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Abstract: Underwater images are crucial in various underwater applications, including marine
engineering, underwater robotics, and subsea coral farming. However, obtaining paired data for
these images is challenging due to factors such as light absorption and scattering, suspended particles
in the water, and camera angles. Underwater image recovery algorithms typically use real unpaired
dataset or synthetic paired dataset. However, they often encounter image quality issues and noise
labeling problems that can affect algorithm performance. To address these challenges and further
improve the quality of underwater image restoration, this work proposes a multi-domain translation
method based on domain partitioning. Firstly, this paper proposes an improved confidence estimation
algorithm, which uses the number of times a sample is correctly predicted in a continuous period as a
confidence estimate. The confidence value estimates are sorted and compared with the real probability
to continuously optimize the confidence estimation and improve the classification performance of
the algorithm. Secondly, a U-net structure is used to construct the underwater image restoration
network, which can learn the relationship between the two domains. The discriminator uses full
convolution to improve the performance of the discriminator by outputting the true and false images
along with the category to which the true image belongs. Finally, the improved confidence estimation
algorithm is combined with the discriminator in the image restoration network to invert the labels
for images with low confidence values in the clean domain as images in the degraded domain. The
next step of image restoration is then performed based on the new dataset that is divided. In this
way, the multi-domain conversion of underwater images is achieved, which helps in the recovery of
underwater images. Experimental results show that the proposed method effectively improves the
quality and quantity of the images.

Keywords: underwater image restoration; deep learning; confidence estimation; domain translation

1. Introduction

The study and application of marine resources is crucial aspect of the academic field of
human development. The use of Autonomous Underwater Vehicles (AUVs) has emerged
as a significant tool for exploring and studying marine resources, particularly in marine
development and coastal defense. The visual information collected by the AUV’s vision
system plays a pivotal role in detecting and understanding the underwater environment.
However, due to challenges posed by light absorption and scattering in underwater envi-
ronments, images captured by AUVs often suffer from blurring and color degradation. To
address these issues, numerous academic methods have been proposed, which are broadly
categorized into three approaches: the first is based on the Jaffe–McGlamery underwater
imaging model [1–3], the second is based on the dark channel prior (DCP) [4–6], and the
third is based on deep learning methods. In recent years, the field of computer vision has
seen significant advancements in the application of deep learning, which make it a highly
effective tool for addressing underwater image problems in the academic realm.
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For deep learning methods, data is crucial, and high-quality datasets can significantly
enhance the efficacy of model training. However, obtaining the paired real datasets for
underwater image acquisition poses a significant challenge. As a result, unpaired real
datasets are often obtained using subjective methods [7] or a combination of subjective
and objective [8] division methods. Unfortunately, such division methods can lead to
poor-quality datasets, which are shown in Figure 1.
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In Figure 1c,d are both in the clean domain, but their clarity differs, with (c) being
of poor quality. Most of the current research on underwater image restoration employs
synthetic datasets, which are categorized as paired and unpaired. The SUID dataset [9] and
the Li dataset [10] synthesize underwater images using ground truth images. Moreover, the
proposed Cyclic Consistency Network (CycleGAN) [11] addresses the issue of the paired
dataset’s unavailability. Cycle consistency enables the conversion of images between two
distinct domains. For EUVP’s paired dataset, CycleGAN uses real underwater images
to obtain reduced ground truth. On the other hand, UGAN [12] and UFO-120 [13] use
CycleGAN to generate distorted underwater datasets based on real ground images. The
degraded images in the UIEB [14] dataset were real underwater images, while the ground
truth was obtained from various conventional methods. The UUIE [15] dataset is unpaired
and comprises images from EUVP and UIEB datasets, as well as some high-quality in-air
images in this dataset from ImageNet [16] or that were collected from the internet. Paired
synthetic datasets were generated after processing using several algorithms. It is crucial
to note that there exists a difference in data distribution between synthetic and real data,
which leads to variations in training results.

For classification tasks for deep learning, validating a model not only requires correct
predictions, but also requires an awareness of the confidence level during the predictions.
Overconfident predictions can make the network model unreliable; hence, there is the need
to address this issue. Moon et al. [17] proposed a solution by training deep neural networks
using a novel loss function named Correctness Ranking Loss. This method regularizes
class probabilities to provide a better confidence estimate by ranking them based on the
ordinal number of confidence estimation. However, as the number increases in the training
epoch, the ranking process changes steadily and successively, and subsequent sequential
numerical rankings do not work.

When the data distributions of the source and target domains differ but the tasks are
the same, domain adaptation enables the interconversion between different domains and
utilizes information-rich source domain samples to improve the performance of the target
domain model. The success of Generative Adversarial Networks (GANs) [18] in the field
of image-to-image translation [19] provides a feasible approach to performing image trans-
lation between two or more domains in an unsupervised manner. While traditional GAN
networks are unidirectional, CycleGAN [11] consists of two mirror-symmetric GANs that
form a ring network. The purpose of this model is to learn the mapping relationship from
the original input to the target domain from the source domain. In recent years, CycleGAN
and its modifications have successfully restored underwater images using synthetic paired
datasets for training [20–23]. Unpaired datasets were also used for training [24,25]. During
GAN training, pattern collapse is prone to occur, which leads to high image degradation
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when the image orientation changes. This degradation is not ideal for underwater image
datasets. CycleGAN utilizes cycle consistency to achieve conversion between two domains,
but for domains that number more than two, more than one model needs to be learned.
The StarGAN [26] proposal solves the multi-domain problem by using only one model to
translate between different domains.

Taking inspiration from StarGAN and considering the variations in the quality of
underwater image datasets, the objective of this work is to partition the dataset and conduct
training in several domains to accomplish the restoration of underwater images. First,
an improved confidence estimation algorithm is proposed for the dataset classification
process. The algorithm attends to the current state of each sample to capture the dynamic
changes in the network. It uses the frequency of consecutive correctly predicted samples
during the training process as the probability of correctness, which is ranked with the
confidence estimate to obtain reliable predictions. Secondly, an image restoration network
with an auxiliary classifier in the discriminator is built. The auxiliary classifier can output
the class of the image based on the judgment of whether the image is true or false. Lastly,
the improved confidence estimation algorithm is combined with the image restoration
network discriminator to improve the classification performance of the dataset. On the one
hand, the improved confidence estimation algorithm can obtain the confidence value of the
sample, and use the inversion label of the sample with a low confidence value in the clean
domain as the distorted domain to classify the image. On the other hand, the ability of the
discriminator to discriminate between true and false images is also enhanced. This restores
the distorted underwater images and enhances their visual quality. The subsequent sections
of this academic paper are structured as follows: The methodology is described in detail in
Section 2. The experimental results, along with quantitative and qualitative evaluations,
are presented in Section 3. Finally, Section 4 presents the conclusion and potential avenues
for future research.

2. Proposed Method

This section presents the details of multi-domain translation in this work. The pro-
posed improved confidence estimation method is first described in Section 2.1. Then,
Section 2.2 describes the details of the multi-domain translation network module, including
the network module used for training and the loss function.

2.1. Confidence Estimation Improvement Method

In accordance with [17], the authors proposed a new method of training deep neural
networkswith a novel loss function, called Correctness Ranking Loss, which regularizes
class probabilities to be better confidence estimates in terms of ordinal ranking according
to confidence. The authors’ proposed method is easy to implement and can be applied
to existing architectures without any modification. The Correctness Ranking Loss LCR
function proposed by the authors is shown in Equation (1).

LCR
(
xi, xj

)
= max

(
0,−g

(
ci, cj

)(
ki − k j

)
+
∣∣ci − cj

∣∣) (1)

In (1), for a pair of xi and xj, ci and cj are the proportion of correct events of xi over the
total number of examinations (i.e., ci), and ki, k j represent the confidence of each sample,
respectively.

∣∣ci − cj
∣∣ represents margin. For a pair with ci > cj, the CRL will be zero when

ki is larger than k j+
∣∣ci − cj

∣∣, but, otherwise, a loss will be incurred. g
(
ci, cj

)
is shown in

Equation (2).

g
(
ci, cj

)
=


1, i f ci > cj
0, i f ci = cj
−1, otherwise

(2)

The method in this paper is to add a coefficient in front of
∣∣ci − cj

∣∣, as is shown in
Equations (3) and (4).

LCR
(
xi, xj

)
= max

(
0,−g

(
ci, cj

)(
ki − k j

)
+ λ

∣∣ci − cj
∣∣) (3)
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λ = 1−
(

1
2

)n
(4)

In Equations (3) and (4), n represents the number of consecutive correct predictions on
a sample, and λ is expressed as the stability of correct predictions. Specifically, assume that
“×” represents that the classifier predicts the sample label incorrectly, and “

√
” represents

that the classifier predicts the sample label correctly. Then, if the history of continuous
judgment is [×], then λ = 0; if the history of continuous judgment is [×

√
], then λ =

1 −
(

1
2

)1
; if the history of continuous judgment is [×

√√
], then λ= 1 −

(
1
2

)2
; if the

history of judgment is [×
√√
××
√√√

], then λ = 1−
(

1
2

)3
. The purpose is that the more

consecutive correct times there are, the higher the confidence. Therefore, the improved
algorithm takes the number of consecutive correct predictions of samples during training
as a coefficient to obtain a good confidence estimation in terms of ordinal ranking according
to confidence to obtain more accurate predictions.

During extended periods of training in the deep neural network, the network’s state
is constantly changing, thus resulting in dynamic shifts in the network’s evaluation of
the samples. In the later stages of training, the confidence estimation may not change
significantly. So, unlike Moon’s method, the purpose of the improvement is to emphasize
the current state of the sample rather than its historical state, which is more indicative of
the network’s current performance. This is accomplished by pushing the number of correct
predictions from the back to the front, thereby resulting in a more accurate representation
of the network’s current state.

2.2. Underwater Image Restoration Network

This section mainly introduces the network used for underwater image restoration,
including the generator and discriminator network architecture and loss function.

2.2.1. Generator Network

The generator translates an input image into an output image in the target domain
and uses Adaptive Instance Normalization (AdaIN) [27] to inject label information into
the generator. Then, it generates fake images. The network architecture of the generator is
shown in Figure 2.
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As is shown in Figure 2, the generator in this study employs the U-net [28] architecture,
which includes both up sampling and down sampling. The network undergoes three rounds
of up sampling and three rounds of down sampling. The “Upconv” layer represents the
up-sample layer that uses a transposed convolution operator. The “Tanh” layer represents
the non-linear activation function, Tanh. Additionally, intermediate skip connections enable
the network to retain low-level features while performing feature fusion with high-level
information. Instance normalization [29] is denoted as “IN”. During up sampling, the IN
layer is replaced with the Adaptive Instance Normalization (AdaIN) layer, which consists of
the IN and Linear layers. The AdaIN layer incorporates label information through one-hot
encoding, thereby allowing the generator to learn the label information of the domain.

2.2.2. Discriminator Network

The discriminator learns to distinguish between real and fake images, whether it is a
real image or a fake image generated by the generator, and classifies the real images. The
network architecture of the discriminator is shown in Figure 3.
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As is shown in Figure 3, the discriminator inputs an image that passes through the
convolution layer and finally outputs values. The discriminator adopts the output mode of
ACGAN [30] and has two outputs. The first 3*3 convolution output judges the authenticity
of the image, with the real image judged as true and the false image is judged as false. The
second 1*1 convolution outputs the probability that this picture belongs to two classes,
and the maximum class probability is used as the confidence estimation. Furthermore,
spectral normalization [31] is added to the discriminator during training to stabilize the
training process.

2.2.3. Loss

Adversarial Loss: The adversarial loss is a general loss function of the GAN, which
makes the generated image more consistent with the distribution of the target domain, as
is shown in Equation (5). The generator G tries to minimize Ladv, and the discriminator D
tries to maximize it.

Ladv = Ex[log(D(x))] + Ez[log(1− D(G(z)))] (5)

Domain Classification Loss: For a given input image x and a domain label c, the goal
is to translate x into an output image y that is properly classified to the target domain c.
To achieve this condition, add an auxiliary classifier on top of D and impose the domain
classification loss when optimizing both D and G. The domain classification loss for real
images is used to optimize D, as is shown in Equation (6).

Lr
cls = Ex,c′

[
− log Dcls

(
c′
∣∣x)] (6)

The domain classification loss for fake images is used to optimize G, as is shown in
Equation (7).

L f
cls = Ex,c[− log Dcls(c|G(x, c))] (7)
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The term Dcls(c′|x) represents a probability distribution over domain labels computed
by D. By minimizing this objective, D learns to classify a real image x to its corresponding
original domain c′. Assume that the input image and domain label pair (x, c′) are given by
the training data. G tries to minimize this objective to generate images that can be classified
as the target domain c.

Reconstruction Loss: As is shown in Equation (8), G takes as its input the translated
image G(x, c) and the original domain label c′, and it tries to reconstruct the original image
x. The L1 norm is used as the reconstruction loss.

Lrec = Ex,c,c′ =
[∣∣∣∣x− G

(
G(x, c), c′

)
||1
]

(8)

Identity Loss: When calculating the identity loss of generator G, G inputs y to generate
ŷ. Then, use the L1 loss of y and ŷ as the identity loss of G. Correspondingly, the identity
loss of generator F is the L1 loss of input x and generated x′, as is shown in Equation (9).

Liden(G, F) = Ey∼pdata(y)[||G(y)− y||1] + Ex∼pdata(x)[||F(x)− x||1] (9)

The objective functions to optimize G and D are shown in Equations (10) and (11).

LD = −Ladv + λclsLr
cls (10)

LG = Ladv + λclsL f
cls + λrecLrec + λidenLiden (11)

where λcls, λrec, and λiden are hyper-parameters that control the relative importance of the
domain classification, reconstruction loss, and identity loss. λcls = 1, λrec = 10, and λiden = 1
in the underwater image restoration experiments.

3. Experimental Results

In this section, experiments have been conducted. Section 3.1 comprises the experi-
ments to obtain the improved confidence estimation. Section 3.2 combines the improved
confidence estimation method with the built underwater image restoration network to con-
duct image restoration experiments. Section 3.3 is an experiment that consists of dividing
the dataset and then performing multi-domain translation in two stages.

3.1. Confidence Improvement Experiment

In this section, the related issues of training details are described in detail, and then
the experimental results are evaluated using different evaluation metrics.

3.1.1. Training Details

In this experiment, PyTorch libraries [32] were used to implement the experiment.
The ResNet50 [33] model was trained using SGD, the momentum was 0.55, the initial
learning rate was 0.1, the weight decay was 10−5, and it was trained for 100 epochs. The
initial learning rate was set to 0.001 for VGG16 [34] training and ResNet50. The dataset
was unpaired from the EUVP dataset [6], 90% of which was used as a training set, and
10% was used as the test set. For data augmentation, the size of the images was adjusted
to (128 + 16) × (128 + 16) and then randomly cropped to 128 × 128. When testing, we
adjusted the image to (128 + 16) × (128 + 16) and then cropped the center to 128 × 128.

3.1.2. Evaluation Metrics

In [17], to measure ordinal ranking performance, five common metrics were used: the
accuracy, the Area Under the Risk–Coverage Curve (AURC) that was defined to be the
error rate as a function of coverage, the Excess-AURC (E-AURC) that was a normalized
AURC [35], the Area Under the Precision–Recall Curve that used errors as the positive
class (AUPR-Error), and the False Positive Rate at 95% True Positive Rate (FPR-95%-TPR).
For calibration, we used the Expected Calibration Error (ECE) [36] and the Negative Log
Likelihood (NLL).
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The improved method proposed in this paper was compared with the method of [17]
and the baseline model without the improved method. In this experiment, the baseline
model used the ResNet50 network and VGG16 network to do a binary classification task.
The dataset used the unpaired files in the EUVP dataset. The loss function used Cross
Entropy Loss. Moon’s [17] method added a CRL loss to the baseline, and the method
proposed in this paper is based on Moon’s improved method. The obtained comparison
results are shown in Tables 1 and 2.

Table 1. Comparison of ResNet50.

Method Accuracy
(↑)

AURC
(↓)

EAURC
(↓)

AUPR
(↑)

FPR
(↓)

ECE
(↓)

NLL
(↓)

Brier
(↓)

Baseline [17] 93.82 9.17 7.22 44.11 41.1 4.77 3.43 10.67

Moon [17] 94.06 6.1 4.3 46.37 39.06 1.2 1.84 8.83

Proposed 94.06 5.84 4.03 47.43 38.72 0.96 1.8 8.77

Table 2. Comparison of VGG16.

Method Accuracy
(↑)

AURC
(↓)

EAURC
(↓)

AUPR
(↑)

FPR
(↓)

ECE
(↓)

NLL
(↓)

Brier
(↓)

Baseline [17] 98.58 1.67 1.67 26.7 33.33 1.24 0.96 2.53

Moon [17] 97.95 1.4 1.19 36.59 23.08 1.48 0.76 3.32

Proposed 98.58 0.91 0.81 21.1 22.22 1.09 0.56 2.66

In Tables 1 and 2, the AURC and E-AURC values were multiplied by 103, and the NLL
was multiplied by 10 for clarity. All remaining values are percentages. The symbol “↑”
indicates that higher values are better, and the symbol “↓” indicates that lower values are
better. The results in the first row represent the results obtained by the baseline model. The
second line is the improvement made by Moon [17] for calculating confidence estimation,
and the third line is the improvement proposed in this paper. It can be seen that the accuracy
of the improved method is the same as that of Moon’s method, and other indicators had
good performance.

In addition, to verify the effect of the proposed method on Deep Ensembles [37], a
comparison of experiments was carried out in Table 3. In the training process, all models
were trained with SGD with a momentum of 0.9, an initial learning rate of 0.1, and a
weight decay of 10−4. The batch size was 128, and 300 epochs were trained. At 100 epochs
and 150 epochs, the learning rate was reduced by a factor of 10. All training results were
averaged from experiments using five different random seeds.

The CIFAR-10/100 datasets [38] and the SVHN dataset [39] were exported from
the torchvision package of the PyTorch library. For their data augmentation, a random
horizontal flip and a 32 × 32 after-filling of 4 pixels per side were used. The standard data
augmentation scheme of random cropping was used.

In Table 3, the CIFAR-10 dataset showed improvements in all metrics. Additionally,
the SVHN and CIFAR-100 datasets also showed significant improvements in most metrics.
Thus, the standard depth model trained with the proposed method improved the quality of
confidence estimation and, thus, improved the better performance of the model. However,
the improved confidence value estimation algorithm had some limitations, such as a
degradation in the performance of the method when for multiple classification tasks.
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Table 3. Experimental results based on DenseNet-121 network.

Model
Dataset Method Accuracy

(↑)
AURC

(↓)
EAURC

(↓)
AUPR

(↑)
FPR
(↓)

ECE
(↓)

NLL
(↓)

Brier
(↓)

DenseNet-121
CIFAR-10

Baseline [17] 88.76 ± 0.44 20.21 ± 2.12 13.61 ± 0.46 49.08 ± 2.41 56.58 ± 2.39 7.86 ± 0.19 5.71 ± 0.09 18.81 ± 1.04

Moon [17] 89.17 ± 0.19 18.62 ± 2.4 12.52 ± 1.24 49.13 ± 2.38 54.57 ± 5.10 3.21 ± 0.09 3.59 ± 0.03 16.15 ± 0.48

Proposed 89.22 ± 0.1 18.25 ± 0.85 12.22 ± 0.34 49.96 ± 0.82 53.39 ± 2.48 2.99 ± 0.04 3.54 ± 0.01 15.99 ± 0.21

DenseNet-121
CIFAR-100

Baseline [17] 60.49 ± 0.79 158.38 ± 54.42 67.33 ± 8.87 74.51 ± 0.37 67.46 ± 0.35 18.59 ± 0.13 18.67 ± 0.23 57.23 ± 1.22

Moon [17] 62.63 ± 0.34 141.51 ± 15.41 60.87 ± 1.62 74.29 ± 0.56 65.78 ± 3.25 14.36 ± 0.02 15.95 ± 0.08 52.39 ± 0.6

Proposed 62.6 ± 0.52 140.53 ± 18.34 59.75 ± 2.29 74.43 ± 0.32 66.21 ± 0.77 14.54 ± 0.33 15.85 ± 0.1 52.32 ± 0.82

DenseNet-121
SVHN

Baseline [17] 95.45 ± 0.03 8.85 ± 2.5 7.8 ± 2.5 40.47 ± 5.13 37.54 ± 6.7 3 ± 0.02 2.45 ± 0.01 7.7 ± 0.08

Moon [17] 95.83 ± 0.01 5.53 ± 0.04 4.65 ± 0.05 45.07 ± 4.14 31.91 ± 4.64 0.65 ± 0.003 1.64 ± 0.001 6.43 ± 0.02

Proposed 95.99 ± 0.03 5.29 ± 0.02 4.47 ± 0.02 43.87 ± 3.76 31.29 ± 3.64 0.63 ± 0.001 1.59 ± 0.003 6.20 ± 0.04
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3.2. Underwater Image Restoration Experiment

In image restoration experiments, it is first necessary to combine the improved confi-
dence estimation algorithm with the image restoration network. Specifically, the improved
algorithm is applied to the discriminator of the network, and the class probability of the real
image output from the discriminator is continuously optimized to improve the capability
of the discriminator.

In the process of image restoration, the training is divided into two stages. The first
stage is to add the method of Section 3.1 to the auxiliary classifier of the discriminator to
improve the classification performance of the auxiliary classifier. The translation performed
in the first stage is the translation of the undivided poor domain and the good domain.
After the first stage is completed, the dataset is divided, and the second stage of training is
carried out according to the newly divided dataset. A schematic diagram of each stage is
shown in Figure 4.
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As is shown in Figure 4, the first stage of the training process is the transformation
between the distorted domain and the clean domain, and the second stage is the inverse
labeling of samples with low confidence values in the clean domain to the distorted domain.
Then, both domains are transformed to the domain with high confidence values in the clean
domain. For these images, it did not particularly conform to the characteristics of the good
domain, and the label needed to be reversed into a distorted domain, so the method in the
right figure of Figure 4 was used in the second stage of training. According to the confidence
value, domains below 0.55 are considered domains with low confidence values in the clean
domain, and inverting their labels as distorted domains can improve the final restoration
effect. The label adopted one-hot encoding, and the largest class probability among the
two probabilities output by the auxiliary classifier in the discriminator was used as the
confidence value. In this section, experiments were performed using Moon’s [17] method
and the improved confidence value method combined with image restoration networks,
respectively.

3.2.1. Training Details

The dataset used in the experiments and the image restoration process in this section
are the same as in Section 3.1. This work uses Adam optimizer [40] with beta1 = 0.5,
beta2 = 0.999 and learning rate lr = 0.0001. Additionally, the weight decay value of the
discriminator optimizer was 1 × 10−5.

3.2.2. Evaluation Metrics

We inverted the label value of the sample with a low confidence value, set five random
seeds, conducted five experiments, and took the average value. The experimental setup is
the same as in Section 3.2. The results are shown in Table 4.
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Table 4. Comparison between the improved method and the original method in the underwater
image restoration network.

Model Random Seed Accuracy AURC EAURC AUPR FPR ECE NLL Brier

Moon [17]

100 94.49 7.42 5.87 33.71 48.57 2.61 1.69 8.66

101 94.33 7.85 6.21 32.63 61.11 3.03 1.84 9.13

102 94.96 8.16 6.87 37.9 40.62 2.47 1.76 7.64

103 94.02 7.79 5.97 39.09 50 3.28 1.84 9.21

104 91.34 15.2 11.34 51.14 50.91 4.76 2.8 12.44

Average Value
93.83 9.28 7.25 38.89 50.24 3.23 1.99 9.42

93.76 8.37 6.26 39.82 46.58 3.38 1.79 9.24

Proposed

100 96.06 4.5 3.72 27.57 48 2.32 1.2 6.67

101 94.49 10.32 8.77 38.42 51.43 2.8 1.88 8.73

102 92.28 7.92 4.87 57 30.61 4.56 1.9 10.01

103 94.17 7.6 5.87 33.6 43.24 2.84 1.7 8.68

104 91.81 11.5 8.05 42.52 59.62 4.37 2.27 12.11

In Table 4, the two average values represent the average metrics of Moon’s method and
the method mentioned in this paper after training with five random seeds, respectively. It
can be seen that the proposed method was well improved compared to the Moon’s method.
Therefore, the next step of the division experiment could be carried out.

3.3. Division Experiment of Underwater Image Restoration

This section builds on Section 3.2, but differs by dividing the training process into two
stages. After completion of the first stage, the dataset was divided based on the confidence
estimation, and the corresponding index was stored. A threshold was set based on the
confidence for division, with a value of 0.55 used in this case, thereby separating higher
and lower confidence domains. At the beginning of the second stage, which starts between
50–80 epochs, respectively, the lower confidence domain labels in the good domain were
reversed to indicate distorted domains and continued to run through 100 epochs. The test
set used the “Inp” file in the “test_sample” folder in EUVP. Tables 5 and 6 present the
comparison results of the experiment’s quantitative and qualitative evaluation.

3.3.1. Quantitative Evaluation

For a quantitative evaluation of the restored images, the UIQM [41] can be used for
comparison. UIQM includes three underwater image attribute metrics: Underwater Image
Colorimetric Metric (UICM), Underwater Image Sharpness Metric (UISM), and Underwater
Image Contrast Metric (UIConM). The higher the UIQM score, the more consistent the
results are with human visual perception.

In Table 5, the first row shows the UIQM values obtained from the test set after training
using the Section 3.2 method for images without label inversion, which demonstrate an
improvement in values. The second and third rows display the UIQM values after label
inversion using different epochs. The results show that UIQM values with label inversion
performed better than those without inversion, regardless of the epoch. This is because the
divided dataset filtered out more blurred images in the clean domain, thereby demonstrating
the effectiveness of the proposed method.

3.3.2. Qualitative Evaluation

For the qualitative assessment, the results of the second phase of the test starting from
the 80th epoch were chosen to be compared with the results of the unreversed labels, in
addition to the DCP method using as a comparison. The results are shown in Table 6.
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Table 6 compares the restoration result obtained without dividing the dataset with
the restoration result obtained by dividing it into 80s. The traditional method DCP was
also used for comparison. The first column shows the original underwater image, and the
second column shows the repair result of the low-confidence sample without reversing
and low-confidence samples. Although the undivided restoration results improved, the
overall appearance was red, while the DCP method produced a dark restoration result.
Bycomparison, the division results exhibited a better visual restoration effect. The results
show that the proposed method is effective for underwater image restoration, as it achieved
good outcomes in both qualitative and quantitative evaluations.

Table 5. The UIQM value comparison of a different epoch.

Input UIQM
2.57 ± 0.55

Not Inversion 3.22 ± 0.33

Label Inversed
50th 60th 70th 80th

3.24 ± 0.34 3.24 ± 0.32 3.24 ± 0.31 3.26 ± 0.4

Table 6. Qualitative comparison of the underwater images.

Original Image Not Reverse DCP 80th
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4. Conclusions

This work aimed to improve the visual quality of images by introducing an improved
confidence estimation algorithm. The algorithm divides the dataset using the number
of consecutive correct predictions during the training period as a confidence estimation,
which serves as a real probability ranking to obtain better prediction results. This method
improved the classification performance. Moreover, this work built an image restoration
network that demonstrated an enhancement in image quality. Finally, the performance of
the final image restoration was further improved by applying the improved confidence
estimation algorithm to the image restoration network and inverting labels for images
with low confidence values in the clean domain as degenerated domain. The experimental
results show that the multi-domain transformation method based on domain partitioning
is highly effective. Both qualitative and quantitative evaluations confirm improved image
restoration quality. It is important to note that the proposed method can preprocess the
dataset before network training to enhance the recovery results, and it can be extended
to other underwater image restoration networks without the need for additional nodes to
output confidence values. Therefore, this method can be added to the algorithms of other
authors. However, it does not perform well for extremely blurry images, as is shown in
Table 7. Future research will concentrate on restoring blurred images.

Table 7. Badly translated images.
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