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a b s t r a c t

The selective attenuation and scattering of light in underwater environments cause color distortion and
contrast reduction in underwater images, which can impede the ever-growing demand for underwater
robot operations. To address these issues, we propose a Multi-Color space Residual Network (MCRNet)
for underwater image enhancement. Our method takes advantage of the unique features of color
representation in the RGB, HSV, and Lab color spaces. By utilizing the distinct feature representations
of images in different color spaces, we can highlight and fuse the most informative features of the three
color spaces. Our approach employs a self-attention mechanism in the multi-color space feature fusion
module. Extensive experiments demonstrate that our method achieves satisfactory results in color
correction and contrast improvement of underwater images, particularly in severely degraded scenes.
Consequently, our method outperforms state-of-the-art methods in both subjective visual comparison
and objective evaluation metrics.
© 2024 The Author(s). Published by Elsevier B.V. on behalf of ShandongUniversity. This is an open access

article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

In recent years, the depletion of land resources has led to a
reater emphasis on the development of marine resources. Un-
erwater robots are increasingly required in various fields such as
quaculture, submarine cable and pipeline laying, offshore facil-
ty inspection, and underwater scientific research. However, the
nderwater environment is more complex than the terrestrial en-
ironment, presenting challenges for underwater operations. For
nstance, the water’s different attenuation rates for various wave-
engths of light result in underwater images often suffering from
reenish or bluish color distortion. Additionally, suspended parti-
les in seawater cause forward and backward scattering, resulting
n low contrast and hazing issues in underwater images. These
actors hinder underwater robots from achieving high-quality un-
erwater images, which limits their ability to perform high-level
nderwater vision tasks, such as object detection [1,2], semantic
egmentation [3], and image classification [4], many approaches
im to enhance the performance of simultaneous localization and
apping (SLAM) for robots [5,6]. As a low-level underwater vision

ask, underwater image enhancement can overcome the problem
f limited and unclear vision for underwater robots, and it plays
n important role in improving the performance of high-level
nderwater vision tasks [7].
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Early underwater image enhancement techniques relied on
conventional methods categorized into two types: image forma-
tion model-based (IFM-based) methods and IFM-free methods.
Nevertheless, the intricate underwater environment limits the
efficacy of a single imaging physical model or prior knowledge-
based methods for modifying the distribution of pixel values in
certain degraded scenarios. Consequently, such approaches may
cause under-/over-enhancement or introduce additional artifacts.

Deep learning has become increasingly important in low-level
vision tasks, including image super resolution [8,9], image de-
noising [10], image deraining [11] and other fields. While deep
learning is also making strides in underwater image enhancement
tasks [12], current methods have limited ability to eliminate
color distortion and improve contrast in certain scenes, and their
generalization ability requires improvement. This is because most
methods solely rely on the RGB color space and overlook the rich
feature representation available in the HSV and Lab color spaces.
To address these challenges, we propose a novel solution called
the Multi-Color Space Residual Network (MCRNet) for underwa-
ter image enhancement. The key contributions of this paper are
as follows:

• We introduce the MCRNet for enhancing underwater im-
ges. Unlike most methods that work only with RGB color space,
CRNet leverages multiple color spaces to fuse feature represen-

ations, resulting in better color correction and contrast improve-
ent of underwater images.
• To overcome the limitations of traditional fusion meth-

ds like concatenation and summation, we propose the Multi-

olor Space Feature Fusion (MCFF) module. MCFF employs a

niversity. This is an open access article under the CC BY license
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elf-attention mechanism to selectively highlight the most in-
ormative feature representations in each color space and fuse
hem.

• Our approach is evaluated through both qualitative visual
nalysis and quantitative metrics on multiple datasets. Our re-
ults demonstrate that MCRNet outperforms state-of-the-art un-
erwater image enhancement methods and exhibits excellent
olor correction ability even in extremely degraded scenes.

. Related work

Underwater image enhancement can be divided into IFM-
ased restoration methods, IFM-free enhancement methods and
eep learning-based methods.
IFM-based Methods: This kind of method regards underwater

mage restoration as a reversible problem, and solves the problem
y establishing a physical model based on prior knowledge. Given
hat the formation model of underwater images is comparable
o that of atmospheric images, many researchers are inspired by
he dark channel prior (DCP) [13]. For example, Drews et al. [14]
roposed the underwater dark channel prior (UDCP) according
o the characteristics that the red channel attenuates fastest in
he underwater environment. Galdran et al. [15] proposed the
ed dark channel prior (RDCP) based on the blue channel, green
hannel and inverse red channel. Peng et al. [16] proposed a
epth estimation method for underwater images based on image
lurriness and light absorption (IBLA). Akkaynak et al. [17] pro-
osed a modified model named Sea-thru to obtain high-quality
nderwater images, but it requires much additional information.
ong et al. [18] obtained the scene depth estimation model based
n the underwater light attenuation prior (ULAP), and further
nhanced the underwater image according to the depth map.
ecently, Zhou et al. [19] used backscatter pixel prior to remove
ackscatter and performed color compensation to remove red
rtifacts in underwater images. Since the complexity of the un-
erwater environment, there is no single physical model that can
over all degradation scenarios, which may result in noticeable
oise or artifacts in some cases.
IFM-free Methods: Such methods produce visually appealing

underwater images by selectively modifying pixel values. One
line of work is based on the fusion strategy. Ancuti et al. [20]
performed the underwater image enhancement by fusing under-
water images after color correction and contrast enhancement.
Subsequently, Ancuti et al. [21] further used a multi-scale fusion
strategy of underwater images based on color compensation and
an improved white balance algorithm. Another line of work is
based on Retinex theory. Fu et al. [22] used Retinex algorithm to
decompose the luminance layer to solve the problem of under-
exposure and fuzzy in underwater images. Zhuang et al. [23]
proposed the Bayesian retinex algorithm with multiorder gradi-
ent priors to enhance the underwater images. The other direction
is based on the minimum loss principle. Li et al. [24] used the
minimum information loss principle to dehaze the underwater
image and improved the contrast by adjusting the histogram
distribution. Zhang et al. [25] used minimum color loss and lo-
cally adaptive contrast enhancement for underwater image color
correction. Although enhancement methods are generally faster
than model-based approaches, they do not take into account the
imaging mechanism of underwater images, and may result in
under-/over-enhancement.

Deep learning-based Methods: In recent years, researchers
ave increasingly applied deep learning to the underwater im-
ge enhancement task [26–28], thanks in part to the growing
omputing power of GPUs and the popularity of deep learning
echniques. Fabbri et al. [29] proposed UGAN, which included a
enerator based on the U-Net architecture and a discriminator
2

modeled as the patchGAN. Li et al. [30] proposed a dataset called
UIEB and used it to train the Water-Net, which is based on a
gated fusion network. Later, Li et al. [31] proposed UWCNN which
has 10 different models that are trained on different degraded
scenes. Liu et al. [7] proposed an object-guided twin adversar-
ial contrastive learning network to achieve task-orientated en-
hancement. Recently, Shen et al. [32] proposed a dual attention
transformer-based method to enhance underwater images. Deep
learning-based approaches rely on real, accurate, and extensive
image datasets, which are typically easy to obtain for tasks like
super-resolution and denoising. However, the unique character-
istics of the underwater environment make it challenging to
obtain reference images of underwater scenes. Currently, most
underwater image datasets with reference images are generated
by existing underwater image enhancement methods and then
manually selecting reference images [30,33]. This approach often
leads to datasets with uneven reference image quality.

Application of multi-color space in underwater image en-
hancement: Numerous methods for enhancing underwater im-
ages utilize the multi-color space mechanism. Iqbal et al. [34]
performed contrast correction and color balance on RGB and
HSI color spaces and proposed a unsupervised color correction
method. Deperlioglu et al. [35] proposed HSV color space with the
extension of V component and histogram equalization method
to enhance underwater images. Hu et al. [36] decoupled HS and
V channels and passed them to the color cast removal branch
and contrast enhancement branch respectively, then merged the
two branches and converted them back to RGB color space. Lyu
et al. [37] proposed a network that first enhances the input
through CNN-based residual groups, and then converts the result
to the YUV color space for post-processing. Li et al. [38] through
multi-color space embedding to extract multiple features and
then guide the network through medium transmission to enhance
attention and proposed Ucolor. However, Ucolor is not an end-
to-end method. It needs to generate the transmission map as
input using the general dark channel prior [39], which can be
time-consuming.

3. Proposed method

Fig. 1 illustrates MCRNet, an end-to-end network that consists
of three color space branches that does not require any down-
sampling operation. After color space conversion, the original
underwater image is divided into the HSV, RGB, and Lab paths.
Next, we apply the channel attention block [40] and the residual
enhancement block, followed by a 1 × 1 convolution layer, batch
normalization, and Leaky ReLU activation on each path to extract
the most representative features. After that, we aggregate the
features from the HSV and Lab paths with the RGB path using the
multi-color space feature fusion module. We then pass the two
aggregated features through the REB, a 1 × 1 convolution layer,
batch normalization, and Leaky ReLU activation before fusing
them with MCFF. Finally, we extract deep features using a 3 × 3
convolution layer to obtain the enhanced underwater image.

3.1. Multi-color space residual network

Underwater images often suffer from color distortion and low
contrast due to the selective attenuation of light in aquatic en-
vironments. To address these issues, we drew inspiration from
traditional image enhancement techniques that rely on multi-
color spaces [35]. We extracted feature representations from HSV,
RGB, and Lab color spaces to better correct the color deviation in
underwater images. As depicted in Fig. 2, the same underwater
image can have different visual representations in different color
spaces and their components. RGB color space is convenient
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Fig. 1. Overview of the proposed MCRNet. MCRNet comprises three different paths: the HSV path, the RGB path, and the Lab path. Within each path, we utilize a
hannel attention block (CAB) and a residual enhancement block (REB) for feature extraction. These features from different color spaces are then fused using the
ulti-color space feature fusion module (MCFF).
Fig. 2. Visual examples of underwater images in different color spaces and their components. For better visualization, (b)–(d), (g)–(i), and (l)–(n) are represented by
eatmaps. The image is from [21].
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or hardware implementation and commonly used in computer
ision. However, its three components are all used to represent
he color, therefore, if the value of one component is changed,
he color of the pixel will be changed accordingly. In contrast,
SV color space is closer to the human visual system, and its
hree components can intuitively express the hue, saturation and
rightness of an image. Lab color space is designed based on
uman color perception and offers uniform perception and a wide
olor gamut. By combining feature representations from these
hree color spaces, MCRNet can learn the degradation mechanism
f underwater images effectively and achieve satisfactory color
orrection results. In the following sections, we will describe each
odule in detail.

.1.1. Multi-color space feature fusion
The most common ways of multi-color space fusion are typ-

cally achieved through simple concatenation or summation, but
hese fusion approaches cannot provide expressive characteristics
o the network. In the case of color correction of underwater
mages, each color space’s features make an independent contri-
ution. To fuse these features from different color spaces, inspired
3

by [41], we introduce nonlinear factors into the feature fusion
from different color spaces using the self-attention mechanism,
which is called multi-color space feature fusion (MCFF).

Fig. 3 shows the details of the MCFF module, which adap-
tively selects the features of the most informative color space by
the Fuse and the Select operations. Fuse: MCFF first combines
the features from two different color space branches using the
element-wise summation operation expressed as: C = C1 +

C2. Next, global average pooling (GAP) is used to embed global
information and generate channel-wise statistics s. We then use
a 1 × 1 convolution layer to reduce channel, followed by a 3 × 3
epthwise convolution to emphasize local context information,
nd activated with the GELU non-linearity to produce a compact
eature z. Finally, two global feature descriptors a, b are obtained
y passing the feature vectors z to two parallel 1 × 1 convolution
ayers corresponding to two color space branches for channel-
pscaling. Select: Feature descriptors a and b are passed through

the softmax function to generate attention activations s1 and s2
that we use to adaptively recalibrate the feature map and from
two color space branches. The final output feature map is defined
as: V = C ∗ s + C ∗ s .
1 1 2 2



N. Qin, J. Wu, X. Liu et al. Biomimetic Intelligence and Robotics 4 (2024) 100169

r

w
i

L

r
a

Fig. 3. Multi-color space feature fusion module.
Fig. 4. (a) Residual enhancement block. (b) Channel attention block.
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3.1.2. Residual enhancement block
As shown in Fig. 4(a), the residual enhancement block is

composed of several residual subblocks. The residual network
can solve the problems of performance degradation and gradient
vanishing of deep neural networks, and further improves the
feature extraction ability of the network [42,43]. Each residual
subblock in the residual enhancement block consists of a convolu-
tion layer and a ReLU activation, followed by a convolution layer
and batch normalization. Finally, a skip connection is applied. For
our experiment, we set the kernel size of all convolution layers
to 3 × 3 with a stride of 1. Additionally, we included 4 residual
subblocks in each REB. As the number of layers in the network
increases, the receptive fields expand, allowing for better capture
of global features in underwater images, such as overall color
distortion. Since our network does not use any downsampling
operation, it retains the fine details of the image.

3.2. Loss function

To train MCRNet, we use the following loss function to train
our model. We use Î to represent the enhanced image, and I∗ to
epresent the corresponding ground truth image.

Charbonnier Loss: Charbonnier Loss [44] is similar to L1 loss,
hich is used to calculate the distance between the enhanced

mage and the corresponding ground truth image.

char =

√Î − I∗
2

+ ε2 (1)

SSIM Loss: Structural SIMilarity Index (SSIM) compares lumi-
nance, contrast, and structure between two images. The formula
of SSIM is as follows:

SSIM
(
Î, I∗

)
=

(
2µÎµI∗ + c1

) (
2σÎI∗ + c2

)(
µ2

Î
+ µ2

I∗ + c1
)(

σ 2
Î

+ σ 2
I∗ + c2

) (2)

Where µÎ and µI∗ denote the mean of the enhanced image and
the corresponding ground truth image respectively, σ 2

Î
and σ 2

I∗

epresent the variance of the two images, and σÎI∗ is the covari-
nce. c and c are two constants to ensure stability in case of the
1 2 l

4

enominator is 0. We set c1 = (255× 0.01)2, c2 = (255× 0.03)2.
Then, the SSIM loss can be expressed as

LSSIM = 1 − SSIM
(
Î, I∗

)
(3)

Edge Loss: Similar to the image super-resolution task, the
high-frequency edge details of the underwater image will be lost
due to various degradation problems in the underwater envi-
ronment. Therefore, we use edge loss [45] to optimize the edge
information of underwater images:

Ledge =

√∆

(
Î
)

− ∆ (I∗)
2

+ ε2 (4)

here the ε in Charbonnier Loss and Edge Loss is empirically set
o 10−3.

Perceptual loss: Perception loss uses the features extracted
rom the VGG network [46] pre-trained on the ImageNet dataset
47] to supervise the features generated by the model to make it
ave high-level perception information. We use the conv5_4 layer
n the VGG19 network to calculate the perception loss:

per =

Φ(Î) − Φ
(
I∗

)
2

(5)

Where Φ denotes the high-level feature extracted from the
onv5_4 layer in the pre-trained VGG19 network.
Total Loss: We get the total loss function by the linear com-

ination of the three loss components:

total = Lchar + LSSIM + λeLedge + λpercLperc (6)

here we set λe = λperc = 0.05 by experience.

.3. Progressive learning strategy

The existing underwater image enhancement methods typi-
ally randomly crop or resize input images to a fixed patch size
or training. While small patches focus on capturing local details
ike edges and textures and can speed up training, they may
acrifice the global features of the image. On the other hand,

arger patches better learn global features like color deviation
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nd haze effects but require more training time and memory
esources. To address these tradeoffs, we propose a progressive
earning strategy that better handle the texture details and color
orrection of underwater images, and balance the performance
nd training time of the model.
Specifically, during the early epochs, our model is trained

n small patches using a large batch size. Later, the patch size
radually increases, and the batch size decreases. This approach
ffectively speeds up training and balances the local and global
eatures of underwater images. Compared to continuous training
n large patches, our strategy reduces training time with almost
o performance drop. Additionally, our mixed-size training strat-
gy leads to better generalization when testing on images of
ifferent sizes.

. Experiments

In this section, we first introduce the implementation details
nd experimental settings, and then we conduct comprehensive
xperiments on our method with representative traditional and
eep learning-based underwater image enhancement methods.
e also provide two application tests of underwater feature point
etection and underwater edge detection. Finally, the ablation
tudy was performed to verify the effectiveness of each module
n our approach.

.1. Implementation details

For training, we use 800 pairs of real-world underwater im-
ges from the UIEB dataset [30], and since real underwater refer-
nce images could not be obtained, we augmented our dataset
ith 1250 pairs of synthetic images from the NYU-v2 RGB-D
ataset [46], which simulate ten different underwater degraded
cenes. That is total of 2050 pairs of images were used to train
ur model.
Our implementation of MCRNet was done using the PyTorch

ramework on the NVIDIA GeForce RTX 3090Ti platform. We em-
loyed the Adam optimizer for 150K iterations at a fixed learning
ate of 1e-4. For progressive learning, we use image patch sizes
f 256, 320, 384, 448 with batch sizes of 16, 8, 4, 2, respectively,
nd we use vertical and horizontal flips for data augmentation.

.2. Experiment settings

Compared Methods. We compared MCRNet with nine meth-
ds, including three IFM-based methods (UDCP [14], IBLA [16],
LAP [18]), one IFM-free methods (Fusion18 [21]), and six deep
earning-based methods (Water-Net [30], UWCNN [31], FUnIE-
AN [48], Ucolor [38], PUIE_MP [49] and NU2Net [50]). For all
eep learning-based methods, we adopt the pre-trained models
rovided by the corresponding authors to generate the best ob-
ective evaluation results. Among them, UWCNN has 10 different
re-trained models according to different underwater scenes, we
nly chose type-1 for comparison, so it will show poor generaliza-
ion in some scenes, which also limits the method’s applicability
n actual underwater operations. In contrast, our method has only
ne pre-trained model but performs well in color correction of
nderwater images in various scenes.
Benchmarks. For testing, we use the remaining 90 pairs

f real underwater images with reference images in the UIEB
ataset [30], denote as Test-U90. We also conduct experiments
n two non-reference test datasets: Test-C60 [30] and Test-
QUID [51]. Test-C60 is a challenging dataset that includes 60
nderwater images with no ground truth images from the UIEB
ataset, which cannot be fully enhanced by existing algorithms.
5

The Test-SQUID dataset selects 16 representative images from
[51], featuring four different diving sites.

Evaluation Metrics. To assess the quality of non-reference
underwater image datasets, we use three specific evaluation met-
rics: UIQM [52], UCIQE [53], and Twice Mixing [54].

• UIQM comprises three measures: colorfulness (UICM), sharp-
ness (UISM), and contrast (UIConM). A higher UIQM score
indicates that an image is closer to the human visual system.

• UCIQE calculates the standard deviation of chroma and con-
trast in the CIELab color space, as well as the mean value of
saturation in the HSV color space. These three components
are then combined linearly to obtain the final result. A
higher UCIQE score indicates better enhancement effects of
underwater images.

However, both UIQM and UCIQE are not always accurate [19,
30]. UIQM tends to give high scores to images with red artifacts
due to over-enhancement, while UCIQE prefers vivid images with
high contrast.

• Twice Mixing (TM) is a self-supervised underwater image
evaluation method based on deep learning. It generates
two random mixing ratios to create input data and guide
network learning. A higher TM score indicates greater align-
ment with subjective judgments.

For the full reference test dataset Test-U90, we additionally
use Peak Signal to Noise Ratio (PSNR) and Structural SIMilarity
index (SSIM) to evaluate the quality of images generated by each
method.

• PSNR score is directly proportional to the correlation of pixel
content between the ground truth images and the generated
results.

• SSIM measures the similarity of the generated results withs
the reference image in terms of structure, contrast, and lu-
minance. It is more consistent with the human visual system
than PSNR [55].

4.3. Experiments on underwater datasets

For the real underwater datasets, we first tested on the Test-
U90 with reference images. We selected 8 representative im-
ages depicting 4 different underwater degradation scenes, which
present in Fig. 5(a). From top to bottom, these scenes include
shallow water, low illumination, blue distortion, and green dis-
tortion. In the shallow water images, both Water-Net and Ucolor
failed to completely remove the hazy effect, while Fusion18 and
MCRNet effectively improve contrast and correct color in both
images. For the low-illuminated images, FUnIE-GAN introduced
red artifacts, but Fusion18, Ucolor and MCRNet all improved
contrast, with MCRNet achieving the most significant improve-
ment in brightness. It is worth noting that the reference images
for this scene were overexposed, resulting in the loss of tex-
ture details on the shark. On the other hand, Fusion18, Ucolor,
and MCRNet all successfully removed the blue distortion, among
which Fusion18 and MCRNet achieving a more thorough removal.
MCRNet restored color better than Fusion18 and achieved better
color correction on coral in the sixth image, which had a green-
ish tone in the reference image. In the green distorted images,
Fusion18 shows purple artifacts on the background. PUIE_MP
exhibits excellent color correction effects, but the overall results
tend to be pale, lacking in contrast, and unable to achieve a
satisfactory dehazing result. MCRNet and NU2Net have clearer
visual effects than the reference image. The overall results of
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Fig. 5. Visual comparison of different methods on real underwater dataset Test-U90. It is suggested to zoom in for a better view.
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able 1
ull-reference metrics in terms of SSIM and PSNR and non-reference metrics in
erms of UCIQE, UIQM and Twice Mixing (TM) for each method on Test-U90.
Methods Params.↓ SSIM PSNR UCIQE UIQM TM

Raws – 0.750 16.111 0.543 2.336 0.743
UDCP [14] – 0.472 10.493 0.574 1.632 0.613
IBLA [16] – 0.652 15.100 0.609 1.696 0.955
Fusion18 [21] – 0.878 20.663 0.593 2.808 1.127
ULAP [18] – 0.720 15.049 0.613 1.919 0.969
Water-Net [30] 25M 0.858 19.595 0.587 2.829 0.995
UWCNN [31] 39.97M 0.665 13.433 0.529 2.489 0.453
FUnIE-GAN [48] 7.02M 0.747 16.769 0.575 3.035 0.992
Ucolor [38] 157.4M 0.868 20.768 0.583 2.864 1.003
PUIE_MP [49] 1.4M 0.879 21.281 0.575 2.844 1.044
NU2Net [50] 3.15M 0.892 22.793 0.602 2.894 1.163
Ours 1.49M 0.918 22.755 0.620 2.880 1.305
Reference – – – 0.623 2.811 1.296

Water-Net are relatively dark, and the results of Ucolor are hazy.
NU2Net introduces additional artifacts in the second and last
images. MCRNet exhibits the best generalization ability in all
results, demonstrating excellent color restoration and contrast
enhancement capabilities.

Table 1 reports the average quantitative metrics of different
ethods in the Test-U90 dataset. We highlight the best perfor-
ance in red and the second best in blue. For full-reference
etrics SSIM and PSNR, PUIE can significantly enhance image
ontrast and correct most color casts, but its results generally
ack saturation, leading to its third-place ranking in PSNR and
SIM scores. NU2Net provides stable enhancement results, but
t may introduce additional artifacts, leading to the second-best
SIM and best PSNR performance. MCRNet ranks first in SSIM and
econd in PSNR for its excellent color correction performance and
eneralization. In terms of non-reference metrics, the proposed
ethod ranks first in UCIQE and Twice Mixing. FUnIE-GAN has
chieved first place in UIQM, even surpassing the reference im-
ges. However, as mentioned in Section 4.2, UIQM prefers those
mages with over-enhancement effects in some cases.

Next, we will test on more challenging underwater datasets.
e select 4 challenging images from Test-C60 shown in Fig. 6(a).
6

None of the comparison methods were able to achieve satisfac-
tory results on all of the images. Many methods even introduce
artifacts, resulting in a worse visual perception than the original
inputs, such as UDCP, IBLA, ULAP, UWCNN and FUnIE-GAN. In
Fig. 6(d), Fusion18 achieves good enhancement results on the first
two images, but the last severely green distorted images intro-
duce purple artifacts. Water-Net can remove most of the severe
greenish color deviation, as shown in the last image in Fig. 6(f).
However, its results lack contrast, the overall brightness of the
image is dark, and the enhancement effect on low-illuminated
underwater images is not obvious. Ucolor improve the visual
effect in all images except the first shallow water image where
red artifacts were introduced. NU2Net performs well in removing
background color casts, it mistakenly restores colors on sec-
ond and third images. MCRNet performs color correction and
improved contrast in every challenging image, showing great
generalization.

In Fig. 7, we present the results of each method in the Test-
SQUID dataset. It is evident that the majority of methods struggle
to eliminate the blue distortion. While Fusion18 successfully re-
moved the blue distortion, they produce purple artifacts in the
background, Water-Net introduce green artifacts. NU2Net exces-
ively enhanced the colors of the coral in the first image. MCRNet
roduces satisfactory results by effectively removing the blue
istortion while preserving more image details and generating
leaner and brighter results.
Table 2 reports the average quantitative metrics of each

ethod in Test-C60 and Test-SQUID datasets. Notably, UDCP
anks first UCIQE ranking on the Test-SQUID, but as shown in
ig. 7(b), its results exhibit significantly lower visual quality than
he input images. For the Twice Fixing, our method achieves
he highest score on both datasets. These findings highlight the
hallenges of Underwater Image Enhancement Image Quality
ssessment, which still requires further improvement.
Then we verify the accuracy of each method in color restora-

ion. As can be seen from Fig. 8, although FUnIE-GAN removed
he blue artifact, they also introduced color deviation. Fusion18,
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Fig. 6. Visual comparison of different methods on real underwater dataset Test-C60. It is suggested to zoom in for a better view.
Fig. 7. Visual comparison of different methods on real underwater dataset Test-SQUID. It is suggested to zoom in for a better view.
Fig. 8. Visual comparison of different methods on a Color Checker image taken by the Pentax W60 camera from [21].
Ucolor, NU2Net and MCRNet restored the color without introduc-
ing color deviation. Among them, MCRNet stands out for achiev-
ing the most accurate color restoration based on the reference
color checker in Fig. 8(a).

Finally, we made a comparison of the enlarged local details
for each deep learning-based method, as shown in Fig. 9. UWCNN
removed some of the blue artifacts, but in the second image, like
FUnIE-GAN, it also produced additional color distortion. Ucolor’s
results go a step further than Water-Net’s, but neither can com-
pletely eliminate color deviation. In contrast, MCRNet removes
7

most of the blue color distortion, and retains the most details of
the color board. In the second image, compared with Ucolor, the
results of PUIE_MP and MCRNet are more thorough in removing
yellow distortion. However, PUIE_MP has low contrast issue and
lacks saturation in its result. NU2Net exhibits a phenomenon
of over-enhancement, where its zoomed-in areas show exces-
sively high saturation. The result of MCRNet has richer details,
as can be seen from the enlarged areas. The above experimental
examples demonstrate the superiority of the multi-color space
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Fig. 9. Visual comparison of the enlarged local details.
able 2
uantitative comparison of different methods on Test-C60 and Test-SQUID.
Methods Test-C60 Test-SQUID

UCIQE UIQM TM UCIQE UIQM TM

Raw 0.515 1.856 0.330 0.500 0.655 0.355
UDCP [14] 0.529 1.084 0.214 0.576 0.782 0.197
IBLA [16] 0.585 1.579 0.534 0.528 0.733 0.422
Fusion18 [21] 0.574 2.373 0.594 0.571 2.116 0.644
ULAP [18] 0.566 1.372 0.468 0.526 0.734 0.436
Water-Net [30] 0.560 2.385 0.547 0.556 2.131 0.625
UWCNN [31] 0.505 2.151 0.317 0.485 2.035 0.421
FUnIE-GAN [48] 0.543 2.863 0.523 0.513 1.941 0.560
Ucolor [38] 0.551 2.414 0.531 0.541 2.049 0.671
PUIE_MP [49] 0.553 2.357 0.585 0.543 2.112 0.533
NU2Net [50] 0.571 2.508 0.660 0.562 2.202 0.635
Ours 0.594 2.483 0.736 0.571 2.206 0.683

fusion mechanism in color correction and contrast improvement
of underwater images.

4.4. Application tests

To verify that our method can better promote the visual per-
eption of underwater robots, we conducted two application tests
f underwater feature point detection and edge detection. We
elected the test images from the Test-U90 and PKU datasets [56].
Underwater feature point detection: In order to realize au-

tonomous positioning and navigation in the underwater environ-
ment, underwater robots need to use abundant semantic infor-
mation, and the number of underwater feature points can reflect
that to some extent. In Fig. 10, we conduct SIFT [57] feature
points detection for the enhanced results of all deep learning-
based methods. MCRNet detected the most feature points with
its excellent color correction ability.

Underwater edge detection: The quality of the underwater
image determines its sharpness of the edge. Detecting sufficient
number of accurate edges is beneficial to the robot to perceive the
underwater environment. We use Canny Edge Detector [58] to
detect the edge contour of the input image and enhanced results
of the deep learning-based methods. As shown in Fig. 11, com-
pared with other methods, MCRNet’s results have the most com-
plete edge contour. Experimental results show that the proposed
method can recover the edges of underwater images well.
8

Table 3
Comparison of average quantitative metrics of the ablation study on Test-U90.
Methods SSIM PSNR UCIQE UIQM TM

w/ 3-RGB 0.876 20.030 0.576 2.856 1.250
w/o Lab 0.902 21.724 0.607 2.906 1.319
w/o HSV 0.886 20.924 0.615 2.852 1.211
w/o MCFF (concat) 0.912 22.433 0.618 2.862 1.325
w/o MCFF (sum) 0.896 21.575 0.620 2.849 1.271
Full Model 0.918 22.755 0.620 2.880 1.305

4.5. Ablation study

We conducted a comprehensive ablation study to demon-
strate the contribution and effectiveness of each module. The
experimental settings are as follows:

• w/o HSV: MCRNet without the HSV color space path.
• w/o Lab: MCRNet without the Lab color space path.
• w/ 3-RGB: All input paths are RGB images.
• w/o MCFF (concat): Instead of using the multi-color space

feature fusion module, MCRNet uses the simple concatenation
operation.

• w/o MCFF (sum): Instead of using the multi-color space
feature fusion module, MCRNet uses the simple summation op-
eration.

In Fig. 12, we present the enhanced results of each ablation
method for two severely distorted images. The 3RGB and w/o Lab
lose correct color information, while w/o HSV and w/o MCFF (con-
cat) partially remove the color deviation, resulting in yellowish or
reddish images. On the other hand, w/o MCFF (sum) introduces
green color deviation in edge details of the image, such as the
edge of the phone in the first image and the joint of the gloves
in the second image. The Full Model utilizes features from RGB,
HSV, and Lab color spaces, and leverages the multi-color space
feature fusion module to integrate these features. As a result, it
completely eliminates color distortion, improves image contrast,
and makes the underwater image more transparent.

Table 3 reports the quantitative results of our ablation study
using the Test-U90 dataset, and the Full Model achieves the best
performance across most metrics. The effectiveness of our multi-
color space feature fusion mechanism is demonstrated by both
visual comparisons and quantitative analysis.

5. Conclusion

This paper proposes an underwater image enhancement model

based on the multi-color space feature fusion mechanism. The
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Fig. 10. Underwater feature point detection. In the top left corner is the number of feature points for each method.
Fig. 11. Underwater edge detection. In the top right corner is the number of edges for each method.
Fig. 12. Visual comparison of the ablation study. It is suggested to zoom in for a better view.
odel leverages features from multiple color spaces and adap-
ively selects the most informative feature representation through
self-attention-based multi-color space feature fusion module.
xtensive experiments show that our method can restore color
istortion and improve the contrast of underwater images while
reserving image details. Moreover, our application test demon-
trates that our method has a positive impact on other visual
asks. Additionally, ablation studies demonstrate the contribution
f each module in our method. However, we acknowledge that
he instability of existing underwater image evaluation metrics
nd the challenges in acquiring reference images for underwater
atasets are two urgent problems that need to be addressed in
uture work.
9
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