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A B S T R A C T

Single image dehazing is a critical image pre-processing step for many practical vision systems. Most existing
dehazing methods solve this problem utilizing various of hand-crafted priors or by supervised training on
the synthetic hazy image information (such as haze-free image, transmission map and atmospheric light).
However, the assumptions on the hand-crafted priors are easily violated and collecting realistic transmission
map and atmospheric light are unpractical. In this paper, we propose a novel weakly supervised network
based on the multi-level multi-scale block. The proposed network reduces the constraint on the training data
and automatically estimates the transmission map and the atmospheric light as well as the intermediate haze-
free image without using any realistic transmission map and atmospheric light as supervision. Moreover, the
estimated intermediate haze-free image helps to generate accurate transmission map and atmospheric light by
embedding the physical-model, which presents reliable restoration of the final haze-free image. In particular,
our network also can be trained on the real-world dataset to fine-tune the model and the fine-tuning operation
improves the dehazing performance on the real-world dataset. Quantitative and qualitative experimental results
demonstrate the proposed method performs on par with the supervised methods.
1. Introduction

Images and videos taken under severe hazy conditions are usually
degraded in visibility and contrast when the light diffuses into the
atmosphere. These image quality degradations in turn may jeopardize
the performance of many computer vision systems, especially for some
scene understanding and recognition tasks, such as traffic detection and
environmental monitoring. Numerous image and video-based dehazing
algorithms [1–9] have been developed to solve this problem, as a
challenging instance of image restoration and enhancement.

Image dehazing aims to recover a clear image from a hazy image
which is caused by haze, fog or smoke. The hazing process can be
modeled as

𝐼(𝑥) = 𝐽 (𝑥)𝑡(𝑥) + 𝐴(1 − 𝑡(𝑥)), (1)

where 𝐼(𝑥) and 𝐽 (𝑥) denote the hazy image and the haze-free image,
respectively. 𝐴 is the global atmospheric light indicating the intensity of
the ambient light, 𝑡(𝑥) is the transmission map describing the portion of
light and 𝑥 is the pixel index. Assuming that the haze is homogeneous,
the transmission map can be estimated by 𝑡(𝑥) = 𝑒−𝛽𝑑(𝑥), where 𝛽 is the
notations of scattering coefficient and 𝑑(𝑥) is the scene depth.

As only 𝐼(𝑥) is available, recovering 𝐽 (𝑥), 𝑡(𝑥) and 𝐴 from a hazy
image 𝐼(𝑥) is a well-known ill-posed problem as multiple solutions
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to satisfy Eq. (1). As can be seen from Eq. (1), we note that there
remains two major issues in the dehazing process, one is accurately
estimate the transmission map and the other one is accurately estimate
the atmospheric light. When the transmission map and the atmospheric
light are obtained, the final haze-free image can be computed by

𝐽 (𝑥) =
𝐼(𝑥) − �̃�(1 − 𝑡(𝑥))

𝑡(𝑥)
, (2)

where 𝑡(𝑥) and �̃� denote the estimated transmission map and the
estimated atmospheric light, respectively.

To make image dehazing well-posed, most early methods focus on
utilizing hand-crafted priors to estimate transmission map and atmo-
spheric light in a separate manner [1,10–13]. The commonly used
hand-crafted priors try to use some visual cues to capture determin-
istic and statistical properties of hazy images, such as dark channel
prior [14], color-line prior [15] and haze-line prior [16]. Nevertheless,
these methods fail to generate visually pleasing results for some cases
since the assumptions on the priors do not always hold.

Recently, the amazing success of deep learning based methods [2,5,
6,9,17–22] provide new ideas for image dehazing. Ren et al. [5] and
Cai et al. [6] develop the end-to-end convolution neural networks to
estimate the transmission map and then follow the traditional dehazing
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method to estimate the atmospheric light for recovering the haze-free
image. These two methods perform well and neglect the atmospheric
light or haze-free image. Instead of estimating the transmission map
and atmospheric light separately, Li et al. [8] reformulate the physical
scattering model and propose an all-in-one dehazing network (AOD-
net) by integrating the transmission map and the atmospheric light into
a single variable. All the aforementioned methods require pairs of hazy
and corresponding ground-truth images for training. Different form
these methods, Engin et al. [21] and Dudhane and Murala [22] utilize
unpaired training methods for image dehazing. Although these CNN-
based methods have achieved better performance than the prior based
ones, they are restricted in practical application because the model
training requires a large amount of data for supervision.

Most existing dehazing methods almost depend on more synthetic
information for estimating the atmospheric light 𝑡(𝑥) and the transmis-
sion atmospheric light 𝐴, which uses the haze-free image, the artificial
tmospheric light and the artificial transmission map as their ground-
ruth information for supervision. But the realistic transmission map
nd atmospheric light are more complex than the artificial transmission
ap and atmospheric light. Moreover, the artificial atmospheric light

nd transmission map do not meet the current unsupervised or weakly
upervised trends, while a better solution, which can generate the
tmospheric light and the transmission map without their supervised
nformation, is needed. In this paper, we propose a novel weakly
upervised dehazing network, which trains on the pairs of hazy and
he corresponding haze-free image without any supervised information
bout the atmospheric light and the transmission map. Instead of
eeding the network with a large amount of training data, the proposed
etwork only uses the ground-truth of haze-free images for supervi-
ion. The atmospheric light and transmission map networks utilize loss
unction Eq. (7) to estimate the transmission map and the atmospheric
ight in an automatic learning manner. Moreover, our network also can
e trained on the real-world dataset as the semi-supervision to fine-
une the model and the fine-tuning operation improves the dehazing
erformance on the real-world dataset. Fig. 1 is a sample dehazing
mage using the proposed method. It provides a new viewpoint for
uture unsupervised haze removal research.

The contributions of this work are as follows:

∙ We propose an end-to-end trainable network based on the multi-
level multi-scale block to solve image dehazing problem.

∙ The proposed network reduces the constraint on the training
data and simultaneously estimates the transmission map and the
atmospheric light by automatic learning. Our network is trained
in a weakly supervised manner and generates reliable restoration
of the haze-free image by embedding the physical-model.

∙ Our network can be trained on the real-world dataset as the semi-
supervision to fine-tune the model and the fine-tuning operation
improves the dehazing performance on the real-world dataset.

∙ Quantitative and qualitative experiments on both synthesized
datasets and real-world hazy images demonstrate the proposed
method performs favorably against the state-of-the-art dehazing
methods.

. Related work

In this section, we first briefly review several relevant dehazing
ethods and then we introduce the multi-scale learning manner.

.1. Image dehazing

Most of the existing single image dehazing methods can be roughly
ivided into two categories: the prior based methods and the deep
earning based methods.
Prior based methods: Various image priors have been developed

or single image dehazing, these methods mainly rely on making as-
umptions on atmospheric light, transmission map, or clear images [4,
2

14–16]. Based on these priors, they are to extract haze-relevant fea-
tures. Tan [10] propose a patch-based contrast-maximization method
for image dehazing inspired by the observation that the haze-free
images must have higher contrast, but this method generates an over-
saturated recovered image. To address this problem, He et al. [14]
propose a dark channel prior (DCP) to estimate the transmission map
in general cases, which assumes that the local minimum of the dark
channel in a haze-free image is close to zero. Zhu et al. [4] create a
linear model for formulating the scene depth of the hazy image based
on the hand-crafted features. The depth information plays a critical role
in many vision problems [23–25]. Recently, some color-based priors
have been proposed as well for boosting the dehazing performance [15,
16]. In [15], a color-line prior is explored to characterize the haze-
free image based on the observation that the small image patches may
exhibit the 1D distribution of pixels in RGB color space. Similarly,
Berman et al. [16] develop a haze line prior to describe the hazy
image. These color-based methods fail to recover hazy images with a
dense haze. Though all of the above priors are powerful and present
strong effectiveness in helping haze removal, these priors are not robust
to the unconstraint environment because they are designed under the
observation of specific image properties.

Deep learning based methods: Different form the prior based
methods, deep learning based methods directly estimate the transmis-
sion map or the atmospheric light, which have been made remarkable
progress in image dehazing problem. Cai et al. [6] introduce an end-to-
end convolutional neural network (CNN) to estimate the transmission
map with a novel BReLU layer. In [5], a coarse-scale network is
designed to learn the mapping between the hazy images and their cor-
responding transmission maps directly, and then a fine-scale network
is used to refine the transmission map. These two methods perform
well but they limit their capabilities by only considering the trans-
mission maps in their CNN frameworks. To overcome this problem,
In [8], Li et al. develop an all-in-one dehazing network which needs to
compute an intermediate variable integrating both atmospheric light
and transmission map. More recently, Zhang and Patel [26] present
a densely connected pyramid dehazing Network to jointly learn the
transmission map, atmospheric light and dehazed image all together,
and then a joint discriminator-based GAN [27] is utilized to refine
the estimated transmission map and the dehazed image. Li et al. [28]
propose a conditional generative adversarial network to solve the image
dehazing problem. Ren et al. [9] use an encoder–decoder network and
adopt a novel fusion-based strategy, the dehazed image is produced as
a fusion of the contrast enhanced, white balance and gamma corrected
image, and then the final haze-free image is generated by gating these
important features of the derived inputs. Qu et al. [29] consider the
image dehazing problem as an image-to-image translation problem, and
develop an Enhanced Pix2pix Dehazing Network, which generates the
haze-free image without relying on the physical scattering model. Chen
et al. [30] propose a novel method based on a new feature-patch map
for image dehazing, which can adaptively select the patch size for each
pixel.

2.2. Multi-scale learning manner

The multi-scale strategy has been successfully applied in many low-
and high-level computer vision tasks and achieves better performance,
such as object detection [31], pose estimation [32], optical flow estima-
tion [33], scene parsing [34] and visual recognition [35]. The pooling
operation is often used to obtain multi-scale feature information. Re-
cently, some researchers combine the properties of both the traditional
spatial pyramid architectures as well as the convolutional neural net-
work to deal with various practical vision tasks. Ranjan and Black [33]
develop a spatial pyramid network for the optical flow estimation,
which can estimate the large motions in a coarse-to-fine strategy by
warping one image of a pair at each pyramid level. In [31], Lin et al.

propose a feature pyramid network for object detection, they exploit
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Fig. 1. A sample image dehazed result using the proposed method. (a) Hazy input. (b) Transmission map estimation result. (c) Our result.
the inherent multi-scale, pyramidal hierarchy of deep convolutional
networks for constructing feature pyramids with marginal extra cost.
A top-down architecture with lateral connections is designed to build
high-level semantic feature maps at all scales. Chen et al. [32] propose
a cascaded pyramid network for multi-person pose estimation, which
can successfully localize the key points (such as eyes and hands). More
recently, Zhang and Patel [26] develop a densely connected pyramid
network for single image dehazing, they adopt a multi-level pyramid
pooling module to refine the learned features by considering the global
structural information into the optimization [36]. Based on the above
analysis, many works verify that the multi-scale strategy is effective
for various computer vision tasks and it is necessary to introduce the
multi-scale learning manner to handle image dehazing problem.

3. The proposed network

This section presents the details of the proposed network, we de-
fine this network as Multi-Level Multi-Scale Dehazing Network. The
proposed network can automatically estimates the transmission map,
the atmospheric light and the intermediate haze-free image all together
by only using the ground-truth of haze-free images for supervision.
With the estimated intermediate haze-free image, the transmission map
and the atmospheric light can be estimated accurately via the physical
model Eq. (1). The architecture of the proposed network is illustrated
in Fig. 2.

3.1. Overall framework

The proposed network architecture consists of the following three
modules: (1) The intermediate haze-free image estimation net, (2) The
transmission map estimation net, and (3) The atmosphere light estima-
tion net. The final haze-free is obtained by the estimated transmission
map 𝑡(𝑥) and estimated atmospheric light �̃� and the input hazy image
by solving Eq. (2). we exploit the encoder–decoder networks with
multi-level multi-scale information aggregation, which are designed
based on the U-Net [37] framework. Skip connections between encoder
and decoder are applied to enable the computation of long-range spatial
dependencies as well as efficient usage of the feature activation of
proceeding layers. In the following, we explain these modules in details.

3.2. Multi-Level Multi-Scale Block (MLMSB)

The multi-scale architecture has been successfully applied into many
computer vision tasks [26,31–33] and achieves better performance. Al-
though the multi-scale learning manner performs well in these domains,
the multi-level is still ignored. In order to generate the perceptually
pleasing haze-free image, we propose a multi-level multi-scale block
(MLMSB), as shown in Fig. 3. The proposed MLMSB not only obtains
the multi-scale information via several pooling operations, but also
learns the features with different levels, i.e., multi-level information.
Benefiting from designing the MLMSB, the proposed network can esti-
mate the transmission map, the atmospheric light and the intermediate
3

haze-free image, and generate the final haze-free image via Eq. (2). The
multi-scale block (MSB) can be expressed as follows:

Firstly, we utilize 𝑃𝑜𝑜𝑙𝑖𝑛𝑔 operation with different size of kernels
and strides to obtain the multi-scale features:

𝑦𝑖 = 𝑃𝑜𝑜𝑙𝑖𝑛𝑔𝑖(𝑥), 𝑖 = 1, 2, 4, 8, (3)

where 𝑃𝑜𝑜𝑙𝑖𝑛𝑔𝑖 denotes 𝑃𝑜𝑜𝑙𝑖𝑛𝑔 operation with 𝑖 × 𝑖 kernel and stride.
Secondly, all the scales are fused and feed into two convolution

layers then added the original input signal 𝑥 to learn the residual:

𝑧 = 𝐻(𝐶𝑎𝑡[𝑈𝑝1(𝑦1),… , 𝑈𝑝𝑖(𝑦𝑖)]) + 𝑥, (4)

where 𝑈𝑝𝑖 denotes 𝑖× Upsampling operation and 𝐶𝑎𝑡 denotes con-
catenation operation at the channel dimension. 𝐻 denotes a series
of operations that consists of two 3 × 3 and one 1 × 1 convolution
operations. The MSB can learn features with different scales and the
all different features are fused to learn the primary feature.

Several MSBs make up our proposed multi-level multi-scale block
that cascades a series of MSBs to learn features with different levels.
We will give detailed analysis on the levels of MLMSB in Section 4.4.1.

3.3. Loss function

In the proposed weakly supervised network, the estimation of trans-
mission map and atmospheric belong to unsupervised learning, and
the estimation of the intermediate haze-free image can be regarded
as supervised learning, i.e., the estimated transmission map 𝑡(𝑥) and
estimated atmospheric light �̃� do not have the corresponding ground-
truth. 𝑡(𝑥) and �̃� can be better learned from the network automatically
by designing the loss functions.

The overall network consists of two loss functions: 𝑑𝑒ℎ𝑎𝑧𝑒 and
𝑐𝑦𝑐𝑙𝑒, which denote supervised model and unsupervised model, respec-
tively.

The traditional 𝐿1 loss is used to learn the intermediate haze-free
image 𝐽 (𝑥).

𝑑𝑒ℎ𝑎𝑧𝑒 = ∥ 𝐽 (𝑥) − 𝐽 (𝑥) ∥1, (5)

where 𝐽 (𝑥) and 𝐽 (𝑥) denote the ground-truth of the haze-free image
and the intermediate haze-free image, respectively.

The traditional 𝐿1 loss is used to learn the accurate transmission
map 𝑡(𝑥) and atmospheric light �̃�.

𝑐𝑦𝑐𝑙𝑒 = ∥ 𝐼(𝑥) − 𝐼(𝑥) ∥1, (6)

where 𝐼(𝑥) = 𝐽 (𝑥)𝑡(𝑥) + (1 − 𝑡(𝑥))�̃�, 𝐼(𝑥) denote the input hazy image.
The overall loss function  is defined as follows:

 = 𝑑𝑒ℎ𝑎𝑧𝑒 + 𝜆𝑐𝑦𝑐𝑙𝑒, (7)

where 𝜆 is a hyper-parameter and the analysis on it will be discussed
in Section 4.4.2.
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Fig. 2. An overview of the proposed image dehazing method. The final haze-free image is obtained via estimated 𝑡(𝑥) and �̃� combined the input hazy image by solving Eq. (2).
Fig. 3. Multi-Scale Block (MSB). The multi-level multi-scale block consists of several MSBs.
4. Experimental results

In this section, we evaluate the proposed dehazing method on both
synthetic datasets and real-world hazy images, with comparisons to
the state-of-the-art methods in terms of accuracy and visual effect.
We first demonstrate the experimental settings and criterions of qual-
ity evaluation in Section 4.1. Quantitative comparisons on synthetic
datasets are shown in Section 4.2 and visual comparisons on real-
world images are provided in Section 4.3. All the results are compared
with seven state-of-the-art methods, including DCP (CVPR’09) [14],
4

CAP (TIP’15) [4], NLD (CVPR’16) [16], MSCNN (ECCV’16) [5], GFN
(CVPR’18) [9], DCPDN (CVPR’18) [26], EPDN (CVPR’19) [29].

4.1. Experiment settings

Training dataset. For the training data, we use the training dataset
TrainA provided by Zhang and Patel [26] to train our model. This
dataset TrainA contains 4000 indoor synthetic images.

Testing datasets. We evaluate the performance of our method on
three test datasets. One is introduced by Zhang and Patel [26], which
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Table 1
Quantitative experiments evaluated on the synthetic dataset Test I. Best results are marked in bold.

Metric [14] [4] [16] [5] [9] [26] [29] Ours
CVPR’09 TIP’15 CVPR’16 ECCV’16 CVPR’18 CVPR’18 CVPR’19

PSNR 13.67 16.10 16.68 19.58 22.12 26.32 24.80 30.53
SSIM 0.7428 0.7569 0.7332 0.8462 0.8768 0.9155 0.9209 0.9660
CIEDE2000 11.97 16.04 11.98 7.90 6.35 3.82 4.99 2.18
Fig. 4. Visual and quantitative comparisons on a synthetic example. (a) Input. (b) He et al. [14]. (c) Zhu et al. [4]. (d) Berman et al. [16]. (e) Ren et al. [5]. (f) Ren et al. [9].
(g) Zhang et al. [26]. (h) Qu et al. [29]. (i) Ours. Compared with other results, our dehazed result is more pleasing.
contains 400 images for testing, denoted as Test I. Another one is SOTS-
outdoor test set [38] from RESIDE, it contains 500 outdoor images,
denoted as Test II. The last one is HSTS test set [38] from RESIDE,
which contains 10 real-world images, denoted as Test III. The three test
datasets include both indoor and outdoor scenes. The real-world hazy
images we use for testing are provided by the previous methods. We
use them to demonstrate the generalization ability of our network.

Training settings. In our network, we randomly crop each training
image pairs to 256 × 256 patch pairs. We use ADAM [39] optimizer
with a batch size 24 for training. For each multi-scale block (MSB) of
the proposed MLMSB, the nonlinear activation we used is LeakyReLU
with 𝛼 = 0.2 after each convolution layer. The initial learning rate is
1 × 10−3, and is updated twice by a rate of 1∕10 at 45 000 and 60 000
iterations. Our entire network is trained on three Nvidia GTX 1080Ti
GPUs based on PyTorch. To process a 512 × 512 pixels hazy image, the
testing process only takes 0.0608 s on a PC with a GTX 1080Ti GPU.

As the proposed network is a weakly supervised dehazing method
and it can be trained on the real-world dataset, we train our model on
the real-world dataset via Eq. (6). Eq. (6) only involves the hazy image
without any other auxiliary information. After training on the synthetic
dataset, we continually train our model on the real-world dataset. We
set 25 epochs and the batchsize is 1 to fine-tune our network on the
real-world dataset RTTS [38] from RESIDE.

Quality measures. To evaluate the quality of the dehazed results in
comparison with ground-truth images for a specific algorithm, we adopt
three metrics: Peak signal to noise ratio (PSNR), structure similarity
index (SSIM), CIEDE2000. PSNR and SSIM are widely used to evaluate
the quality of restored results with ground-truth, i.e., estimated dehaz-
ing result and ground-truth. The higher its value, the better the restored
image will be. SSIM is consistent with human perception, which is a
measure of similarity between two images. The value of SSIM is closer
to 1, the more similar the two images are. CIEDE2000 measures the
5

color difference, the small value of CIEDE2000 indicates better color
preservation. The three metrics only computed for synthetic datasets.
For the real-world images, we use the Natural Image Quality Evaluator
(NIQE) and visual comparisons to evaluate the performance of our
method. The NIQE calculates the no ground-truth image quality score
for the real-world hazy image. The lower the image quality is, the
higher NIQE is.

4.2. Results on synthetic datasets

Our synthesized hazy images are accompanied with ground-truth
images, enabling us to compare those dehazed results in terms of PSNR,
SSIM and CIEDE2000. Table 1 displays the results on the synthetic
datasets Test I. On the synthetic dataset Test I, the proposed method
generates the results with higher PSNR, SSIM and CIEDE2000 among
all the compared methods.

To provide visual comparisons, we test our method on some images
from Test I and show three challenging examples in Figs. 4–6. As can
be seen in Fig. 4, the methods of NLD [16], MSCNN [5], GFN [5],
DCPDN [26] and EPDN [29] tend to underestimate haze concentration
so that the dehazed results have some remaining haze. The results
by He et al. [14] and Zhu et al. [4] are visually better than the results
by Berman et al. [16], Zhang and Patel [26], Ren et al. [5,9] and Qu
et al. [29]. However, by looking closer, there still exist haze residues
in some regions.

Fig. 5 shows another synthetic example. The dehazed results by
the prior based methods DCP [14], CAP [4], and NLD [16] contain
significant color distortion as they usually assume that the atmospheric
light is constant, as shown in Fig. 5(b)–(d). The learning based meth-
ods MSCNN [5], GFN [9], DCPDN [26] and EPDN [29], use end-to-end
trainable networks to directly estimate the haze-free images, these
methods generate better results than the prior based ones, but the
dehazing results still contain color distortions in some regions (for
instance, the man’s jeans).
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Fig. 5. Visual and quantitative comparisons on a synthetic example. (a) Input. (b) He et al. [14]. (c) Zhu et al. [4]. (d) Berman et al. [16]. (e) Ren et al. [5]. (f) Ren et al. [9].
(g) Zhang et al. [26]. (h) Qu et al. [29]. (i) Ours. Visually, the proposed method generates the cleanest result with the least color distortions.
Fig. 6. Visual and quantitative comparisons on a synthetic example. (a) Input. (b) He et al. [14]. (c) Zhu et al. [4]. (d) Berman et al. [16]. (e) Ren et al. [5]. (f) Ren et al. [9].
(g) Zhang et al. [26]. (h) Qu et al. [29]. (i) Ours. Our method generates a clearer image visually closer to the ground-truth image.
The dehazed results for another image are shown in Fig. 6. The
methods DCP [14], CAP [4], NLD [16], and GFN [9] overestimate the
thickness of the haze and produce dark results with color distortions as
shown in Fig. 6(b), (c), (d) and (f). Although the dehazed results by Ren
et al. [5], Zhang and Patel [26] and Qu et al. [29] are closer to ground-
truth than the results by He et al. [14], Zhu et al. [4], Berman et al.
[16] and Ren et al. [9], there are still some remaining haze. Overall, our
dehazed results have higher visual quality and fewer color distortions
compared with other methods.

4.3. Results on real-world images

We further evaluate the performance of the proposed method on
a series of real-world hazy images. Fig. 7 presents one example. The
results of DCP [14], CAP [4] and NLD [16] shown in Fig. 7(b)–(d)
6

significantly suffer from over-enhancement. The background build-
ings are much darker than they should be and the recovered images
look unnatural. The methods MSCNN [5], GFN [9], DCPDN [26] and
EPDN [29] suffer from various degree of color distortions as shown in
Fig. 7(e)–(h). In comparison, our result shown in Fig. 7(i) are visually
the best.

Another real-world example is shown in Fig. 8. There are still
exist haze residues or color distortion in the recovered images by the
methods [4,5,9,14,16,26,29], while our method generates more natural
result with vivid colors as shown in Fig. 8(i)

4.4. Analysis and discussions

4.4.1. Analysis on the number of the levels
In the proposed network, the number of levels plays a critical role

for the dehazed results. In order to choose a suitable number of levels,
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Fig. 7. Example results evaluated on real-world image datasets. (a) Input. (b) He et al. [14]. (c) Zhu et al. [4]. (d) Berman et al. [16]. (e) Ren et al. [5]. (f) Ren et al. [9].
(g) Zhang et al. [26]. (h) Qu et al. [29]. (i) Ours. Compared with the state-of-the-art dehazing methods, our method generates the dehazed result visually better than the other
methods.
Table 2
Quantitative experiments for analyzing the hyper-parameters 𝜆.
𝜆 0.001 0.1 0.25 0.5 0.75 1

PSNR 29.01 29.32 30.53 29.36 29.24 29.27
SSIM 0.9560 0.9571 0.9660 0.9614 0.9615 0.9615

we carried out experiments on the synthetic test datasets [26] to test 5
different values of levels varying from 1 to 5. The statistical results are
summarized in Fig. 9. In the subfigures, the two horizontal axes denote
the number of levels, and the two vertical axes denote the average
PSNR and average SSIM, respectively. In Fig. 9(a), we observe that the
optimal number of levels is 3 and it achieves the average PSNR higher
than 30. Fig. 9(b) demonstrates that when the number of levels is 3,
the proposed network generates results with a relatively larger average
SSIM. Based on the above observations, we think the number of levels
equal to 3 is a good choice and set the number of levels to be 3 in all
of our network.
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Table 3
Analysis on whether fine-tune.

Metric w/o fine-tune fine-tune

PSNR 16.01 24.18
SSIM 0.6988 0.9316

4.4.2. Effect of the loss functions

To generate high quality dehazed images, we propose a loss function
which includes two terms with a important hyper-parameter 𝜆. we eval-
uate the performance of our method by varying the hyper-parameter
from 0.001 to 1 and compute the average PSNR and average SSIM to
measure the dehazed results on the test dataset Test I. Table 2 shows
that when 𝜆 = 0.25, the proposed method generates the best results in
terms of both PSNR and SSIM. So we choose 𝜆 = 0.25 as our network
setting.
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Fig. 8. Example results evaluated on real-world image datasets. (a) Input. (b) He et al. [14]. (c) Zhu et al. [4]. (d) Berman et al. [16]. (e) Ren et al. [5]. (f) Ren et al. [9]. (g)
Zhang et al. [26]. (h) Qu et al. [29]. (i) Ours. Our method removes haze and generates clearer image with vivid colors.

Fig. 9. The results on the number of the levels. (a) The curve of average PSNR. (b) The curve of average SSIM.
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Fig. 10. (a) Hazy input. (b) Result without fine-tune on a real-world dhazy image. (c) Result after fine-tune on a real-world hazy image. The result with the fine-tune operation
is visually better than the result without fine-tune operation.
Table 4
Quantitative experiments evaluated on the real-world images. Best results are marked in bold.

He et al. [14] Zhu et al. [4] Berman et al. [16] Ren et al. [5] Ren et al. [9] Zhang et al. [26] Qu et al. [29] Ours

NIQE 4.2223 3.7256 3.9841 3.8429 3.6653 4.3049 3.8379 3.5108
Table 5
Quantitative experiments evaluated on the synthetic datasets Test II. Best results are
marked in bold.

Metric [14] [4] [16] [5] [9] [26] [29] Ours

PSNR 18.08 14.83 18.21 19.60 21.66 18.94 22.98 24.18
SSIM 0.8489 0.7881 0.7843 0.8750 0.8513 0.8700 0.9033 0.9316
CIEDE2000 10.25 13.86 9.86 7.93 6.39 8.63 6.93 5.36

4.5. Analysis on the fine-tune operation

We set 25 epochs to fine-tune our network on the real-world dataset
RTTS [38] from RESIDE. The qualitative results on Test II (outdoor
images) are reported in Table 3. Our method without the fine-tune
operation is limited on the out-door dataset Test II because it is trained
on the indoor dataset TrainA [26]. The fine-tune operation improves
the dehazed results. We also perform experiments on the real-world
dataset HSTS [38] from RESIDE and the Natural Image Quality Eval-
uator (NIQE) is used as the performance evaluation criterion on this
dataset. The comparative quantitative results are shown in Table 4. It
demonstrates that our method achieves the best performance of image
dehazing in terms of NIQE on real-world dataset.

Moreover, a real-world visual example is presented in Fig. 10. The
distribution of light is uneven without the fine-tune operation and the
dehazed result is more natural after the fine-tune operation.

Quantitative comparisons between the proposed method and other
state-of-the-art methods on the dataset Test II are shown in Table 5.
In terms of the three evaluation criterions, our dehazed results are the
best among all the methods.

5. Conclusion

In this paper, we demonstrate the feasibility of weakly supervised
image dehazing. Our network can be trained only using hazy and
haze-free image pairs as supervision and is able to generate percep-
tually appealing dehazed results by estimating transmission map and
atmospheric light automatically. What is more, our network can be
trained on the real-world dataset as the semi-supervision to fine-tune
the model and the fine-tuning operation improves the dehazing perfor-
mance on the real-world dataset. It provides a new viewpoint for future
unsupervised haze removal research.
9
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