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Adaptive Underwater Image Enhancement Guided by
Generalized Imaging Components

Yonghua Tang , Xu Liu , Student Member, IEEE, Zhipeng Zhang , and Sen Lin , Member, IEEE

Abstract—Underwater images often exhibit strong color distor-
tion and hazing due to various degradation factors. A majority of
algorithms provide color correction for underwater images, but the
color is not as vivid as it could be. In order to solve this problem, we
propose a method known as adaptive underwater image enhance-
ment guided by generalized imaging components (AUIE-GIC). To
the best of our knowledge, this is the first method of utilizing deep
learning to develop a generalized imaging model. The proposed
method contains two stages: component generation and component
guided learning. In the first stage, we obtain the components of
a learning-based generalized imaging model. In the second stage,
attenuation and transmission features are used to adjust color
and semantic information. We propose the attenuation attention
module (AAM), and transmission attention module (TAM), which
can highlight heavily degraded areas. Finally, the refined network
is able to restore underwater images that are rich in semantics and
vivid in color. Based on further evaluation and analysis, AUIE-GIC
is demonstrated to provide superior performance when compared
with state-of-the-art (SOTA) methods.

Index Terms—Generalized imaging model, adaptive learning,
underwater image enhancement.

I. INTRODUCTION

THE processing and analysis of underwater images plays
an important role in communication, navigation, and pre-

cision operations for underwater vehicles [1], [2], [3]. Yet,
underwater images are often subjected to strong degradation [4].
Water absorbs more light as wavelengths increase, and it is
most easily absorbed by the red and yellow light. As a result,
underwater images are usually green or blue in color. In addition,
underwater images often have severe hazing. Compared to land
images, underwater images are more degraded, and the reasons
are complicated, making it difficult to obtain clear images di-
rectly. Consequently, a proposal for an efficient and effective
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underwater image enhancement algorithm is of great research
value.

The current underwater image enhancement can be roughly
divided into three categories: model-free methods; model-
based methods and learning-based methods. For model-free
methods [5], [6], [7], It is only necessary to modify the pixel
values of an image, such as the histogram equalization (HE)
algorithms, the white balance (WB) algorithms, and the trans-
form domain filtering (TDF) algorithms. In model-based ap-
proaches [8], [9], degraded images are mathematically mod-
elled. Common models include underwater optical imaging
model (UOIM), underwater retinex model (URM), etc. As
computing devices have been upgraded, learning-based meth-
ods [10], [11], [12], [13], [14], [15], [16], [17], [18] have gradu-
ally become more prevalent. In contrast to traditional algorithms,
deep neural networks achieve better results by learning end-to-
end from degraded images to clear images without resorting to
any prior knowledge.

However, traditional approaches (model-free/traditional
model-based methods) may be accompanied by noise, strong
exposure, or other decorative effects. Yuan et al. [6] employ
contour bougie morphology to enhance underwater images and
add several operations to the outline. However, noise will be
introduced to images and the enhanced result has obvious color
cast and overexposure. A restoration algorithm is proposed by
Wang et al. [19] that is based on an adaptive attenuation-curve
prior and can provide a more accurate estimation of the un-
derwater optical imaging model. The image generated by this
method has red artifacts. Deep learning methods often lack
texture details, are not vividly colored, and have visible haze.
Peng et al. [20] propose the U-shape transformer for deep
underwater image enhancement, which removes color artifacts
and casts. Li et al. [13] complete the enhancement task through a
network with multiple color spaces, as well as using transmission
maps to assist in network learning. But the processed image
still has severe haze. A novel underwater image enhancement
framework is presented in this article to address these problems:

�Orientation: We propose a method namely adaptive under-
water image enhancement guided by generalized imaging
components (AUIE-GIC). To our best knowledge, it is the
first method to develop a learnable underwater generalized
imaging model (LUGIM). It can be divided into two stages.
In the first stage, we decompose the input image by LUGIM.
The second stage of network learning is guided in an adaptive
manner by using partial imaging components.

�Bringing Color Back to Life: Images taken underwater tend to
be blue-green in color. The attenuation term in the generalized
model can reflect the color representation. We proposed the
attenuation attention module (AAM), which assigns weights
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according to degrees of color degradation. Therefore, the color
processing is more sensitive and generated images are more
attractive and lively.

�Bringing Semantic Information Back to Life: Hazing in under-
water images is a significant problem, resulting in a lack of
semantic information. In the generalized model, the transmis-
sion contain semantic information. A transmission attention
module (TAM) allows the network to allocate different weight
to different regions. Thus, it can more efficiently learn from
clear images, make enhancement results brighter without
hazing.

Based on comprehensive experiments, the proposed method
is capable of effectively enhancing underwater images, ensuring
better colors and reducing hazing.

II. METHODOLOGY

In this section, we will provide a comprehensive description
of the proposed algorithm. First, we propose a learnable under-
water generalized imaging model (LUGIM). Then, we refine the
images by adaptive guidence of imaging components. As a result
of these two stages, a clear and visually appealing underwater
image is obtained.

A. Learnable Imaging Model

Since the attenuation of forward scattered light is much
smaller than that of direct reflected light, forward scattering has
a minimal effect on imaging quality. As a consequence, under-
water optical imaging model (UOIM) is typically represented as
a sum of direct component and background light component:

I(x) = J (x) · T (x)︸ ︷︷ ︸
Direct Component

+ A(x) · (1− T (x)))︸ ︷︷ ︸
Background Light Component

(1)

where I(x) is the degraded underwater image, J (x) means the
clear image, T (x) represents the transmission map and theA(x)
is the background light. Moreover, an underwater environment
can also benefit from the underwater retinex model (URM).
Degraded image I(x) is composed of illumination L(x) and
reflection R(x) results:

I(x) = L(x) · R(x) (2)

where L(x) and R(x) are the illumination component and the
reflectance component, respectively. While UOIM eliminates
the impact of the light source, affecting the color of the restored
image. The URM does not consider background light, which
may result in poor image visual quality. Inspired by the gener-
alized imaging model (GIM) for dehazing [21], we developed a
LUGIM for enhancing underwater images as follows:

I(x) = (J (x) · T (x) +A(x) · (1− T (x))) · C(x),
J (x) = GJ (I(x)), T (x) = GT (I(x)),
A(x) = GA(I(x)), C(x) = GC(I(x)). (3)

where C(x) is the attenuation which contains the color repre-
sentation, GJ , GT , GA and GC are four network (J-Net, T-Net,
A-Net and C-Net) that estimate these components respectively.
With C(x) and T (x), the network can be guided appropriately
for color correction and dehazing.

B. Adaptive Learning by Components Guidance

According to LUGIM, we get the J (x) component that rep-
resents a clear image. However, we find that the visual result of
J (x) is not acceptable, as shown in Fig. 2. To obtain better re-
sults, we propose two attention modules, namely an attenuation
attention module (AAM) and a transmission attention module
(TAM) for learning degradation distribution. And a refine-net
for dynamic enhancement through these two guides. Given the
color representation C(x) and the input degraded image I(x),
the goal of AAM is to learn the channel attention map EC(x):

WC(x) = HC(C(x)), EC(x) = WC(x) · I(x). (4)

where WC(x) ∈ R3×1×1 is the channel weight, HC means the
attenuation attention generator.

The T (x) contains semantic information. As a further step
towards obtaining a distribution of semantic information degra-
dation, we employ TAM to learn the channel and pixel attention
map ET (x) (since EC(x) represents the channel attention map,
ET (x) can be seen as multiplying pixel weights on EC(x), so it
is called channel and pixel attention map):

WT (x) = HT (T (x)), ET (x) = WT (x) · EC(x). (5)

where WT (x) ∈ R1×h×w is the pixel weight, HT means the
transmission attention generator. As well as describing the
degradation distribution of color,WT (x) also contains the degra-
dation distribution of semantic information. Fig. 3. shows the
details of two attention weight generators: HC and HT .

Through these two modules, the network integrates the color
information of different channels and semantic information un-
der different pixels, and focuses on processing severely degraded
channels and pixels through Refine-Net:

O(x) = R(M(x)),

M(x) = ET (x) + I(x), (6)

where M(x) represent the Refine-Net, M(x) is the result of
residual connection.

C. Loss Function

The algorithm proposed in this article is mainly achieved
through asynchronous learning, which includes two stages: the
establishment of LUGIM and the refinement of the final results.
We combine the WMSE loss (LWMSE) [17], L1 loss (L1) and
VGG loss (LVGG) [22] for two stages:

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

LI = La
I + Lb

I ,
La
I = LWMSE(IRec, I) + LWMSE(J ,JGT),

Lb
I = L1(IRec, I) + L1(J ,JGT)

+λ · (LVGG(IRec, I) + LVGG(J ,JGT)),
IRec = (J · T + B · (1− T )) · C.

(7)

⎧⎨
⎩
LII = La

II + Lb
II,

La
II = LWMSE(O,OGT),

Lb
II = L1(O,OGT) + λ · LVGG(O,OGT)).

(8)

where LI and LII are losses of the stage I and the stage II
respectively, JGT and OGT all mean the ground truth of datasets.
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Fig. 1. Demonstration of the underwater optical imaging model (UOIM), the underwater retinex model (URM), the underwater generalized imaging model
(UGIM) and our proposed method.

Fig. 2. Why not to useJ (x)? Through the LUGIM, we obtain four components
of the degraded image: J (x); T (x); B(x) and C(x), where J (x) represents the
clear image in LUGIM. O(x) is the final result by adaptive correction of AAM,
TAM and refine-net. The generated J (x) correct the overall color and remove
haze, the colors in local areas are not vivid, and lack some semantic information.

Fig. 3. Details of the HC and the HT . Conv (A) and Conv (C) are 3×3 and
1×1 convolutional layers. Conv (B) is the 3×3 separable convolutional layer.
GAP represents the global adaptive pooling. ReLU and Sigmoid mean activation
functions.

III. EXPERIMENTS

A. Implementation Details

Following the Boths [17], we use the same training and
testing conditions. Also, the Boths is the backbone of our
proposed method (A-Net, T-Net, J-Net, C-net and Refine-
Net). For the purpose of evaluating the enhanced results be-
tween the AUIE-GIC and state-of-the-art (SOTA) models, we
use eight deep learning-based methods: GAN-RS [10], Water-
Net [11], FUnIE-GAN [12], Ucolor [13], LCNet [14], UICoE-
Net [15], LANet [16], Boths [17], and three prior-driven meth-
ods: MAMF [5], ACS [6], TEBCF [7].

B. Objective and Subjective Evaluation

In this subsection, we will process an comprehensive
evaluation of our proposed method. For the objective
evaluation, we use five metrics: MSE; RMSE; PSNR; SSIM
and LPIPS [23], which are measure the distance between the
enhanced result and the ground truth. The results are shown in
Table I. For the subjective evaluation, we make the visual com-
parison of these 12 methods (including our proposed AUIE-GIC)
in Fig. 4. It is obvious that our proposed method has advantages
in various image evaluation indicators. The enhanced image is
closer to the ground truth, clearer and brighter, and has less noise,
which can effectively solve problems such as hazing and color
cast.

C. Ablation Study

In this section, we indicate the effect of every component
proposed in this network. We train and test four baselines (J (x),
w/o AAM, w/o TAM, full method). The J (x) is the result of
the first stage (LUGIM). The w/o AAM and w/o TAM mean
full method without AAM or TAM. The visual results and
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TABLE I
THE OBJECTIVE EVALUATION OF AUIE-GIC AND STATE-OF-THE-ART (SOTA) METHODS

Fig. 4. Subjective evaluation of our proposed AUIE-GIC and state-of-the-art (SOTA) methods. GT is the ground truth.

Fig. 5. Subjective evaluation of the ablation study.

quantitative results are shown in Fig. 5 and Table II respectively.
Fig. 2. presents a detailed comparison between J (x) and O(x).
Thus, it will not be compared here again. Through visual and
metric results, it can be clearly seen that w/o AAM makes local
colors no longer lifelike, and w/o TAM lacks details. Further-
more, it proves that all the modules proposed in this article are
effective.

TABLE II
OBJECTIVE EVALUATION OF THE ABLATION STUDY

IV. CONCLUSION

This article proposes a novel underwater image enhancement
network called AUIE-GIC, which is the first attempt to drive
underwater generalized imaging models through deep learn-
ing. There are two stages in the proposed method: component
generation and adaptive learning. In numerous subjective and
objective studies, AUI-GIC has been demonstrated to be capable
of resolving color and semantic information with exceptional
efficiency.
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