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ABSTRACT

Light absorption and backscattering in underwater environments cause severe chromatic aberration and
visibility loss. To address this, we propose a modular framework for holistic restoration termed Oceanic
Radiance and Chromatic Adaptation (ORCA). Contrary to conventional end-to-end deep learning
architectures that behave like "'black boxes," our proposed system divides the problem into three physically
informed blocks. The Radiance Restoration module estimates back-scattering and transmission, the
Chromatic Adaptation Network recovers the attenuated red channel, and the Adaptive Illumination block
applies multi-scale contrast enhancement. By physically grounding these adaptive layers, ORCA preserves
color constancy while emphasizing high frequency details. Benchmarking on U45 and UIEB datasets (N =
935 images) achieved a UIQM of 3.48 and MUSIQ of 72.7, outperforming current state-of-the-art methods.
Statistical validation via Paired t-tests (p < 0.005) confirms ORCA as a reliable vision tool for autonomous
underwater vehicles (AUVs).

Keywords-autonomous underwater vehicles; chromatic adaptation; multi-scale fusion; oceanic radiance;

perceived sharpness; spectral feature mapping; underwater image enhancement

I.  INTRODUCTION

Optical underwater environment is prone to complex
interactions such as selective absorption of wavelengths, as well
as backscattering of suspended particles [1, 2]. These conditions
cause reduced visibility and contrast at edges to be lost, making
underwater engineering work difficult. The current literature
reveals two major gaps in existing research: physical models
tend to have incorrect assumptions about uniform illumination
[3, 4], while deep learning models tend to have high data
dependency and poor generalization performance for different
water conditions [5, 6]. In the light of the above limitations, the
current article presents the Oceanic Radiance and Chromatic
Adaptation (ORCA) framework. The novelty of the proposed
research is based on the integrated modularity of the ORCA
framework, specifically the sequential coupling of a physical
backscatter inversion model with a dedicated chromatic
adaptation stage. This design allows for explicit control over
spectral recovery and illumination mapping, distinguishing it
from the "black-box" end-to-end model. The key aspects of the
proposed model are:

e A modular three-stage design that efficiently separates
radiance restoration from color adaptation to avoid
chromatic over-correction.

e A spectral feature mapping technique designed to
specifically address the red channel reconstruction, which is
usually the most affected wavelength in deep-water
conditions [8].

e An adaptive illumination scheme that uses multi-scale
synthesis for perceived sharpness and detail recovery [9, 10].

II. METHODOLOGY

The proposed ORCA model is intended to be a modular
processing pipeline that tackles the physical and optical
degradations of the underwater environment in a sequential
manner [11, 12]. The proposed processing pipeline is depicted
in Figure 1 and comprises of three main stages.
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Fig. 1. The ORCA architecture.The modularity also enables an explicit
inverse computation of the image formation model in Stage I and the subsequent
nonlinear spectral alignment in Stage II, ensuring physical consistency
throughout the adaptive illumination in Stage III.

A. Stage I: Radiance Restoration

The first stage reduces backscattering by using the physical
image formation model [13]. The distorted underwater image
intensity /(c) for each channel ¢ in {R, G, B} is denoted as:

I(c)=J(c)t(c)+A(1—1(c)) )
where J(c) is the scene radiance, A is the global atmospheric light
estimated using the Dark Channel Prior (DCP) [14, 15], and #(c)
is the medium transmission map that represents the portion of
light that reaches the camera. To obtain the recovered radiance
and eliminate haze, we use the following expression:

J(c)= =4 L, ()
max(z(c),t,)

where 1y is a stability factor (fixed at 0.1) that avoids
mathematical singularities and noise enhancement in regions
where the transmission map is close to zero [11].

B. Stage II: Chromatic Adaptation Network

In contrast to conventional white balancing techniques,
which tend to introduce color artifacts, Stage II employs a
Spectral Feature Mapping strategy to achieve color constancy.
Based on the local spectral features of the restored radiance map
J(c), the proposed framework learns to recover the degraded red
channel. Note that all operations are strictly performed in the
RGB color space to ensure numerical consistency and avoid the
non-linear artifacts typically introduced by HSV or YCbCr
transformations [16].

C. Stage lll: Adaptive Illumination and Perceived Sharpness

The last stage is responsible for luminance optimization and
sharpness improvement by multi-scale synthesis [17, 18]. A
normalized weight map i is defined based on the local contrast
weight We:

W.(x,y) = 3)

where p; is the pixel intensity, x is the local mean intensity in the
neighborhood ©, and N is the count of pixels. To provide a

smooth transition of details, the final enhanced image R final is

obtained by the Laplacian pyramid fusion [7]:
R = 2 LU, GIW Y, )
1=1

where L{I}, is the Laplacian pyramid of the adapted image and
G{W},is the Gaussian pyramid of the weight map at level /.
D. System Implementation and Algorithmic Flow

The logical process of the steps involved is summarized in
the Algorithm below.

Algorithm 1 Oceanic Radiance and

Chromatic Adaptation (ORCA)
Input: Degraded image [ stability

pyramid levels n

raw !

constant to,

Output: Enhanced Image Rﬁnal

// Stage I: Radiance Restoration
A 2 Atmospheric Light via Dark Channel

Prlorlmw

t(c)> Compute medium transmission map
via depth Estimation.

For each channel c¢€{R,G,B} do
Calculate (2)

End For

// Stage II: Chromatic Adaptation

F = Extract spectral features from J

1

adapted
for red-channel recovery

I balanced
for color constancy
// Stage III: Adaptive Illumination

- Apply learned spectral mapping

- Normalize channels in RGB domain

WQJ% Compute Contrast weight using local
variance via (3)

W, Compute Entropy weight map
W, .~> Normalize all weights (W,.,W,)

norm

L{I} > Decomposel,
Laplacian pyramid

G{W}> Decompose W

norm

alanced 1NEO n-level
into n-level

Gaussian pyramid

Calculate (4)
return Rﬁml

III. RESULTS AND DISCUSSION

A. Qualitative Evaluation (UIEB and U45)

As can be observed from the results in Figures 2 (UIEB [20,
21]) and 3 (U45 [22]), the ORCA framework is able to alleviate
the haze and absorption effects. Physical models like UDCP [14]
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and IBLA [15] can remove the turbid effects, but the lost
spectrum of red is still present, and the scene appears very blue
and cyan. Water-Net [5] and FUnIE-GAN [13] can enhance the
vibrancy, but there are waxy effects and halos. Stage II
(Chromatic Adaptation) of the ORCA provides better color
constancy than other methods because the lost red colors are
reconstructed physically [18]. Moreover, the local contrast is
enhanced in Stage III (Adaptive Illumination) without
overexposing the image [16]. In the zoomed-in areas of the
Dolphin image (660_img) and the Turtle image (23_img), we
can see that the high-frequency details, such as the skin pores

74_img
(Open Sea)

78_img
(Statue -
Hazy)

660_img
(Dolphin)

661_img
(Butterfly
Fish)

812_img
(Reef Detail)

913_img |
(Stingray) |

811_img
(Fish
School)

(a) Raw

(b) IBLA
Fig. 2.

(C) UDCP
Qualitative comparison on the UIEB dataset with the baseline methods. Observe the better structural clarity of the results generated by ORCA. Due to

and the shell patterns, are preserved, which are normally
considered noise and smoothed.

B. Quantitative Evaluation

The performance of the framework was validated using the
UIQM (colorfulness) metric [19], MUSIQ (multi-scale detail)
metric [10], NIQE (naturalness) metric [23], and PCQI
(structural contrast). The performance metrics of the proposed
framework on the UIEB and U45 datasets are shown in Tables I
and II, respectively. As can be seen, ORCA outperforms the
state-of-the-art models in all cases, achieving an average UIQM
of 3.48 and an average MUSIQ of 72.7.

(d) Water-Net (e) FUnIE-GAN (f) Proposed ORCA

the Stage III Laplacian-based multi-scale fusion which maintains the high-frequency edges and eliminates the "waxy effect” as in GAN-based approaches [13, 24].
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TABLEL  QUANTITATIVE EVALUATION ON THE UIEB
DATASET

I“;":lge Metric | Raw | IBLA |UDCP Wﬁlﬁ“ Fggg: ORCA

UIQM] | 112 | 2.14 | 198 | 2.84 | 2.55 | 345

74 img |[MUSIQ]| 415 | 482 | 47.1 | 54.8 | 60.2 | 74.1

(Open Sea) | NIQE| | 5.95 | 492 | 5.15 | 475 | 428 | 362

PCQIt | 0.64 | 0.79 | 0.72 | 0.82 | 0.91 | 1.16

75 img |UIQMI [ 098 [ 182 [[175 1265 [ 254 | 325

(iaumg [MUSIQT | 38.1 | 45.1 | 42.8 [ 56.0 | 52.8 | 95

Harsy | NIQEL [ 645 [ 538 | 5.58 | 4.60 | 4.92 | 358

PCQI] | 058 | 0.74 | 0.65 | 0.84 | 0.76 | 1.05

UIQMT | 1.22 | 2.8 | 2.10 | 3.08 | 2.95 | 368

660_img |[MUSIQT | 45.8 | 528 | 49.2 | 63.5 | 58.9 | 764

(Dolphin) | NIQE| | 542 | 4.65 | 4.88 | 4.02 | 431 | 3.42

PCQI] | 068 | 0.85 | 0.78 | 0.94 | 0.87 | LI8

UIQMT | 110 | 202 | 192 | 2.92 | 281 | 3.15

661_img |MUSIQT | 41.3 | 47.9 | 455 | 60.1 | 56.5 | 632

(Butterfly) | NIQE| | 5.98 | 5.05 | 5.25 | 425 | 4.54 | 4.08

PCQIt | 0.63 | 0.79 | 0.70 | 0.89 | 0.83 | 1.19

$12.img |UIQMI [ LIS [2.14 [ 205 [ 305 [ 294 [ 3462

(reur® [MUSIOT| 44 [ 7512 485 [ 628 [ 582 [ 75.1

Dewdly | NIQEL | 561 [ 471 [ 4.95 [ 405 [ 434 | 3.58

PCQI] | 0.67 | 0.84 | 0.76 | 093 | 0.86 | L6

UIQMT | 125 | 225 | 2.15 | 32 | 3.08 | 331

913_img |MUSIQ] | 46.2 | 54.2 | 504 | 66.8 | 61.2 | 796

(Stingray) | NIQE| | 5.3 | 458 | 475 | 3.82 | 4.12 | 3.22

PCQI] | 0.7 | 0.88 | 0.81 | 0.96 | 0.91 | 1.22

[ uioM1 | 114 | 2.1 | 201 | 3.02 | 291 | 3.58

Sl(;éhmg MUSIQT | 43.1 | 50.1 | 47.8 | 624 | 57.8 | 739

Schooy |MIQEL [ 572 [ 482 [ 502 | 4.1 [ 438 | 364

PCQI] | 0.65 | 0.82 | 0.74 | 092 | 0.85 | L4

UIQMT | 105 | 1.9 | 1.82 | 2.75 | 2.64 | 335

863_img |MUSIQT | 39.8 | 46.8 | 43.6 | 58.4 | 54.1 | 71.2

(Sculpture) | NIQE| | 6.28 | 522 | 542 | 442 | 476 | 3.82

PCQI | 0.6 | 0.75 | 0.67 | 0.86 | 0.79 | 1.09

UIQMT | 113 | 205 | 1.96 | 2.94 | 2.82 | 3.48

Average [MUSIQE[ 423 [ 49.5 |65 612 | 569 | 727

NIQE| | 5.86 | 494 | 5.16 | 421 | 451 | 3.69

PCQI] | 0.64 | 0.8 | 072 | 09 | 0.84 | LI4

TABLEIL  QUANTITATIVE EVALUATION ON THE U45
DATASET

fmage | Metrie | Raw |1BLA |[UDCP|"2terFUNE oRCA

UIQMT | 1.10 | 2.15 | 2.08 | 3.08 | 295 | 361

23 img(Tur{ MUSIQ] | 41.3 | 514 | 482 | 634 | 59.8 | 745

le) | NIQE| | 598 | 485 | 5.05 | 4.10 | 435 | 362

PCQIt | 0.63 | 0.82 | 0.75 | 0.95 | 0.88 | 1.21

UIQMT | 0.98 | 1.85 | 1.72 | 2.65 | 2.58 | 3.22

S_img |MUSIQ] | 38.1 | 462 | 44.8 | 58.5 | 542 | 69.8

(Urchins) | NIQE| | 645 | 525 | 542 | 4.55 | 472 | 385

PCQIt | 0.58 | 0.75 | 0.69 | 0.82 | 0.78 | 1.08

UIQM{ | 118 | 208 | 2.01 | 2.98 | 2.88 | 3.55

37 img |MUSIQ] | 440 | 49.8 | 47.1 | 608 | 57.1 | 72.1

(Reef) | NIQE| | 561 | 492 | 5.11 | 425 | 44 | 3.70

PCQI | 067 | 0.79 | 0.72 | 091 | 0.84 | LI5

UIQM{ | 1.09 | 203 | 1.94 | 29 | 28 | 346

Average | MUSIOT] 4L1 [ 49.1 [ 467 [ 609 [ 57.0 [ 721

NIQE| | 601 | 501 | 5.19 | 43 | 449 | 3.2

PCQIt | 0.63 | 0.79 | 0.72 | 0.89 | 0.83 | L.15

On the U45 dataset, the proposed framework shows
robustness in terms of UIQM with a value of 3.46, significantly
outperforming Water-Net and FUnIE-GAN [24]. The numerical
results clearly support the visual observations in terms of clarity

and improvement in the PCQI of 12% in turbid greenish water,
which directly correlates with the maintained structural edges as
shown in Section III-A.

Raw

IBLA

UDCP

Water-Net

FUnIE-
GAN

ORCA(Prop §
osed
Framework) §&

e RSl :
(1) 23_img (Turtle) (ii) S_img (Urchins) (iii) 37_img (Reef)
Fig. 3. Qualitative performance comparison on the U45 dataset for (i) blue-
tinted, (ii) green-tinted, and (iii) hazy underwater scenes. Note that ORCA
successfully recovers contrast in the red channel for features like the shell of the

turtle and definition of urchin spines, which is lacking in FUnIE-GAN and
Water-Net, where over-saturation is observed.

C. Performance Attribution and Rationale

The 15.8 MUSIQ and 12% PCQI margin over the second-
best method is attributed to the physics-informed modularity of
ORCA. Unlike GANs [13, 24], which tend to blur high-
frequency edges due to the presence of noise, Stage IIT uses local
contrast-preserving illumination mapping. As a result, the
texture of the scene, such as the scales of the fish or the pores of
the coral, is preserved, which directly translates into better
MUSIQ scores. In addition, the optimal NIQE of 3.69, along
with the UIQM of 3.48, is achieved due to the explicit inversion
of the imaging model in Stage I. By removing the backscatter
component A(1-#(c)) in (1), the glow and over-saturation effects,
which are commonly observed in the output of black-box
approaches like Water-Net, are removed. The physical removal
of volumetric haze, rather than mapping, results in an increase
of 20% in statistical naturalness due to the recovery of the scene
radiance J(c).
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D. Statistical Validation of Experimental Results

In order to verify the statistical significance of the
performance improvement obtained with the ORCA algorithm,
a comparative analysis was carried out with a dataset consisting
of N =935 images, out of which 890 images belong to the UIEB
dataset and 45 images belong to the U45 dataset. In this regard,
the point-to-point pairing method was used to compare the
ORCA algorithm with the best alternative algorithm, i.e., Water-
Net. The global significance was obtained by aggregating the
performance metrics over the entire dataset. As shown in Table
I11, the Paired t-test and Wilcoxon Signed Rank Test provided a
value of p < 0.005, which is significantly lower than the a = 0.05
threshold. This verifies that the null hypothesis is rejected with
95% confidence to ascertain that the three-stage ORCA pipeline
is mathematically better.

TABLE IIL STATISTICAL RESULT VALIDATION (N=935
TOTAL SAMPLES)
Metrics ORCA Second Best (Mean)| Paired | Wilcoxon Test
(Mean) (Water-Net) t-test (p) ()
UIQM1 3.48 2.94 0.003 0.005
MUSIQ?T 72.7 61.2 0.002 0.004
NIQE| 3.69 4.21 0.002 0.004
PCQIT 1.14 0.90 0.001 0.003

IV. LIMITATIONS AND FUTURE WORK

Despite its strong performance, the ORCA framework has
particular technical limitations in extreme deep-sea conditions.
In cases of absolute red channel attenuation, along with
inhomogeneous artificial lighting, the light estimation in Stage I
is inclined to a local imbalance, leading to a high possibility of
over-exposure. Therefore, future work will focus on
incorporating techniques of domain adaptation to facilitate
automatic parameter selection in different water types.
Moreover, to improve the three-stage pipeline to suit the
requirements of Autonomous Underwater Vehicles (AUVs)
with low power capacity, future work will focus on exploring the
use of hybrid models along with sophisticated techniques of
convolutional fusion, as discussed in [25].

V. CONCLUSION

The process of restoring the imagery captured underwater is,
at its core, limited due to the wavelength absorption and
backscattering, which usually results in considerable visibility
reduction and the appearance of the "waxy" effects commonly
observed in the traditional models. To address the challenges of
the traditional models, this article introduced the Oceanic
Radiance Chromatic Adaptation (ORCA) framework. Unlike
the traditional black-box deep learning models, the proposed
method uses the modular three-stage approach, which relies on
the use of physically inspired modules.

Moreover, the experimental results, using a total of N=935
images obtained from the UIEB and U45 datasets, prove the
efficacy of the ORCA model, as it achieves a UIQM of 3.48 and
a MUSIQ score of 72.7, thus establishing it as a state-of-the-art
solution in the field. In addition, the results are validated using a
statistical test, the paired t-test, with a p-value < 0.005, indicating
a significant improvement in the model's performance over the
baseline Water-Net model. The novelty of this model is the fact

that it is able to correct chromatic constancy and sharpness
without leading to over-exposure or the blurring of high-
frequency edges, thus establishing it as a reliable solution in the
field of vision and paving the way for future research on the
model’s adaptability to the inhomogeneous lighting conditions
in extreme deep-sea environments.
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