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Abstract— A known challenge for computer vision methods
applied to the underwater domain is that nonlinear attenuation
of light in underwater environments distorts the color signal in
captured imagery, resulting in inconsistent color and contrast at
varying distances to an imaged target. While surface reflectance
can provide a useful cue for classifying imagery of the seafloor
by object or substrate types, color inconsistency makes robust
classification challenging. We introduce a method that leverages
hyperspectral imagery with an underwater light formation
model and structure from motion to estimate the intrinsic
optical properties of the underwater environment and correct
seafloor reflectance estimates from radiance measurements. We
show that our method enables consistent surface reflectance
estimates under both artificial and ambient lighting conditions
and is readily integrated on small underwater vehicle platforms,
such as a BlueROV.

Index Terms— Marine Robotics, Computer Vision for Au-
tomation, Environment Monitoring and Management, Mapping

I. INTRODUCTION

Underwater ecosystems, such as coral reefs, kelp forests,
and seagrass beds, are vital for supporting a rich diversity
of marine life. The conservation of these underwater habi-
tats is of great importance due to their significant social
and economic value [1]. Yet, these precious habitats are
increasingly threatened by pollution and rising ocean temper-
atures. Monitoring these habitats is critical to understanding
their environmental stresses and ensuring their health and
sustainability. Habitat monitoring can be conducted through
both above-water and underwater methods [2]. Above-water
monitoring employs remote sensing systems on aircraft or
satellites, usually utilizing hyperspectral devices to capture
high spectral resolution data [2]. This approach allows for the
efficient coverage of large areas, making it ideal for broad-
scale monitoring efforts. However, remote sensing usually
has low spatial resolution and is limited to shallow water
environments (generally down to 20 meters deep) due to
the reliance on natural ambient light, which is attenuated
and scattered with depth. On the other hand, underwater
monitoring with platforms such as Autonomous Underwater
Vehicles (AUVs), Remotely Operated Vehicles (ROVs) [3],
or towed camera systems [4], offer higher spatial resolution.
Yet, these systems are typically equipped with monochrome
or RGB cameras rather than hyperspectral sensors because of
the challenges associated with deploying these sensors sub-
sea. One of the major challenges is the nonlinear attenuation
and scattering effects of water on light, which distorts the
spectral response and hinders accurate hyperspectral analysis.
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The effectiveness of hyperspectral imaging (HSI) for clas-
sification and analysis hinges on its utility for distinguishing
materials based on their distinct reflectance signatures [5].
Under normal conditions above water, reflectance can be
readily derived from radiance measurements and knowledge
of the natural light spectrum in the surveyed area, as the
atmosphere’s attenuation effect on the visible light spectrum
is minimal. However, this is not the case in underwater
environments, where the inherent attenuation effects of the
optical medium introduce a significant challenge to underwa-
ter HSI. Attenuation effects cause the intensity of the mea-
sured radiance signal to diminish in a wavelength dependent
manner with a nonlinear dependence on the distance to the
imaged target, leading to spectrum distortions and a loss of
contrastive detail [6]. Additionally, the variability in water
turbidity, caused by suspended organic particulates, across
different environments exacerbates the inconsistency of at-
tenuation rates, hindering the predictability and standardiza-
tion of imaging processes [7]. These challenges impede the
accurate estimation of underwater surface reflectance from
HSI, limiting its direct application for seafloor classification.
Therefore, the primary objective of this work is to develop an
in-situ method for accurately correcting the true reflectance
of underwater surfaces from HSI measured radiance signals
by estimating and compensating for the wavelength depen-
dent intrinsic optical properties of water.

In this work, we make the following contributions and
evaluations:

e« A novel method for estimating underwater surface
reflectance from hyperspectral imaging measurements,
leveraging a simplified underwater light formation
model and structure from motion (SfM).

o The formulation of our method under two lighting
scenarios, where the light source is fixed relative to
the camera, or the scene is illuminated from a constant
ambient light source external to the camera rig.

o Quantitative assessment of our proposed method in
a controlled laboratory tank setup, under both fixed
artificial lighting and ambient lighting scenarios.

o Assessment of the proposed method in a natural harbour
environment, with the imaging system deployed on a
BlueROV2, under ambient sunlight conditions.

A key strength of our proposed method lies in its in-
dependence from prior assumptions about the reflectance
properties of underwater surfaces or the specific water type,
such as Jerlov classifications, thereby eliminating the need
for predefined parameter bounds in the optimization. The
experimental results demonstrate the utility of our method for
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Fig. 1: Underwater light formation model, depicted across
three stages: (a) Light travels a distance of r; from the source
to the target surface, experiencing water attenuation. (b)
Assuming a Lambertian surface, light reaches the surface at
an incident angle of 6 and is reflected according to the surface
reflectance. (c) The reflected light traverses a distance of r. to
the camera, undergoing further attenuation. The HSI camera
is integrated with an RGB camera that provides geometric
information of the scene through SfM. The registration of
hyperspectral measurements with scene geometry enables
estimation of the surface reflectance spectrum.

accurately estimating underwater surface reflectance under
varying lighting conditions.

II. RELATED WORK

The Radiative Transfer Equation (RTE) is the fundamental
model that describes light propagation through a medium,
such as water, air, or plant canopies [8]. In underwater
hyperspectral imaging, the RTE relates the sensor radiance
measurement to the inherent optical properties (IOPs) of the
water (i.e., absorption and scattering coefficients), the light
source and scene geometries, the surface reflectance function,
and other properties of the scene [9]. Various solutions or
approximations of the RTE have been proposed, including
numerical [10], empirical [11], and semi-analytical (SA) [12]
approaches. SA approaches have been largely adopted in
recent research on underwater image formation for their
computational tractability and accurate approximation for
the underwater medium. The Hyperspectral Optimization
Processing Exemplar (HOPE) model [12] is a well-known
SA model solving the RTE for shallow water hyperspectral
remote sensing. The HOPE model parameterizes water col-
umn absorption, backscattering coefficients, and bottom re-
flectance as scalar variables and utilizes spectral optimization
to estimate IOPs and seafloor depth. Subsequent SA models

for shallow water hyperspectral remote sensing such as
BRUCE [13], SAMBUCA [14], and BOMBER [15] adopt a
similar methodology. These SA methods have demonstrated
their effectiveness in estimating IOPs and seafloor depth
when provided with prior knowledge of the spectral shape of
the bottom reflectance. While these models provide a frame-
work for solving underwater IOPs, the seafloor reflectance
is often unknown, limiting the utility of these methods for
general IOP estimation.

Recent works have built on these remote sensing models
and combined them with SfM techniques to concurrently es-
timate IOPs and seafloor reflectance in-situ [16], [6]. In [16],
a new SA model was proposed, based on the works of [17],
[18], [19], for estimating the IOPs and surface reflectance
of the seafloor using underwater RGB images. The esti-
mated IOPs and surface reflectance are used for image color
correction. Given that the simultaneous estimation of IOPs
and bottom reflectance is an underdetermined problem, this
work proposed a multiple point optimization strategy, using
observations from different angles, depths, and locations
to minimize uncertainty in optimization. Most similar and
concurrent to our work, the study in [20] integrates the
light propagation models from the HOPE model [12] and
the Jaffe-McGlamery model [21], [17], along with the StM
and multipoint optimization strategies from [16], to estimate
IOPs and bottom reflectance from underwater hyperspectral
measurements. Their approach is developed for artificial
light sources, and they parameterise the optimization of the
IOPs. Our proposed method adopts a similar, though more
simplified SA model, from [16], and we directly optimize the
IOPs without parameterization, making no prior assumptions
about the IOP spectral shape. In addition, the focus of our
work is on accurate estimation of the seafloor reflectance,
and we propose a method that can be applied under both
artificial and ambient light conditions.

Also related to our work, the study in [6] introduced a
novel approach for estimating IOPs and seafloor reflectance
from underwater, single-point, spectrometer measurements,
utilizing three different sensors. The setup involved posi-
tioning one spectrometer on a surface vessel and two on
an underwater platform, with one aimed upwards and one
downwards. This setup allows for IOP determination by
applying a SA model to measurements from the upward-
looking spectrometer on the vehicle and the downward-
looking spectrometer on the surface vessel. The IOPs ob-
tained are then used to evaluate seafloor reflectance with
the downward-looking spectrometer. In contrast, our method
uses a low-cost, push-broom style HSI camera that provides
greater spacial coverage than the single point spectrometers
used in [6] and requires only one hyperspectral camera on
the underwater platform, offering a solution that is readily in-
tegrated on small mobile vehicles for deployment completely
in-situ.

III. METHOD

This section presents our method for estimating the in-
trinsic, wavelength-dependent water attenuation coefficient
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and corrected surface reflectance spectrums from hyperspec-
tral imaging (HSI) measurements. We begin by introduc-
ing the underwater light propagation model underlying our
method. Subsequently, we present our optimization formula-
tions for solving for the attenuation coefficient and surface
reflectances under two distinct scenarios: one with artificial
light sources and the other with ambient light.

A. Underwater Light Propagation Model

As depicted in Figure 1, the radiance signal captured by
an HSI sensor can be modelled as a sequence of three light
propagation stages: (a) light transmission through the water
column from a source to the target surface, (b) light reflection
at the target surface, and (c) transmission of the reflected
light through the water column to the sensor. Our method
uses a simplified underwater light transmission model that
combines the light signal loss from absorption and scattering
into a single, wavelength-dependent attenuation factor, b(\).
The light signal attenuation is given by Beer-Lambert’s
Law [22] as

La(X\) = Lo(\)e *Md (1)

where Lo(\) is the initial radiance for wavelength A and
L4(X\) denotes the radiance signal at distance d from the
source.

The transmission of a light source to the target surface is
modelled differently according to whether the light source
is ambient or artificial, which we address in the following
sections. Given an irradiance signal from some light source
incident on the target surface, we model the Bidirectional
Reflectance Distribution Function (BRDF) as a Lambertian
surface [16], where it is assumed the reflected light radiance,
Ls(A), is uniform from any surface viewing direction. The
transmission of the reflected radiance received by the HSI
sensor is then given simply as

Le(\) = Ly(\)e™2Vre, )

where L.()) is the radiance signal measured by the HSI
sensor and r. is the distance between the sensor and the
target surface.

B. Reflectance Model Under Artificial Light

In the case of artificial lighting, we assume that artificial
illumination is the sole light source irradiating the surface
imaged by the HSI camera. This scenario is relevant when
operating in deep water or in very low ambient light condi-
tions, such as at night time.

1) Light source model: In our approach, we model arti-
ficial light sources, such as dive lights, to emit a spherical
cone of light with isotropic radiance. Given a light source
with power in flux, ®, and underwater beam spread angle,
0;, the spectral irradiance on a surface at distance r; from
the source without attenuation effects is given by the inverse
square law as [23]:

(M)

7 x (1 x tan &)2

Eo(A, 1) = 3)

Combining this light spread function with the underwater
transmission model given in Equation 1, the incident irradi-
ance on the underwater surface is given as

E;(\) = Eo()\,rl)e_b(’\)” 4

Given the Lambertian model for the surface BRDEF, the
reflected radiance signal from any viewing direction is given
as [24]

Ls(A) = ; (&)

where a()) is the surface reflectance at wavelength A and 6 is
the angle between the surface normal and the incoming light
direction. For multiple light sources, the total radiance signal
reflected from the surface can be calculated by computing the
individual signals for each light source and summing them.

2) Scene geometry: Modeling the reflectance signal re-
quires knowing the surface normal vector at the irradiated
point and the angle of the incoming irradiation with respect
to the surface normal. We reconstruct a surface mesh of
the scene using SfM with an RGB camera that is fixed
and extrinsically calibrated to the HSI camera. For the
experiments in this work, we use the Agisoft Metashape
software to construct the 3D meshes, and we also place
AprilTags in the surveyed scene and use TagSLAM [25]
to estimate the camera rig pose for each frame. We note
that the use of TagSLAM is a choice of convenience for
this work because we use only a monocular RGB camera
for the SfM, which does not provide scale consistency. The
optimized poses from SfM could be used directly if a stereo-
based or other method that provides true metric scaling is
used.

The extrinsic calibration between the HSI and RGB cam-
eras follows the approach outlined in [26] and [27], and
the extrinsic calibration between the light source and RGB
camera are manually measured. Given these calibrations, the
HSI camera can be accurately projected into the scene 3D
mesh reconstruction. For each pixel of the HSI camera, this
projection yields the range, r., to the imaged area on the
surface. Additionally, the imaged area for each pixel on the
surface can be raytraced back to the co-registered light source
to determine the range, r;, from the light source to the surface
and the incident angle, 6, of the light with respect to the
surface normal.

3) Optimization formulation: Given the HSI measure-
ments and 3D mesh of the scene, an optimization is for-
mulated to recover the water attenuation coefficient and
the surface reflectances. The 3D mesh is divided into unit
triangular regions, each presumed in the optimization to
contain only one material. A set of M triangular regions,
representative of the different materials in the scene, is
randomly selected. For each wavelength A, the optimization
targets the estimation of the surface reflectance, a(\) of each
chosen region and the water attenuation, b(\), expressed in
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an array of optimized parameters as follows:

[B(N), a1 (N),...apm(N)] (6)
The optimization strategy requires multiple HSI measure-

ments from the same triangular region. For each wavelength,

the measurements are collected into an array as follows,

LY, o L), LN, DAY, (D)

where Lf denotes the j*" radiance measurement of the *"
triangular region. Given the assumption that these triangular
regions are relatively small compared to their distance from
the HSI camera, any HSI pixels from the same scan that
project onto the same triangular region are averaged across
wavelengths.

Combining Equations 2, 3, 4, and 5, the function that
relates the optimization parameters to the radiance measure-
ments is given as

) J Y\, —bN (L +r])
L_ a;(A)P(N) co_s(@li) ®

(m x rlji X tan 61’%)2

We formulate the objective function to be minimized over
the radiance measurements as

M Nuy

D> (L

=1 j=1

L(b,a;,r],, ®, 9bedm,7’l ,9l A2 9)

The optimization of the attenuation coefficient and surface
reflectance is subject to absolute physical bound constraints.
The attenuation coefficient cannot be less than zero, as it
is physically impossible for light to be amplified during its
underwater propagation. In addition, the surface reflectance,
being a proportion, must be confined within the range 0
to 1. These constraints necessitate a tailored optimization
approach, leading to our use of the Trust Region Reflective
(TRR) algorithm [28]. The TRR algorithm dynamically
adjusts a trust region to adhere to the imposed bounds,
enhancing robustness and efficiency [28]. Moreover, TRR
is engineered to inherently avoid common pitfalls, such as
converging to infeasible points, making it suited for tasks
requiring bounded optimization.

C. Reflectance Model Under Ambient Light

In the case of ambient lighting, we assume illumination of
the seafloor is provided via a uniform, constant light source
external to the vehicle. This scenario is most relevant to shal-
low water environments in sunny daytime conditions. The
optimization problem is formulated as a two step problem,
where first the attenuation coefficient is estimated under the
constant illumination assumption, and then the normalized
surface reflectance is recovered by applying the underwater
light propagation model with a correction for the shape of
the ambient light spectrum.

1) Ambient light model: Under constant and uniform
ambient light conditions, let F; denote the total downwelling
plane irradiance just below the surface of the water, as
defined in [29]. The radiance signal reflected from the
seafloor and measured by the HSI is then given as

LX) = a(X) Ege *N(retd) (10)

where d is the water depth, r. is the distance from the HSI
to the imaged point on the seafloor, a(\) is the surface
reflectance, and b(\) is the attenuation coefficient. Given
two HSI measurements of the same seafloor region from
different imaging ranges, 7.1 and 7.2, we can plug these two
measurements into Eq. 10 and take their ratio to cancel the
constant terms, leaving the following functional form that
can be solved for the attenuation coefficient

Li(A) b0 (rer—rea)
e Tel—Te2 11
La(N) (n
log(££3})
A ek (42

Plugging the estimation for b(\) back into Eq. 10 gives a
solution for a(\)E,, the surface reflectance multiplied by
the unattenuated downwelling irradiance spectrum. While
accurately modeling the absolute downwelling irradiance is a
complicated problem that must account for the azimuth angle
of the light source on the air-water interface, the shape of the
unattenuated ambient spectrum is readily obtained by taking
an HSI measurement of a target with known reflectance,
illuminated by the ambient source in air. In this work, we
simplify the ambient light case by seeking only to estimate
the normalized shape of the surface reflectance spectrum,
which is still a strong indicator of material visual properties.
Let the absolute downwelling irradiance be given as Ey =
PE,, where Ej is the normalized irradiance spectrum and
P is a constant multiplier. Given the HSI measurement of
E,; at the surface, we can divide this into the estimate of
a(A\)Eg to recover Pa()\), where the reflectance spectrum
is estimated to a constant multiplier. This estimate can be
normalized in turn to obtain a()\), the shape of the surface
reflectance spectrum.

2) Optimization formulation: In the ambient light case,
the parameter to optimize is simply the attenuation coef-
ficient, b(\). The objective function takes a similar form
to the artificial light case, but relates the ratio of two HSI
measurements of the same region, captured from different
ranges. The objective function is formulated as follows

L§>\
LgA

L(b, 1}y, i, N))? (13)

Mz

i=1

where Li(\) and Li()\) are the i'" measurements captured
from the same triangular region at ranges ri, and 71l
respectively, and L is a functional map to Equation 11.
The Trust Region Reflective algorithm [28] is also used to
optimize the objective function in this scenario.
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(a) Camera rig used in tank ex- (b) Blue ROV2 used in field ex-
periment periment

Fig. 2: Hardware setups for experiments.

IV. EXPERIMENTAL SETUP

The hyperspectral camera used in this work is the
OpenHSI camera [30], which is a line scan hyperspectral
imaging device. Fig. 2 shows the hardware setups for the
tank and field experiments. The normalized spectrum of the
different light sources used in the experiments are plotted in
Fig. 4.

A. Laboratory Setup

In the laboratory tests, the HSI and RGB cameras were
rigidly fixed to each other on a rig. A experiment was
conducted with an I-Torch Venom 50 dive light rigidly fixed
to the camera rig at an offset of 0.475 m and angled towards
the cameras at 30° relative to the z-axis of the camera
frames. The light had a measured power of 4115 Lumens
and a manufacturer specified beam spread angle underwater
of 100°.

An experiment was also conducted with a 1200 Lumen
LED stand light positioned above the tank. Care was taken
in the positioning of the stand light and during collection of
the dataset to prevent shadowing of the imaged target by the
camera rig.

A printed target was used (Fig. 3), featuring april tags in
each corner and a pattern of five distinct colors. The ground
truth reflectance of each color and the white regions of the
target were measured with an ASD spectrometer.

(a) Target board

(b) Field experiment

Fig. 3: For evaluation, a target was used with 5 different color
regions known reflectance spectrums (left image). The April
Tags on the four corners were used to localize the camera
relative to the target. The water quality at the field testing
site in Sydney Harbour was highly turbid, as illustrated in
the right RGB image captured at 2.8m above the seafloor,
with the target sitting between patches of kelp and sand.

B. Field Setup

The ambient light model was further validated with field
data collected at Chowder Bay, Sydney. For this test, an HSI
camera was installed on a BlueROV 2 and co-registered with
a downward facing RGB camera. The same color target used
in the tank experiments was placed on the seafloor to serve
as the test target, in order to evaluate consistency across
tank and field experiments. As illustrated in fig. 3, the water
quality at the field testing site in Sydney Harbour was highly
turbid, representing a challenging real-world environment for
underwater imaging.
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Fig. 4: The normalised spectrums of the source lights for the
different experiments, measured with the HSI sensor. ”Stand
light” is for the ambient light tank experiment, "Dive light”
is for the fixed light tank experiment, and ”Sun light” is for
the field experiment.

V. RESULTS
A. Tank experiment with fixed light

For the experiment conducted in a tank with the light
source fixed to the camera rig, figure 5a shows the re-
projection of HSI scans onto the 3D mesh reconstruction
of the color target.

(a) Tank experiment (b) Field experiment

Fig. 5: Visualization of the hyperspectral scan lines projected
onto the 3D scene meshes constructed from co-registered
RGB images for a tank experiment and the field experiment.

HSI measurements were collected at three depths, with
ranges from the target of 1.5m, Im, and 0.5m. Given the
white region of the target provides the strongest reflection
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across all wavelengths, we used measurements from the
white region to optimize for the water attenuation coefficient.
The white region was selected as it acts as a proxy for sand in
the field setting, which is the most reflective natural surface
and generally provides a strong reflectance across a wide
spectrum band. We first estimated a reference attenuation
coefficient for the tank water by optimizing over the HSI
measurements of the white target regions with the reflectance
spectrum of the white target fixed to the ground truth values
in the optimization. Fig. 6 shows a plot of the estimated
reference attenuation spectrum (green line). It is notable
that the attenuation spectrum is higher than that for pure
water, which is also plotted in the figure (purple dashed
line). This difference is likely explained by the tank having
regular chemical treatments for maintenance as well as being
used regularly for rinsing vehicles after they have been
deployed in the field, resulting in some amount of suspended
particulates.

We then evaluated our full optimization approach by
jointly optimizing the attenuation spectrum of the water
and the reflectance spectrum of the white target, using HSI
measurements from randomly selected triangular regions of
the mesh that lay within the white regions. This estimated
attenuation spectrum is also plotted (red line) in fig. 6. The
estimated attenuation spectrum from this joint optimization
closely matches the reference spectrum, demonstrating that
our semi-analytical model for underwater light propagation
and reflection well approximates the real environment.

= Field water

Tank water with ambient light
=== Tank water Reference
—— Tank water with artificial light
= = Pure water

Iy =
(=) N

o
©

Attenuation Coefficient
(=] <]
FS -3

o
N

0.0

450 475 500 525 550 575 600 625 650
Wavelength (nm)
Fig. 6: Estimated water attenuation coefficients for the tank
and field experiments. The pure water attenuation coefficient
is extract from [31]

Given the optimized water attenuation coefficient spectrum
from the white region measurements, we then fixed this
coefficient in the optimization to estimate the reflectance of
the different color regions, using HSI measurements from
triangular regions of the 3D mesh that lied within each
color. Figure 7 presents the reflectance estimations for the 5
different color regions of the target. Each sub-figure shows
the average estimated reflectance (blue line) and the ground
truth reflectance (red line). The estimates generally follow
the ground truth values, with most estimates closely aligning

with the ground truth. Notably, estimates for the blue regions
exhibit lower reflectance than the ground truth beyond the
600nm wavelength, primarily due to the dive light’s low
power after 600nm (as shown in Figure 4) and the inherently
low reflectance of blue regions at higher wavelengths. This
leads to a poorly constrained optimization from small and
potentially noisy radiance measurements for the blue region
at these wavelengths, resulting, for this case, in the calculated
reflectance being lower than the actual ground truth.

A limitation of the tank experiments was the shallow depth
of the tank (< 2m) and restricted size, which constrained the
depth separation and viewing angles between measurement
sets, making the resulting optimization sensitive to noise
or inaccuracies in the model. Also, measurements taken
too close to the target resulted in overexposure of the HSI
and hot-spotting of the dive light, introducing an additional
source of potential error.

Table I presents the average standard deviation of the
estimated reflectance across wavelengths and the cosine
similarity to the ground truth values for each color. The
results indicate low average standard deviations for all colors.
Cosine similarity measures the shape alignment between two
lines, where a value of 1 indicates identical shapes. The high
cosine similarities across all colors suggest that the estimated
spectral shapes are very similar to their ground truth, and the
estimation accuracy is consistent across the different colors.

TABLE I: Evaluation of the reflectance estimates from the
tank experiment with a light source fixed to the camera rig.
The Cosine Similarity score is with respect to the ground
truth reflectance spectrums.

Color Average Standard Deviation — Average Cosine Similarity
Red 0.0268 0.9988
Green 0.0188 0.9984
Blue 0.0200 0.9937
Cyan 0.0130 0.9912
Magenta 0.0328 0.9975

B. Tank and field experiments with ambient light

In the ambient light experiments, the absolute value of
the attenuation coefficient is estimated, while the estimated
reflectance spectrums are normalized.

For the experiment conducted in the tank with the external
stand light, we optimized the attenuation coefficient on only
measurements of the white region of the target board as a
proxy to sand in the field setting. Fig. 6 shows a plot (orange
line) of the estimated attenuation coefficient, which matches
the reference spectrum closely.

For the experiment conducted in the field, we optimized
the attenuation coefficient on measurements from sandy
regions, which is plotted (blue line) in fig. 6. The high
attenuation spectrum indicates strong turbidity with a green
color tint in this harbour environment, which aligns with our
visual observations of the water. The reprojection of the HSI
scans in the 3D mesh reconstruction of the field data is shown
in fig. 5b. The reprojections generally show the correct shape
and color distribution of the target, but some blurring and
inaccuracy is observed compared to the tank reprojections,
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Fig. 8: Reflectance estimates for the tank and field experiments under ambient light conditions.

resulting from the high water turbidity degrading the quality
of the April Tag detections for pose estimation.

The normalized reflectances of the target colors were
estimated using the optimized attenuation coefficient and
correcting for the shape of the ambient light spectrum.
The ambient light spectrum was estimated by taking in air
HSI measurements of a white target with known reflectance
and dividing the measured radiance from the target by
the reflectance spectrum. Figure 8 presents the normalized
reflectance estimates for each color of the target for both
the tank (green line) and field (blue line) ambient lighting
experiments, compared to the ground truth normalized re-
flectance spectrums (red line). In both cases, the estimates
closely match the ground truth spectrums.

We note that the cyan reflectance estimations from both
tank and field data show a spectral shift, where the peak
reflectance of the estimations appear at a higher wavelength
than the ground truth, and the estimated spectrum beyond
500nm is consistently higher than the ground truth. We
analyzed this result further by estimating the cyan color
target reflectance from in air HSI measurements under am-
bient light, while using a known white reflectance target
to estimate the incident irradiance spectrum on the target.
The resulting reflectance estimate showed a similar spectral
shift to the underwater estimates, as plotted in fig. 9. We
conjecture this spectral shift, most obvious in the cyan target,
is likely due to a calibration error in the HSI sensor. However,
the reflectance estimates from HSI measurements across tank
and field experiments are self consistent.

A limitation of the ambient light case is the strong
attenuation of higher wavelengths with depth, particularly
in high turbidity such as the demonstrated harbour environ-
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Fig. 9: Cyan reflectance derived from in air HSI measure-
ments, showing a spectral shift compared to the ground truth,
consistent with the underwater estimates.

ment, which challenges the estimation of the attenuation and
reflectance spectrums above 575nm when there is not enough
light signal in these wavelengths for the optimization.

VI. CONCLUSION

In this work, we introduce a semi-analytical model to
estimate surface reflectance and water attenuation coeffi-
cients from underwater hyperspectral imaging. The method
employs an RGB camera co-registered with an HSI sen-
sor to reconstruct the scene geometry and enable accurate
modeling of the HSI measurement formation process. The
imaging system is readily integrated on small underwater
vehicles, such as a BlueROV, and our proposed method
for estimating surface reflectance spectrums can be applied
with lighting carried onboard the vehicle or under ambient
lighting conditions. The method requires no prior knowledge
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of the seafloor environment or water characteristics, mak-
ing it readily deployable to unexplored sites. We validated
the model’s accuracy and consistency in estimating surface
reflectance through both laboratory and field experiments.
These results motivate future work where we will explore the
application of hyperspectral imaging to enhance underwater
object and material classification over large-scale surveys.
Future work will also address some of the current limitations
of our approach by exploring the comparative performance
of more complex underwater light formation models, such
as the model proposed in [20], which separately considers
absorption and backscattering. Also, adopting the parameter-
ization process for water attenuation coefficient estimation,
as suggested in [12], could constrain the estimation under
low light conditions or reduce the number of required
measurements to obtain an accurate estimate. Further, stereo-
based SfM can replace TagSLAM in order to enable practical
deployments over large survey areas. In addition, while this
work assumed each hyperspectral pixel observed only one
material, in reality, each pixel can often overlap multiple
materials, resulting in a mixed spectral response. Future work
could also explore spectral unmixing to improve reflectance
estimates. Finally, our method relies on accurate SfM mesh
reconstructions for triangulating hyperspectral projections.
Feature poor environments or high turbidity could degrade
the mesh reconstruction and the method performance. Future
work could explore the integration of machine learning
methods for SfM which may address some limitations of
the conventional approaches.
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