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Abstract
Visible spectrum images capture limited information from
just three discrete bands, often resulting in suboptimal per-
formance in underwater depth estimation (UDE) due to sig-
nificant information loss from water absorption. In contrast,
hyperspectral imagery, which include hundreds of continu-
ous bands, provide abundant spectral information that offers
greater resilience against the adverse effects of water absorp-
tion. In this paper, we conduct a comprehensive study to in-
vestigate how spectral information can enhance aerial remote
sensing UDE through two key aspects: the benchmark dataset
and general framework. For the benchmark dataset, we con-
struct a real-world hyperspectral UDE (HUDE) dataset ATR-
HUDE, comprising approximately 500 synchronized hyper-
spectral and LiDAR data pairs collected from diverse coastal
scenes and flight altitudes. Regarding the general framework,
we integrate recent physical imaging models and advances
in state space models to design a novel HUDE framework
named HUDEMamba that estimates underwater depth using
both model-driven and data-driven approaches. Experimen-
tal results on the constructed benchmark dataset validate the
potential of HUDE and the effectiveness of HUDEMamba.

Datasets — https://github.com/qjh1996/ATR-HUDE

Introduction
Aerial remote sensing underwater depth estimation (UDE)
focuses on analyzing the depth distribution of seafloor rather
than the distance to underwater objects. Recent research (Li
et al. 2024; Ye et al. 2023; Yu, Wu, and Islam 2023) em-
ployed visible spectrum images as the primary data source
for UDE. However, as shown in Figure 1(b), two regions
with significantly different depths exhibit identical texture
information, indicating that visible spectrum images strug-
gle to provide discriminative information for remote
sensing UDE. Hyperspectral imagery (HSI), capturing and
processing a wide spectrum of light across numerous con-
tiguous spectral bands (Li et al. 2019), is regraded as an al-
ternative to remote sensing UDE. Figure 1(c) demonstrates
that the spectral information in HSI can differentiate under-
water regions with varying depths, even their visual appear-
ance are nearly identical.

*Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Limitation of visible spectrum imagery and advan-
tage of hyperspectral imagery in underwater depth estima-
tion. (a) Two regions in the depth image with significantly
different depths are annotated with blue boxes. (b) The cor-
responding regions in the RGB image, annotated with pink
boxes, have nearly identical visual appearances. (c) The cor-
responding regions in the HSI image, annotated with yellow
boxes, show remarkably diverse spectral information.

Despite this charming characteristic, hyperspectral under-
water depth estimation (HUDE) is still under-explored for
two main reasons. (1) Well-Established Dataset Scarcity:
The existing HUDE datasets are limited in scale and often
not publicly available (Liu et al. 2020). Additionally, the in-
consistency between the data collection platforms of HSI
and depth maps can result in image misalignment, thereby
undermining the accuracy of depth groundtruth. (2) Top-
Tier Methodology Deficiency: Most existing methods (Ma
et al. 2014; Pan et al. 2015; Alevizos 2020) are specially de-
signed for visible spectrum images and do not consider the
unique characteristics of HSI, leading to inferior HUDE per-
formance. Furthermore, they tend to underutilize the spatial
correlation among adjacent pixels, which is crucial when vi-
sual appearance features are not sufficiently discriminative.

To this end, we establish a new HUDE dataset and pro-
pose a novel HUDE framework in this paper. The estab-
lished dataset, named ATR-HUDE dataset, comprises a to-
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tal of 500 HSIs that are collocated with unmanned aerial ve-
hicle (UAV) at three distinct coastal scenes. To provide ac-
curate depth groundtruth, we measured the underwater depth
information during low tide using a UAV-borne LiDAR sen-
sor to keep the consistency of data collection platform. The
LiDAR and HSIs are well-aligned using a commonly em-
ployed method (Lee et al. 2015). The proposed framework,
termed HUDEMamba, consists of a physics-inspired image
translator (PIT) and a context-aware depth estimator (CDE).
Specifically, the PIT leverages the inherent characteristics
of HSI and heuristic rules derived from underwater imag-
ing models to transform the input image into a depth-related
image for task-agnostic knowledge distillation. Notably, the
PIT is a parameter-free module that greatly improves the
computational efficiency. Based on the depth-related image,
the CDE designs a hybrid-level state space model (SSM)
in combination with a multi-scale bin predictor to yield ac-
curate HUDE results. The hybrid-level SSM adopts a cus-
tomized multi-level scanning strategy to fully exploit the
spatial correlation among adjacent pixels, facilitating effi-
cient spatial-spectral representation learning.

Related Work
Underwater depth estimation
Traditional UDE methods commonly estimate underwater
depth based on hand-crafted priors and physical image for-
mation model (PIFM). Peng et al. investigated the relation-
ship between depth and blurriness based on the PIFM to es-
timate underwater depth (Peng, Zhao, and Cosman 2015).
Zhang et al. employed statistical underwater dark channel
priors to perform non-uniform illumination correction for
UDE (Zhang et al. 2017). Furthermore, Song et al. proposed
an underwater light-attenuation prior to estimate underwater
depth (Song et al. 2018). However, these methods cannot be
applied to HUDE since the utilized priors are derived based
on the characteristics of visible spectrum images. Neverthe-
less, their impressive performances confirm that combining
the PIFM and image properties is a valid solution to obtain
depth-related information without any model parameters.
Inspired by this observation, we exploit the spectral anal-
ysis theory of HSI and PIFM to establish a physics-inspired
image translator for task-agnostic knowledge distillation.

Learning-based UDE methods harness the power of
deep neural networks for UDE. Some of these methods
(Gupta and Mitra 2019; Ye et al. 2020) model the UDE
problem as a linear regression task. Gupta et al. established
a dense-block based on auto-encoders as the regressor for
UDE (Gupta and Mitra 2019). Ye et al. developed a U-Net-
like depth regression network trained in an adversarial learn-
ing manner (Ye et al. 2020). Another line of work formu-
lates UDE as a per-pixel classification task. Yu et al. pro-
posed a Transformer-based classifier to transform global im-
age information into UDE results (Yu, Wu, and Islam 2023).
Yang et al. combined a multilayer perceptron (MLP) head
with a fully convolutional network as the depth classifier
(Yang et al. 2024). Compared with the traditional methods,
the learning-based ones are more competitive due to their
superior feature extraction capabilities. However, extending

them to HUDE remains challenging due to their inability to
fully exploit the spatial correlation among adjacent pixels.
For this, we tailor the SSM for UDE to leverage global and
local spatial information for HUDE.

Hyperspectral underwater depth estimation
HUDE has not been thoroughly explored until recently (Ma
et al. 2014; Pan et al. 2015; Alevizos 2020). Ma et al. pro-
posed a band ratio method with minimal tuning parame-
ters for HUDE, which only utilizes a portion of the spec-
tral information (Ma et al. 2014). To improve accuracy, Pan
et al. introduced support vector regression as an alternative
method by using full-band HSI (Pan et al. 2015). Building
on this, Alevizos integrated the PIFM with support vector
regression to enhance both the accuracy and interpretabil-
ity of depth estimation results (Alevizos 2020). Considering
the limitations of support vector regression in feature extrac-
tion, Peng et al. proposed a channel-wise spectral attention-
based HUDE network to exploit the spatial-spectral infor-
mation of HSI (Peng et al. 2023). Although significant ef-
forts have been made in HUDE, combining the strengths of
PIFM and deep learning methods for HUDE remains largely
unexplored. To achieve more accurate results, it is essential
to integrate recent advancements in deep learning with in-
sights from PIFM, aiming to develop a more flexible, pre-
cise, and generalized HUDE framework. In this paper, we
target a novel HUDE framework that incorporates both data-
driven and model-driven approaches to leverage the intrinsic
structure of HSI and harness the representative capabilities
of modern deep neural models simultaneously.

Proposed Dataset
UAV-borne Hyperspectral-LiDAR System
As shown in Figure 2(a), the dataset is acquired using a
UAV-borne hyperspectral-LiDAR system, comprising the
X20P-LIR sensor and a DJI M300 RTK UAV platform. The
X20P-LIR, depicted in Figure 2(b), integrates LiDAR, in-
frared, and hyperspectral imaging technologies. It provides
simultaneous LiDAR and hyperspectral imaging over a 350-
1000 nm range, with the LiDAR component offering mea-
surements up to 450 meters at 80% reflectivity. The DJI
M300 RTK UAV platform, demonstrated in Figure 2(c), sup-
ports a 2.7 kg payload, up to 55 minutes of flight time, and
centimeter-level accuracy via RTK/IMU modules.

Data Collection
To acquire precise depth groundtruth, data collection was
conducted in two phases. During the first phase at high tide,
the hyperspectral sensor captured submerged seafloor im-
ages while the LiDAR sensor acquired surface elevation
data. In the second phase at low tide, the LiDAR sensor
captured depth information of the same seafloor scene with-
out water coverage. Data collection was conducted across
diverse coastal scenes in Sanya, China to ensure scene di-
versity and assess the cross-scene generalization capability.
Besides, we also collect data at varying flight altitudes to in-
vestigate the impact of image scale on HUDE performance.
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Figure 2: Illustration of UAV-borne Hyperspectral-LiDAR System.

Figure 3: Representative samples of the proposed dataset in different scenes.

ATR-HUDE Dataset
Data Processing and Groundtruth Generation. Hyper-
spectral data preprocessing involved radiometric calibration
and geometric correction, whereas LiDAR preprocessing in-
cluded position calculation and point cloud aggregation. All
processing tasks were conducted using software provided by
instrument manufacturer. To generate accurate groundtruth,
a standard image registration method (Lee et al. 2015) is
employed to align the hyperspectral and LiDAR data. Fol-
lowing this registration, the LiDAR data serves as the depth
ground truth. Figure 3 illustrates representative samples.

Dataset Configuration. We segmented the processed im-
ages into non-overlapping 100 × 100 blocks, yielding 500
image pairs. We utilized 400 pairs for training and 100 pairs
for testing. Image pairs for different tasks were proportion-
ally sampled from diverse scenes and altitudes to minimize
data distribution bias.

Method
Motivations
The pipeline of existing UDE methods consists of an image
translation module and a depth estimation module (Yu, Wu,
and Islam 2023). The former module extracts information
highly related to underwater depth and the later one perform
UDE based on the depth-related information. It is straight-
forward to draw on the wisdom of existing UDE methods

to develop the HUDE framework. However, there remains
significant challenges that need to be addressed: (1) Heavy
computational burden and poor generalization perfor-
mance. The image translation module in the existing UDE
methods typically employs dense-block structures (such as
U-Net) or Transformer-based networks that contain numer-
ous learnable parameters. Unfortunately, the high dimen-
sionality and limited amount of HSIs result in significant
computational burdens and severe overfitting issues (Molin-
ier and Kilpi 2019). (2) Overlook the spatial correlation
among adjacent pixels. The depth estimation modules in
the existing UDE methods often assume that each pixel in
an image is independent when predicting depth (Bhat, Al-
hashim, and Wonka 2020). However, this assumption is in-
valid since pixels corresponding to the same object and lo-
cated in a compact neighborhood should have similar depth
values. Consequently, this pixel-independence assumption
leads to the neglect of spatial correlations among adjacent
pixels, resulting in inaccurate estimation results.

To address these challenges, our motivations are depicted
as follows. Firstly, since the PIFM describes the underwa-
ter imaging process that are generalized to any underwater
scene, its principles can be exploited to enhance generaliza-
tion capacity (Wang et al. 2024). Additionally, hyperspectral
unmixing (HU) methodology can extract specific informa-
tion from high-dimensional HSI without any model parame-
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Figure 4: Overall pipeline of HUDEMamba.

ters (Rasti et al. 2024). Motivated by these insights, we lever-
age the principles derived from the PIFM as priors to guide a
parameter-free HU method, conducting a model-driven and
parameter-free image translator. Secondly, recent advances
of SSM in different computer vision tasks (Liu, Zhang, and
Zhang 2024) prove that SSM specializes in spatial correla-
tion modeling. Consequently, we devote to tailoring SSM
for HUDE to leverage the spatial correlations among adja-
cent pixels. Given that superpixel segmentation algorithms
can provide pixel adjacency information, we design a super-
pixel segmentation-guided multi-level scanning method to
maximize the effectiveness of SSM for HUDE.

Method Overview. Based on the above motivations, we
propose a simple yet effective HUDE framework named
HUDEMamba, as illustrated in Figure 4. The HUDE pro-
cess proceeds in two main stages: (a) physics-inspired image
translation and (b) context-aware depth estimation. In the
following subsections, we will introduce the key modules of
HUDEMamba in detail.

Physics-inspired Image Translator
Some research (Yu, Wu, and Islam 2023; Ding et al. 2024)
indicate that UDE with depth-related images, rather than
the original ones, is more accurate. Therefore, we propose
a model-driven and parameter-free image translator to trans-
form the HSI into depth-related images.

a. Physical Image Formation Model. Given an input
HSI I , the commonly used PIFM (Lee et al. 1998) can be
formulated as:
I(x, y) = Iw(x, y) · (1− e−k·d(x,y)) + Ib(x, y) · e−k·d(x,y)

= Iw︸︷︷︸
Depth-agnostic term

+(Ib(x, y)− Iw) · e−k·d(x,y)︸ ︷︷ ︸
Depth-related term

, (1)

where I , Iw, and Ib are the spectra of the input HSI, wa-

ter body, and bottom, respectively. Due to minimal varia-
tion in water composition within remote sensing underwater
scenes, Iw(x, y) can be assumed to be spatially invariant and
simplified to Iw. k refers to the water attenuation constant,
and d is the depth map. According to Equation (1), we can
draw the following principles:

• I is a linear combination of Iw and Ib, with coefficient
maps that are functions of d. (Principle 1)

• Iw is the only depth-agnostic term in I . (Principle 2)

Based on these principles, the coefficient map e−k·d(x,y)

and spectral distance image I − Iw = (Ib(x, y) − Iw) ·
e−k·d(x,y) are depth-related images. The key to translate I
into a depth-related image is driving Iw and e−k·d(x,y).

b. HSI Unmixing and Abundance Ranking. HU can be
exploited to decompose I as

{(Ei(x, y),Ai(x, y))}Ni = HU(I(x, y)),

s.t.
N∑
i

Ei(x, y) ·Ai(x, y) = I(x, y),
(2)

where (Ei(x, y),Ai(x, y)) denotes the i-th endmember and
its corresponding abundance map. N is the hyperparameter
that determines the total number of water and bottom end-
members and HU(·) is the HU operation.

Ai(x, y) quantitatively represents the fractional contribu-
tion of Ei(x, y) to the spectral signature of I(x, y). Then,
abundance value ai =

∑
x

∑
y Ai(x, y) represents the total

contribution of Ei across the entire HSI. Based on the phys-
ical meaning of Ai(x, y), Equation (1), and Equation (2), it
can be inferred that Ai(x, y) is equal to 1− e−k·d(x,y) if Ei

represents Iw. Due to the pervasive nature of the water body,
the endmember E in {Ei(x, y)}Ni of maximum a refers to
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Figure 5: Illustration of superpixel-pixel selective scanning.

Iw. To identify Iw, the endmember Emax with the highest
abundance value is derived using the following strategy:

{Emax,Amax} = argmax
i

ai,

Iw = Emax, e−k·d(x,y) = 1−Amax.
(3)

c. Depth-related Image Translation. After deriving Iw
and e−k·d(x,y) using Equation (3), we can translate I into
the depth-related image ID as:

ID = Concat(I −Emax,Conv1×1(I −Emax),− ln(1−Amax)) (4)

where Concat(·) is the concatenation operation along the
spectral dimension, and Conv1×1(·) represents a 1× 1 con-
volution operation that output dimension is 1.

Context-aware Depth Estimator
As stated in Section 4.1, the spatial correlation among ad-
jacent pixels is critical for HUDE. Consequently, we adapt
Mamba (Gu and Dao 2023), an improved variant of SSM, to
develop a context-aware depth estimator (CDE).

a. Superpixel-pixel Selective Scanning for HUDE. The
sequential nature of the scanning operation in Mamba is not
well-suited for non-sequential vision data. Thus, recent ef-
forts proposed several simplistic patch-level scanning meth-
ods for input processing (Liu et al. 2024; Zhu et al. 2024). In
contrast, we introduce a fine-grained, multi-level scanning
approach to adapt Mamba for HUDE, as illustrated in Fig-
ure 5. The core idea behind our method is the hierarchical
modeling of spatial correlations in a coarse-to-fine manner.

Firstly, the depth-related image ID is divided into several
superpixel blocks using SLIC (Barbato et al. 2022). Then,
the ruler of the proposed scan method is described as:
• Superpixel-Level (coarse): Considering the similarity

between superpixel blocks and image patches, we apply
the SS2D (Liu et al. 2024) to determine the superpixel
traversal path.

• Pixel-Level (fine): Within each superpixel block, we cal-
culate the spectral angle distance between each pixel and
the superpixel center. The pixel traversal path is then de-
termined by prioritizing pixels with smaller distances.

Finally, position embedding P is achieved by above method.
b. Context-aware Representation Learning. Figure 4

provides an overview of the developed CDE. The input ID
is initially processed by a global convolution embedding
(GCE) module, which employs 3 × 3 convolutional kernels
with padding to maintain spatial dimensions while reducing
dimensionality. The 3 × 3 convolutional operation in GCE

can help to extract the primary spatial-spectral information.
Then, the position embedding P transforms the output of
GCE IG into a pixel sequence T0. Finally, several context-
aware representation learning stages are employed to yield
hierarchical context-aware representations with resolutions
1/1, 1/2, 1/4, 1/8 based on T0. Each context-aware rep-
resentation learning stage includes a down-sampling layer
(except the first one), followed by a series of Mamba Blocks.
The process of the proposed learning strategy is defined as:

T0 =
[
C; I1

GW ; I2
GW ; · · · ; IM

G W
]
+ P . (5)

Tl = MambaBlocks(T̂l−1) + T̂l−1,

where T̂l−1 =

{
Tl−1, if l = 1

downsample(Tl−1), if l > 1
,

(6)

where Ii
G is the i-th pixel in IG, M is the total number

of pixels in IG, C is the class token, W is the learnable
projection matrix, MambaBlocks(·) are the Mamba blocks,
downsample(·) is the downsampling operation, and Tl is
the l-th (l ≥ 1) context-aware representation.

c. Underwater Depth Estimation. As stated in (Bhat, Al-
hashim, and Wonka 2020), the depth estimation task can be
divided into range-attention map prediction and bin-width
estimation. Specifically, bin-width estimation result b is de-
rived from a multi-scale context-aware representation Fbin:

Fbin = U (U (U (T1[1 :]) + T2[1 :]) + T3[1 :]) + T4[1 :],

b̂ = MLPReLU(Fbin) = [b̂1, b̂2 · · · , b̂M ],

b = [Norm(b̂1),Norm(b̂2), · · · ,Norm(b̂M )],

Norm(b̂i) = [
b̂1i + ϵ∑L

j=1

(
b̂ji + ϵ

) , · · · , b̂Li + ϵ∑L
j=1

(
b̂ji + ϵ

) ].
(7)

where U(·) is the unsampling operation, MLPReLU is the
MLP head with ReLU activation outputting L-dimensional
vector b̂i (L is also the number of bins), and ϵ = 10−3

ensures each bin-width is strictly positive. Besides, range-
attention map prediction result R is derived with highest-
level context-aware representation T4:

R = MLPSoftmax([T4[0] ∗ T4[1], · · · ,T4[0] ∗ T4[M ]])

= [R1,R2, · · · ,RM ],
(8)

where MLPSoftmax is the MLP head with Softmax activation
outputting L-dimensional vector Ri and ∗ is the element-
wise product. Finally, the HUDE result d̂i is a linear combi-
nation of R and bin-width centers c(bji ):

d̂i =
L∑

j=1

c(bji ) ·R
j
i , {i = 1, 2, · · · ,M},

c(bji ) = dmin + (dmax − dmin)

bji/2 +
L−1∑
j=1

bji

 .

(9)

where [dmin, dmax] is the full depth range.
d. Learning objective. We employ the linear combination

of two pixel-wise supervised loss functions (Mean Squared
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Method
Depth Error (lower, better) Depth Accuracy (higher, better)

SIlog A.Rel S.Rel RMSE RMSElog δ1 δ2 δ3

UWNet 1.935 0.185 0.095 0.384 0.216 0.694 0.951 0.997
UDepth 0.898 0.117 0.030 0.197 0.127 0.912 0.999 1.000
Joint-ID 0.599 0.066 0.011 0.119 0.077 0.994 1.000 1.000

WaterMono 0.357 0.049 0.006 0.081 0.055 0.999 1.000 1.000
SUTDF 0.324 0.039 0.004 0.065 0.045 1.000 1.000 1.000

HUDEMamba 0.201 0.020 0.001 0.037 0.025 1.000 1.000 1.000

Table 1: Quantitative results on full-scene testing. The best and second-best results are in bold and with underline.

Figure 6: Qualitative results of full-scene testing.

Error loss (MSE) LMSE and Scale-Invariant Log (SILog)
loss LSILog (Eigen, Puhrsch, and Fergus 2014)) as the learn-
ing objective L:

L = LMSE + LSILog,

LMSE = E
(
∥di − d̂i∥2

)
,

LSILog = α

√√√√ 1

M

M∑
i=1

g2i −
λ

M2

(
M∑
i=1

gi

)2

,

(10)

where gi = log(di/d̂i) and di is the groundtruth. α and λ
are hyperparameters that are set as 0.85 and 10.

Experiments
Implementation Details
For the physics-inspired image translation stage, we uti-
lize VCA (Rasti et al. 2024) as the hyperspectral unmix-
ing (HU) method, setting the hyperparameter N in Equa-
tion (2) to 5 for all coastal scenes. In the context-aware
depth estimation stage, we employ VMamba-T (Liu et al.
2024) as the foundational Mamba model, incorporating the
proposed superpixel-pixel selective scanning strategy. Addi-
tionally, the full depth range [dmin, dmax] in Equation (9) is
set to [0.5, 3] meters for all compared methods based on the

proposed dataset. HUDEMamba is implemented on seven
NVIDIA RTX6000 Ada 48GB GPUs running Ubuntu 22.04.
We used the Adam optimizer with a batch size of 8. The
initial learning rate of 1 × 10−4 was gradually reduced to
1× 10−6 following a cosine schedule over 300 epochs.

Experimental settings
We compare the proposed method with four UDE methods
(i.e., UWNet (Gupta and Mitra 2019), UDepth (Yu, Wu, and
Islam 2023), Joint-ID (Yang et al. 2024), and WaterMono
(Ding et al. 2024)) and one HUDE method (i.e., SUTDF (Qi
et al. 2021)). For a fair comparison, we retrain all the com-
pared methods using our dataset and training settings, along
with the hyperparameters specified in their original papers
using the proposed HUDE dataset. Following (Ding et al.
2024), the evaluation metrics used for quantitative evalua-
tion include root mean error (RMSE) and its log variant
(RMSElog), absolute error in log-scale (Log10), absolute
(A.Rel) and squared (S.Rel) mean relative error, the per-
centage of inlier pixels (δi) with threshold 1.25i, and scale-
invariant error in log-scale (SIlog).

Main results
To thoroughly evaluate the HUDE performance, we conduct
two evaluation modes: full-scene and cross-scene testing.
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Method
Scene1 Scene2 Scene3 Average

SIlog↓ RMSElog↓ δ1↑ SIlog↓ RMSElog↓ δ1↑ SIlog↓ RMSElog↓ δ1↑ SIlog↓ RMSElog↓ δ1↑
UWNet 3.472 0.446 0.251 3.500 0.448 0.250 3.403 0.439 0.254 3.458 0.444 0.252
UDepth 3.530 0.409 0.302 3.865 0.465 0.248 3.854 0.463 0.250 3.750 0.446 0.267
Joint-ID 3.210 0.396 0.305 3.379 0.421 0.282 3.377 0.419 0.286 3.322 0.412 0.291

WaterMono 3.058 0.371 0.356 3.208 0.397 0.323 3.207 0.396 0.325 3.158 0.388 0.335
SUTDF 3.008 0.342 0.446 3.061 0.347 0.438 3.072 0.349 0.436 3.047 0.346 0.440

HUDEMamba 2.402 0.317 0.403 2.464 0.323 0.400 2.450 0.323 0.397 2.439 0.321 0.400

Table 2: Quantitative results on cross-scene testing. The best and second-best results are in bold and with underline.

The full-scene testing, which assesses the learning ca-
pacity of the compared methods, utilizes data from all scenes
for both training and testing. The quantitative results of
this evaluation are detailed in Table 1, with correspond-
ing visual results shown in Figure 6. In quantitative com-
parison, HUDEMamba demonstrates superior performance
compared to the SOTA methods, achieving higher accu-
racy metrics while yielding lower values in certain error
metrics. This highlights the capacity of HUDEMamba to
leverage hyperspectral information for predicting more ac-
curate HUDE results. The qualitative results in Figure 6 fur-
ther support this conclusion, demonstrating that outputs of
HUDEMamba are closest to the ground truth and accurately
reflect the underwater scene geometry. Additionally, the vi-
sual results also indicate that HUDEMamba excels in re-
moving background regions and predicting foreground lay-
ers with greater precision. The cross-scene testing evalu-
ates the generalization performance by training on one scene
and testing on others. The corresponding results are summa-
rized in Table 2, using SIlog , RMSElog , and δ1 as evaluation
metrics. The quantitative recorded in Table 2 indicate that
all compared methods experience varying degrees of perfor-
mance degradation. However, HUDEMamba outperforms
the leading approaches by more significant margins, show-
ing improvements of 0.608 in SIlog and 0.025 in RMSElog .
These results collectively demonstrate that HUDEMamba
exhibits superior generalization performance compared to
other SOTA models when adapting to unseen scenes.

Ablation Study

Method
Full Scene Cross Scene

RMSElog↓ δ1↑ RMSElog↓ δ1↑
HUDEMamba w/o PIT 0.063 0.984 0.394 0.282

HUDEMamba 0.025 1.000 0.321 0.400

Table 3: Quantitative results on ablation study of physics-
inspired image translator.

The benefits of physics-inspired image translator. As
detailed in Table 3, HUDEMamba without the physics-
inspired image translator (PIT) shows significant perfor-
mance degradation in both full-scene and cross-scene eval-
uations. In the full-scene test, performance metrics dete-
riorate from 0.025/1.000 to 0.063/0.984 in RMSElog and
δ1, highlighting the critical role of the PIT in capturing es-
sential hyperspectral information for HUDE. In the cross-

scene test, performance metrics decline from 0.394/0.282
to 0.321/0.400 in RMSElog and δ1, demonstrating the sub-
stantial impact of the PIT on the generalization capability of
HUDEMamba.

Method
Full Scene Cross Scene

RMSElog↓ δ1↑ RMSElog↓ δ1↑
PIT+Transformer 0.042 1.000 0.340 0.342

PIT+vanilla Mamba 0.034 1.000 0.332 0.367
HUDEMamba 0.025 1.000 0.321 0.400

Table 4: Quantitative results on ablation study of context-
aware depth estimator.

The benefits of context-aware depth estimator. To as-
sess the effectiveness of the context-aware depth estima-
tor (CDE), we compare it with two depth estimator vari-
ants: (1) transformer-based and (2) vanilla Mamba-based.
We substitute the depth estimator with these variants, and
the quantitative results are presented in Table 4. CDE con-
sistently outperforms both variants, achieving average im-
provements of 0.01 and 0.02 in RMSElog and δ1. This en-
hancement is attributed to CDE’s effective exploitation of
spatial correlations among adjacent pixels, facilitated by the
Mamba framework and the proposed superpixel-pixel selec-
tive scanning strategy. Moreover, the greater performance
gap between HUDEMamba and the compared methods in
the cross-scene test further highlights the contribution of
CDE to the generalization capability. Furthermore, the ob-
served performance disparity between the transformer-based
and vanilla Mamba-based estimators indicates that long-
sequence modeling is better suited for depth estimation.

Conclusion

In this paper, we built the first open-access real-world hyper-
spectral underwater depth estimation (HUDE) dataset, col-
lected using a UAV-borne platform equipped with RTK/IMU
information. To address the challenges in HUDE, we also
propose a novel framework that leverages the intrinsic prop-
erties of hyperspectral imagery and the spatial correlations
among adjacent pixels to achieve accurate HUDE results.
Experimental results on the proposed dataset confirm the ef-
fectiveness of our approach. We hope this work can foster
further research in HUDE to provide a novel, accurate, and
reliable means for underwater environment understanding.
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