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Figure 4. The results of different non-reference IQA indicators on
EUVP benchmark, including UIQM [31], UCIQE [47], BRISQUE
[28], NIQE [29], NIMA [39], PAQ2PIQ [50] and MUSIQ [19].

The simple consistency loss can easily make the student
model overfit on wrong predictions, resulting in confirma-
tion bias. To address this problem, we introduce contrastive
loss in the training. Contrastive learning has emerged as an
effective paradigm in the self-supervised domain [4,9, 12].
The goal of contrastive learning is to enable a model to pro-
duce a similar representation of positive pairs and a dissim-
ilar representation of negative pairs. Recently, it has been
extended to address image restoration problems [23, 46].
Despite the tremendous success, they usually construct con-
trastive loss on paired datasets, where the positive and neg-
ative samples are respectively the labels and degraded im-
ages. In this section, we propose to incorporate contrastive
loss in handling unlabeled data. To achieve this, we first
need to construct positive and negative pairs. [43] provide
an idea of directly using the teacher’s output as positive
samples. However, due to the wrong label problem we have
discussed in the previous sections, using the teacher’s out-
puts as positive samples might be harmful.

Thanks to our proposed reliable bank, where the samples
are potentially of higher quality than the student’s outputs,
we can take 3 as our positive sample. For the negative sam-
ple, we follow [23,43,46] to take the strongly augmented
degraded image ¢ (x¥) as our negative sample. After con-
structing the positive and negative samples, we can calcu-
late the contrastive loss as follows:

s :iiw' lo; (7), 05 (2] (4)
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where §¥ = fo,(¢s(z}")) is the student’s prediction on the
unlabeled dataset Dyy. ¢, (-) represents the j;;, hidden layer
of the pre-trained VGG-19 [37] and wj is the weight coef-
ficient. We use L1 loss to measure the distance in feature
space between the students’ outputs with the positive and
negative samples.
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Figure 5. An overview of the proposed Asymmetric Illumination-
aware Multi-scale Network (AIM-Net).

3.6. Overall Optimization Objective

Similar to Eq. (2), our final optimization objective con-
sists of supervised loss and unsupervised loss.

For the supervised loss, unlike the one defined in Eq.
(2) that only calculate the L1 distance, we follow [16] to
extend the original L, by adding perceptual loss L., and
gradient penalty Lg,qq:

L,sup = Lsup + 51Lper + ﬂZLgrad- (5)

For the unsupervised loss, we replace the original L,
by a combination of the proposed reliable teacher-student
consistency loss and contrastive loss:

Ly, =Ly, +7Ler. (6)

Finally, we rewrite our overall optimization objective
following Eq. (2):

li
Loverall =1L

sup

+ AL )

Due to the page limit, please refer to supplementary ma-
terial for the detailed perceptual loss and gradient penalty.

4. Experimental Results
4.1. Implementation Details

Network Structure Our student and teacher model are
based on the same structure, AIM-Net. To tackle the promi-
nent issues with underwater images (e.g., low contrast,
color distortion and blur), certain prior information of such
images (e.g., illumination prior and gradient prior) are ef-
fectively exploited. As is shown in Fig. 5, the network con-
sists of two branches: illumination-aware restoration branch
and gradient branch. The restoration branch incorporates il-
lumination prior to enhance the color and light source per-
ception capabilities. The gradient branch is introduced to
enhance the edge structure. Please refer to supplementary
material for detailed network structure.

Training Details Our method is implemented using Pytorch
library [32] and conducted on NVIDIA RTX 3090 GPUs.
We use AdamP [13] as our optimizer. In consideration of
its fast convergence to optimum, we select AdamP mainly
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Figure 6. Visual comparisons of full-reference data from UIEB benchmark.

Table 1. Evaluations of different methods on full-reference bench-
marks in terms of PSNR and SSIM. Best results are in bold and
the second best results are with underline.

testS testR
Method PSNRT | SSIMt | PSNRT | SSIMt
Input 14.64 0.641 18.23 0.746
GDCP [33] 12.89 0.576 15.78 0.757
MMLE [53] 12.76 0.651 20.01 0.781
WaterNet [22] | 15.44 0.706 21.58 0.858
Ucolor [20] 23.32 0.853 22.92 0.881
PRWNet [16] 17.27 0.723 20.98 0.848
FGAN [17] 18.54 0.743 19.41 0.824
CWR [11] 14.79 0.697 21.87 0815
Semi-UIR 23.40 0.821 24.59 0.901

to reduce the training time. During training, we use a mini-
batch size of 16, where 8 samples are labeled and 8 sam-
ples are unlabeled. The initial learning rate is set to 2e~%.
We train for 200 epochs with the learning rate multiplied
by 0.1 at 100 epochs. The training images are all cropped
to a size of 256 x 256. For the data augmentation on un-
labeled data, we only apply resize on the teacher’s inputs
and impose strong data augmentation on the student’s in-
puts. The strong augmentation includes resize, color jitter,
gaussian blur and gray scale. Labeled data is normally aug-
mented, including resize, random crop and rotation. The
weights of different loss components are set as follows:
B1 = 0.3, B2 = 0.1, v = 1 and A is updated with training
epoch ¢ following an exponential warming up function [27]:
A(t) = 0.2 x e=5(1=/200)%,

4.2. Datasets

Our training set contains 1600 labeled image pairs and
1600 unlabeled images. The labeled image pairs are ran-
domly sampled from [21] and UIEB [22] with a ratio of
1:1. [21] provides a synthesized underwater image dataset
in indoor scene. The UIEB [22] dataset contains 890 real
underwater images with corresponding ground truths. The
unlabeled images are sampled from the unpaired data in the
EUVP benchmark [ | 7], which cover a variety of underwater
scenes, water types and lighting conditions.

Test set is built with full-reference and non-reference

benchmarks. Full-reference test set includes 110 pairs from
[21] and 90 pairs from UIEB [22], namely testS and testR.
Non-reference test set includes nearly 700 real world under-
water images without ground truths from benchmarks such
as UIEB, EUVP, RUIE [25] and Seathru [1].

4.3. Comparison with the State-of-the-Arts

We compare our proposed Semi-UIR with seven state-
of-the-art underwater restoration methods, including two
traditional methods (GDCP [33], MMLE [53]) and five
deep learning based methods (WaterNet [22], Ucolor [20],
FUnIE-GAN [17], PRWNet [16] and CWR [11]). All the
compared methods are re-trained on our training dataset.
For testS and testR, we conduct full-reference evaluations
using PSNR, SSIM [45]. For non-reference test set, we pro-
vide evaluation results using UIQM [3 1], UCIQE [47] and
MUSIQ [19].

Results on full-reference datasets. The quantitative re-
sults on testS and testR are shown in Table 1. On testS,
our method performs the best in PSNR, but slightly worse
than Ucolor in terms of SSIM. One potential reason is that
incorporating unlabeled real underwater images in training
might emphasize the network to pay more attention to the
real underwater scene. This can be confirmed by checking
the quantitative results on testR. On testR, our method out-
performs the other methods by a significant margin (outper-
forms the second best by 1.67dB in PSNR). In addition to
the quantitative results, qualitative results are shown in Fig.
6. Our results are visually pleasant, while the compared
methods suffer from color cast and over-enhancement.

Results on non-reference datasets. The quantitative re-
sults on UIEB, EUVP, RUIE and Seathru are shown in Ta-
ble 2. By quickly checking throughout the table, we can
observed that our method significantly outperform the com-
pared method in MUSIQ. Besides, we also achieve compet-
itive performance in terms of UIQM and UCIQE. However,
as is noted in [3, 10,22], UIQM and UCIQE might be bi-
ased to some characteristics and thus cannot accurately re-
flect the true visual quality of restored images. Similarly,
the performance in MUSIQ is also for a reference. There-
fore, the quantitative results might be insufficient to indicate
the quality of restored underwater images due the underde-
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Table 2. Evaluations of different methods on non-reference benchmarks in terms of UIQM, UCIQE and MUSIQ. Best results are in bold
and the second best results are with underline.

Method UIQM (higher, better) UCIQE (higher, better)
UIEB | EUVP | RUIE | Seathru | UIEB | EUVP | RUIE | Seathru | UIEB | EUVP | RUIE | Seathru
Input 3.066 | 4729 | 3948 | 5925 | 0509 | 0517 | 0490 | 0537 | 4170 | 4273 | 3353 | 60.25
GDCP[33] | 3.401 | 4738 | 4509 | 5343 | 0.564 | 0.599 | 0.565 | 0590 | 40.07 | 4249 | 3463 | 60.54
MMLE [53] | 4283 | 4723 | 4967 | 5555 | 0578 | 059 | 0571 | 0.620 | 4033 | 47.55 | 36.80 | 66.16
WaterNet [22] | 4.118 | 5317 | 4568 | 6.829 | 0572 | 0595 | 0572 | 0.610 | 4032 | 43.07 | 3223 | 6438
Ucolor [20] | 3.894 | 5286 | 4426 | 6752 | 0.542 | 0566 | 0.534 | 0594 | 40.08 | 41.81 | 33.66 | 6444
PRWNet [16] | 4371 | 5330 | 4395 | 6778 | 0518 | 0543 | 0518 | 0572 | 4030 | 43.52 | 33.12 | 62.82
FGAN[I7] | 4315 | 4469 | 4519 | 4853 | 0541 | 0561 | 0.527 | 0564 | 4095 | 4336 | 3448 | 6425
CWRI[I1] | 4133 | 5152 | 4469 | 6.067 | 0587 | 059 | 0565 | 0.624 | 3846 | 4146 | 3125 | 6421
Semi-UIR | 4.598 | 5291 | 4.671 | 6.846 | 0.587 | 0.593 | 0557 | 0.632 | 43.77 | 51.66 | 37.87 | 66.61

(a) UIEB

(b) EUVP

(c) RUIE

(d) Seathru

Input GDCP MMLE WaterNet

Ucolor

PRWNet FUnIEGAN CWR Ours

Figure 7. Visual comparisons on non-reference benchmarks UIEB [22], EUVP [17], RUIE [25] and Seathru [1]

veloped NR-IQA metrics. We further show the qualitative
results on the four benchmarks in Fig. 7. Compared with
other methods, our approach can robustly restore various
types of underwater images with natural color and rich de-
tails. Under the guidance of reliable pseudo labels and pow-
erful contrastive regularization, our framework generalizes
well on various underwater scenes.

4.4. Ablation Study

To analyze the effectiveness of Semi-UIR, we conduct
ablation studies to reveal the influence of the key compo-

nents in our method. They are presented as follows: (a)
Sup-base: where we train the network AIM-Net without
semi-supervised learning and unlabeled data. (b) Semi-
base: Base semi-supervised training with consistency loss
Ly,. (c) Semi-base+RB*: using reliable bank based on
Semi-base without contrastive loss. (d) Semi-base+CL*:
adding contrastive loss to Semi-base, without using reliable
bank. (e) Semi-UIR: our proposed Semi-UIR.

The quantitative results of above methods are shown in
Table 3. We can observe that our full solution performs best.
In addition, by comparing Semi-base+RB* with Semi-base
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Figure 8. Results of ablation study about Semi-UIR.

Table 3. Ablation studies on testR, EUVP and UIEB benchmarks
in terms of PSNR or MUSIQ. MT denotes mean teacher frame-
work, CL represents contrastive loss, and RB is reliable bank.

|  Methed | MT | RB | CL | testR | EUVP | UIEB |
Sup-base 2438 | 42.66 | 40.70
Semi-base v 23.11 | 4248 | 40.33
Semi-base+RB* | \/ | / 2453 | 43.27 | 42.16
Semi-base+CL* | ./ V | 2397 | 4659 | 40.64

Semi-UIR VI v | v | 2459 | 5166 | 43.77

and Semi-UIR with Semi-base+CL*, it is easy to verify the
effectiveness of incorporating the reliable bank.

Besides, the qualitative results are shown in Fig. 8,
where special attention should be paid on Semi-base+CL*
Semi-base+RB*. (1) In Semi-base+CL*, without the re-
liable positive samples, the contrastive loss pushes the net-
work to produce extremely different results than the neg-
ative samples (inputs). However, this unfortunately re-
sults in over-enhancement. (2) On the contrary, in Semi-
base+RB*, without the help of contrastive loss, the restored
images still suffer from color distortion and are close to the
degraded inputs. The two ablation studies verify the utility
of the reliable bank and contrastive regularization.

4.5. Breakdown of the Training

To further illustrate that the teacher’s outputs can be used
to train student network, we here provide some intermedi-
ate results during training. The results are shown in Fig. 9.
At the beginning of the training (10 epochs), the teacher’s
prediction is much better than that of student. As the train-
ing processes, the student’s outputs and teacher’s outputs
are improved simultaneously.

4.6. Influence of Non-reference Metric

We here conduct experiments to show the influence of
using different NR-IQA approaches in building our reliable
bank. We conclude in Sec. 3.4 that MUSIQ is the most reli-
able one. To further demonstrate the correctness of this se-
lection, we here show the final performance of using NIMA,
PAQ2PIQ and MUSIQ on the labeled dataset, i.e. testS and
testR. Table 4 shows the results. It can be observed that

Input

Input Teacher Teacher

W

»
)
.
»

Ay

$4 LA\

Epoch 10 Epoch 50 Epoch180

Epoch110

Figure 9. Examples of intermediate predictions of the teacher
model and student model.

we can achieve the best performance by using MUSIQ. It
also shows that using PAQ2PIQ is better than using NIMA,
which is consistent with their reliability shown in Fig. 4.

Table 4. Evaluation the influence of adopting different NR-IQA
metrics on testS and testR.

A PSNR SSIM
‘ Method } Reliability } testS | testR } testS | testR ‘
NIMA 41.05% | 23.01 | 23.88 | 0.815 | 0.888
PAQ2PIQ | 82.11% | 23.08 | 2428 | 0818 | 0.893
MUSIQ 9121% | 23.40 | 2459 | 0.821 | 0.901

4.7. Influence of Data Augmentation

We finally show the influence of using different data aug-
mentations in Table 5. By comparing the method using
data augmentation with baseline, it is easy to conclude that
adopting any of the data augmentations is beneficial. Be-
sides, using a mixture of the three strategies achieves the
best performance.

Table 5. Evaluation of using different data augmentation. Baseline
is our full solution without using the three strong data augmenta-
tions. Numbers are either in SSIM or MUSIQ.

| Strategy | testR | UIEB | EUVP | RUIE | Seathru |

Baseline 0.880 | 40.12 | 46.06 | 31.14 64.71
Color Jitter 0.889 | 40.31 | 49.16 | 33.66 64.87
Gaussian Blur | 0.896 | 41.23 | 49.27 | 36.88 64.88
Gray Scale 0.895 | 40.61 | 47.57 | 3251 65.19
All 0.901 | 43.77 | 51.66 | 37.87 66.61

5. Conclusion

We propose an efficient semi-supervised underwater im-
age restoration method named Semi-UIR. As demonstrated
the ablation experiments, the superior performance of the
proposed method over other SOTA algorithms can be at-
tributed to reliable teacher-student consistency and con-
trastive regularization. The follow-up research can be car-
ried out in two directions: 1) extend the semi-supervised
framework to cover other restoration tasks, 2) optimize
memory usage during training and improve performance via
memory management.
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