
methodological level, we systematically review underwater
depth estimation methods based on traditional physical priors,
deep-learning-driven approaches, and multimodal fusion, ana-
lyzing the fundamental assumptions, depth cues, scale recovery
mechanisms, and applicable conditions of different methods.
At the application level, we further summarize the roles
of underwater depth information in image enhancement and
restoration, 3D scene reconstruction, object detection, AUV
navigation and localization, and precise underwater robotic
operations. Finally, current challenges faced by underwater
depth estimation concerning data, models, environmental
adaptability, and practical deployment are analyzed, and
potential future directions are discussed.
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This survey primarily focuses on the studies of underwater
depth estimation and its applications, together with relevant
theoretical and methodological foundations. Representative
approaches are selected based on depth cues, adaptations to
underwater imaging challenges, and applications of depth in-
formation, covering early works and recent advances. The main
contributions of our article are summarized as follows: (1) A
unified theory—method—application survey framework is estab-
lished for underwater depth estimation, systematically review-
ing research in this field and forming a complete study pipeline
from fundamental mechanisms to practical applications. (2)
Starting from factors such as underwater light absorption
and scattering, wavelength-selective attenuation, non-uniform
illumination, and medium refraction, the coupling relationships
among underwater image degradation, visual depth cues, and
imaging geometry are analyzed, elucidating why terrestrial
depth estimation methods deteriorate underwater. (3) Existing
underwater depth estimation methods are categorized into
three classes: traditional physical-prior-based methods, deep-
learning-driven methods, and multimodal fusion methods.
Their physical assumptions, supervision information, scale
recovery capability, environmental robustness, computational
complexity, and deployment requirements are compared, and
the complementary relationships among different technical
routes are analyzed. (4) The progress of underwater depth
estimation in applications of underwater image enhancement
and restoration, underwater 3D reconstruction, underwater
object detection, AUV navigation and localization, and
underwater robotic operations is systematically summarized.
Additionally, the key challenges currently facing the field are
distilled, and future research areas including data construction,
fusion of physical models and data-driven methods, cross-
modal perception, and lightweight deployment are provided.

[ Underwater Depth Estimation ]

Representative Applications

Underwater Image
Enhancement and Restoration

Underwater Image Formation
and Light Propagation Traditional Physical Priors

Underwater 3D Scene

Bayesian Estimation Reconstruction

Deep-Learning-Driven Underwater Object Detection

Prior Constraints

Deep Learning and Multimodal Fusion
Representation Mechanisms Underwater Robotic

Operations

Fig. 1 Organizational framework of our survey.

2 Theoretical Foundation of Underwater
Depth Estimation

Underwater depth estimation is essentially an inverse problem
that recovers three-dimensional scene structures from degraded
two-dimensional observations. Unlike depth estimation in
air media, underwater observations are jointly affected by
scene structures and camera geometry as well as light
absorption, forward scattering, backscattering, wavelength-
dependent attenuation, nonuniform illumination, and medium
refraction. Consequently, there is generally no simple and
stable one-to-one correspondence between scene depth and the
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information conveyed in underwater images, such as color,
intensity, texture, edges, and disparity.

To elucidate the intrinsic relationship between underwater
observations and scene depth, this section introduces the
theoretical foundations of underwater depth estimation from
four aspects. First, the theory of underwater image formation
and light propagation is presented, with emphasis on the effects
of light attenuation, scattering, and medium refraction on
image observations and depth recovery. Second, Bayesian
estimation theory is introduced to explain how observations
and prior constraints can be probabilistically integrated to
estimate underwater scene depth. Third, commonly used
priors involving color attenuation, blurriness, and spatial
continuity are summarized. Finally, the role of deep learning in
underwater depth estimation is outlined from the perspectives
of feature representation and supervisory signals, laying the
foundation for the subsequent categorical discussion of tradi-
tional physical-based priors, deep-learning-driven approaches,
and multimodal fusion methods.

2.1 Underwater Image Formation and Light Propaga-
tion

Light source Different wavelengths

Target

Fig. 2 Schematic diagram of underwater image formation and
wavelength-dependent light attenuation.

The schematic diagram of underwater image formation and
wavelength-dependent light attenuation is illustrated in Fig. 2.
Fig. 2(a) depicts the light entering the water, being reflected
by a target, and propagating toward the camera. During
propagation, the absorption of light by the water reduces the
target-reflected signal that reaches the camera; the forward
scattering alters the propagation direction of target light,
spreading energy to neighboring pixels and resulting in blurring
of edges and textures; the backscattering forms an additional
veiling-light component as ambient light is scattered by water
and suspended particles into the camera. As the target-to-
camera distance increases, the propagation path of the target-
reflected light becomes longer, the target information reaching
the camera gradually weakens, and the scattering effects
accumulate.  Consequently, underwater images typically
exhibit color shifts, reduced contrast, blurred edges, and loss
of fine details. Fig. 2(b) reflects the differential attenuation
of light at different wavelengths by the water *1. Long-
wavelength red light generally attenuates rapidly in water,
whereas the blue and green spectral windows propagate over
relatively longer distances, thus underwater images tend to
exhibit a blue-green color cast. The actual attenuation order of
different wavelengths also depends on water type, suspended
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particles, dissolved substances, and illumination conditions, so
fixed color relationships cannot be regarded as universal rules
applicable to all water bodies. Nevertheless, the differential
variations among color channels with propagation distance
can still provide useful physical cues for underwater relative-
depth estimation %291 To further elucidate the formation
process of underwater images and its relationship with scene
depth, we first introduce the Jaffe-McGlamery underwater
image formation model, and then analyze the effects of light
attenuation, refraction, and backscattering on underwater depth
estimation.

The Jaffe-McGlamery model, grounded in the principles
of underwater light propagation, decomposes the light received
by the camera into three components: the direct component,
the forward-scattering component, and the backscattering
component. Among them, the direct component represents
the portion of the target-reflected light that reaches the camera
after attenuation through the water body, forward scattering
primarily blurs the target’s contours and high-frequency details,
whereas backscattering forms a veiling background component
that reduces target-to-background contrast. To emphasize the
relationship between image observations and scene depth, some
studies neglect explicit modeling of forward scattering and
adop[tglthe following simplified underwater imaging expres-
sion

Ie(@) = Jefw)e P10 4 A (1= H0O) )

where I.(x) denotes the observed intensity of pixel z in color
channel ¢, J¢(x) is the ideal scene radiance unaffected by water
degradation, d(x) is the scene depth corresponding to the pixel,
Bec 1s the effective attenuation coefficient in channel ¢, and A,
is the backscattered-light intensity at long range. The first
term is the attenuated direct component, in which e Ped(@)
is the medium transmission in channel ¢ and describes the
absorption and scattering loss over the propagation distance
d(x). The second term is the backscattered component, which
increases with distance and asymptotically approaches Ac.
Since attenuation coefficients differ across color channels,
increasing target distance leads to changes in terms of color
ratios, contrast reduction, and loss of structural details. This
behavior is consistent with the exponential attenuation of light
intensity described by the Beer-Lambert law *°). Through the
direct-signal attenuation and backscattering terms, this model
quantifies how the recorded signal changes with depth and
establishes a physical relationship among underwater image
intensity, color degradation, and scene depth.

Note that Eq. (1) is a simplified representation of real
underwater image formation. This expression generally
assumes that the water body is approximately homogeneous,
that the background light remains spatially consistent, and that
the same effective coefficient is used to describe both the atten-
uation of direct scattering and the variation of backscattering.
Akkaynak et al. % pointed out that direct scattering attenuation
and backscattering have different formation mechanisms and
should be described using different parameters; in scenes with
artificial illumination, non-uniform water bodies, or locally
highlighted regions, background scattering may also vary
with spatial position. Furthermore, forward scattering is not
represented separately in Eq. (1), and its effects are usually
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subsumed into image blur or effective scene radiance. Color
and intensity therefore provide useful distance cues, but are
simultaneously affected by object reflectance, water type, and
illumination distribution, preventing them from determining
accurate scene depth in isolation.

In addition to the radiometric changes caused by absorp-
tion and scattering, medium refraction also alters the geometric
relationships in underwater imaging. Underwater cameras
typically observe the external scene through flat or curved
waterproof housings. Light passes sequentially through the
water, the waterproof glass, and the air inside the housing,
and is refracted at the interfaces between media with different
refractive indices 71, According to Snell’s law, the angles of
incidence and refraction in the two media satisfy:

n1 sin 91 =n9 sin 02, (2)

where n1 and no are the refractive indices of the two media,
and 0 and 65 are the incidence and refraction angles relative to
the interface normal. The light refraction changes the effective
projection center, field of view, and focal-length relationship of
the underwater camera, thus a pinhole model calibrated in air
cannot accurately represent the underwater ray path (6.7 Foran
ideal pinhole stereo model, the scene depth is calculated from
the focal length f, stereo baseline B, and disparity § as follows:

3)

where Z denotes the scene depth, f is the focal length, B
is the stereo baseline, and § denotes the disparity. However,
in underwater environments, if the camera parameters and
epipolar geometry calibrated in air are directly used for
disparity matching and triangulation, the refraction of the
medium will cause systematic depth bias. Stereo and multi-
view underwater depth estimation therefore usually requires
underwater camera recalibration or an explicit refractive model
that corrects the relationship among image pixel coordinates,
propagation rays, and scene points. The light propagation
model primarily explains how image appearance varies with
distance, while the refractive imaging geometry determines
how image coordinates are mapped to physical space. To-
gether, they constitute the physical basis for underwater relative
depth and metric depth recovery [°.

In summary, the underwater light-propagation mod-
els reveal the relationships among attenuation, scattering,
wavelength-dependent differences, and scene depth, providing
color and degradation cues related to propagation distance
for monocular images. The refractive imaging geometry
describes the mapping relationships among underwater pixel
observations, ray directions, and 3D scene points, forming
the basis for stereo, multi-view, and metric depth recovery.
Underwater depth estimation must consider both radiometric
and geometric changes to avoid mistaking water-induced
degradation for scene structure or propagating refractive errors
into the final depth results.

2.2 Bayesian Estimation

Underwater depth estimation recovers dense scene depth from
incomplete observations such as color, intensity, texture, dis-
parity, or sparse range measurements, and is therefore a typical
inverse problem. Similar underwater image appearances may
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correspond to different scene depths, while objects at the same
depth may appear markedly different due to differences in
object reflectance, water type, and illumination conditions.
To jointly incorporate image observations, image-formation
models, and existing constraints, Bayesian estimation can be
used to perform probabilistic inference on scene depth, whose
basic form is:

p(d | z) o< p(z | d) p(d), “4)
where d is the scene depth to be estimated and z represents
the corresponding observation. The prior distribution p(d)
describes the depth constraints, the likelihood p(z | d) expresses
the probability of the observations given a candidate depth, and
the posterior p(d | z) represents the inferred depth distribution
after combining the observation and prior.

In underwater depth estimation, likelihood functions can
be established for different observations according to different
types of observation models. For methods based on underwater
physical priors, the likelihood measures whether a candidate
depth can explain the color attenuation, transmission, and
backscattering observed in the current image through an
underwater imaging model. For stereo or multi-frame methods,
disparity consistency, cross-view reprojection error, or photo-
metric reconstruction error can measure the degree of matching
between depth and geometric observations. For visual—
acoustic, visual-laser, or visual-SLAM fusion approaches,
corresponding probabilistic models can be established from the
errors between predicted depth and external range or sparse
geometric observations.

The prior distribution is used to narrow the space of
possible depth solutions. Depths on the surface of the same
object are usually relatively continuous, while significant depth
changes are allowed at object boundaries. Underwater color
attenuation, image blur, and backscattering follow certain
regularities with respect to propagation distance, while sonar,
laser, and sparse map points can further provide the actual
scale range of depths. By representing this information as
prior distributions, the depth ambiguity caused by relying
solely on a single observation can be reduced. The posterior
distribution gives the probabilities of different candidate depths
under the current observations. To obtain a determinate depth
result, maximum a posteriori (MAP) estimation is commonly
employed, selecting the depth with the highest posterior
probability:

dMAP = argmax p(d | z) = argmax p(z | d)p(d).  (5)
d d

Taking the negative logarithm of Eq. (5), this MAP estimation
can be reformulated as an energy minimization problem
consisting of a data likelihood term and a prior regularization
term. The former requires the predicted depth to explain the
current image or multimodal observations, while the latter
constrains the prediction results to satisfy reasonable spatial
structures, physical laws, or scale ranges. Supervised losses,
photometric reconstruction losses, smoothness losses, and
physical-consistency losses in deep learning-based models can
all be interpreted as specific realizations of the likelihood term
or the prior term within this framework.

Beyond a single depth prediction, the Bayesian frame-
work can also characterize the uncertainty of the prediction.
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When the posterior distribution is relatively concentrated
around a certain depth, it indicates that the current observations
impose strong constraints on that region; when the posterior
distribution is relatively dispersed, it suggests that color, tex-
ture, geometric, or external distance information is insufficient,
and the prediction is therefore subject to high uncertainty.
This uncertainty is particularly important for underwater robot
avoidance, obstacle navigation, and precise manipulation,
because the system must not only output depth but also assess
whether the depth estimate is reliable. The relationship among
Bayesian observation models, priors, and posterior inference
has been demonstrated in underwater single-photon light
detection and ranging (LiDAR) depth recovery. For example,
by incorporating sparse photon observations and depth priors
into a Bayesian model B! to improve depth recovery under
signal attenuation and noise interference, and subsequently by
adopting a hierarchical Bayesian model to fuse multi-scale
information B2, thereby further enhancing the robustness of
depth reconstruction under complex degradation conditions. In
summary, Bayesian estimation provides a unified probabilistic
interpretation of underwater depth estimation: the likelihood
measures how well a candidate depth explains the current
observations, the prior constrains the plausible depth range and
structure, and the posterior combines the two to determine both
the final depth and its uncertainty.

2.3  Prior Constraints

The term prior is used broadly in the underwater depth
estimation. Strictly speaking, spatial continuity, depth range,
and scale distributions can be represented directly by the
depth prior p(d) in Bayes’ rule, whereas regularities such as
color attenuation, dark channel, blurriness, and backscattering
describe empirical relationships between image observations
and propagation distance, and can be used to construct
observation models, generate initial depth, or serve as auxiliary
network inputs. Commonly used priors in underwater depth
estimation include the color attenuation prior, the blurriness
prior, and the spatial continuity prior, whose basic mechanisms
of action are illustrated in Fig. 3.

Contrast de

Channel differences indicate distance Sharpness diff

Fig. 3 Three types of priors commonly used in underwater
depth estimation.

(1) Color-attenuation prior. This type of prior arises
from the wavelength-dependent absorption and scattering of
light in water. As shown in Fig. 3(a), as the target distance
increases, the intensity and relative proportions of different
color channels change differently, therefore, the discrepancies
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among the red, green, and blue channels can serve as cues
for judging the relative distance of the target ¥, This prior
can extract propagation-distance information from a single
image, but its reliability depends on water types, illumination
conditions, and intrinsic object colors. When the target itself
has a pronounced blue, green, or red appearance, the object
color may be confounded with water attenuation, consequently,
color attenuation is generally more suitable for providing
relative depth or rough distance estimates, while it is difficult
to independently recover accurate metric depth. (2) Blurriness
prior. This prior considers the relationship between image
degradation and target distance. As shown in Fig. 3(b), the
farther the target distance, the longer the propagation path
of light in water, and the more pronounced the cumulative
effects of absorption and scattering. Consequently, image
contrast decreases, and details such as edges and textures
gradually weaken B*°1.  Since image blurriness can also
be affected by factors such as camera motion and imaging
defocus, this prior usually needs to be used in combination
with other depth cues. (3) Spatial continuity prior. Color
attenuation and blurriness provide the cues for ordinal range,
while scene structure can further constrain the depth map.
In general, depth variations within the same object surface
or a locally continuous region tend to be relatively smooth,
whereas significant depth changes may occur at the boundaries
between different objects. As shown in Fig. 3(c), the spatial-
continuity prior can be used to reduce locally unreasonable
depth fluctuations while preserving depth discontinuities at
object boundaries.

Additionally, for stereo, multi-view, and video-based
depth estimation, cross-view geometric consistency can also
be introduced. A correct depth map should enable projecting
pixels from one view to their corresponding positions in another
view by incorporating the camera’s intrinsic and extrinsic
parameters, and the predicted depth should also agree with
stereo disparity, inter-frame camera motion, and sparse 3D
map points. Compared with color and blur priors, geometric
consistency relies less on object color and provides a more
direct basis for metric scale recovery, but its reliability depends
on camera calibration, pose estimation, corresponding point
matching, and the accuracy of the underwater refraction model.

In summary, prior constraints alleviate the problem of
recovering scene depth from a single observation by incorpo-
rating underwater light-propagation laws, image degradation
characteristics, and scene spatial structures.

Color attenuation and blurriness priors mainly provide
relative depth cues related to underwater propagation distance,
spatial continuity regularizes local structures of the depth map,
and cross-view geometry or external distance information can
supplement scale and 3D positional constraints. Since any
single prior may fail in a specific scene, practical methods
usually require joint modeling of multiple priors and dynamic
adjustment of different constraints according to water body,
illumination, texture, and observation quality. Meanwhile,
the applicability of priors is also affected by environmental
conditions and imaging devices.  Therefore, underwater
depth estimation requires not only exploiting priors, but also
assessing the reliability of each prior in the current image to
avoid systematic biases in depth results caused by erroneous
priors.

6

2.4 Deep Learning and Representation Mechanism

Deep learning-based methods establish nonlinear mappings
from underwater images to pixel-wise depth through multi-
layer networks, and progressively learn representations from
local details to global structures. Three types of models, namely
CNNs, Transformers and Mamba, are presented on their roles
in terms of local feature extraction, long-range dependency
modeling, and computational efficiency for underwater depth
estimation.

CNN. CNNs extract features from local image neighbor-
hoods by convolution and gradually enlarge their receptive
fields through stacked layers, forming hierarchical repre-
sentations from edges and textures to object contours and
structure. Local CNN features can help identify underwater
object boundaries and fine structural variations. For example,
a convolutional depth network ") is trained using reprojection
between adjacent frames without underwater ground-truth
depth. UWdepth 33 uses a convolutional network to exploit
inter-frame geometry via an adaptive cost volume and depth-
consistency constraints. These demonstrate that CNNs are
effective in extracting local edges, textures and contours for
underwater depth estimation, but have limited modeling on
long-range dependencies.

Transformer. Transformer uses self-attention to compute
the relationships among features at different positions and es-
tablishes long-range dependencies within a single layer. Unlike
CNNs that enlarge the receptive field gradually, Transformer
can relate distant regions and help infer ordinal relationships
from overall scene context. Transformers are usually combined
with CNNs for underwater depth estimation. For example,
UMono ** adopts parallel CNN and Transformer encoders to
extract local and global features, and combines these features
with underwater medium-transmission information for depth
prediction. And CTFDepth ™ contains a CNN depth-prediction
branch and a Transformer image-reconstruction branch, and
the contextual information from the reconstruction branch is
fused into depth features. These methods use CNNs for local
details and adopt Transformers for long-range context, thereby
combining local structures with global scene information.

Mamba. Transformer models long-range dependencies,
but its self-attention has quadratic computational complexity
with respect to feature-sequence length. Mamba P uses
a selective state-space mechanism to propagate information
with linear complexity, providing an alternative for large-
scale feature modeling. Mamba converts two-dimensional
features into sequences according to scan orders, but fixed
orders cannot effectively represent spatial relationships among
underwater objects. Tree-Mamba ['3! constructs tree-structured
connections according to feature similarity and aggregates
information, which uses broad scene context with controlling
computation, balancing global modeling and efficiency in
underwater depth estimation. In practice, CNNs, Transformers,
and Mamba can work in concert, jointly exploiting local details
and global information of underwater images to accomplish
scene depth prediction.
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3 Core Methods for Underwater Depth Esti-
mation

This section presents the core methods for underwater depth es-
timation, including three categories: traditional physical prior-
based methods, deep-learning-driven methods, and multimodal
fusion methods. Table 1 summarizes these core methods
for underwater depth estimation, among them, traditional
physics priors and deep learning mainly differ in the depth
inference mechanism, whereas multimodal fusion emphasizes
the introduction of external distance or geometric cues.
Besides, these three types of techniques have shown a clear
trend of cross-integration in recent years.

3.1 Traditional Physical-Prior Methods

In underwater depth estimation, as the propagation distance
increases, the absorption and scattering of light by the
water body cause changes such as color attenuation, contrast
degradation, image blurring, and backscattering. Traditional
physical priors treat these changes as depth cues and estimate
depth by establishing the relationship between image features
and propagation distance. Existing traditional physical-prior
methods can be broadly categorized into four categories: dark
channel priors, light attenuation and color channel priors,
blurriness priors, and backscattering priors. The specific
subdivisions of traditional physical prior methods are shown
in Table 2.

Dark-Channel Priors: Dark-channel priors aim to esti-
mate transmission from local dark-pixel variations and infer
scene depth from the relationship between transmission and
propagation distance. As target-reflected light attenuates
and backscattering becomes heavy, local dark pixels in the
observed underwater image generally become brighter. Since
red light attenuates rapidly and red-channel intensities are
uniformly low, the Underwater Dark Channel Prior (UDCP)
estimates transmission using local dark pixels in green and blue
channels!!'# 361 The transmission #(x) estimated by UDCP can
be expressed by

f(z)=1— min < min I%w), (6)

yeQ(z) \ce{G,B} AC

where Q(z) is a local window centered at image pixel z,
y denotes a pixel within Q(z), G and B denote green and
blue channels respectively, 1°(y) is the observed intensity at
y in channel ¢, and A€ is the background-light intensity (3¢,
Transmission is the fraction of target-reflected light that reaches
the camera after passing through water. Lower transmission
usually indicates a longer propagation path and a more distant
target, and their conversion relationship ['*! can be expressed
as

4= —1os(t)
Be

where d denotes the scene depth, ¢ is the estimated transmission,

and . is the attenuation coefficient of channel ¢. Dark

channel-based methods therefore estimate transmission from

local dark pixels and then calculate scene depth from the
estimated transmission.

Vaz et al. ' first classified water types and then selected a

learning-based or model-driven method to recover underwater

depth from transmission and attenuation coefficients. Guo
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et al. B9 formed a light-attenuation input from grayscale
intensity, maximum green/blue response, UDCP transmission,
and fused its predicted depth with that extracted from
underwater red-green-blue (RGB) images. Zhou et al. B7
estimated underwater depth using a channel-intensity prior, and
handled backscattering through adaptive dark-pixel processing.
In these methods, dark channel priors connect local dark pixels,
transmission, and scene depth. They require no ground-truth
depth and provide intuitive model-based inference. But their
results depend on accurate local dark pixels, background light,
and attenuation coefficients, and can be biased under complex
lighting or unusual color conditions. Thus they are useful
for coarse depth inference or as physical attenuation cues
combined with other knowledge.

Light-Attenuation and Color-Channel Priors: Light-
attenuation and color-channel priors can exploit wavelength-
dependent absorption to extract underwater depth cues from
distance-dependent color changes. Tamaki et al. P® used
a physics-based depth-calculation method based on color-
channel values, where the red-channel component and the
larger value of green and blue channels are used to calculate
underwater image depth as follows:

d(z; R,M) = po + p1R(x) + poM(x), (8)

where = denotes the pixel location, d(z; R, M) denotes the
corresponding depth, R(z) denotes the red-channel component,
M (z) denotes the larger value of green and blue channels, ro,
11, and po are preset parameters. This method assumed that the
intensity difference between the red channel and the green/blue
channels varies with target range, obtaining depth by a simple
calculation without training a network, but its parameters were
determined in advance and applicability was affected by water
and illumination conditions. To improve the robustness to
brightness and color casts, Zhou et al. ! proposed the channel
intensity prior (CIP), and produced one relative depth map
from red-channel attenuation and another from inter-channel
differences, then weighted them according to global brightness:

derp = adm + (1 — a)dr, )

where dcp denotes the depth estimated by the channel intensity
prior, d;- denotes the depth from red-channel attenuation, di,
denotes the depth from inter-channel differences, and « is
the weight determined by image brightness. Subsequently,
Zhou et al. 7 fused the channel-prior depth with that
predicted by an unsupervised model according to the degree
of color cast, reducing failures caused by any single channel
cue. Additionally, channel-attenuation information can also
be used as a network input. Guo ef al. B% constructed an
IMT input space containing grayscale intensity, green/blue
channels, and transmission, and predicted depths from RGB
and IMT inputs. RGB provides color and texture features,
while IMT represents the relationship between attenuation and
propagation distance. Then reliability-aware fusion was used
to supplement weak cues in distant blurred regions. Xiao
and Qu B% used inter-channel attenuation relationships to
constrain self-supervised depth estimation. Ratios among red,
green, and blue channel attenuation coefficients were bounded
using inherent optical properties, while image restoration, re-
degradation, and inter-frame projection were combined so
that the predicted depth satisfied both underwater optics and

7
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Table 1 Core methods for underwater depth estimation

Category Manner Core Advantage Limitation
Dark channel
. ] Extract depth cues from L . .. .
. light attenuation and ) High interpretability Sensitive to water quality,
Traditional underwater propagation, . L .
. . color channels, . and less dependence illumination, object color,
physical priors . channel attenuation, blur, . .
blurriness, . on labeled data and prior mismatch
. and scattering
backscattering
. . Strong representation
. CNN, Learn nonlinear mappings ong repres Dependent on data and
Deep-learning- . ability and high . e
. Transformer, from underwater images to . computation, with limited
driven accuracy in complex .
Mamba depth maps generalization

underwater scenes

Vision—acoustic,

Multimodal fusion

vision—laser,

Introduce external range
measurements, sparse
depth, or temporal

Stable scale and
explicit geometric

Complex and costly
hardware, with difficult

vision—-SLAM

geometry

constraints

calibration

Table 2 Underwater depth estimation methods based on traditional physical priors

Prior Literature Cue Core Advantage Limitation

Vaz et al. ' Local dark pixels, Select the model by water type and Physically meaningful inver- Depends on water types,
transmission, compute depth from transmission sion limited accuracy
attenuation coefficient and attenuation

Guo et al. % RGB channels, Predict from RGB and IMT fusion Combine learned appearance Unreliability by severe degra-

. grayscale, by confidence with physical attenuation dations or nonuniform illumi-
Dark channel priors . .

UDCP transmission nation

Zhou et al. 37 Channel intensity, Combine channel priors with Mon- Improved depth estimation Absolute scale depends on an

Light-attenuation
and color-channel
priors

dark pixels, odepth2 and remove backscattering under color cast and complex empirical range,
learned depth lighting conditions relatively high computation
Tamaki et al. **! Red channel, Compute depth from channel inten- Training-free single image es- Preset parameters,

Zhou et al. 7!

Guo et al. 3%

Xiao and Qu %!

maximum of green/blue
Red channel,

channel difference,
image brightness
Grayscale,

RGB channels,
transmission
Attenuation coefficients
inter-frame geometry

sities
Weigh two channel cues for depth
maps

Fuse RGB and IMT predictions

Take optical and reprojection con-
straints for self-supervised training

timation

Reduces failure of single
channel cue

Supplements weak cues in dis-
tant blurred regions

Without ground truth

sensitive to environments

Relative depth acquisition,
relies on empirical parameters

Low contrast and uneven illu-
mination

Require video with relatively
complex model

Blurriness priors

Peng et al. 12l

Peng et al. ")

Multi-scale blurriness

Blurriness,
red channel,
channel differences

Generate, fill, and smooth coarse
depth maps

Combine three depth estimates us-
ing background and red information

Better relative depth

Fusion of sharpness and color
attenuation

Errors in smooth and weak
texture regions

Depend on background light,
threshold, and scale

Backscatter priors

Varghese et al. (201

Gonzélez-Sabbagh et
al. 140

Du et al. ™!

Direct and backscatter trans-
mission

Backscattering,
formation model

Relative depth,
scattering,
optical parameters

Infer depth from transmission maps
and adjacent frames

Jointly predict restoration, scatter-
ing and depth by reconstruction
error

Re-degrade predicted quantities
and optimize via reconstruction

Backscatter participates in in-
version

Consistency with image for-
mation

Backscatter constraints and
depth correction

Requires video training,
errors in turbid or specular
regions

Rely on synthetic RGB-D data

Not direct depth prediction,
Relatively high computation

temporal geometry. Overall, light-attenuation and channel
priors relate underwater color variations with object range,
and can be used to compute relative depth or provide learned
models with useful information about underwater propagation.

Blurriness Priors: In addition to image intensity and
color, image sharpness varies with underwater range. Peng and
Cosman ' computed an initial blurriness map by comparing
a grayscale image with Gaussian-filtered versions at multiple
scales, and its expression is as follows:

8

1 n
Pit(z) = P Z [Ig(x) — Gr,ri(z)],
=1

(10)

where Py (x) denotes the initial blurriness value at pixel z,
I4(z) denotes the grayscale intensity at pixel z, Gr,r; (2)
denotes the pixel value after Gaussian filtering at the ith scale,
r; = 2i/n + 1 denotes the Gaussian-filter scale, and n
denotes the number of scales. Eq. (10) extracts local high-
frequency information of underwater images by calculating
the difference between the raw grayscale image and results
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obtained by Gaussian filters at different scales. A smaller
difference indicates weaker edges and textures and thus greater
blurriness. Because edges, textures, and details of underwater
targets gradually weaken as propagation distance increases,
image blurriness can be used to infer relative scene range.
Peng et al. ['?! applied this cue to single-image underwater
depth estimation. Pixel-wise blurriness was computed from
multi-scale Gaussian filtering, maximum filtering was used
to generate a coarse depth map, and smooth regions lacking
strong edges were filled before final smoothing. Blurriness
alone is ambiguous: a nearby smooth object may appear
blurred because it lacks texture and may therefore be classified
as distant. Peng and Cosman Ul supplemented blurriness
with channel changes caused by absorption, generating three
depth estimates from red-channel intensity, the difference
between red and green/blue channels, and blurriness. The
blurriness characterized the weakening of edges and details
with propagation distance, and range was inferred mainly from
blurriness when red content was weak. Therefore, blurriness
priors can exploit the weakening of underwater image edges
and details with increasing distance to infer range and provide
depth cues distinct from color channels, but are prone to errors
in smooth or weakly textured regions, generally combined
with light absorption and channel-attenuation to improve the
reliability of depth estimation.

Backscatter Priors: Backscatter priors focus on ambient
light scattered by suspended particles into the camera, forming
an additive background component. Varghese et al. 2%
constructed a direct-light transmission map and a backscatter
transmission map, and their relationships with scene depth are
shown as follows:

Téi(x) — e*ﬂfD(x)7
T (x) = e PP,

T i) {an

bw=-—3a" =" ~

where D(z) denotes the scene depth at pixel z, TZ(x) and
T (%) denote the direct-signal transmission and backscatter
transmission in channel ¢ respectively, B and BY are
corresponding attenuation coefficients. As scene depth in-
creases, transmissions decrease, the target-reflected component
weakens, while the background-light by backscatter becomes
stronger. Therefore, scene depth can be calculated from the
relationship between transmission and propagation distance.
Backscatter information is used in two principal ways:
one calculates the depth from direct-signal and backscatter
transmission, and the other incorporates backscattering into
underwater image reconstruction and constrains predicted
depth through the reconstructed result. Representative works
are shown in Table 2. In the first category, USe-ReDI-Net 2]
decomposed an underwater image into scene radiance, direct
transmission, backscatter transmission, background light, and
further used adjacent-frame geometry to refine the depth during
training. Unlike methods that calculate depth directly from
transmission, Scene-cGAN 19 predicted the restored image,
backscatter, and scene depth separately. These quantities
are inserted into an underwater image-formation model, and
the difference between generated and input images constrains
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network training and enforces predicted depth consistent with
image formation model, where backscatter contributes to depth
constraint by image reconstruction. Du et al. ! estimated
scene depth, backscatter intensity, attenuation and scattering
coefficients of light jointly. This method considered spatially
nonuniform backscatter caused by artificial illumination, and
backscatter served to constrain and correct depth estimation
since initial one came from a pretrained depth network.
Backscatter priors participate in underwater image reconstruc-
tion to constrain predicted depth. Since backscatter and
target-reflected light coexist in underwater observations and
are difficult to separate accurately, these methods commonly
combine transmission, inter-frame geometry, or learned models
for underwater depth estimation.

Overall, dark channel priors mainly use transmission to
support depth inversion, light-attenuation and color-channel
priors exploit distance-dependent changes among color chan-
nels, blurriness priors focus on phenomena such as weakened
edges, reduced textures, and blurred details in distant regions,
and backscatter priors utilize the characteristic that scattered
light intensifies with increasing distance. Although these
methods use different cues, they all extract distance-related
information from underwater image degradations to estimate
depths.

3.2 Deep-Learning-Driven Methods

The aforementioned physical prior methods infer scene depth
based on underwater imaging principles such as color atten-
uation, image blurring, and backscattering, and thus possess
strong interpretability. However, they have limited adaptability
to complex degradations, which has made deep learning
methods the mainstream. Different methods have formed
distinct technical routes in terms of the depth information
required for training and the approach to network feature
extraction.  Therefore, deep-learning-driven methods can
be categorized by learning paradigm and model type, as
summarized in Table 3.

Supervised Learning

Supervised underwater monocular depth-estimation methods
are usually trained on paired underwater images and ground-
truth depth labels to learn a mapping from an image to its depth
map. Through end-to-end learning, these methods extract depth
cues associated with color, texture, and degradation features
in underwater images, and thus have strong depth-recovery
capability.

CNN-Based Supervised Learning: Underwater scattering
and blur weaken object boundaries, leading to detail loss of
depth maps. To address the above problem, Chen et al. [*?!
proposed UW-LapDepth, which uses a Laplacian pyramid to
progressively predict depth information at different scales.
This model first recovers overall scene-depth distribution and
then gradually supplements object boundaries and local details,
thereby reducing boundary blurs in the depth map. After basic
scene depth can be recovered, some studies further address
image degradation and the reliability of estimated depth. Yang
and Cho ™31 presented TRIDENT, which predicts scene depth
and estimates depth uncertainty simultaneously. The enhanced
underwater image provides clearer edges and structures for
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Table 3 Deep-learning-driven underwater depth estimation methods

Learning Architecture Literature Data Core Advantage Limitation

UW-LapDepth 42 . . Extract local texture and Strong local-detail . .
CNN TRIDENT 431, :;:gz‘i ut‘;ldlzrt;glster 1mages edge features with modeling and clear {_i]r‘ngi}t];guael:zrgﬁp;}t‘i(l)ibels,
UDepth 1] P convolution structures & z
Joint-ID (161, . . Model global context with  Strong global structure . .
i 1171 Paired underwater images . . High computational
Supervised Transformer ~ UPGformer ' ", and denth labels self-attention and physical  under complex complexity
learning CD-UDepth 136] P priors degradations P
[18] Paired underwater images Model long-range . Strong dependence on
Tree-Mamba ' %, dependencies with Long-range modeling -
Mamba oo [44] and depth labels, . datasets and architecture
UDepthDiff state-space and and efficiency .
pseudo-depth labels . design
tree-scanning
UW-Net 41 Unpaired underwater
cp+ B, images and terrestrial Build training signals from Relatively sood Sensitive fo scatterin
CNN UWdepth ), RGB-D data, domain mapping, ay licabiilitg color cast and illumiri’ltion
USe-ReDI-Net 2, underwater image reprojection or consistency PP y
Unsupervised Monodepth2 4] sequences
Learnin, ine inter-
¢ CNN- CTFDepth 1 Underwater image C°mb‘ne inter frame Local details and global Higher training and
47 variation with global .
Transformer ~ WaterMono sequences context inference cost

structures

depth prediction, while uncertainty indicates the confidence
of depth result in each region. In addition to improving
underwater depth estimation accuracy, computational cost is
also considered. Yu et al. ["! designed UDepth, which
uses lightweight MobileNetV2 as its main network and
incorporates underwater light-attenuation information to assist
depth prediction. It focuses on retaining effective underwater
range cues while controlling model size, making it suitable
for underwater devices with limited computing capability.
These above methods improve CNN-based estimation through
multiscale detail restoration, multitask learning, or lightweight
design, but rely on local information and are less effective at
relating large-scale scene regions.

Transformer-Based Supervised Learning: Since distant
underwater regions usually exhibit similar colors and weak
textures, CNNs relying on local features lead to confusion
between the ranges of different objects. Transformers link
separated image regions and infer spatial relationships from
overall scene structures, complementing the limitation of CNNs
in global information modeling. Yang et al. "% proposed Joint-
ID, which introduces Transformers into a joint underwater
image enhancement and depth estimation framework in a
shared hierarchical feature space.  This network shows
more stable depth representations under low contrast, color
casts, and underwater degradation, demonstrating the value of
Transformers in multi-task underwater visual perception. To
address this problem of learning global structures alone that
causes underwater color changes mistaken for intrinsic object
features, Wang et al. ' introduced UPGformer that integrates
a Transformer with underwater image formation information.
The Transformer links global structures of different regions,
while the transmission supplies range cues related to light
attenuation, improving underwater depth estimation stability in
distant regions/areas with spatially nonuniform degradations.
Liu et al. *8) addressed scale variations caused by underwater
refraction, low contrast, and nonuniform illumination by
introducing an intrinsic scale-invariance mechanism into a
Vision Transformer encoder. Local planar guidance and skip-
expanded context fusion in the decoder improve predictions
for underwater objects of different scales, boundaries, and
local regions. To further account for spatial differences in
the reliability of color and light-attenuation, Guo et al. 139

10

presented CD-UDepth to predict depth from both RGB
images and IMT information composed of grayscale intensity,
green/blue channels and transmission. And a lightweight
Vision Transformer supplements large-scale underwater scene
structures, allowing the model to select reliable depth cues
according to image degradations. In summary, supervised
Transformer-based approaches incorporate image enhance-
ment, transmission, and multi-source feature fusion into global
modeling, and their advantage lies in jointly reasoning about
overall scene structures. However, these Transformers have
quadratic computational complexity, and remain limited by the
scale of training data and the quality of depth labels.

Mamba-Based Supervised Learning: Compared with
Transformers that rely on self-attention for global modeling,
Mamba has an advantage in computational complexity. When
Mambea is used for image processing, two-dimensional features
must be organized into a sequence along a specified path.
Common horizontal, vertical, and diagonal scan paths are
manually predefined, which cannot adapt to object shapes
or scene structure in underwater images. When contiguous
regions of the same object are separated by the scan path,
the model fails to preserve structural integrity, and results
in blurred depth boundaries or erroneous local depths. To
address this problem, Zhuang et al. '8 proposed Tree-Mamba,
which dynamically determines feature-propagation paths from
underwater image content. CNNs first extract multi-scale
local features, after which tree connections are constructed
according to the feature similarity of adjacent regions so
that the information can propagate along object structure.
Compared with fixed-direction scanning, this method preserves
better object contours and regional continuity, and reduces
boundary blurs and missing local details in depth maps. To
alleviate the shortage of underwater depth data, Zhuang et
al. 8 constructed BlueDepth, containing 38,162 underwater
image—pseudo-depth pairs. The depth labels were generated
by multiple monocular depth-estimation models and subjected
to quality screening. Unlike Tree-Mamba, UDepthDiff 44!
employs Mamba to improve the physical information that
assists depth estimation. Mamba processes intensity variations
and structural information in underwater images, and fuses
extracted object regions with inverse-transmission information.
The fused result serves as an auxiliary condition that guides the
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diffusion model in progressively generating a depth map, im-
proving depth discrimination among foreground, background,
and object boundaries. Overall, Mamba-based methods offer a
new modeling approach for underwater depth estimation. Tree-
Mamba combines local feature-extraction capability of CNNs
with Mamba’s long-range modeling, and uses the tree-aware
scanning to preserve local continuity and spatial topology.
UDepthDiff further applies Mamba scanning to physical-
prior generation in frequency domain, using diffusion-based
depth estimation to improve prediction stability under complex
degradations.

Although all above supervised learning methods can
achieve strong depth estimation performance, they depend on
large quantities of high-quality depth labels. Meanwhile, real
underwater depth is difficultly acquired, and limited scene
coverage restricts model generalization.

Unsupervised Learning

Different from the above supervised learning, unsupervised
learning methods do not depend on manually annotated depth.
Instead, they learn depth cues from image structures, recon-
struction constraints, cross-domain translation, and consistency
constraints. When real depth labels are unavailable, these
underwater depth estimation methods can exploit color atten-
uation, illumination changes and structural relationships, to
improve model applicability in complex aquatic environments.
CNN-Based Unsupervised Learning: CNN-based unsu-
pervised learning uses convolutional networks to learn the
relationship between underwater images and scene depth,
reducing dependence on paired underwater red-green-blue-
depth (RGB-D) data. Gupta et al. 3 proposed UW-Net,
which uses dense-block convolutional autoencoders and cycle-
consistent learning to establish a mapping between underwater
images and unpaired terrestrial RGB-D data. This method
does not require underwater depth labels, but is affected by
the training-data distribution. Monodepth2 ! was established
on monocular video training without ground-truth depth,
which can predict scene depth and camera motion, warp
adjacent frames into a common viewpoint, and train from
photometric reconstruction error. When such methods are
applied directly to underwater images, color attenuation and
brightness variations cause reconstruction errors to fail in
reflecting depth errors accurately. Zhou et al. 7 presented
CIP+, which combines depth cues obtained from channel-
intensity variations with Monodepth2 predictions and uses
underwater light-attenuation information to supplement inter-
frame geometry. Building on this, Wang ef al. ®¥ introduced
UWdepth, which uses multiple consecutive images to estimate
depth jointly, and compares changes in the same region
across frames and corrects depth, thereby strengthening inter-
frame geometry. Besides, USe-ReDI-Net 2% incorporated
underwater image restoration into unsupervised training. This
model first predicts scene depth, restores a clearer image
using underwater image-formation model, then checks whether
the restoration is consistent across adjacent frames. Overall,
these CNN-based methods reduce dependence on underwater
RGB-D pairs via unpaired cross-domain mapping or temporal
geometry, and some of them incorporate attenuation cues or
image formation models to validate and constrain depth.
Hybrid CNN-Transformer Unsupervised Learning: Un-
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supervised methods introduce Transformers to supplement
global structural information after CNNs extract local depth
features. Representative methods combine CNNs with Trans-
formers rather than using a pure Transformer depth network.
Cheng et al. ) proposed CTFDepth for underwater multi-
frame monocular depth estimation. The CNN branch extracts
object edges and positional changes from consecutive images to
predict scene depth, while the Transformer branch masks image
parts and reconstructs them from surrounding content. After
the two branches are fused, local edges and global structures
jointly contribute to improving depth prediction in complex
degraded regions, but continuous video may contain moving
fish and changes in camera pose. To address the limitation,
Ding et al. ! presented WaterMono, which combines CNN
with Transformer to learn scene depth from consecutive
underwater images. The method first compares adjacent frames
to estimate relative object range, and then identifies moving
regions to reduce their influence on training. By including
underwater images captured from different orientations, this
method maintains stable depth estimation when the camera is
tilted or inverted. These methods show that alone expanding
feature context is insufficient, and self-supervised training must
account for underwater appearance changes and actual imaging
process.

For deep learning-based underwater depth estimation,
supervised methods can be accurate when sufficient data
are available but are limited by annotation. Unsupervised
methods have lower accuracy but greater practical value in
real underwater scenes. Combining CNNs, Transformers and
Mamba with physical priors has become an important direction
for improving the performance of underwater depth estimation.

3.3 Multimodal Fusion Methods

Different from preceding depth estimation methods based on
underwater images, multimodal fusion methods introduce in-
formation from other sources, where acoustic and laser sensors
provide physical ranges, and SLAM uses consecutive images
to establish spatial relationships in the scene. Multimodal
fusion jointly uses these sources to complement one another
for depth inference. When one source is biased, the others can
provide additional evidence and correct the estimation, thereby
reducing dependence on any single cue and improving stability
in complex underwater environments. Existing methods for
multimodal fusion can be categorized into three types: main
visual-acoustic fusion, visual-laser fusion, and visual-SLAM
fusion, with representative studies summarized in Table 4.
Visual-Acoustic Fusion: Acoustic sensors are relatively
insensitive to optical degradations, which provide stable ranges
in turbid, dim, or distant scenes, and their combination with
monocular vision supplies external scale constraints to mitigate
the ambiguity. Early research employs acoustic range mea-
surements to correct the scale of monocular vision. Roznere
et al. ¥ associated ranges from a single-beam echo sounder
with visual features to correct scene scale recovered by the
visual system. Mantani et al. **! extended acoustic information
from global scale correction to local depth-map correction,
where a monocular model generates a depth map after which
sonar target ranges correct corresponding regions. Liu et
al. 4 incorporated single-beam echo-sounder measurements
into self-supervised training, and converted individual ranges
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Table 4 Categories of multimodal fusion methods

Category Method

Literature

Characteristic

Global scale correction

Local depth correction

Visual-acoustic

fusion Training constraint

Cross-modal alignment

. L
and feature fusion veta

Roznere et al. )

Mantani et al. !

Liu et al. ?4

A [25]

Associate single-beam ranges with image features to
correct global scale recovered by monocular vision

Correct corresponding regions of depth map using
sonar-measured target ranges

Convert acoustic ranges into regional depth prompts
for self-supervised depth-model training

Align and fuse visual texture features with sonar-scale
features to predict dense metric depth

Single-frame local depth
measurement

Visual-laser fusion Continuous depth

measurement

Campos et al. ¥

Inglis et al. %,
Bodenmann et al. B!

Detect laser patterns on object surfaces and obtain
local depth in single image by triangulation

Acquire laser-line depth profiles to recover metric
depth over larger areas

Sparse geometric
prior-assisted prediction

Visual-SLAM fusion Sparse scale correction and

refinement

Ebner et al.

Zhang et al. %

Fuse sparse SLAM map points with RGB image to
predict dense depth

Use sparse SLAM depth to correct relative-depth scale
and generate dense metric depth

into regional depth prompts and combined with consecutive
images, reducing absolute-depth errors. Lv et al. *>) presented
RSFNet that converts multi-beam sonar images into a range
representation spatially corresponding to RGB image, which
extends acoustic information from sparse range constraints to
cross-modal feature fusion. This dual-branch network extracts
and fuses visual texture features and sonar scale features to
predict a dense metric depth. These visual-acoustic fusion
methods have evolved from global scale correction, local depth
correction, and training constraints to cross-modal alignment
and feature fusion. Acoustic information provides absolute-
range references for monocular vision, while visual information
recovers continuous scene structures. Their combination
alleviates monocular scale ambiguity, although the results
remain affected by sonar resolution, sensor-calibration errors,
and cross-modal spatial correspondence.

Visual-Laser Fusion: Visual-laser fusion observes pro-
jected laser spots or lines on underwater surfaces, and uses
triangulation to calculate scene depth. Active laser patterns
do not depend on object texture and can provide denser depth
points with actual scale than sparse acoustic ranges. Existing
related methods can be divided into single-frame local depth
measurement and continuous depth measurement. Campos
and Codina ™ combined a monocular camera with a laser
projector, where the camera detects projected patterns and its
geometry related to the projector yields local depth. This
active projection provides identifiable measurement locations
in textureless regions. Inglis e al. ®Y observed a projected
laser line, triangulated a depth profile at each instant, and
transformed profiles into a common coordinate system using
vehicle motion. Bodenmann et al. ') used one camera
and a line laser to acquire depth map and image color to
reconstructed points, then sea trials demonstrated continuous
metric-scale recovery in deep water environments. Visual-
laser fusion methods provide metric depth, and are effective
for precise near-field measurement in weakly textured areas.
But their coverages are limited by the projected laser and
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underwater absorption or scattering, making dense depth
estimation difficult.

Visual-SLAM Fusion: Unlike acoustic and laser sensors,
SLAM does not measure range directly, and recovers camera
motion and sparse map points from image sequences, and
these cross-frame geometric outputs constrain depth prediction.
Visual-SLAM fusion refers to information-level fusion using
SLAM poses, map points or scale. Ebner e al. ™ proposed
TRUDepth, which feeds RGB images together with sparse
depth priors into a network, uses sparse depth to provide scale
constraints, and combines image features to predict dense depth
of the entire image, thereby solving the problem that sparse
map points are difficult to form a complete depth map. On the
FLSea dataset, this method matches image features of adjacent
frames and extracts depths at corresponding positions from
ground-truth depth map to simulate sparse priors, and on the
Lizard Island dataset, map points generated by underwater
SLAM are used as input. Experimental results show that
incorporating sparse depth priors can reduce underwater depth
prediction error and improve the accuracy of predicted scale.
Besides, Zhang et al. 2! proposed the Sparsity Adaptive
Depth Estimator (SPADE), which first uses a pretrained
monocular model to obtain relative depth, then performs global
scale alignment based on sparse depth points generated by
visual-inertial SLAM, and subsequently generates dense metric
depth via a scale-refinement network. Unlike TRUDepth,
which directly feeds RGB images and sparse depth into the
network together, SPADE first corrects the global scale of
relative depth and then refines the scale deviations at different
locations, and is able to adapt to variations in the number
and distribution of sparse depth points. These visual-SLAM
fusion methods mainly use sparse geometric information from
image sequences to constrain dense depth prediction. Existing
methods have evolved from direct fusion of RGB images
and sparse depth to relative-depth scale alignment and pixel-
wise refinement. Such methods mitigate monocular scale
ambiguity, but inaccurate feature matching or pose estimation
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under underwater degradation can produce erroneous sparse
depth and degrade final results.

Overall, multi-modal fusion is intended to address scale
ambiguity and depth instability in monocular underwater
vision. Among these, visual-acoustic fusion targets global
scale and long-range perception, visual-laser fusion supple-
ments local depth observations and improve the recovery
of close-range details and geometric structures, and visual—
SLAM fusion emphasizes temporal consistency and global
scale during continuous motion. Together, the three constitute
an important route in underwater depth estimation, advancing
from single-frame visual inference toward collaborative multi-
source perception.

4 Representative Applications of Underwater
Depth Estimation

Underwater depth estimation recovers scene range distribution,
and provides spatial information for diverse applications.
This section presents representative applications of underwater
depth estimation, including underwater image enhancement
and restoration, underwater object detection, AUV navigation
and localization, underwater 3D reconstruction, and underwa-
ter robotic operations.

4.1 Underwater Image Enhancement and Restoration

Underwater image enhancement and restoration is one of
the most direct applications of underwater depth estimation.
Because of light absorption and scattering in water, under-
water images often suffer from color casts, low contrast,
and blurring, and the severity of these degradations varies
with object range. Depth can describe light-propagation
distance in different regions and assist transmission estimation,
backscatter correction, and color recovery, thereby improving
underwater image enhancement and restoration 4. The
development of underwater depth estimation for underwater
image enhancement and restoration is illustrated in Fig. 4.
Early work focused on inferring depth from color and
intensity. Bianco et al. ® estimated scene depth from
inter-channel intensity differences and used it to restore
single underwater image. Chiang and Chen [°®! compensated
color channels according to wavelength-dependent attenuation.
Drews et al. 71 introduced the UDCP, using green and blue
channels to estimate transmission and connect depth inference
with image restoration. Further, Drews ez al. 13! validated
statistical assumptions to generate relative-depth maps, and
restored images from estimated medium transmissions. These
approaches obtained depth estimation from attenuation or
transmission indirectly. = Beyond color attenuation cues,
depth information have been extracted from other forms
of underwater image degradations. Peng and Cosman [!!)
proposed the image blurriness and light absorption (IBLA)
method, which combines image blurriness with light absorption
to estimate scene depth and restores different regions according
to range variation. Akkaynak and Treibitz %) re-examined
underwater image formation, and showed that direct-signal
attenuation and backscatter should be described using different
parameters. This revision clarifies different effects of scene
depth on two degradation components. Besides, Akkaynak
and Treibitz P proposed Sea-thru, which obtains scene
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depth from multi-view images, and estimates direct-signal
attenuation and backscatter parameters to recover underwater
object colors. WaterGAN synthesized underwater images
from in-air RGB-D data, using depth maps to control
color attenuation and scattering in different regions, thereby
providing training data for unsupervised color correction °*1. It
demonstrates that depth can serve as a condition for generating
underwater degradation. Ye et al. ¥ placed underwater depth
estimation and color correction in a unified framework, and
recovered scene depth and image color simultaneously to
share degradation information via unsupervised adaptation.
PUGAN [ combined an underwater image-formation model
with an adversarial network, and used physical parameters and
degradation information to guide underwater image enhance-
ment. UWdepth 133! performed unsupervised depth estimation
from consecutive underwater images, and inserted the predicted
depth into the revised underwater image-formation model %
to enhance each region according to its propagation distance.
WaterMono 7] established a bidirectional relationship between
depth estimation and underwater image enhancement, where
predicted depth guides image enhancement, while enhanced
images improve brightness and structural consistency to
constrain stable training for unsupervised depth estimation.
Xiao et al. [® introduced depth-map consistency into a semi-
supervised dual-cycle network to perform underwater image
enhancement and depth estimation simultaneously. Du et
al. ™1 further incorporated underwater image enhancement
and depth estimation into a unified physical-model-guided
framework, which jointly estimates scene depth, backscatter
and optical parameters, and constrains training by re-degrading
restored images.

For underwater image enhancement and restoration, depth
is used in three main ways: inferring scene range from color,
transmission or blur, computing degradation parameters from
measured or predicted depth, and jointly training depth and
color recovery. These strategies adjust restoration strength to
depth estimation, although range errors propagate into color
compensation and backscatter correction.

4.2 Underwater 3D Scene Reconstruction

Underwater depth estimation provides the distance between
different image locations and the camera, allowing scene struc-
tures in 2D images to be recovered in 3D space. Depth obtained
from single image corresponds only to current viewpoint,
complete scene reconstruction must combine camera poses
and multi-view correspondences to align depth from different
viewpoints in a common coordinate system. Representative
works of underwater depth estimation for underwater three-
dimensional scene reconstruction is summarized in Fig. 5.

Wu et al. 'l proposed SDU-SfM, incorporating under-
water depth into 3D reconstruction. Relative depth is first
estimated from each view through nonlinear domain projection,
and then supplement scene points to guide image restoration
and feature filtering. The accuracy of dense depth directly
affects scene structure recovery. Yu et al. ! introduced
UDepth to provide relatively dense range for underwater 3D
reconstruction, which uses underwater light-attenuation laws
to construct a domain-projection constraint and predicts pixel-
wise depth from a single underwater image. To address the
lack of metric scale in monocular depth, Ebner et al. ™
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combined RGB images with sparse depth from triangulated
feature points, using sparse depth to constrain global scale
and image to complete remaining regions. Underwater
image quality also affects depth prediction and cross-view
matching. Varghese ez al. 2% presented USe-ReDI-Net, which
combines underwater image-formation model with inter-frame
geometry to recover both scene depth and clear image from
single frame. This method outputs remain depth maps and
restored images, providing clearer imagery and corresponding
range information for underwater 3D reconstruction. Wang
et al. ? designed UW-GS, which first obtains pseudo
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Bianco et al. Chiang et al
[55] [56]

depth for input images using an existing monocular depth
model, and then uses this range to determine spatial positions
of 3D Gaussians, reducing reconstruction bias caused by
underwater degradations. This work shows that monocular
depth can provide auxiliary range information for underwater
3D reconstruction. Additionally, Yang et al. ®* developed
UWGS-SLAM to construct 3D Gaussian scene representation
from RGB images, then estimated depth maps and integrated
underwater medium modeling with camera tracking and scene
reconstruction. It demonstrates that depth estimation can
initialize spatial representation and contribute to localization
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Fig. 4 Representative works of underwater image enhancement and restoration with depth estimation.
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Fig. 5 Representative works of underwater 3D reconstruction with depth estimation.
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and dense reconstruction under water.

Underwater depth estimation contributes pixel-wise
range, complements sparse structure, and constrains 3D
representations. Since monocular estimates can have scale
ambiguity and local errors, stable reconstruction still requires
camera poses, multi-view correspondence, or sparse metric
depth.

4.3 Underwater Object Detection

Underwater object detection requires targets to be identified
and localized in images. Since targets appear at different
scales and levels of clarity at different ranges, relying on color,
texture and contour is susceptible to underwater image (4,
Depth can reflect the distance between different image regions
and the camera, providing a basis for object discrimination.
Representative works of underwater depth information for
underwater object detection are shown in Fig. 6.

i

%-_—

TR Vo Vo i —"

ChenZ et al.

PengY T et al. LiuY etal.

[65] [66]

[67] 2 [68]

Fig. 6 Representative works of underwater object detection with depth estimation.

Chen et al. 1 extracted 3D depth features from a
single underwater image and combined them with image
color and brightness, and depth features add spatial infor-
mation to underwater object detection. To address noise in
underwater depth maps, Jin e al. 2 proposed target-depth
enhancement, which increases depth difference between target
and background while maintaining smoothness within each
region, thereby improving target localization accuracy. Li et
al. 1% predicted target range with a depth-estimation network,
and selected corresponding detector according to that predic-
tion, enabling detection to accommodate distance-dependent
changes in image characteristics. When reliable depth maps
are unavailable, distance-dependent appearance changes serve
as auxiliary cues. Peng et al. [7! exploited progressive blurring
of underwater targets with distance, extracted input blurriness
to combine with RGB images for object detection. Liu ef al. (%]
further integrated underwater monocular depth estimation and
underwater object detection within one network. Its joint
training encourages predicted depth to retain information about
object positions and boundaries, while detection results provide
feedback to depth estimation.

Depth can distinguish target from background, and
support object localization and boundary delineation. These
methods fuse depth features with spatial information, exploit
distance-dependent image changes, or jointly train underwater
depth estimation and object detection. Therefore, obtaining
stable depth information and preventing depth errors from
propagating into detection remain essential for depth-assisted
underwater object detection.

4.4 AUV Navigation and Localization

During underwater navigation, an AUV determines its position
and the distances from the vehicle to obstacles or seafloor.
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Depth estimation obtains scene-range from images, and
supports obstacle avoidance and path planning. Acoustic
ranging, inertial data, and camera poses further constrain depth
scale, and maintain consistent and continuous measurements.
Representative works of underwater depth estimation for AUV
Navigation and Localization is illustrated in Fig. 7.

Early studies used relative-distance cues from underwater
monocular images to assist navigation, and later progres-
sively incorporated inertial, pressure, and acoustic-ranging
to improve localization and scale estimation. Gaya et
al. 11 ysed the CNN to estimate transmission maps from
monocular underwater images, derived relative depth from the
relationship between transmission and distance, and selected
open regions as obstacle-avoidance directions. Ferrera et
al. U9 released the AQUALOC dataset, which provides
underwater images, inertial measurements, and pressure data
as the test basis for visual localization and SLAM near
the seafloor. Roznere et al. '®) combined a single-beam
echo sounder, a monocular camera and ORB-SLAM?2, where
acoustic ranging supplied metric distance, while visual feature
tracking propagated scale constraint to camera trajectory and
map points, thereby reducing monocular scale drift. As
visual perception increasingly involved in motion planning,
AUVs began to use scene information to adjust navigation
strategies. AquaVis B incorporated target visibility into
planning, and thus the AUV could reach its goal and avoid
obstacles while retaining observations of important objects.
Yang et al. 'Y introduced estimated depth, single-beam sonar,
target position, and action history into a navigation policy for
collision avoidance in unknown environments, where depth
describes forward structure and sonar supplies metric range.
Later work emphasized deployable underwater monocular
depth estimation. Amitai et al. "1 used consecutive-frame
reprojection for self-supervised training. Ebner ef al. ¥ fused
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sparse triangulated depth with RGB images to generate dense
metric depth and reduce scale error. Besides, UDepth [!°]
predicts depth from one image by a lightweight network,
enabling low-cost robots to perceive range in real-time. Recent
work has combined depth and terrain information with multi-
sensor localization systems. NeuRSS [ used side-scan
sonar to estimate seabed elevation as a terrain constraint
for SLAM, and then improved poses were used to update
bathymetry results, allowing underwater localization and depth
estimation to correct each other. AQUA-SLAM 731 fused
stereo cameras and a Doppler velocity log to improve pose-
estimation accuracy during continuous underwater navigation.
AquaticVision ¥ provided event-camera, frame-camera, and
ground-truth trajectory data for evaluating visual localization
under underwater low-light and blurred conditions. Further,
SA-MPC 3 fused monocular depth estimation with single-
beam echo-sounder to produce high-resolution depth maps,
and incorporated environmental safety into model control for
dynamic-obstacle perception and avoidance in complex water.

Depth estimation can provide obstacle range and forward
structure, while acoustic, inertial and SLAM information can
correct scale and maintain temporal geometry. More accurate
and reliable depth can improve avoidance, path planning, and
near-bottom navigation under water.

4.5 Underwater Robotic Operations

When performing docking, grasping, and equipment opera-
tions, underwater robots determine spatial position of targets
and their distances. Underwater monocular depth estimation
can recover range information for targets and surrounding
regions from images, supporting target approach, pose ad-
justment, and manipulator-motion planning. Representative
research of underwater depth estimation for underwater robotic
operations is shown in Fig. 8.

Yu et al. '3 proposed UDepth to construct depth cues
from underwater light attenuation, and utilized a lightweight
network combining MobileNetV2 and a Transformer to predict
dense depth from a single underwater image. This method
can run on embedded devices, allowing underwater robots to
obtain scene range continuously for real-time target approach
and motion adjustment. Ebner et al. ™ fed underwater
monocular image and sparse depth priors into a network, and
used range information from triangulated features to correct
monocular scale ambiguity. It improves depth accuracy at
close range, and supports range assessment for underwater
intervention and close-range inspection. To reduce the effect
of underwater image degradation on depth prediction, Jiang
et al. "% used dark channel prior to compute the transmission
map containing depth information, and constrained background
predictions with light attenuation prior. This lightweight
network balances depth accuracy and computational efficiency,
facilitating deployment on resource-constrained underwater
platforms. Further, CD-UDepth B3¢ extracted depth features
from RGB image and light-attenuation separately, and fused
them according to their confidence, improving depth predic-
tions in regions with color distortion, blurred textures, and long

range. Sonar-MASt3R 7] fused dense visual correspondences
from an end-effector camera with the geometry and metric scale
supplied by imaging sonar, and thus reconstructed a metric 3D
workspace in real-time under turbid and unstructured water.

Underwater monocular depth estimation for robotic
operations provide accurate metric scale, fast execution, and
stable results in complex underwater conditions. These above-
mentioned depth estimation methods provide robots with
scene range and spatial structure, supporting target approach,
operation planning, and close-range manipulation.

5 Challenges and Future Directions

5.1 Major Challenges

Underwater depth is commonly estimated from color, texture,
and contours of objects in an underwater image, however, these
features are easily affected by light absorption, scattering, and
illumination changes in water, which cannot reflect reliable
scene depth. Additionally, the scarcity of real depth labels
limits existing models training, while high computational cost
makes it difficult to balance depth estimation accuracy and
processing efficiency. The principal challenges of underwater
depth estimation are summarized in Table 5.

Complex underwater image degradation: Underwater
images are usually affected by light absorption and scattering.
Wavelength-dependent attenuation causes color casts, reduced
contrast, and blurred details, while background light or sus-
pended particles alter image brightness. These degradations are
related to propagation distance but vary with water types and
non-uniform illuminations, preventing stable correspondence
between image appearance and scene depth. Attenuation of
target-reflected light and backscatter should be represented
by different parameters %, and applying atmospheric de-
hazing models cannot describe underwater image formation
accurately. Moreover, scene range is used to estimate two
degradation components separately, indicating that depth can
explain underwater image changes when considered together
with water optical properties [°¥. Existing methods relying on
color, brightness, or texture are therefore prone to depth errors
when water quality or illumination changes.

Insufficient texture and illumination interference:
Seafloor sand, rock surfaces, and turbid backgrounds typically
lack distinctive textures, while scattering weakens underwater
object boundaries and deprives monocular images of stable
spatial cues. Local highlights, shadows, and nonuniform
brightness caused by artificial lighting may be misinterpreted
as the changes in scene range. Moving organisms and
suspended particles also disrupt pixel correspondences between
frame, and weaken reconstruction constraints in existing
unsupervised methods. It is noted that image changes caused
by underwater medium reduce monocular depth accuracy and
therefore require unsupervised training process to be adapted
to underwater image formation ['!. Besides, extracting reliable
depth cues from regions with weak texture and unstable
illumination *’! remains an open problem.
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Fig. 7 Representative works of AUV navigation and localization with depth estimation.

YuBetal. Ebner L et al. Guo Jet al. Jang Cetal. Phung et al.
[15] [4 [36] [76] [77

2023 2025 @

Fig. 8 Representative works of underwater robotic operations with depth estimation.
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Limited cross-domain generalization: Water bodies differ
substantially in turbidity, color attenuation, suspended parti-
cles, and non-uniform illumination. When a model trained
on a particular dataset or test pool is applied to another
water body, camera or scene, input distribution changes and
depth-estimation performance decline. Underwater imaging
characteristics are usually incorporated into monocular depth
estimation to reduce errors by transferring terrestrial models to
underwater scenes *4. The evaluation "8 shows that terrestrial
vision foundation models still exhibit substantial domain shift
in underwater images because of light attenuation, scattering,
and color casts. Adaptation to different water bodies and
imaging devices is therefore essential for moving from dataset
testing to practical deployment.

Tradeoff of accuracy and efficiency: Transformers and
hybrid networks use broad image context, but require relatively
high computation. AUV, remotely operated vehicles (ROVs)
or other underwater robots are constrained by processor
performance, power and storage, and depth estimation models
therefore should retain accuracy while meeting speed re-
quirements of continuous underwater navigation and real-time
operations. The lightweight backbones, such as Mamba [3]
or Tree-Mamba '8 with approximately linear computational
complexity, can be designed with attenuation priors ['*! or
sparse priors ™, to maintain underwater depth estimation
performance while reducing computational cost.

Scarcity of high-quality real data: Supervised learning
methods require a large amount of underwater images paired
with ground-truth depth, but underwater depth ground truths
are difficult to be acquired. Laser, sonar, and stereo systems are
affected by water scattering, measurement range, and sensor
calibration, while equipment cost and acquisition difficulty
limit dataset scale. Existing datasets concentrate on a few types
of water bodies and scenes, and not represent the diversity of
real water environments fully. The available datasets, such
as FLSea ") or BlueDepth 8], remain insufficient in data
volume, scene coverage, and ground-truth accuracy, potentially
biasing model training and cross-dataset evaluation.

5.2 Future Directions

In response to the challenges discussed above, future directions
for underwater depth estimation can be outlined as follows:

Integration of underwater imaging priors and deep
learning: Light absorption and scattering in water alter image
color, brightness and sharpness, while the relationship between
these changes and scene depth depends on water conditions.
The physically guided Transformer, or multi-physics self-
supervised methods have incorporated underwater attenuation,
medium transmission, and image-formation models into feature
extraction or training ** 4131 Future studies should reduce
reliance on fixed optical parameters, enabling deep learning-
based models to infer current attenuation and scattering con-
ditions from inputs and adjust depth estimations accordingly.
Consistency between underwater image restoration and re-
degradation can also be used to validate predictions, and
improve depth estimation at turbid water, low-light, and
artificial illumination conditions.

Improvement of multimodal fusion reliability: Informa-
tion from different sources can complement one another under
complex underwater conditions while limiting the propagation
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of their respective errors into depth predictions. Existing works
use sparse depth information to correct the scale of monocular
predictions ! and camera-sonar extrinsic calibration to
determine the relative position and orientation of two sensors
(891 But using such information for depth estimation requires
identifying image locations corresponding to the measurements
and assessing the reliability of different sources when their
observations are inconsistent. Future research should improve
the accuracy of correspondences between underwater sensor
observations, and determine the contribution of each source
to depth estimation based on factors such as image clarity
and measurement error, thereby reducing the influence of
inaccurate range or positional constraints on depth prediction.

Construction of real-world underwater depth datasets
and model evaluation: Real underwater images and their
corresponding scene-depth maps are fundamental to model
training and evaluation. Light absorption and scattering,
however, make large-area dense-depth acquisition difficult,
and existing datasets also differ in label source, accuracy, and
applicable scenarios. Future dataset construction should focus
on improving the reliability of depth labels, covering different
water qualities, observation distances, illumination conditions,
and dynamic conditions, while clearly specifying calibration
methods and error ranges. In addition to commonly used depth
errors, model evaluation should examine real-world scale, low-
visibility regions, temporal stability across consecutive frames,
and cross-water-domain performance.

Real-time depth estimation for underwater intelligent
devices: Underwater depth models need to run continuously
on AUV, ROVs or underwater robots, whose processor
performance, storage space, and power consumption are
typically constrained. For example, UDepth ['*! adopted
a lightweight network to accelerate depth prediction speed,
and Tree-Mamba "8 reduced the cost of long-range feature
modeling while improving the representation of underwater
structures. Future research should evaluate not only parameter
counts and single-frame speed, but should also examine
end-to-end latency, memory usage, power consumption, and
long-term stability on actual underwater intelligent devices.
For underwater navigation, obstacle avoidance, and precise
operations, emphasis should be placed on evaluating metric
depth errors near obstacles and at target boundaries, and
on enabling models with mechanisms to identify unreliable
predictions under low-light, turbid, or occluded conditions.

6 Conclusion

This article systematically surveys the study and progress of
underwater depth estimation. At the theoretical level, underwa-
ter image-formation models, light-attenuation laws, Bayesian
estimation, backscattering, and visual priors clarify the intrinsic
relationship between underwater image degradation and scene
depth. At the methodological level, traditional physical priors,
deep-learning-driven, and multimodal fusion approaches are
summarized, and their cores, advantages and limitations are
analyzed. At the application level, the role of depth estimation
in image enhancement, 3D reconstruction, object detection,
AUV navigation and localization, and robotic operations under
water is presented. Current research remains challenged
faced by complex image degradation, weak texture and
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Table S Major challenges in underwater depth estimation

Challenge

Manifestation

Literature

Complex underwater image

degradation illumination affect imagery

Insufficient texture and
illumination interference

Limited cross-domain
generalization

Tradeoff of accuracy and

efficiency real-time

Scarcity of high-quality real

data limited scenes

Color cast, scattering, backscatter, and nonuniform

Weak textures, blurred edges, local highlights, and
dynamic objects corrupt depth cues

Low performance across waters, datasets and sensors

Accurate models are difficult to run on AUV/ROV in

Ground truth is difficult to obtain and datasets cover

Akkaynak and Treibitz B
Akkaynak and Treibitz %

Amitai et al. '
Ding et al. 7

Wu et al. B4
Cai and Metzler ®

Yu et al. P!
Ebner et al. ¥

Randall et al. ")
Zhuang et al. '

illumination interference, limited cross-water generalization,
tradeoff between accuracy and efficiency, and scarce real-
world depth data. Additionally, future research should integrate
underwater imaging priors with deep learning-based methods,
improve the reliability of multimodal fusion, enhance real-
world underwater depth datasets and model evaluation, and
develop real-time depth estimation for autonomous underwater
devices, thereby improving the robustness and practical
applicability.

Underwater depth estimation has been a foundation of
underwater image sensing and understanding, and is a key
link among image-formation physics, 3D perception, and
intelligent operation under water. As the demand grows for
ocean exploration, AUV navigation, and underwater robotic
intervention, the technique of underwater depth estimation will
advance underwater visual perception technology toward more
intelligent and reliable solutions.
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