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Underwater image enhancement (UIE) plays an essential role in improving the quality of raw images captured in an underwater
environment. Existing UIE methods can be categorized into two types: handcraft-designed and deep learning-based methods.
Generally, the handcraft-designed methods are more explainable due to the leverage of knowledge-based image priors, while the
deep learning-basedmethods are usually criticized for their weak interpretability. In this study, we address this issue by integrating
the merits of both handcraft-designed and deep learning-based methods. Speci�cally, a physical underwater imaging model-
inspired deep CNN for UIE is designed. Instead of estimating a global background light magnitude and a transmission matrix
separately in traditional image restoration-based UIE methods, we directly generate a single variable as the joint estimation of
these two parameters within a deep CNN and directly recover the enhanced image as an output according to a reformulated
physical underwater imaging model.  e whole network is trained in an end-to-end manner and more importantly has good
interpretability.  e proposed method has been validated for the UIE task on a real-world underwater image dataset and the
experimental results well demonstrate the superiority of our method over the existing ones for UIE.

1. Introduction

Due to the e�ects of light absorption and scattering, the raw
images captured in the underwater environment usually
su�er from severe quality degradations.  e su�ered quality
degradations greatly limit the utility of raw underwater
images in practical autonomous underwater vehicles
(AUVs), remotely operated vehicles (ROVs), and vessel
detection in maritime video surveillance [1].  erefore,
underwater image enhancement (UIE) that aims to auto-
matically improve the underwater image quality is a highly
desired technique not only for generating visually appealing
enhanced underwater images but also for boosting the
performance of underwater vision tasks. Compared with in-
air image enhancement, UIE is especially challenging due to
the unknown and signi�cantly varying ambient light in
underwater environments. As shown in Figure 1, the raw
underwater images captured in di�erent environments can

have di�erent degradation types, for example, color cast,
reduced contrast, blurring details, and low luminance. To
improve the quality of raw underwater images, during the
past years, many UIE algorithms have been proposed and
can be roughly categorized into two types: handcraft-
designed and deep learning-based methods.

Traditional handcraft-designed UIE methods based on
image enhancement and image restoration pipelines have
long been explored during the past several years. Image
enhancement-based UIE methods [2–7] directly manipulate
image pixel intensities to enhance speci�c image charac-
teristics, for example, color, contrast, sharpness, and
brightness. However, these methods may not be e�ective for
all underwater images due to their diverse and complicated
degradation types. Image restoration-based UIE methods
[16–31] treat image quality amelioration as an inverse
problem where the physical underwater optical model is
utilized and diverse image priors are explored as constraints
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to estimate a global background light magnitude and a
transmission matrix involved in the physical underwater
optical model. However, one inevitable limitation of these
prior-based restoration methods for UIE is that these priors
are invalid to some specific underwater environments and/
or severe color casts. -erefore, the estimations of global
background light and transmission matrix are not always
accurate. Moreover, the separate/nonjoint estimation of
these two parameters may even further amplify the error
when putting them together.

During the past several years, the remarkable perfor-
mance of deep convolutional neural networks (CNNs) in
both low-level and high-level vision tasks has shed new light
on UIE [8–15]. Typically, deep CNN training requires a large
amount of data, either labeled or paired with ground truth.
However, degraded underwater images are usually lacking of
ground truth, which is a major hindrance to the same success
of deep CNN-based methods for other low-level vision
problems. To circumvent the problem of insufficient paired
data, Shin et al. [8] synthesize hazed patches from haze-free
image patches based on the classical atmospheric scattering
model for underwater image dehazing. Similarly, an un-
derwater CNN (UWCNN) model proposed in reference [9]
is trained on a simulated underwater image dataset con-
taining ten types of synthetic underwater images. Hu et al.
[16] proposed a two-branch CNN, which is capable of
separately removing the color cast and enhancing image
contrast by fully leveraging useful properties of the HSV
color space in disentangling chrominance and intensity.
With the development of generative adversarial network
(GAN), Li et al. [10] propose a WaterGAN to generate
underwater images, taking in-air RGB-D images and a
sample set of underwater images as inputs to train a gen-
erative network in an adversarial fashion. With the gener-
ated data, a two-stage color correction network is trained.

However, due to the complicated underwater imaging en-
vironment, the synthetic data are not able to cover all
possible underwater conditions and the network trained on
such synthetic data cannot generalize well to the real-world
case. To circumvent this issue, recent works have taken the
advantage of CycleGAN [11] and domain adaption to relax
the need for one-to-one paired data for training [12, 13, 17].
However, these CycleGAN-based UIE methods tend to
produce inauthentic results in some cases. Most recently, Li
et al. [14] build a real-world Underwater Image Enhance-
ment Benchmark (UIEB), containing 890 real-world un-
derwater images and their pseudo reference images to enable
training fully supervised deep CNNmodels, which are out of
the constraints of specific underwater scenes. Based on the
constructed UIEB, an end-to-end deep Water-Net is trained
for UIE. Fu et al. [15] designed a two-branch network (i.e.,
GL-Net) to handle the globally distorted color and locally
reduced contrast, respectively. -en, a compressed-histo-
gram equalization is implemented for further improvement.
Although the existing works have achieved significant
progress, the UIE models based on deep learning always
focus on learning a nonlinear mapping function from the
degraded underwater image to its clean version and work as
black boxes, which are usually criticized for their weak
interpretability.

We claim that handcraft-designed and deep learning-
based UIE algorithms have their own pros and cons; that is,
handcraft-designed models are more explainable while deep
learning-based models have much better nonlinear mapping
capability. -erefore, it is of great interest to ask can we
design a model-inspired deep CNN for UIE so that the
merits of hand-craft designed and deep learning-based
techniques are both inherited. With this consideration and
inspired by the traditional image restoration-based UIE
methods, a physical underwater imaging model-inspired

(a) (b) (c)

(d) (e) (f )

Figure 1: Degradation types of raw underwater images. (a), (b) Color casts (green and blue); (c) reduced contrast; (d), (e) blurring details;
(f ) low luminance.
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deep CNN for UIE is designed in this study. Instead of
estimating a global background light magnitude and a
transmission matrix separately (the common practice in
traditional image restoration-based UIE methods), we di-
rectly generate a single variable as the joint estimation of
these two parameters within a deep CNN and directly re-
cover the enhanced image as an output, according to a
reformulated physical underwater imaging model. -e
whole network is trained in an end-to-end manner and has
good interpretability. -e most prominent feature of this
work is that data-driven deep learning and handcrafted
image enhancement are integrated for improving the per-
formance of UIE. -e proposed method has been validated
on two real-world underwater image datasets, that is, UIEB
[14] and RUIE [18], and the experimental results demon-
strate the superiority of our method both qualitatively and
qualitatively.

2. Related Work

In recent years, with the rapid increase in underwater re-
search, the demand for underwater image enhancement
techniques has also been significantly increased, and a large
number of underwater image enhancement methods have
been invented. Generally, all the existing underwater image
enhancement methods can be roughly divided into three
categories: image enhancement-based, image restoration-
based, and deep learning-based models. We will briefly
review some of them in the next.

2.1. Image Enhancement-Based Model. -e purpose of
image enhancement technology is to produce visually
pleasing results based on certain assumptions about high-
quality images. Generally speaking, these methods usually
focus on enhancing specific image attributes and directly
manipulate the pixel intensity of the image, while ignoring
the physical degradation model. In reference [2], this
study introduces a fusion-based UIE method and shows
its good performance in underwater image and video
enhancement. First, the color-corrected image and con-
trast-enhanced image are estimated from the original
underwater image. -en, a multiscale fusion scheme is
proposed to fuse the two intermediate images into the
final enhancement result. Experimental results show that
the method can improve the global contrast and visibility
and has high efficiency. -en, the method is further
improved by introducing a new white balance scheme and
an improved fusion strategy, as described in reference [3].
Based on the method proposed in reference [4], a new
adaptive histogrammethod [5] is proposed to enhance the
underwater image. -e number of underenhanced and
overenhanced pixels may be significantly limited. Another
important branch of UIE based on image enhancement is
to process underwater images, according to the simplified
Retinex model. In reference [6], a UIE method based on
variational retinoic acid is introduced, which includes
three main steps: color correction, layer decomposition,
and postenhancement. In reference [7], an extended

multiscale UIE method based on retina is introduced, and
the mixture of milk and juice is used to simulate the
underwater low visibility environment.

2.2. Image Restoration-Based Model. Different from the
method based on image enhancement, the method based
on image restoration regards underwater image enhance-
ment as a typical ill-posed inverse problem. In this method,
physical imaging models and various prior knowledge are
explored to estimate the expected results from the degraded
inputs. At present, the most widely used underwater im-
aging model is the so-called Jaffe–Mcglary underwater
optical imaging model [19, 20], which is a simplified ra-
diative transfer model. In fact, there are two variables to be
determined: the global background light and the trans-
mission matrix. In order to solve this inverse problem,
many researchers are committed to exploring effective
image priors to constrain this inverse problem. In reference
[21], the authors use the fog line [22] as the constraint to
derive the transmission matrix. In reference [23], the au-
thors propose a new prior method to estimate the trans-
mission matrix by using the attenuation difference between
RGB channels, which can eliminate light scattering very
well. By extending this prior, the author combines the fuzzy
prior in reference [24] with the proposed prior in reference
[23] to estimate the transmission. Because the Jaffe–Mc-
grammery underwater optical imaging model is very
similar to the hazy imaging model in reference [25], the
popular dark channel prior (DCP) was originally proposed
to solve the problem of single image deblurring. After
modification and adjustment, the underwater image can be
restored seamlessly, which has impressive performance. In
reference [26], a wavelength-dependent compensation
scheme based on DCP is proposed to restore clear images.
In reference [27], the underwater dark channel prior is
specially designed for the underwater environment.
Compared with the traditional DCP, it can estimate the
transmission more conveniently and accurately. According
to the phenomenon that the observed red light component
increases with distance, a short wavelength color recovery
method based on a red light channel is proposed. In ref-
erences[28, 29], the author uses the color lines [30] to
derive the backscattered light and the modified DCP to
estimate the transmittance, respectively. In reference [31],
the contrast enhancement algorithm and image deblurring
algorithm are combined to produce two kinds of en-
hancement results: one is bright color and the other is high
contrast to reveal image details. Recently, a generalized
dark channel prior is proposed in reference [32] to estimate
the transmission and restoration of degraded images.

However, one of the unavoidable limitations of these
prior-based UIE restoration methods is that they are inef-
fective for certain underwater environments and/or severe
color transformations. -erefore, the estimation of global
background light and transmission matrix is not always
accurate. In addition, the separate/nonjoint estimation of
these two parameters may further amplify the error of
putting them together.
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2.3. Deep Learning-BasedModel. Different from handcrafted
methods, deep learning technology aims to automatically
extract representations and learn nonlinear mapping func-
tions from training data. To the underwater community,
several deep learning-based methods are also proposed to
estimate the clear image. Typically, deep CNN training re-
quires a large amount of data, either labeled or paired with
ground truth. However, degraded underwater images are
usually lacking of ground truth, which is a major hindrance to
the same success of deep CNN-based methods for other low-
level vision problems. To circumvent the problem of insuf-
ficient paired data, Shin et al. [8] synthesize hazed patches
from haze-free image patches based on the classical atmo-
spheric scattering model for underwater image dehazing.
Similarly, an underwater CNN (UWCNN)model proposed in
reference [9] is trained on a simulated underwater image
dataset containing ten types of synthetic underwater images.
With the development of generative adversarial network
(GAN), Li et al. [10] proposed a WaterGAN to generate
underwater images, taking in-air RGB-D images and a sample
set of underwater images as inputs to train a generative
network in an adversarial fashion. With the generated data, a
two-stage color correction network is trained. However, due
to the complicated underwater imaging environment, the
synthetic data are not able to cover all possible underwater
conditions and the network trained on such synthetic data
cannot generalize well to the real-world case. To circumvent
this issue, recent works have taken the advantage of Cycle-
GAN [11] to relax the need for one-to-one paired data for
training [12, 13]. However, these CycleGAN-based UIE
methods tend to produce inauthentic results in some cases.
Most recently, Li et al. [14] build a real-world Underwater
Image Enhancement Benchmark (UIEB), containing 890 real-
world underwater images and their pseudo reference images
to enable training fully supervised deep CNN models, which
are out of the constraints of specific underwater scenes. Based
on the constructed UIEB, an end-to-end deep Water-Net is
trained for UIE. Fu et al. [15] designed a two-branch network
(i.e., GL-Net) to respectively handle the globally distorted
color and locally reduced contrast, respectively. -en, a
compressed-histogram equalization is implemented for fur-
ther improvement. Although the existing works have
achieved significant progress, the UIE models based on deep
learning always focus on learning a nonlinear mapping
function from the degraded underwater image to its clean
version and work as black boxes, which are usually criticized
for their weak interpretability.

3. Methodology

-is section first introduces the widely used physical un-
derwater imaging model. -en, the details of our proposed
model including network architecture and implementations
will be illustrated.

3.1. Physical Underwater Imaging Model. Prior works on
image restoration-based UIE have focused on explicitly
modeling the underwater degradation model and estimating

the model parameters from the observation and various
priors to restore the clean underwater images. -e physical
underwater imaging model derived from the classical Jaf-
fe–McGlamery model [19, 20] is expressed as follows:

I
C

(p) � J
C

(p)T
C
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C 1 − T

C
(p) , c ∈ r, g, b , (1)

where IC(p) represents a pixel in the raw image, JC(p)

represents a pixel in the clear image to be recovered, and c
denotes the color channel. In the above model, there are two
parameters to be determined for restoring JC from IC, that is,
the global background light AC and the transmission matrix
TC. Previous studies resort to various prior assumptions, for
example, underwater dark channel prior [27], red channel
prior [33], and adaptive attenuation-curve prior [34], as
constraints to solve the two parameters separately. Never-
theless, these used priors are invalid to some specific un-
derwater environments and/or severe color casts. -erefore,
the accuracy of the estimated global background light and
transmission matrix cannot be always guaranteed. More-
over, the separate estimation of these two parameters may
even further amplify the error when combining them to-
gether during the recovery process.

In order to enable a joint estimation of the global
background light AC and the transmission matrix TC, the
above model can be reformulated by merging AC and TC

into a single variable KC [35], such that
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According to the above-reformulated model, we only
need to estimateK such that J can be directly recovered from
I according to equation (2). Specifically, in this study, we
resort to a multiscale densely connected deep CNNmodel to
address this problem. Details regarding the proposed net-
work are given below.

3.2. Network Architecture

3.2.1. Architecture Overview. -e proposed network archi-
tecture is depicted in Figure 2. -e ultimate goal of our
network is to enhance the quality of an input raw underwater
image I with certain quality degradation. Towards this end,
we propose to first estimate a single intermediate variable K

via a generator and recover a clear version J from I

according to equation (2). Specifically, we design a Gaussian
pyramid architecture to implement the generator at mul-
tiscales and the estimated KS values in different scales are
fused into a single one for recovering the final clear version
according to equation (2). In addition, we also leverage the
widely-adopted deep supervision strategy to add supervision
on the recovered image at each scale to facilitate multiscale
feature learning by allowing error information back-
propagation frommultiple paths and alleviating the problem
of vanishing gradients in deep neural networks. With the
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help of Gaussian pyramid architecture and multiscale su-
pervisions, our proposed method is able to well handle the
challenging UIE task. In the following sections, we will il-
lustrate the details regarding the proposed deep neural
network and its practical implementations and
configurations.

3.2.2. Single-Scale Version. We first introduce the single-
scale version. -e architecture is shown in the rectangle
region marked with red dashed lines (Figure 2). Specifically,
a densely connected deep CNN is designed as the encoder to
generate K, which is then fused with the raw underwater
image I according to equation (2) to achieve UIE. Note that
the explicit model-based operational formula (equation (2))
is embedded into the network architecture and the whole
network is trained end to end. -erefore, compared with the
traditional studies where the global background light and
transmission matrix are estimated based on diverse image
priors separately, the optimization of these two parameters is
coupled andmore importantly the parameter estimation and
restoration process are jointly optimized in a data-driven
manner. -e utilization of dense connection aims to avoid
gradient vanishing, strengthen the transmission of features,
increase the utilization of features, and decrease the amount
of parameters to some extent. Mathematically, the network
architecture can be described as follows:

f
(1)

� ∅(1)
I; θ(1)

 ,

f
(l+1)

� ∅(l+1)
concat f

(1)
, f

(2)
, . . . , f

(l)
 ; θ(l+1)

 ,
(4)

where f(l) denotes the output feature maps of the l-th block,
∅(l) denotes the mapping function parameterized by θ(l) of
the l-th block built by a combination of convolutional layer,

ReLU layer, and max-pooling layer, and concat(·) means
concatenation of all the features from f(1) tof(l).-e output
feature maps of the 5-th block are used as the estimated K,
which is then fused with the raw underwater image I

according to equation (2) to generate the final-enhanced
underwater image J.

3.2.3. Multiscale Extension. In addition, on considering the
scale variance problem in underwater images, we adopted a
Gaussian pyramid architecture for multiscale fusion to
handle this issue. -e Gaussian pyramid architectures have
been widely demonstrated to be effective in many deep
learning-based low-level and high-level vision tasks.
Leveraging this classical idea, CNN produces a feature
pyramid through stacked convolutional layers and spatial
pooling layers. Specifically, as shown in Figure 2, three
different scales are considered in our framework, that is, the
input underwater image is downsampled into two smaller
scales, that is, 1/2 scale and 1/4 scale, respectively. For each
scale, we use the same densely connected deep CNN encoder
but the weights are not shared. Taking three-scale images as
inputs, the estimated K maps corresponding to the three
scales are denoted as K1, K2, and K3, respectively. -en, K1,
K2, and K3 are upsampled and concatenated followed by a
convolution layer to generate the fused K map, that is, Kf.
-is process is formulated as follows:

KC � concat K1,K
×2
2 ,K×4

3 ,

Kf � ∅(6)
KC; θ(6)

 ,
(5)

where K×2
2 denotes the ×2 upsampled version of K2 and K×4

3
denotes the ×4 up-sampled version of K3. We implement
downsampling and upsampling by bicubic interpolation. -e
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Figure 2: Architecture of our proposed model-inspired multiscale densely connected deep CNN model for UIE.
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details of the multiscale network architecture have been listed
in Table 1. Note that we only give the details of the first scale for
brevity. -e other two scales are almost the same with the first
scale.-e only difference is that the input sizes of the other two
scales are changed into 64× 64 and 32× 32, respectively.

Finally, we use Kf to generate the final-enhanced un-
derwater image Jf according to equation (2), such that

Jf � KfI − Kf + 1. (6)

3.3. Loss Function. As previously illustrated, the whole
network is trained and optimized with multiscale supervi-
sions, that is, the supervisions are induced into each scale.
-erefore, we in total have four objectives to minimize as
follows: supervising three outputs at three different scales
and the final output. For supervising the three-scale outputs,
we have the following loss function:

Ls � 
3

s�1

Js − Js Is; θs( 
2
2, (7)

where Is denotes the input image in the s-th scale, Js is the
downsampled versions of the ground truth, θs denotes the
parameters to be optimized, and Js is the recovered image in
the s-th scale. For the final output, we have

Lf � J1 − Jf(I; θ)
2
2, (8)

where Jf is the final-enhanced underwater image as an
output. -e final loss function can be expressed as follows:

Ltotal � Lf + λsLs, (9)

where λs controls the trade-off between the two terms. In our
implementation, we empirically set λs � 1.

4. Experiments

In this section, we will conduct experiments to demon-
strate the effectiveness of the proposed method. First, we
will introduce the used benchmark datasets and the
implementation details regarding the proposed deep
neural network. -en, we conduct both qualitative and
quantitative performance comparisons with state-of-the-
art UIE algorithms. Finally, we also perform an appli-
cation test to demonstrate whether the enhanced result by
the proposed method can facilitate the application test
performance, such as salient object detection and key
point matching.

4.1. Dataset and Implementation Details

4.1.1. Datasets. For network training, following the strategy
in reference [14], a random set of 800 images and their
corresponding reference images collected from the UIEB
dataset [14] are used to generate the original training set.
Flipping and rotation are used for original training data
augmentation. Each training image is resized into 128×128.
-e remaining 90 images are used for testing. In addition, for

more comprehensive performance validation, we also
conduct experiments on the RUIE dataset [18], which is also
a real-world dataset of underwater images. Note that we
directly apply the model trained on the UIEB dataset to test
the RUIE dataset. Such a strategy can well validate the ro-
bustness of UIE methods.

4.1.2. Implementation Details. We implemented our model
with Pytorch [36] on a PC with an NVIDIA GeForce RTX
2080 Ti GPU. During training, a batch-mode learning
strategy is used with a batch size of 48. -e learning rate and
momentum were set as 0.0001 and 0.9, respectively. All the
parameters were optimized using ADAM [37] with default
parameters. During testing, the test image is directly fed into
the network without any resizing operation.

4.2. Qualitative Comparison. To demonstrate the advan-
tages of the proposed method, several state-of-the-art UIE
methods, such as Retinex [6], BL-TM [38], MILHP [31],
UDCP [27], UW-CNN [9], and GL-Net [15], are compared.
Among these methods, the last two are deep learning based
proposed in the year 2020. Several examples of the en-
hanced results on the two datasets by different UIE
methods are shown in Figures 3 and 4, respectively. As can
be seen, raw underwater images suffer from diverse deg-
radation. Even though the BL-TM [38], GL-Net [15], and
MILHP [31] models indeed enhance the raw images to a
certain extent, these three methods, however, result in
overexposure in specific locations with very high lumi-
nance. -e enhanced images by the Retinex [6] model seem
to be of insufficient saturation, thus looking to be unnat-
ural. -e enhanced images by UDCP [27] suffer from
severe detail loss in those areas with very low luminance.
-e enhanced images by UW-CNN [9] suffer from the
overenhancement issue. On the contrary, our model
produces more visually pleasing images that look better
in color naturalness, contrast perception, and detail
preservation.

Table 1: Details of the multiscale network architecture.

Block Input size Operation Configuration

1 128×128× 3 Convolution K3S1P1C32
128×128× 32 ReLU —

2
128×128× 32 Convolution K3S1P1C32
128×128× 32 ReLU —
128×128× 32 Maxpool K3S1P1

3
128×128× 64 Convolution K3S1P1C32
128×128× 32 ReLU —
128×128× 32 Maxpool K5S1P1

4
128×128× 96 Convolution K3S1P1C32
128×128× 32 ReLU —
128×128× 32 Maxpool K7S1P1

5 128×128×128 Convolution K3S1P1C32
128×128× 3 ReLU —

6 128×128× 9 Convolution K3S1P1C32
128×128× 3 ReLU —

Note. K, kernel size; S, stride; P, padding; C, channel.
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4.3. Quantitative Comparison. Besides the qualitative
comparison, we also compare the performance of different
UIE methods using two existing objective quality metrics
dedicated designed for underwater images, such as UIQM
[39] and UCIQE [40]. Note that, although there exist
many full-reference image quality metrics [41–44] and no-
reference image quality metrics [45–48] in the literature,
they cannot be directly applied to evaluate the quality of
enhanced underwater images due to the specific color
distortion and contrast change suffered by underwater
images. -erefore, we only use the two dedicated UIQM
[39] and UCIQE [40] metrics for the quantitative com-
parison in this work. -e average UIQM and UCIQE
scores of different UIE methods are listed in Table 2. As we
can see, our proposed method achieves the highest UIQM
and UCIQE scores on the testing dataset, which further
demonstrate the best performance of our proposed
method.

4.4. User Study. For more comprehensive and reliable
performance comparisons, we conduct a human subjective
user study using all the testing images. Generally, there are
two methodologies for subjective image quality assessment,
such as absolute category rating and pairwise comparison.
On considering that ACR will result in a huge bias and
uncertainty when the observers do not have sufficient ex-
perience, and the pairwise comparison, which aims to
provide a binary preference label between a pair of stimuli
instead of rating an absolute quality level to a single stimulus,
is adopted. Pairwise comparison is particularly useful when

the quality difference between stimuli is quite subtle, which
is likely the case in our study. Specifically, C2

7 � 21 image
pairs are involved for each raw underwater image and C2

7 ×

90 � 1890 pairs in total for all the testing images. Each
subject is required to assign a binary label (1/0) to each
presented image pair, reflecting which one is better in terms
of color naturalness, contrast perception, and detail pres-
ervation. A total number of 20 subjects are invited to par-
ticipate in our user study. To compute the global ranking
from paired comparisons, we use the Bradley–Terry model
(B-T model) [49], a probability model that predicts the
outcome of the paired comparison. Finally, we evaluate the
competing UIE methods by the average B-Tscores, as shown
in Figure 5. As seen, our method gets the highest B-Tscore of
all the compared methods, which indicates that the en-
hanced images using our proposed method are of high visual
quality.

4.5. Application Test. Besides visual quality comparison, we
further demonstrate the effectiveness of our method for
machine vision tasks. -e application tests include key-
point matching [50] and salient objection detection [51].
Here, we only show two examples for each test due to the
limited space. As can be seen in Figure 6, the matched key
points are greatly boosted after enhancement by our
method. In Figure 7, the salient object detection results in
the enhanced image are obviously better than that in the
raw image. -ese two application tests demonstrate that
our model works well in promoting the results of enhanced
images in vision tasks.

(e) Retinex (g) UW-CNN (h) Proposed(a) Raw (b) BL-Tm (c) GL-Net (d) MILHP (f) UDCP

Figure 3: Examples of the enhanced results by different UIE methods on the UIEB dataset.
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4.6. Influence of Scale Number. Since the proposed method
utilizes a multiscale architecture, it is necessary to validate the
selection of scale numbers. Here, we conducted experiments
to validate the selection of scale numbers.-e results are listed
in Table 3. As we can find, with the increase of scale numbers,

the performance increases first and then becomes relatively
stable when the scale number exceeds 3. Since the increase of
scale numbers will cause heavier computational burden, we
finally set the number of scales to 3 to achieve a balance
between the performance and computational efficiency.

(e) Retinex (g) UW-CNN (h) Proposed(a) Raw (b) BL-TM (c) GL-Net (d) MILPH (f) UDCP

Figure 4: Examples of the enhanced results by different UIE methods on the RUIE dataset.

Table 2: Average UIQM and UCIQE scores of different UIE methods.

Datasets UIEB RUIE
Metrics UIQM (↑) UCIQE (↑) UIQM (↑) UCIQE (↑)
Retinex [6] 4.8047 0.5824 4.2382 0.6055
BL-TM [38] 3.6668 0.6074 2.7331 0.5365
MILHP [31] 4.6453 0.6534 3.9178 0.6782
UDCP [27] 4.3117 0.6128 2.5631 0.5175
UW-CNN [9] 4.1060 0.4693 2.6658 0.4557
GL-Net [15] 4.4801 0.6253 3.7248 0.5780
Proposed 4.8052 0.6607 4.4432 0.6804
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(a) (b)

Figure 6: Comparisons on key-point matching results between the raw and enhanced images. (a) Raw. (b) Enhanced.
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Figure 7: Comparisons on salient object detection results between the raw and enhanced images.
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Figure 5: Average B-T scores of different UIE methods.
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5. Conclusion

In this study, we propose a multiscale densely connected
deep CNN-based underwater image enhancement model
inspired by the underwater optical imaging formulation.-e
most prominent feature of this work is that data-driven deep
learning and handcrafted image enhancement are integrated
for improving the performance of UIE. -is model can not
only promote the visual quality of raw underwater images
but also improve the performance of the enhanced images in
vision tasks. Our experiments including qualitative and
quantitative comparisons, user study, and application tests
demonstrate the superior performance of our model against
other existing competing models.

Data Availability

UIEB dataset is available at “https://li-chongyi.github.io/
proj_benchmark.html” and RUIE dataset is available at
“https://github.com/dlut-dimt/Realworld-Underwater-
Image-Enhancement-RUIE-Benchmark.”
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