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Abstract

Existing dehazing approaches struggle to process real-
world hazy images owing to the lack of paired real data
and robust priors. In this work, we present a new paradigm
for real image dehazing from the perspectives of synthe-
sizing more realistic hazy data and introducing more ro-
bust priors into the network. Specifically, (1) instead of
adopting the de facto physical scattering model, we re-
think the degradation of real hazy images and propose a
phenomenological pipeline considering diverse degrada-
tion types. (2) We propose a Real Image Dehazing net-
work via high-quality Codebook Priors (RIDCP). Firstly, a
VQGAN is pre-trained on a large-scale high-quality dataset
to obtain the discrete codebook, encapsulating high-quality
priors (HQPs). After replacing the negative effects brought
by haze with HQPs, the decoder equipped with a novel
normalized feature alignment module can effectively utilize
high-quality features and produce clean results. However,
although our degradation pipeline drastically mitigates the
domain gap between synthetic and real data, it is still in-
tractable to avoid it, which challenges HQPs matching in
the wild. Thus, we re-calculate the distance when match-
ing the features to the HQPs by a controllable matching
operation, which facilitates finding better counterparts. We
provide a recommendation to control the matching based
on an explainable solution. Users can also flexibly adjust
the enhancement degree as per their preference. Extensive
experiments verify the effectiveness of our data synthesis
pipeline and the superior performance of RIDCP in real
image dehazing. Code and data are released at https://rq-
wu.github.io/projects/RIDCP.

1. Introduction
Image dehazing aims to recover clean images from their

hazy counterparts, which is essential for computational pho-
tography and high-level tasks [20, 32]. The hazy image for-
mulation is commonly described by a physical scattering

*Corresponding author

(a) Hazy input (b) DAD [33] (c) PSD [7]

(d) Ours
Figure 1. Visual comparisons on a typical hazy image. The pro-
posed method generates cleaner results than other two state-of-the-
art real image dehazing approaches. The enhancement degree of
our result can be flexibly adjusted by adopting different parame-
ters in the real-domain adaptation phase. The image with a golden
border is the result obtained under our recommended parameter.

model:
I(x) = J(x)t(x) +A(1− t(x)), (1)

where I(x) denotes the hazy image and J(x) is its corre-
sponding clean image. The variables A and t(x) are the
global atmosphere light and transmission map, respectively.
The transmission map t(x) = eβd(x) depends on scene
depth d(x) and haze density coefficient β.

Given a hazy image, restoring its clean version is highly
ill-posed. To mitigate the ill-posedness of this problem, var-
ious priors, e.g., dark channel prior [16], color attenuation
prior [44], and color lines [12] have been proposed in exist-
ing traditional methods. Nevertheless, the statistical priors
cannot cover diverse cases in real-world scenes, leading to
suboptimal dehazing performance.

With the advent of deep learning, image dehazing has
achieved remarkable progress. Existing methods either
adopt deep networks to estimate physical parameters [5,21,
31] or directly restore haze-free images [10, 15, 27, 30, 40].
However, image dehazing neural networks perform lim-
ited generalization to real scenes, owing to the difficulty in
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collecting large-scale yet perfectly aligned paired training
data and solving the uncertainty of the ill-posed problem
without robust priors . Concretely, 1) collecting large-scale
and perfectly aligned hazy images with the clean counter-
part is incredibly difficult, if not impossible. Thus, most of
the existing deep models use synthetic data for training, in
which the hazy images are generated using Eq. (1), lead-
ing to the neglect of multiple degradation factors. There
are some real hazy image datasets [2, 3] with paired data,
but the size and diversity are insufficient. Moreover, these
datasets deviate from the hazy images captured in the wild.
These shortcomings inevitably decrease the capability of
deep models in real scenes. 2) Real image dehazing is a
highly ill-posed issue. Generally, addressing an uncertain
mapping problem often needs the support of priors. How-
ever, it is difficult to obtain robust priors that can cover the
diverse scenes of real hazy images, which also limits the
performance of dehazing algorithms. Recently, many stud-
ies for real image dehazing try to solve these two issues
by domain adaptation from the perspective of data genera-
tion [33,39] or priors guidance [7,23], but still cannot obtain
desirable results.

In this work, we present a new paradigm for real image
dehazing motivated by addressing the above two problems.
To obtain large-scale and perfectly aligned paired training
data, we rethink the degradation of hazy images by observ-
ing amounts of real hazy images and propose a novel data
generation pipeline considering multiple degradation fac-
tors. In order to solve the uncertainty of the ill-posed issue,
we attempt to train a VQGAN [11] on high-quality images
to extract more robust high-quality priors (HQPs). The VQ-
GAN only learns high-quality image reconstruction, so it
naturally contains the robust HQPs that can help hazy fea-
tures jump to the clean domain. The observation in Sec. 4.1
further verifies our motivation. Thus, we propose the Real
Image Dehazing network via high-quality Codebook Priors
(RIDCP). The codebook and decoder of VQGAN are fixed
to provide HQPs. Then, RIDCP is equipped with an en-
coder that helps find the correct HQPs, and a new decoder
that utilizes the features from the fixed decoder and pro-
duces the final result. Moreover, we propose a novel Nor-
malized Feature Alignment (NFA) that can mitigate the dis-
tortion and balance the features for better fusion.

In comparison to previous methods [6, 14, 43] that intro-
duce codebook for image restoration, we further design a
unique real domain adaptation strategy based on the char-
acteristics of VQGAN and the statistical results. Intuitively,
we propose Controllable HQPs Matching (CHM) operation
that replaces the nearest-neighbour matching by imposing
elaborate-designed weights on the distances between fea-
tures and HQPs during the inference phase. The weights are
determined by a controllable parameter α and the statistical
distribution gap of HQPs activation in Sec. 4.3. By adjust-

ing α, the distribution of HQPs activation can be shifted.
Moreover, we present a theoretically feasible solution to
obtain the optimal α by minimizing the Kullback-Leibler
Divergence of two probability distributions. More signifi-
cantly, the value of α can be visually reflected as the en-
hancement degree as shown in Figure 1(d), and users are al-
lowed to adjust the dehazing results as per their preference.
Our CHM is effective, flexible, and explainable.

Compared with the state-of-the-art real image dehazing
methods, e.g., DAD [33] and PSD [7], only the proposed
RIDCP can effectively process the hazy images captured
in the wild while generating adjustable results, which are
shown in Figure 1. The contributions of our work can be
summarized as follows.

• We present a new paradigm to push the frontier of deep
learning-based image dehazing towards real scenes.

• We are the first to leverage the high-quality codebook
prior in the real image dehazing task. The controllable
HQPs matching operation is proposed to overcome the
gap between synthetic and real domains and produce
adjustable results.

• We re-formulate the degradation model of real hazy
images and propose a phenomenological degradation
pipeline to simulate the hazy images captured in the
wild.

2. Related Work
2.1. Single Image Dehazing

Image Dehazing. The early attempts at single image dehaz-
ing consider estimating the parameters of the atmosphere
scattering model presented in Eq. (1) by priors on haze-free
images [4,12,16,35,44], These methods have achieved im-
pressive results. However, the handcrafted priors based on
empirical observations are hard to perform well in diverse
scenarios. For example, the assumption of DCP [16] is not
available in the sky region. The proposed method obtains
the priors of high-quality images by pre-training a discrete
codebook on large-scale datasets, which is more reliable
and comprehensive.

With the development of deep learning techniques, how
to use data-driven ideology to remove haze gains a lot of
attention. At the early stage, many studies [5, 21, 31] try
to adopt convolutional neural networks (CNNs) to estimate
the parameters of the degradation model in Eq. (1). In ad-
dition, in order to avoid accumulated errors in parameters
estimation, some end-to-end networks [10, 15, 27, 30, 40]
are proposed to directly estimate the haze-free image. The
above learning-based methods have achieved excellent per-
formance on synthetic datasets. However, their significant
performance drop on real-world data urgently needs to be
solved.
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Figure 2. Overview of our RIDCP. During the training phase, we train the dehazing network on the data synthesized by our data generation
pipeline, as illustrated in (a). The network is based on the pre-trained HQPs codebook and the corresponding decoder Gvq of VQGAN.
We also design the Controllable HQPs Matching (CHM) operation for real domain adaptation by re-calculating the distance dẑk = ||ẑ −
zk|| between features and HQPs. (b) represents the distance re-calculation with two Voronoi diagrams, where the colored cells indicate
belonging to better HQPs and the gray cells vice versa. Triangles represent features and star points represent HQPs. It can be seen that
after the distance recalculation points that originally belonged to the gray cells are forced to be assigned to the colored cells by our CHM.

Real Image Dehazing. Recently, some works pay atten-
tion to real image dehazing. One research line is to uti-
lize GANs [13] for generating hazy data that fits the real
haze domain. Shao et al. [33] design a domain adapta-
tion strategy based on the framework of CycleGAN [?].
Yang et al. [39] propose an unpaired dehazing framework
named D4. It can estimate the scene depth of hazy images
and generate hazy data with different thicknesses to bene-
fit dehazing model training. However, GANs are easy to
produce artifacts in the generated results, which is harm-
ful to training models. Another research line aims to intro-
duce prior knowledge by loss functions or network architec-
tures. Li et al. [23] propose a semi-supervised pipeline that
adopts prior-based loss functions to train networks on the
real dataset. PSD [7] adds a physical-based sub-network
on the pre-trained dehazing model and further proposes a
prior loss committee to fine-tune the network on real-world
data in an unsupervised manner. Nevertheless, directly us-
ing handcrafted priors cannot avoid the inherent flaws of
prior-based methods. In our study, we investigate overcom-
ing the weaknesses of both types of real image dehazing
methods by proposing a novel data generation pipeline and
exploiting the latent high-quality priors.

2.2. Discrete Codebook Learning

Recently, a vector-quantized auto-encoder framework
was proposed in VQ-VAE [36], which learns a discrete
codebook in latent space. The discrete representation ef-

fectively addresses the “posterior collapse” issue in auto-
encoder [19] architecture. VQGAN [11] further improves
the perceptual quality of reconstructed results by introduc-
ing adversarial supervision for codebook learning. The
learned discrete codebook helps boost the performance in
many low-level vision tasks including face restoration [14,
43] and image super-resolution [6]. Gu et al. [14] introduce
the vector quantization technique to face restoration and de-
sign a parallel decoder to achieve a balance between visual
quality and fidelity. Zhou et al. [14] cast blind face restora-
tion as a code prediction task, and propose a Transformer-
based prediction network to replace the nearest-neighbor
matching operation for better matching the corresponding
code. FeMaSR [6] extends the discrete codebook learning
to blind super-resolution. Motivated by the exciting per-
formance of these approaches, we are the first to leverage
the high-quality codebook prior for real image dehazing.
A novel and controllable HQPs matching operation is pro-
posed to further bridge the gap between our synthetic data
and real data, which is inevitable for real scenes.

3. Data Preparation for Real Image Dehazing
Redesigning the pipeline of data generation has been

demonstrated as an effective way for solving real-world
low-level vision tasks [37, 38, 41]. Based on these works,
we consider various degradation factors when synthesizing
paired data for training the dehazing network, which can
mitigate the domain gap with the real data. For concise-
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ness, we represent Eq. (1) as I(x) = P(J(x), t(x), A). The
formation of the hazy image can be written as:

I(x) = JPEG(P(J(x)γ +N , eβd̂(x), A+∆A)). (2)

The details of Eq. (2) are introduced as follows:
Poor light condition. γ ∈ [1.5, 3.0] is a brightness adjust-
ment factor and N is the Gaussian noise distribution. These
two components can simulate poor light conditions that fre-
quently occur in hazy weather.
Transmission map. As a key parameter in the degradation
model, we adopt the depth estimation algorithm [18] to es-
timate depth map d(x) and use β ∈ [0.3, 1.5] to control the
haze density.
Colorful haze. To obtain diverse hazy images, the color
bias of atmosphere light is considered, which is imple-
mented by a three-channel vector ∆A ∈ [−0.025, 0.025].
The range of A is in the range of [0.25, 1.0].
JPEG compression. We observe that dehazing algorithms
amplify the JPEG artifacts. It is desirable to remove such
artifacts while dehazing. JPEG(·) denotes JPEG compres-
sion in the final results.

We select 500 clean images to build the paired data, and
the hazy data is generated on-the-fly during the training
phase. Additionally, low light and JPEG compression ap-
pear with 50% probability in the proposed pipeline.

4. Methodology
The key idea of our work is to adopt a discrete code-

book that introduces high-quality priors (HQPs) into the
dehazing network. The overall framework of the proposed
method is illustrated in Figure 2. The training phase can
be divided into two stages. In the first training stage, we
pre-train a VQGAN [11] on high-quality data, obtaining
a latent discrete codebook Z with HQPs and the corre-
spondence decoder Gvq (Sec. 4.1). In the second stage,
our RIDCP based on the pre-trained VQGAN is trained on
hazy images generated by the proposed synthesis pipeline
(Sec. 4.2). Moreover, in order to help the network find more
accurate code, we propose a controllable adjustment feature
matching strategy based on code activation distribution on
high-quality images (Sec. 4.3). Besides, the details of train-
ing objectives can be found in supplementary materials.

4.1. Latent Codebook for High-quality Priors

We first introduce how VQGAN works briefly. Given a
high-quality image patch x, which is the input of the VQ-
GAN encoder Evq and the corresponding outputs are the la-
tent features ẑ. Then each “pixel” ẑij of ẑ will be matched
to the nearest HQPs in codebook Z ∈ RK×n and then ob-
tain the discrete representation zqij , which can be written as:

zqij = M(ẑij) = arg min
zk∈Z

(||ẑij − zk||2), (3)

(a) Hazy input (b) Reconstruction
Figure 3. Result reconstructed by the pre-trained VQGAN. The
haze is removed but distorted textures are introduced.

where K denotes the codebook size, n is the channel num-
ber of ẑ, and M(·) represents the matching operation. Fi-
nally, the input x is reconstructed by Gvq:

x′ = Gvq(z
q) = Gvq(M(Evq(x))), (4)

where x′ is the reconstructed result.
Observation 1. To understand the potential of the HQPs
in the codebook and better utilize it, we made some obser-
vations on the results reconstructed by the pre-trained VQ-
GAN. As illustrated in Figure 3, our VQGAN can remove
the thin haze and recover vivid color for the hazy input with-
out fine-tuning. We analyze that using HQPs in a matching
manner can replace the degraded feature so help it jump to
the high-quality domain. However, the dehazing ability of
VQGAN is limited due to the difficulty in matching the cor-
rect code. Moreover, some distorted textures are produced
because of the information loss during the vector-quantized
phase. Thus, directly adopting the features from Gvq is
suboptimal. It is intuitive that our next step is to train an
encoder E that can help priors matching, and a decoder G
that can utilize the features reconstructed from HQPs.

4.2. Image Dehazing via Feature Matching

Based on the observation in Sec. 4.1, image dehazing is
decoupled into two sub-tasks: matching correct code and
removing texture distortion.
Encoder for HQPs Matching. We follow SwinIR [25]
which shows its powerful feature extraction ability for im-
age restoration to design our encoder E. Specifically, the
shallow feature extraction head consists of a stack of resid-
ual layers [17] and 4× downsamples the features. Then 4
residual swin transformer blocks [28] are followed, which
serve as the deep feature extraction module.
Decoder with Normalized Feature Alignment. We pro-
pose the Normalized Feature Alignment (NFA) to help
the decoder utilize the features reconstructed from HQPs.
Firstly, VQGAN tends to decrease results’ fidelity due to
the information loss brought by vector-quantized opera-
tion [14, 43]. Our solution is to eliminate the distortion by
the guidance of features before HQPs matching. Specifi-
cally, in ith layer, we adopt the deformable convolution [9]
to align the features F i

vq from Gvq with the features F i from
G, which can be written as:.

F i
w = DCONV (F i

vq, CONV (Concat(F i
vq, F

i))), (5)
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Figure 4. Code activation frequencies under different situations.
‘dehaze’ denotes inputting real hazy images to dehazing network
and ‘clean’ denotes feeding clean images into the pre-trained VQ-
GAN network. ‘adjusted’ denotes our RIDCP equipped with the
CHM under the recommended parameter with real hazy inputs.

where F i
w denotes the features after warping and DCONV

is the deformable convolutional layer. CONV is the convo-
lutional layer for offset generation. In addition, we notice
that the ratio of the values of F i

w and F i is not stable, re-
sulting in an inadequate combination. Thus, we balance the
contributions of each by forcing them to be in the same or-
der of magnitude, which can be written as:

F i = F i +

∑
F i∑
F i
w

F i
w. (6)

4.3. Controllable HQPs Matching Operation

Observation 2. Our RIDCP achieves relatively satisfac-
tory results with the help of E and G. However, there are
still limitations, e.g., low color saturation in some challeng-
ing real data. Rather than the HQPs that already show a
strong capability in reconstructing vivid results (see Obser-
vation 1), the main reason is the difficulty in finding cor-
rect HQPs, which is caused by the domain gap between
synthetic data and real data. Although the domain gap is
drastically reduced by our synthesis pipeline than previous
works [22, 42], it is still impossible to cover all real-world
hazy conditions by our pipeline.

To verify our claim, we made an observation as follows.
We randomly collect 200 high-quality clean images as in-
put of the pre-trained VQGAN and compute the activation
frequency fc ∈ RK of each code. Similarly, 200 real hazy
images are fed to the dehazing network to compute the fre-
quency fh ∈ RK . Figure 4 illustrates the activation fre-
quencies of the codes with the top ten largest differences
between fh and fc. We can see a significant distribution
shift. The observation proves that the unavoidable domain
gap results in a divergent matching for HQPs. Thus, HQPs
still have unexplored potential.
Controllable Matching via Distance Re-calculation.
Based on the above observation, it is indispensable to match
better HQPs when encountering real hazy images, i.e., pri-
ors with high frequency on clear images. Two components
can affect the HQPs matching, which are the encoder E and
the matching operation M(·). Since it is difficult to retrain
E on real hazy images without reference images, defining

a new matching operation M′(·) sounds like a reasonable
solution. We propose Controllable HQPs Matching (CHM)
that re-calculates distances by assigning different weights
during matching phase. The CHM can be written as:

M′(ẑ) = arg min
zk∈Z

(F(f̃k, α)× ||ẑ − zk||), (7)

where F(f̃k, α) is the function to generate weights based
on the frequency difference f̃k = fk

h − fk
c and adjusted by

a parameter α. There are three objectives in the design of
F: 1) Since higher f̃k means less activation is needed, F
should be monotonic with f̃k thus ensuring consistent trend
adjustment. 2) F(0, α) ≡ 1 so that HQPs with the same
frequencies on clear and hazy data are not adjusted. 3) The
degree of adjustment can be controlled monotonically by α,
e.g., ∀f̃1 > f̃2,∀α1 > α2 → F(f̃1,α1)

F(f̃2,α1)
> F(f̃1,α2)

F(f̃2,α2)
. Coinci-

dentally, the exponential function has these properties, thus
F can be formulated as;

F(f̃k, α) = ea×f̃k . (8)

Figure 2(b) adopts two Voronoi diagrams to simulate the
changes occurring in the high-dimensional space during
feature matching. As we can see, the points originally be-
longing to gray cells are matched to the colored cells after
distance re-calculation, i.e., finding better HQPs.
Possible Solution of the Recommended α. Our method
is able to control the HQPs matching based on the above
strategy. The final goal is to find a suitable α to adapt the
network to real domain. According to the law of large num-
bers, the frequencies fk

c , f
k
h can be substituted for the cor-

responding probabilities Pc(x = zk), Ph(x = zk|α). The
gap between the dehazing results and the clean domain can
be represented by the difference between the two probabil-
ity distributions. Thus, the real domain adaptation problem
is transferred into calculating an optimal parameter α̂ that
can minimize the forward Kullback-Leibler Divergence of
Pc(x = zk) and Ph(x = zk|α), which is also the maximum
likelihood estimation of α:

α̂ = argmin
α

KL(Pc||Ph)

= argmin
α

K∑
i=1

Pc(x = zi) log
Pc(x = zi)

Ph(x = zi|α)

= argmax
α

K∑
i=1

Pc(x = zi) logPh(x = zi|α)

= argmax
α

K∏
i=1

Pc(x = zi)Ph(x = zi|α).

(9)

We use a binary search algorithm to iteratively find the ap-
proximate optimal solution for α̂. The final determination
is α̂ = 21.25 and higher precision calculations have little
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(a) Hazy image (b) MSBDN [10] (c) Dehamer [15] (d) PSD [7] (e) D4 [39] (f) DAD [33] (g) RIDCP

Figure 5. Visual comparison on RTTS dataset [22].

effect on the results. Note that, α̂ may not be the deter-
mined choice for all cases. One can flexibly adjust α
according to their preference.

5. Experiments

5.1. Datasets

High-quality Datasets. In order to obtain high-quality re-
sults from the pre-trained HQPs, the VQGAN needs to be
trained on large-scale datasets containing high-resolution
and texture-sharp images. In our work, we use DIV2K [1]
and Flickr2K [26] (containing 4, 250 images) to train the
first stage. Both datasets are widely used in high-quality
reconstruction tasks [6, 24, 25].
Real Haze Datasets. We qualitatively and quantitatively
evaluate our dehazing network on the RTTS dataset [22],
which contains over 4, 000 real hazy images with diverse
scenes, resolutions, and degradation issues. Besides, we use
Fattal’s dataset [12] that includes 31 classic real hazy cases
for further visual comparison.

5.2. Implementation Details

For both VQGAN and RIDCP training, we use Adam
optimizer with default parameters (β1 = 0.9, β2 = 0.99).
The learning rate is fixed to 0.0001 during the training phase
and the batch size is set to 16. For data augmentation, we

randomly resize and crop the input into a size of 256× 256,
and flip it with a half probability. During the first training
stage, our VQGAN is pre-trained on DIV2K and Flickr2K
for 350K iterations. Then, the proposed RIDCP is trained
on the data generated by the proposed synthesis pipeline
for 10K iterations. All experiments are implemented with
PyTorch framework on 4 NVIDIA V100 GPUs. The code
implemented by MindSpore framework is also provided.

5.3. Comparison with State-of-the-Art Methods

We compare the performance of the proposed method
with several state-of-the-art dehazing approaches. The ex-
periments are designed from both quantitative and qualita-
tive perspectives. Moreover, we also conduct a user study
to verify the subjective performance of our method.
Quantitative Comparison. Since there is no ground-truth
image in real hazy datasets, we use some non-reference
metrics for quantitative comparison. We first adopt the Fog
Aware Density Evaluator (FADE) [8] for haze density esti-
mation. In addition, two widely-used image quality assess-
ment metrics, BRISQUE [29] and NIMA [34] are also in-
cluded. The quantitative comparison is conducted on RTTS
dataset with two dehazing methods (MSBDN [10] and De-
hamer [15]) that achieve outstanding performance on syn-
thetic hazy image datasets [22], and three real dehazing ap-
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(a) Hazy image (b) MSBDN [10] (c) Dehamer [15] (d) PSD [7] (e) D4 [39] (f) DAD [33] (g) RIDCP

Figure 6. Visual comparison on Fattal’s data [12].

Table 1. Quantitative comparison and user study on RTTS dataset.
Red indicates the best and blue indicates the second best. ‘US’
shows the percentage of votes in the user study.

Method FADE↓ BRISQUE↓ NIMA↑ US↑
Hazy image 2.484 37.011 4.3250 0.030

MSBDN [10] 1.363 28.743 4.1401 0.046
Dehamer [15] 1.895 33.866 3.8663 0.041

DAD [33] 1.130 32.727 4.0055 0.143
PSD [7] 0.920 25.239 4.3459 0.105
D4 [39] 1.358 33.206 3.7239 0.079
RIDCP 0.944 18.782 4.4267 0.556

proaches (DAD [33], PSD [7], D4 [39]). The results are
illustrated in Table 1. The proposed RIDCP achieves the
best in terms of BRISQUE and NIMA, which gains 25.57%
and 1.86% improvements, respectively. For FADE, our
method is ranked second slightly below the PSD. However,
as shown in Figure 5, PSD tends to produce over-enhanced
results, which leads to an inaccurate evaluation. Overall,
RIDCP achieves the best results on quantitative metrics, and
subsequent experiments will further prove our superiority.
Qualitative Comparison. We perform the qualitative com-
parison on RTTS and Fattal’s datasets, which is shown in
Figure 5 and Figure 6. We can observe that Dehamer, MS-
BDN, and D4 cannot process the real hazy images well.
PSD can produce bright results but the dehazing ability is
limited. DAD is effective in haze removal, while its results
suffer from color bias and dark tone. Our method generates
the best perceptual results in terms of brightness, colorful-
ness, and haze residue compared to other methods. More
results can be found in supplementary materials.
User Study. We conduct a user study to evaluate the pro-
posed method subjectively against other methods. We ran-
domly select 100 images from RTTS dataset for compari-
son and invite 5 experts with image processing background
and 5 naive observers as volunteers. Before the user study,
we give the observer three tips: 1) The primary concern is
whether the haze is removed, especially the dense haze in
the distance. 2) Pay attention to whether the natural color is
recovered. 3) A good method should generate artifact-free
results. Afterward, the images are displayed to the observer
group by group. Each group contains the input image and

the results generated by different methods. The observer
is required to choose the best one after at least 10 seconds
of observation. We statistic the percentage of each method
selected as the best and the final scores are listed in Ta-
ble 1. The proposed RIDCP achieves the highest score and
is well ahead of the second place, further demonstrating our
method’s superior dehazing ability.

5.4. Ablation Study

In order to verify the effectiveness of each key compo-
nent, we conduct a series of ablation experiments. Gener-
ally, we discuss the effectiveness of CHM, NFA, and the
phenomenological degradation pipeline in this section.
Influence of Adjustment Parameter. The degree of real
domain adaptation is controlled by parameter α in Eq. (8)
and one can adjust the final result flexibly by adjusting α.
Thus, we are curious about what influence the different α
will have. As Figure 7 shows, the value of α and the image
enhancement effect belong to a linear relationship. More
visual-pleasing even over-enhanced results can be produced
when α > 0. Interestingly, we can obtain under-enhanced
results if α is adjusted in the opposite direction.
Effectiveness of NFA. Our NFA can help remove the dis-
torted textures caused by feature matching while preserving
the useful information reconstructed from HQPs. The NFA
can be divided into two key parts: warping operation based
on deformable convolution and normalize-based addition.
To analyze the role of each part, we propose 4 variants to
replace NFA, which are: 1) Without any fusion operation.
2) Adding directly. 3) Normalized addition without warp-
ing. 4) Warping and direct addition. Figure 8 shows a set
of comparisons. Observing the grass area in red boxes, the
result of variant 1 is dark and remaining thin haze. Variants
2 and 4 also have non-homogeneous fog residues in some
areas. Variant 3 generates obvious artifacts because forcing
normalizing unaligned features to the same order of magni-
tude and adding them together makes the network difficult
to train. Only the full NFA achieves the best in brightness
and haze removal.
Effectiveness of the Phenomenological Degradation
Pipeline. To prove that our proposed degradation pipeline
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(a) Hazy image (b) α = −60.0 (c) α = 0.0 (d) α = 21.25 (e) α = 60.0

Figure 7. Results under different adjustment degrees. The proposed CHM allows users to adjust the degree of enhancement from low
(α = −60.0) to high (α = 60.0). The recommended value (α = 21.25) facilitates the network to generate the most natural results
(surrounded by the blue box). Zoom in for the best view.

(a) Haze (b) w/o fusion (c) Addition

(d) w/o warping (e) w/o normalizing (f) Full NFA

Figure 8. Ablation results of the proposed NFA.

for paired data generation can boost the capabilities of haze
removal, we retrain our RIDCP on two widely-used syn-
thetic datasets, which are OTS [22] and Haze4K [42]. No-
tably, Haze4K is post-processed by DAD [33]. Moreover,
we replace the training set from OTS with our synthetic
data for transformer-based Dehamer and CNN-based MS-
BDN, thus demonstrating that it can generally bring gains.
The comparison results are illustrated in Figure 9. We can
observe that our dehazing network cannot remove the haze
under the training of OTS and Haze4K. Besides, Dehamer
and MSBDN can generate results with less haze and higher
brightness with the help of our training data. However, they
still struggle in color recovery compared to our method,
which also demonstrates the effectiveness of HQPs and our
adaptation strategy.

6. Discussion

Conclusion. In this paper, we present a novel paradigm to
revitalize deep dehazing networks towards the real world.
Our proposed phenomenological degradation pipeline syn-
thesizes more realistic hazy data, which achieves significant
gains in haze removal. Based on our observations and anal-
ysis, we introduce the high-quality priors in VQGAN to the
dehazing network and progressively leverage their power,
which finally builds our real image dehazing network via
high-quality codebook priors (RIDCP). Extensive experi-

(a) Haze (b) OTS (c) Haze4K (d) Dehamer

(e) Dehamer† (f) MSBDN (g) MSBDN† (h) Ours

Figure 9. Ablation results of the proposed data generation
pipeline. We retrain our dehazing network on OTS (b) and Haze4K
(c) to verify the effectiveness of our generation pipeline. Dehamer
and MSBDN are also retrained on our synthetic data, which are
marked by †.

ments show the superiority of the proposed paradigm.
Limitations and Future Work. In the process of doing
our work on RIDCP, we observed that there are still some
difficulties that are urgent to be addressed. We leave the
challenges here and hope that future work can address them

• Existing dehazing methods including RIDCP can not
process non-homogeneous haze well.

• Dehazing based on enhancement fashion is limited.
Generative ability should be introduced for recovering
extremely dense haze.

• We found that difficult to benchmark dehazing meth-
ods in quantitative fairly. Robust metrics for evaluating
the quality of dehazing results are also needed.
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