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Abstract

Due to the attenuation and scattering of light in the water medium, real-world underwater images usually suffer from
diverse quality defects, such as color casts, low contrast, and reduced visibility, etc. These quality defects accordingly
cause adverse effects on underwater images in practical applications. To tackle the problem, many underwater image
enhancement (UIE) techniques have been proposed for improving the quality of raw underwater images, showing
heterogeneous performances regarding the enhanced results. Therefore, designing an objective quality metric that
can effectively predict the visual quality of enhanced underwater images is desirable. In this paper, we propose a
highly efficient yet accurate no-reference quality assessment method to evaluate different UIE results by analyzing
the statistics of underwater images. Specifically, we first extract quality-aware features in terms of three key aspects:
1) colorfulness; 2) contrast; 3) visibility. Then, a quality regression model is trained to map the extracted features
to subjective scores for enhanced underwater images. Given a testing underwater image, we also first extract its
corresponding quality-aware feature vector and feed it into the trained quality regression model for quality prediction.
We conduct extensive experiments on two databases to demonstrate the superiority of our proposed approach. The
code is available at https://github.com/yia-yuese/NR-UIQA.
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1. Introduction been developed to improve the visual quality of under-
water images in the literature [8, 9, 10, 11, 12, 13, 14, 15,
16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26]. Despite this,
objective metrics that can fairly and effectively evaluate
the enhanced results of different UIE algorithms remain

less investigated.

The exploitation and utilization of marine resources
play an essential role in maritime economic development.
As an important way to record visual information of un-
derwater scenes, high-quality underwater optical imaging
plays a vital role in the marine industry [1, 2, 3,4, 5, 6, 7].
However, it is quite challenging due to the complicated
and volatile underwater environment. As a consequence,
the visual quality of raw underwater images is often prone
to different kinds of degradations, such as color casts, re-
duced contrast, and poor visibility, etc. Therefore, many

Intuitively, image quality assessment (IQA) is based on
human visual perception and therefore subjective evalu-
ation is considered to be the most reliable way. How-
ever, subjective evaluation is criticized for being cum-
bersome and time-consuming. A more practical way to
evaluate image quality is to develop an accurate and au-

underwater image enhancement (UIE) algorithms have
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tomatic objective metric that can predict quality highly
correlated with the results from human judgment. In gen-
eral, objective IQA methods can be divided into three cat-
egories [27], including full reference (FR), reduced refer-
ence (RR), and no reference (NR). The FR IQA methods
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utilize full information of the corresponding distortion-
free counterpart as a reference for quality evaluation
[28, 29, 30]. The RR IQA methods depend on partial in-
formation from the distortion-free image for quality eval-
vation [31, 32]. The NR IQA methods only rely on the
distorted image for quality prediction [33, 34, 35, 36, 37,
38, 39, 40, 41, 42, 43, 44, 45, 46, 47, 48, 49]. As for the
underwater scenario, it is impractical to obtain the original
underwater image in real-world underwater environments
as reference, the NR pipeline becomes the most suitable
way in real applications.

Currently, the field of underwater image quality as-
sessment is experiencing an actively evolving and vibrant
phase, yielding a multitude of significant research out-
comes. Yang et al. [50] introduced the Underwater Color
Image Quality Evaluation (UCIQE) metric based on a lin-
ear combination of chromaticity standard deviation, lumi-
nance contrast, and average saturation.Panetta et al.[51]
overcame the limitation of UCIQE and proposed an un-
derwater image quality method (UIQM) by considering
color, sharpness, and contrast. Wang et al. [52] pro-
posed the CCF metric for underwater image quality as-
sessment, encompassing components such as chromatic-
ity measurement, contrast measurement, and fog density
measurement. Recently, Yang et al.[53] proposed an im-
age quality evaluation metric called FDUM that combines
color, contrast, and sharpness clues. FDUM considers the
degradation effects of underwater images and the different
sensitivities of the human visual system to high-frequency
and low-frequency information of images. Lin et al. [54]
employed a simulated contrast method for the evaluation
of enhanced underwater images, while Zheng et al. [55]
introduced the Underwater Image Fidelity (UIF) metric,
which is rooted in naturalness, sharpness, and structural
indicators within the CIELab color space. Additionally,
Guo [56] introduced a novel objective image quality met-
ric called UWEQM which considers the physical charac-
teristics of the underwater environment and relevant at-
tributes of the human visual system. Jiang et al. [57]
proposed an effective method for evaluating the quality of
enhanced underwater images (NUIQ), which transforms
RGB underwater images into the opponent color (OC)
space and extract color, luminance, and structural features
in this space to achieve objective quality assessment. Fur-
thermore, there are also several other research endeavors
[58, 59, 60] also dedicated to the quality assessment of

enhanced underwater images. Overall, these research en-
deavors constitute a rich and diverse landscape within the
field of underwater image quality assessment.

However, these methods still suffer from certain limita-
tions. In the methods such as UCIQE [50], UIQM [51],
CCF [52], and FDUM [53], manually defined weights ars
applied to combine the extracted feature attributes, result-
ing in suboptimal performance and limited generalization
capabilities. Lin et al.’s work [54] relies on subjective
methods for quality assessment research, which are im-
practical for large-scale dataset investigations and can-
not be applied effectively in practical applications. In the
work of Guo et al. [58], the authors only conducted ex-
periments on a self-constructed small-scale dataset, com-
prising only 200 underwater enhanced images, which may
constrain its performance on larger datasets. Additionally,
the used feature extraction methodology entirely relies on
[51]. In comparison to UIF [55], UWEQM [56], NUIQ
[57], UIQI [59], and GLCQE [60], although they exhibit
superior performance in addressing certain drawbacks of
previous methodologies and pay more significant atten-
tion to issues like color distortion, insufficient luminance,
and detail blurring in underwater images, they do not ade-
quately incorporate prior statistical data from high-quality
underwater images as reference for the assessment of de-
graded underwater image quality. Therefore, there is a
need for further exploration to enhance the accuracy and
robustness of underwater image quality assessment met-
rics.

Inspired by the aforementioned underwater image qual-
ity assessment metrics, we in this paper propose a novel
NR-IQA method for evaluating the quality of enhanced
underwater images. It is known that, in subjective ex-
periments, human observers rate underwater image im-
age quality mainly according to the perception of color-
fulness, contrast, and visibility. Therefore, our proposed
method focuses on exploiting three types of statistics re-
spectively corresponding to colorfulness, contrast, and
visibility of enhanced underwater images. In addition, the
RGB channel pixels of underwater images conform to the
particular prior of Rayleigh distribution [61] is taken into
consideration. To summarize, this paper makes the fol-
lowing contributions:

1) Based on the degradation characteristics of under-
water images, we propose a novel NR-IQA method for
evaluating the quality of enhanced underwater images,



Subjective
Ratings

Colorfulness

Training set

=

o~
ow
5 >

: Testing set [ . )
. —-‘ Prediction Model ‘

—

Quality Score

~—

Image Set

Feature
Extraction

Feature
Vectors

Figure 1: Pipeline of the proposed NR IQA method.

which comprehensively exploits the statistics of colorful-
ness, contrast, and visibility.

2) By combining with the prior knowledge that under-
water images conform to Rayleigh distribution, the image
quantification color feature is designed.

3) Given the importance of contrast for underwater im-
ages after enhancement, we propose a new method to esti-
mate the contrast by computing the entropy difference and
moment statistics. Experiments show that our method is
more consistent with subjective scores compared to state-
of-the-art quality assessment models.

The rest of this paper is divided into three sections. In
Section II, we introduce our proposed NR quality assess-
ment method for underwater enhancement in detail. Sec-
tion III then shows the experimental results and analysis.
Finally, we conclude the paper in Section I'V.

2. Proposed Method

We illustrate the framework of our proposed method in
Fig. 1. For each enhanced underwater image, we first ex-
tract three sets of quality-aware features related to color,
contrast, and visibility, respectively, and then combine
them into a feature vector. After that, the support vector
regression (SVR) model is learned to map the extracted
feature vectors into the corresponding subjective quality
scores. Finally, the quality of the test image can be pre-
dicted by the learned SVR model.

2.1. Image Colorfulness

The underwater images easily suffer from visual prob-
lems regarding color casts. Here, we provide some image

Figure 2: Image examples generated by different UIE algorithms in the
SAUD database. (a) BL-TM [13], (b) HP-based [14], (c) RD-based[15],
(d) Retinex [16], () RGHS [17], (f) TS-based [18], (g) UDCP [20], (h)
UWCNN [21], (i) GL-Net [22], (j) Water-Net [23]

examples generated by various UIE algorithms, as shown
in Fig. 2. We can see that the abilities of those UIE al-
gorithms to correct color casts are different. Moreover,
the higher the underwater image quality, the more color
details, and fewer color casts. Therefore, color is a vital
image attribute in underwater visual environments, which
is vital for measuring enhanced underwater image qual-
ity. Considering that saturation or color purity can reflect
color richness than image brightness, we first extract the
global mean for the test image in the saturation channel to
represent its color intensity

1
Ca=v zy] S(x,y), (1)

where N represents the total pixel number. S (x,y) is the
image in the converted saturation channel.

Second, the research in human vision reveals that color
perception is generally carried out in the opposing color
spaces. Therefore, we then convert the image to the oppo-
nent color space [62] to estimate the color information by
calculating the contrast energy Cy of the three opponent
color components[63] by
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where R, R, and R; denote the red-green, yellow-
blue and gray channels, respectively. Among
them, Ry = R - G,R, = (R + G)/2 - B,
R3=10.299 * R+ 0.587 * G + 0.114 « B, Ey) =
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Figure 3: The MOS values of (a), (b), (c) are 79, 52, and 14, respectively.

JUy®h?+1;®h?, and ® indicates the convolu-
tion operation. h, and h; are the vertical as well as
horizontal second derivatives for the Gaussian functions.
In addition, 7 is the contrast gain that is applied to
correct and divide filter responses to explain the nonlinear
contrast gain control process of the human visual cortex.
« and thetay are the maximum value of and the threshold
to constrain noise. The settings of all these parameters
can be found in [28]. After that, the mean values of the
contrast energy are extracted as Cy, = {Cgy, Cr2, Cg3, }.

Third, it is possible to convert images from the orig-
inal RGB space to the LMS space of a cone. We then
calculate the contrast energy in both blue-yellow and lu-
minance channels. This is widely used in the task of color
constancy[62, 64, 65]. The color can be expressed as the
integration of variance and mean[66]

C3=03 \/,ulzi,l +,ulzez + \/0'12“ + 0'12.‘,2, 3)
where oy, , 0, , iy and pip, represent the variance and av-
erage of image pixels in red-green and yellow-blue color
spaces. Here, the mean of C3 can be used as an additional
colorfulness feature.

In Fig. 3, we show several enhanced underwater images
with the corresponding subjective quality scores. The col-
orfulness features obtained from equations (1), (2), and
(3) above are (a) {0.48, 4.94, 4.05, 4.37, 27.84}, (b) {0.37,
1.72,1.62, 2.78, 19.17}, (c) {0.27, 1.65, 1.28, 1.58, 9.12}.
As can be seen in the figure, with the decrease in subjec-
tive quality, the colorfulness feature values also reduce,
showing that these features are good indicators to evaluate
underwater image quality in terms of the color attribute.

In order to measure image quality in pixel space, var-
ious image-level statistics are exploited based on fitting
a probability density function (PDF) [67]. For example,
the mean, standard deviation, skewness, kurtosis, and en-
tropy usually serve as image-level statistical priors. Pre-
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Figure 4: The fitted Rayleigh distribution shape parameters of the RGB
channel histogram of the example images (a), (b), (c) in Fig. 3.

vious studies show that the Rayleigh distribution is one of
the best distributions for the intensity histogram of under-
water images[61, 68]. Therefore, we utilize the PDF of
Rayleigh distribution as

X x?
) = P 3), x> 0, “)
where o is the shape parameter of Rayleigh distribution.
We then take the shape parameters of RGB channels for
enhanced underwater images as complementary colorful-
ness features.

Taken images in Fig. 3 as examples, the shape param-
eter values of Rayleigh distribution for RGB channels are
shown in Fig. 4 We can observe that the higher the im-
age quality, the higher the shape parameters. Therefore,
the underwater image quality and the shape parameters of
Rayleigh distribution for RGB channels have certain regu-
larity. In other words, these parameters can be used to rep-
resent colorfulness and are denoted as Ry = {o g, 0, 0B}.

Additionally, to capture the difference in the distribu-
tion of the RGB channel histogram fitting curves of dis-
torted and high-quality underwater images, we employ
the well-known K-L divergence to measure the distance
between the two distributions. Specifically, assuming that
m and n are the histogram distributions of distorted and
high-quality underwater images, respectively. The K-L
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Figure 6: K-L divergence values of the Rayleigh distribution curve for
the high-quality underwater images and the example images in Fig. 5.

divergence between m and n is defined by

Dy (m|n) = — fm(x) log n(x)dx + fm(x) log m(x)dx.
®)]

We use Fig. 5 as the underwater images for testing.
Fig. 6 shows the K-L divergence of the Rayleigh distri-
bution between the distorted and high-quality underwater
images. If the distribution of the test underwater image
is closer to that of the high-quality underwater image, we
have a smaller K-L divergence, indicating that the qual-
ity of the test image is better, and vice versa. It should
also be noted that the distribution of high-quality images
is from [61]. Here, we denote the K-L divergence features
for colorfulness as D = {Dg, D¢, Dg}.

2.2. Image Contrast

Contrast is an essential property of images and is highly
related to the quality of the image. Information entropy is
a global measure that characterizes the average amount

(@

Figure 7: The MOS values of (a-d) are 69, 62, 19, and 8 respectively.

of information in an image, which is commonly used to
reflect image contrast. Generally, greater entropy means
that the image has more excellent contrast and, thus, bet-
ter visual quality. As shown in Fig. 7, (a) is an image
with good quality, and figures (b-d) are under slight, ex-
tensive, and severe underexposure, respectively. We can
observe more details in (a) with relatively high contrast,
while largely reduced details in (d) due to the low contrast
leading to the worst quality. Motivated by these observa-
tions, we extract contrast-related features for evaluating
underwater enhancement.

We notice that lower contrast can cause more pixel in-
tensities to move towards the minimum value (i.e., 0).
That is, when the pixel deviation is more significant, the
degree of contrast deficiency increases. Too bright or
too dark would affect the image contrast. To measure
this effect, we first create intermediate images I, ,k €
{1,2,...,K}. After adding the Al,, value to the gray-scale
image /, the intermediate images /,,, are obtained by

Ly, =1+AlL,, 6)
where AL, = {+120,+90, +60, £30}, K denotes the value
of the k-th Al , If I, value is above 255 and below 0, we
set it set to 255 and 0, respectively. With these intermedi-
ate images, we calculate their information entropy as

E(p) ==Y pu-logpy, @
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Figure 8: The entropy difference E4; changes with the respect to Alyy,,
where the corresponding curves of Fig. 7 (a-d) are illustrated in red,
green, blue, and purple.

where p, represents the probability density. Then, the

contrast can be revealed by the entropy difference, which

is computed between image I and the resulting intermedi-

ate image /,,,. The operation is formulated as
Ey =E, —Ep

g ®)
where E; and Ej, are the entropies of image / and the
generated intermediate image I,,,, respectively.

Fig. 8 shows that E; changes along with the image
pixel intensity. This may be because when the image
is processed with the value of Al,,, the pixel probabil-
ity near the end of the dynamic range increases, which
causes a decrease in entropy. That is, a larger probability
transformation results in a larger entropy difference. For
a test image with good quality (e.g., Fig. 7(a)), its entropy
difference curve is approximately symmetric because the
pixel values are clustered in the middle position of the dy-
namic range [69]. And the pixels at both ends deliver sim-
ilar probability changes regarding the symmetric addend,
and the entropy difference curve approximates a symmet-
ric distribution. In contrast, the entropy difference curve
of a low-contrast image becomes asymmetrical. This is
due to the uneven distribution of pixels in the low-contrast
image, and its pixel value is either higher or lower.

Except for the global contrast measure of enhanced
underwater images, we employ the local contrast fea-
ture extraction [70] Specifically, we divide the image into

patches with the resolution of 8 X 8 and then calculate the
entropy difference as the global operation. After that, the
average Ej;; of the entropy difference for each image patch
is computed to measure the local contrast of the test im-
age. In addition, to compensate for the abnormal distri-
bution of image pixels, we also extract the moment statis-
tic M = {My, Ms, M, M;} to estimate the image contrast.
These indlude the first-order mean My = y(I) , second-

order standard deviation My = 1/ y[I = y(I)*], third-order

_ 3 .
slice skewness M = % , and fourth-order kurtosis
o
—_ 4 .
M, = % — 3. And y(.) represents the averaging op-
5
erator.

2.3. Image Visibility

Due to the complex imaging environment of underwa-
ter images, underwater images are inevitably affected by
wavelength-dependent absorption, and scattering [67, 71,
68, 72]. Therefore, the visibility of underwater images
is an essential attribute in evaluating quality. When the
image visibility is high, it indicates that the quality is rel-
atively good, and vice versa.

In general, we can measure the image structures or
edges to assess the image visibility [73, 74, 75]. Here, we
use the logarithmic energy of each high-frequency sub-
band obtained by the wavelet transform of the test im-
age. To be specific, a three-level decomposition of Cohen-
Daubechies-Fauraue 9/7 filters [76] is applied to decom-
pose the image into multiple subbands. An example is
shown in Fig. 9. For mathematical formula, we use E;p,
Eyr; and Egg; to denote the logarithmic energy of the
discrete wavelet transform LH, HL, and HH subbands:

Erny = log,[1 + %, 3 LH} ()]
Enpy = logo[1 + %, S HL; ()]
Enpyg = log,oll + 3 X HH ()]

(C))

Where i denotes the pixel index of the image and K; is the
number of subband coefficients for decomposition level /.

CEpng+ Envy
2

where parameter « is the weight given to the decom-
posed HH subband. Here, we set @ = 0.8. Fig. 11

E=(1-a +a- Eguy, (10)



Figure 9: Schematic diagram of three-level wavelet transform of an un-
derwater image.
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Figure 10: (a)-(d) The mass fractions are represented by MOS values,
which are 63, 52, 45, and 2, respectively.

shows the high-frequency subband energies of the three-
level wavelet transform for the test images in Fig. 10 (a)-
(d). It can be found that as the underwater image qual-
ity decreases, the logarithmic energy decreases, and it in-
creases as the decomposition scale becomes more exten-
sive. Therefore, the wavelet subband energy can be used
to evaluate image visibility.

2.4. Quality Regression

With the above processes, we have extracted three
kinds of features by considering three image attributes
of underwater images, i.e., color, contrast, and visibility,
which are closely relevant with the quality of underwa-
ter images. Overall, we extract 42-dimensional features
in total. For a better understanding, we have summarized
these features in Table 1.

Log-cnergy of sub-band value

0.5 -
1 2 3

DWT decomposition scale

Figure 11: Subband energy distribution of the example images of Fig.
10(a)-(d).

Table 1: Summary of The Extracted 42-Dimensional Features.

Index | Eeature Typy Symbol Feature Description | Feature ID
Image C;1,Cr1,Cr2, Evaluation of
1 i Jor = fun
colorfulness | Cg3,C3,R,D | image colorfulness
Image Measurement of
2 Eq4 Ei,M . Siz = fro
exposure image exposure
Image Assessment of
3 E\.E).E3 Jao - fa
naturalness mage naturalness

Based on the extracted quality attributes of colorful-
ness, contrast, and visibility from enhanced underwater
images, we resort to the well-known support vector re-
gression (SVR) model [77] for mapping the features onto
image quality. The standard formula of SVR is

z
WI%%EX w3 + Cgl (t: +12)
st. wx)+B-y, <e+1, (11)
v, —wig(x,)-B<e+7,
7,$>0,z=1,2,..7Z

where B represents the bias parameter. £ > 0 and C > 0.
Moreover, 7 and 7 indicate slack variables. x, and y, de-
note the concatenated feature vector and subjective qual-
ity, respectively. K(x;,x;) = ¢(x;)" ¢(x;) is the nonlinear
kernel function. In our experiments, we employ the radial



basis function kernel. According to the training sample
D = {(x1,y1), (x2,¥2), ..., (X, ¥;)}, the parameter (g, C, p)
can be obtained by minimizing the error value between
the predictions and ground truth. After computing these
parameters, a predictive model can be built. Then, the
quality of a given test image can be obtained by inputting
the 42-dimensional image features into the trained SVR
model.

3. Experimental Results and Analysis

3.1. Protocols

In the experiments, we compare the proposed method
with state-of-the-art quality assessment methods. Specif-
ically, we select 15 existing mainstream NR quality met-
rics, consisting of 10 general NR IQA metrics (i.e., DI-
IVINE [33], BIQME [39], BLIINDS-II [40], BRISQUE
[41], FRIQUEE [42], GM-LOG [44], GWH-GLBP [45],
NFERM [46], NRSL [47], PCRL [48]) and the met-
rics specifically designed for evaluating underwater image
quality (i.e., UCIQE [50], UIQM [51], CCF [52], FDUM
[53], NUIQ [57]).

In addition, these metrics can be categorized into
two different types: learning-based and non-learning
based. The learning-based methods include DIIVINE
[33], BIQME [39], BLIINDS-II [40], BRISQUE [41],
FRIQUEE [42], GM-LOG [44], GWH-GLBP [45],
NFERM [46], NRSL [47], PCRL [48], NUIQ [57], while
the non-learning-based methods include UCIQE [50],
UIQM [51], CCF [52], FDUM [53]. All the compared
NR quality assessment algorithms are implemented from
the public codes. For learning-based methods, we follow
the same testing principles as the proposed method and
optimize the learned network parameters for the best per-
formance.

We split the database into 80% and 20% for training
and testing, respectively. The training-testing random
split process is carried out 1,000 times to prevent perfor-
mance bias. Four evaluation criteria are used, including
Spearman’s rank correlation coefficient (SRCC), Kendall
rank correlation coefficient (KRCC), Pearson correlation
coefficient (PLCC), and Root-mean-square error (RMSE).
Finally, the mean values of these criteria are calculated
as the final performance results are calculated as the fi-
nal performance for each method in 1,000 tests. For non-

Table 2: Performance Comparison of Different NR-IQA on The SAUD
Dataset and The UID2021 Dataset.

Metrics SAUD [57] UID2021 [78]
PLCC | SRCC | KRCC | RMSE | PLCC | SRCC | KRCC | RMSE
DIIVINE [33] | 0.6487 | 0.6198 | 0.4533 | 16.2230 | 0.6264 | 0.6112 | 0.4363 | 1.6716
BIQME [39] | 0.7470 | 0.7373 | 0.5502 | 14.2362 | 0.6491 | 0.6358 | 0.4566 | 1.6330
BLIINDS-I1 [40] | 0.4543 | 0.4264 | 0.3003 | 19.0003 | 0.5451 | 0.5216 | 0.3688 | 1.7934
BRISQUE [41] | 0.6066 | 0.5866 | 0.4244 | 16.9051 | 0.6439 | 0.6343 | 0.4623 | 1.6407
FRIQUEE [42] | 0.7888 | 0.7802 | 0.5885 | 13.0257 | 0.7134 | 0.7026 | 0.5035 | 1.4984
GM-LOG [44] | 0.5981 | 0.5736 | 0.4096 | 17.0788 | 0.5624 | 0.5384 | 0.3779 | 1.7699
GWH-GLBP [45] | 0.5011 | 0.4583 | 0.3218 | 18.3530 | 0.4459 | 0.4145 | 0.2875 | 1.9282
NFERM [46] | 0.6520 | 0.6238 | 0.4498 | 16.1554 | 0.5361 | 0.5122 | 0.3608 | 1.8130
NRSL [47] 0.6421 | 0.6262 | 0.4549 | 16.3618 | 0.6643 | 0.6504 | 0.4655 | 1.6016
PCRL [48] 0.6530 | 0.6430 | 0.4677 | 16.1583 | 0.6647 | 0.6531 | 0.4725 | 1.6025
UCIQE [50] | 0.5613 | 0.4992 | 0.3512 | 17.5973 | 0.6474 | 0.6150 | 0.4503 | 1.6335
UIQM [51] 0.4364 | 0.4061 | 0.2839 | 19.2664 | 0.4760 | 0.4613 | 0.3192 | 1.8769
CCF [52] 0.0995 | 0.0460 | 0.0311 | 21.2575 | 0.5208 | 0.4236 | 0.2990 | 1.8351
FDUM [53] 0.2949 | 0.1832 | 0.1237 | 20.4524 | 0.6092 | 0.5823 | 0.4189 | 1.7057
NUIQ [57] 0.7927 | 0.7914 | 0.6075 | 13.0154 | 0.7266 | 0.7168 | 0.5293 | 1.4762
Proposed 0.8174 | 0.8164 | 0.6326 | 12.3297 | 0.7423 | 0.7347 | 0.5420 | 1.4404

learning-based methods, the results are obtained by com-
puting the SRCC, KRCC, PLCC, and RMSE between es-
timated scores and their corresponding subjective scores
(i.e., MOS) for all images in the database.

We validate the performance of our method on the
SAUD dataset [57] and the UID2021 dataset [78].

SAUD Dataset [57]: The SAUD dataset [57] is con-
structed by gathering 100 authentic underwater images
from the UIEB [23] and RUIE [79] datasets as source im-
ages, which were then processed using results obtained
from 10 distinct state-of-the-art underwater image en-
hancement algorithms. The authors conducted a sub-
jective user study using the Dual Stimulus Comparison
(DSC) method [3], resulting in subjective scores for each
image within the SAUD dataset.

UID2021 Dataset [59]: The UID2021 dataset [78]
comprises 900 augmented underwater images, which
were generated through 60 underwater degraded images
using 15 distinct state-of-the-art underwater image en-
hancement and restoration algorithms. Subjective exper-
iments were conducted on this dataset employing a pair-
wise comparison ranking method, yielding average opin-
ion scores from 52 observers for each image within the
UID2021 dataset.



3.2. Performance Comparisons

The overall performance comparison results are shown
in Table 2, and we highlight the best results in bold.
From the table, we can see that our proposed method
achieves the best prediction performance on the SAUD
[57] database and the UID2021 dataset [78], compared to
existing NR IQA methods.

Specifically,it outperforms five existing methods for
evaluating underwater image quality (i.e., CCF, FDUM,
UCIQE, UIQM, NUIQ). Moreover, it surpassed the
SRCC value of the second place (i.e., NUIQ) by about
3%.The only reason is that we consider that the color of
the underwater image conforms to the characteristics of
the Rayleigh distribution, and extract the characteristics
of the underwater image from a more comprehensive ori-
entation combined with the characteristics of the color,
contrast and visibility of the underwater image.

Secondly, the evaluation methods of underwater im-
ages, CCF and FDUM, extract three features of underwa-
ter images and weigh each feature as a method for evaluat-
ing underwater images. On the SAUD dataset [57], their
measured performances are deficient, indicating that the
underwater features measured by these two methods are
not suitable for underwater images in the SAUD dataset
[57]. On the UID2021 dataset [78], the two algorithms,
CCF and FDUM, did not perform better than most natu-
ral image evaluation algorithms. Through testing on two
datasets, we found that the testing method with trained
features outperforms the feature weighted method. Eval-
uation methods that can also reflect trained features in
UCIQE and UIQM are more advantageous.

Finally, we test two other methods for underwater im-
age quality assessment (i.e., UCIQE and UIQM), which
were developed to evaluate the visual quality of raw
underwater images. The SAUD dataset [57] and the
UID2021 dataset [78] are collected according to different
underwater image enhancement methods.

On the SAUD dataset [57], the SRCC metric of the
method proposed in this paper reaches 0.8164, and its
percentage gain reaches 38% compared to the UCIQE
method, and 50% compared to the UIQM method. On the
UID2021 dataset [78], the SRCC metric of the method
proposed in this paper reaches 0.7347, and its percent-
age gain reaches 16% compared to the UCIQE method
and 37% compared to the UIQM method. It is obvi-
ous that our proposed method has stronger correlation

Table 3: Experimental Results of Cross Dataset Validation. The ‘A/B’
Means Training on Dataset ‘A’ and Testing on Dataset ‘B’.

Metrics SAUD/UID2021 UID 2021/SAUD
PLCC | SRCC | KRCC | RMSE | PLCC | SRCC | KRCC | RMSE
BIQME [39] 0.2443 | 0.2525 | 0.1717 | 2.0899 | 0.4323 | 0.2857 | 0.1957 | 19.3102
BLIINDS-II [40] | 0.1411 | 0.1267 | 0.0843 | 2.1337 | 0.1583 | 0.1258 | 0.0869 | 21.2112
BRISQUE [41] | 0.2332 | 0.2173 | 0.1429 | 2.0958 | 0.2818 | 0.2628 | 0.1797 | 20.5467
DIIVINE [33] 0.4327 | 0.4240 | 0.2889 | 1.9430 | 0.4158 | 0.3609 | 0.2490 | 19.4756
FRIQUEE [42] 0.4311 | 0.4324 | 0.2945 | 1.9447 | 0.4158 | 0.3609 | 0.2490 | 19.4656
GM-LOG [44] 0.3590 | 0.3040 | 0.2066 | 2.0115 | 0.4033 | 0.3561 | 0.2377 | 19.5958
GWH-GLBP [45] | 0.0407 | 0.0287 | 0.0189 | 2.1534 | 0.1158 | 0.1070 | 0.0715 | 21.2701
NFERM [46] 0.4764 | 0.4715 | 0.3267 | 1.8949 | 0.2357 | 0.1735 | 0.1140 | 20.8111
NRSL [47] 0.3620 | 0.3488 | 0.2391 | 2.0091 | 0.2510 | 0.2367 | 0.1623 | 20.7287
PCRL [48] 0.1866 | 0.1311 | 0.0875 | 2.1174 | 0.2757 | 0.2245 | 0.1529 | 20.5840
CCF [52] 0.4037 | 0.3110 | 0.2146 | 1.9718 | 0.4449 | 0.3597 | 0.2494 | 19.1776
FDUM [53] 0.4775 | 0.4486 | 0.3061 | 1.8936 | 0.2902 | 0.1655 | 0.1101 | 20.4925
UCIQE [50] 0.5032 | 0.4422 | 0.3942 | 1.8628 | 0.4687 | 0.2448 | 0.1647 | 18.9170
UIQM [51] 0.3574 | 0.3141 | 0.2122 | 2.0128 | 0.3945 | 0.2368 | 0.1620 | 19.6777
NUIQ [57] 0.4351 | 0.4170 | 0.2843 | 1.9434 | 0.4801 | 0.4470 | 0.3127 | 18.7849
Proposed 0.5223 | 0.4804 | 0.3478 | 1.8380 | 0.5644 | 0.5212 | 0.3733 | 17.6775

with subjective evaluation on SAUD dataset [57] and
UID2021 dataset [78], no matter compared with the exist-
ing general-purpose NR-IQA method or underwater IQA.

In order to test the generalization capability of our
method, we conducted cross-dataset experiments on the
SAUD dataset [57] and the UID2021 dataset [78]. The
results are presented in Table 3 where "SAUD/UID2021”
indicates the model is trained on the SAUD dataset
[57] and tested on the UID2021 dataset [78], while
”UID2021/SAUD” represents the model is trained on the
UID2021 dataset [78] and tested on the SAUD dataset
[57]. From Table 3, it can be observed that our method
performs the best on both cases. This indicates that our
approach has superior generalization capability and ro-
bustness.

To further verify the proposed method, we utilize a hy-
pothesis test on the basis of t-statistic [80]. In our exper-
iments, a two-sample t-test was performed on a pair of
SRCC values for 1,000 training trials at the 5% signifi-
cance level. Fig. 12 shows the results of the t-test, where
a value of 1/-1 indicates that the row metric is statistically
better/worse than the column metric, and a value of O in-
dicates that the row metric is statistically competitive with
the column metric. From the results shown in this figure,
we observe that the performance of the proposed method
is better than that of all competing methods, which further
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Figure 12: Two-sample t-test results between the pair of SROCC values
of 1,000 train-test trails at the 5% significance level. (a) SAUD, (b)
UID2021.

illustrates the superiority of our method.

3.3. Parameter Tests

Since the performance of learning-based methods are
sensitive to the partition of training-testing subsets, we
adjust the percentages of training sets to verify the per-
formance of our model. Therefore, we increase the train-
ing set from 20% to 80% with an interval of 10%, and the
results are shown in Table 4. It can be seen that as the pro-
portion of the training set increases, the values of SRCC,
KRCC, and PLCC increase, and the RMSE value de-
creases. That is, the performance of the proposed method
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Table 4: Performance Under Varying Train-Test Splits On SAUD dataset
and UID2021 dataset.

Train-Test Spiit SAUD [57] UID2021 [78]

PLCC | SRCC | KRCC | RMSE | PLCC | SRCC | KRCC | RMSE
20%-80% | 0.6808 | 0.6803 | 0.4984 | 15.6563 | 0.5797 | 0.5742 | 0.4068 | 1.7526
30%-70% | 0.7260 | 0.7264 | 0.5400 | 14.7086 | 0.6033 | 0.5990 | 0.4262 | 1.7140
40%-60% | 0.7535 | 0.7533 | 0.5662 | 14.0443 | 0.6133 | 0.6089 | 0.4346 | 1.6995
50%-50% | 0.7768 | 0.7769 | 0.5895 | 13.4698 | 0.6744 | 0.6710 | 0.4859 | 1.5870
60%-40% | 0.7937 | 0.7935 | 0.6061 | 13.0282 | 0.6816 | 0.6779 | 0.4918 | 1.5704
70%-30% | 0.7998 | 0.8006 | 0.6153 | 12.8265 | 0.7186 | 0.7148 | 0.5253 | 1.4917
80%-20% | 0.8174 | 0.8164 | 0.6326 | 123297 | 0.7423 | 0.7347 | 0.5420 | 1.4404

proposed improves accordingly with the increased per-
centage of training subset. Moreover, when our training
subset only occupies 40% of all samples, our method still
outperforms most other existing methods, which further
demonstrates the superiority and stability of our proposed
method.

Furthermore, since our method is composed of multiple
image attributes, exploring the effects of different features
and their combinations on the final performance is inter-
esting. Here, we first conduct experiments with the fea-
tures extracted from each attribute by fedding the features
from each attribute into the SVR to learn the prediction
model, and evaluate the performance through the same
four criteria (i.e., SRCC, KRCC, PLCC, RMSE). Second,
the attributes of our method are combined in pairs, and the
same operation as the previous step is performed. Finally,
the three attributes are combined in the experiment. The
comparison results are shown in Table 5, where the sym-
bol ”¢” ("X”) denotes that the feature in the column is
included (not included) in our framework. For the obser-
vation convenience, we adopt C,, C;, and V to represent
the features extracted in the aspects of color, contrast, and
visibility.

3.4. Computational Complexity

A good quality assessment method for underwater im-
ages should be both accurate and fast. Thus, we compare
our model with other competing methods in terms of run-
ning time. Specifically, we set up a running time compar-
ison of different competing methods and show the corre-
sponding SRCC values to better illustrate the relationship
between equilibration time and effect, as shown in Fig.
13. We can see that the proposed method achieves the
best SRCC value at a moderate time complexity. This is



Table 5: Result Under Different Attribute Combinations.

Model C. | C | Vg | PLCC | SRCC | KRCC | RMSE
Model_1 | v | X | X | 0.7163 | 0.7116 | 0.5311 | 14.8741
Model 2 | X | ¢ | X | 0.7443 | 0.7614 | 0.5764 | 13.6996
Model 3 | X | X | ¢ | 04359 | 0.3645 | 0.2512 | 19.1621
Model4 | v | vV | X | 0.7676 | 0.7969 | 0.6113 | 12.8493
Model 5 | v | X | ¢ | 0.7484 | 0.7397 | 0.5556 | 14.1059
Model 6 | X | ¢ | ¢ | 0.7780 | 0.7727 | 0.5867 | 13.3543
Proposed | v | ¢ | ¢ | 0.8174 | 0.8164 | 0.6326 | 12.3297
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Figure 13: Comparison of different NR IQA metrics in terms of the
running time and SROCC value.

promising in practical applications regarding the balance
of computational time and accuracy.

3.5. Model Comparison

We conducted experiments using various regression
models, and the experimental results are presented in Ta-
ble 6. For the SAUD dataset, we selected different regres-
sion models, and the results indicate that the SVR model
outperforms the others. The primary reasons for its su-
perior performance include its capability to handle non-
linear data and noise, control overfitting, effectiveness in
dealing with high-dimensional data, flexibility, global op-
timization, and applicability in outlier detection. In our
study, we extracted three feature sets, and these feature
sets exhibit no linear relationships among them, result-
ing in a total of 42-dimensional features. Given the high
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Table 6: Model Performance Comparison on the SAUD Dataset.

Model PLCC | SRCC | KRCC | RMSE
Decision Tree 0.6096 | 0.5957 | 0.4407 | 18.2379
Random Forest 0.6976 | 0.6923 | 0.5153 | 16.0354
Bayesian Regression | 0.7352 | 0.7328 | 0.5374 | 13.5429
SVR 0.8174 | 0.8164 | 0.6326 | 12.3297

feature dimensionality, SVR is considered the most suit-
able regression model based on the characteristics of these
features. The results also demonstrate the effectiveness of
SVR.

4. Conclusion

In this paper, we propose a new no-reference quality
assessment method for underwater image enhancement.
Specifically, we consider three kinds of quality-sensitive
features, including colorfulness, contrast, and visibility.
After the feature extraction, we map the extracted fea-
tures into the corresponding quality scores by a regres-
sion model. Experimental results show that the proposed
method outperforms state-of-the-art NR IQA methods in
evaluating underwater image quality. To date, only a very
limited number of underwater image databases have been
established, thereby constraining the progress within the
field of underwater image quality assessment. In future
research endeavors, we will focus on the development of
a large-scale underwater image database, which will con-
stitute one of our primary objectives for future investiga-
tions. Furthermore, traditional objective image quality as-
sessment methods fail to guarantee the accuracy of objec-
tive prediction scores, as these conventional approaches
inherently possess a degree of subjectivity. In future re-
search, we will explore quality assessment methodolo-
gies rooted in deep learning and more advanced learning
pipelines [81], capable of autonomously learning discrim-
inative features of degraded underwater images, with the
potential to promote the advancement of underwater im-
age enhancement algorithms.
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