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ABSTRACT
Abstract—Images captured during sandstorm conditions frequently feature degraded visibility and
undesirable color cast effects. In such situations, traditional visibility restoration approaches usually cannot
adequately restore images due to poor estimation of haze thicknessand the persistence of color cast
problems. In this paper, we present a novel Laplacian-based visibility restoration approach to effectively
solve inadequate haze thickness estimation and alleviate color cast problems. By doing so ,a high-quality
image with clear visibility and vivid colorcan be generated. Experimental results via qualitative and
quantitative evaluations demonstrate that the proposed method can dramatically improve images captured
during inclement weather conditions and produce results superior to those of other state-of-the-art methods.
Index Terms—Gamma correction, Laplacian distribution,
Retinex theory, visibility restoration

more images of the same scene, which are captured
by using specific hardware, e.g., a rotating polarizing
filter, to effectively construct the scene depth
information and further achieve visibility restoration
of incoming hazy images. Unfortunately, the use of
thesemultiple image approaches usually requires
either excessive hardware expense or special devices.
Recently, many studies have focused on single-image
approaches to restore the visibility of a hazy image.
These approaches are based on either strong
assumptions or robust
priors, by which haze
thickness is estimated by using only a single image.
Tan [24] observed that a haze-free image possesses
evident contrasts compared with a hazy image. By
using observations of scene contrast changes, the
method of
Tan restores the visibility of an image by maximizing
its local contrast. However, the images restored by
this method often feature serious artifacts along depth
edges.
Another work proposed by Fatal [25] restores the
visibility of hazy images by estimating the albedo of
a scene and inferring the transmission medium. This
was accomplished via the assumption that the
transmission medium and the surface shading are
locally uncorrelated. Nevertheless, the method of
Fatal usually fails at restoration when the incoming
images contain heavy haze formation. He et al. [26]
observed that, with the exception of sky regions, an
outdoor haze-free image features at least one
spectrum in the RGBcolor channels that exhibits a
very low intensity value within patches of the image.
Inspired by this observation, they propose the dark
channel prior (DCP)method by which to effectively
estimate the thickness of hazeinformation and further

I.INTRODUCTION

D

URING inclement weather conditions such as

fog, sand,and mist, captured images will exhibit
degraded visibility.
This is because the suspended particles absorb and
scatter specific spectrums of light between the
observed objects and the digital camera. Accordingly,
these degraded images can directly reduce the
performance quality of systems such as object
recognition systems [1]–[3], obstacle detection
systems
[4]–[6], video surveillance systems [7]–[12],
intelligent transportation systems [13]–[15], and so
on [16]. Numerous visibility restoration approaches
have been proposed to restore the visibility of
degraded images in order to improve system
performance during inclement weather conditions
[17]. These visibility restoration approaches can
further be divided into additional information
approaches [18]–[20], multiple-image approaches
[21]–[23], and single-image approaches [24]–[29].
Additional information approaches restore hazy
images by using given scene depth information
obtained from either an additional operation or user
interaction, such as through user operation
to control camera positions and via a given
approximate 3-D geometrical model. However, these
approaches are notwell-suited for real-world
application due to limitations placed
on the acquisition of scene depth information by
unknown geography information and additional user
operation. Multipleimageapproaches adopt two or
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restoration in a wide range of weather conditions.
Section IV presents the experimental results of
qualitative and quantitative analysis of the proposed
method and the other state-of-the-art DCP-based
methods.
Finally, we give our concluding remarks in Section
V.
II. BACKGROUND
A. Optical Model
The intention of this section is to introduce an optical
model that describes the formation of hazy images
and is widely used
in the field of computer vision. The model can be
expressed as follows:

restore scene radiance. Until now, the method of He
et al. has received the most attention due to its
relative success in restoring visibility in hazy images

.

Fig. 1.Flowchart of the proposed Laplacian-based
visibility restoration approach.haze-free images
withoutgeneration of any block effects forhazy image
captured in foggy weather conditions. However,they
usually fail in restoring the visibility of images whose
hazeis the result of capture during sandstorm
conditions. This is dueto the hindrance of restoration
ability by color cast problemsand insufficient
estimation of haze thickness.
This paper proposes a novel DCP-based visibility
restoration technique that exploits the advantages of
the proposed hazethickness estimation (HTE) module
and the proposed image visibility restoration (IVR)
module and combines them in order to effectively
overcome color cast problems and insufficient
estimation of haze thickness. In contrast with
traditional DCP based techniques, the proposed
technique is built on a Laplacianstrategy. Based on
this strategy, the proposed method is able to more
effectively produce a haze-free image than can the
traditional DCP-based techniques. The following are
the key features of our proposed method.
1) First, the proposed HTE module is used to avoid
insufficient estimation of haze thickness in real-world
sandstorm conditions. This module is based on the
Laplacian-based gamma correction technique and can
effectively estimate the thickness of haze formation,
which subsequently refines the transmission map.
2) After haze thickness is effectively calculated in the
proposed
HTE module, the proposed IVR module is applied
via Laplacian-based white patch-Retinex technique to
effectively recover true scene colors. Hence, a hazefree image can be effectively generated by the
proposed method.
As demonstrated by both qualitative and quantitative
analysis of the experimental results, the efficacy of
visibility restoration via the proposed method for
images captured under various climatic conditions is
superior to those of the other DCP-based techniques
proposed in [26]–[29].
The rest of this paper is structured as follows. A brief
description of the optical model is presented for
computer vision in Section II. Moreover, Section III
describes in detail the proposed method for visibility
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I(x) = J( x)t(x) + A(1 −t(x)) (1) where I(x) represents
the hazy image captured by the digital camera; J(x)
represents the scene radiance, which can be regarded
as a haze-free image; A represents the global
atmospheric light; x represents each pixel location of
the incoming image; and t(x) represents transmission
map, which is used to describe the nonscattered light
between the observed objects and the digital camera.
Note that the first term J(x)t(x) and the second term
A(1 −t(x)) of (1) represent the direct attenuation and
the airlight, respectively [26]. The decay of scene
radiance
J(x) can be described by direct attenuation, which is
subject to medium and scene depth information.
Moreover, the airlight value usually suffers from
scattering and absorption by atmospheric particles,
resulting in scene
color variation. When the atmosphere considered
here is assumed to be homogenous, the transmission
map t(x) can be expressed as t(x) = e
− d(x) (2)
III. PROPOSED METHOD
Here, we propose a novel visibility restoration
approach based on the Laplacian strategy in order to
restore hazy images captured in real-world inclement
weather conditions. To this end, the proposed
approach consists of two major modules, i.e., an HTE
module and an IVR module.
As illustrated in Fig. 1, the proposed HTE module is
first employed via a combination of the Laplacian
distribution model and gamma correction technique
to refine the transmission map for overcoming the
insufficient estimation of haze thickness.
Next, the proposed IVR module is utilized, which is
basedon a combination of the Laplacian distribution
model andwhite patch-Retinex theory to estimate the
adjustable colorparameters of the hazy image and
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pixels in region S. Note that region S consists of the
highest intensity values of the incoming image,
which are selected from the top 0.1% brightest pixels
in its dark channel. Here, μ and σ are the location and
scale parameters of Laplacian distribution,
respectively. When an image without color cast
problems contains a consistent distribution for each
RGB color channel, μ usually tends toward the
slightest difference between each color channel.
Additionally, the scale parameter σ can be defined for
each pixel within region S as follows:

further overcome color cast problems in the
restoration result. Finally, a haze-free image can be
generated by using the refined transmission map and
the estimated adjustable colorparameters to
adequately remove atmospheric particles from hazy
images.

σ=
1a
_
L∈S

|Ic(L) −μ| . (5)

Fig. 2.Characteristics of the Laplacian distribution model, the
proposed self-adaptive parameters, and the proposed color
adjustable parameters.

According to the philosophy of Laplacian strategy in
(3), an image with a slight colorcast possesses a high
Laplaciandistribution value due to a smaller color
variance of the image content, whereas an image with
a heavy color cast possesses a low Laplacian
distribution value due to the large color variance of
its content, as shown in Fig. 2. Using this
characteristic, we employ a gamma correction
technique [31], [32] with selfadaptiveparameters to

A. Haze Thickness Estimation
As was mentioned in the previous section, estimation
of hazethickness during sandstorm conditions is a
challenging task for traditional DCP-based methods,
resulting in an insufficient transmission map.
To overcome this, the Laplacian-based gamma
correction technique is proposed to flexibly refine the
insufficient transmission map. To this end, we
initially adopt the color cast detection technique [30]
to examine whether color cast problems exist in the
incoming hazy image. Subsequently, when an
incoming image exhibits color cast problem, the

refine the insufficient transmission map ˜t(x), which
is generated by using the DCP technique [26]. The
refined transmission map t(x) can be produced as
follows: t(x) = (lmax)
_

Laplaciandistribution value P(Δc(L)|S) of each RGB
color channel is calculated as follows:

˜t(x)
lmax
_r
(6) wherelmaxrepresents the maximum value of a

P (Δ(L)|S) =
1a
_

pixel and can be set to 1, and ˜ t(x) denotes an
insufficient transmission map, which is acquired after
using the soft-matting technique according to [26].
Note that represents the self-adaptive parameter and
can be acquired based on the Laplacian distribution
value as follows:

L∈S

1
2σ
exp
_|c(L) −μ|σ
_
(3)

=
P
_ ΔM(L)|S

Δc(L) =_IM(L) −Ic(L)
__
(4)wherec ∈ {r, g, b}, M represents the maximum
value of each

P (Δm(L)|S)
(7) wherem and M represent the minimum value and
the maximum value between the RGB color channels
within region S,respectively. Moreover, a selfadaptive parameter
that featureshigher values
indicates superior refinement efficacy in the

color channel within region S, Δc(L) represents the
colorvariance, L represents a corresponding pixel
within region S, and a represents the number of
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insufficient transmission map ˜t(x), as illustrated in
Fig. 2.
Note that there are more explanations about the role
of the self adaptiveparameter in the next section.

the transmission map of Fig. 2(a). As shown in Fig.
2(b), due to the fact that the image contains serious
color cast effects, the self-adaptive parameters often
tend toward a higher value compared with Fig. 2(a)
according to (6) and (7). Accordingly, the
transmission map of Fig. 2(b) requires more
compensation,as self-adaptive parameters possess
larger variation values.
According to our second observation, the RGB color
channels become more inconsistent as color cast
problems increase in severity in images captured
during sandstorm conditions. Accordingly, as shown
in Fig. 2(b), the adjustable color parameter α
possesses a higher value for green and blue color
channels since the incoming image features serious
color cast problem and inconsistent distribution
between the RGB color channel, as compared with
Fig. 2(a), according to (8) and (9). Compared with
Fig. 2(a), the distribution for green and blue color
channels can be substantially adjusted, as shown in
Fig. 2(b).
Based on these characteristics, the proposed HTE
module and the proposed IVR module are able to
flexibly refine the insufficient transmission map and
recover true scene color,

B. Image Visibility Restoration
After the Laplacian distribution values and refined
transmission map are generated in the proposed HTE
module, the proposed IVR module can effectively
recover visibility in the restored image. In general,
the image captured in sandstorm conditions usually
contains color cast problems featuring insufficient
amounts of color variation. However, traditional DCP
based methods proposed in [26]–[29] are unable to
overcome these color cast problems, which results in
these problems in their restored images, as discussed
in the previous section.
To avoid color cast problems in restored images, we
employ the Laplacian-based white patch-Retinex
technique to effectively recover true scene color in
sandstorm images because the white patch-Retinex
theory is well-suited for images with insufficient
amounts of color variations according to [33]. To this
end, we combine information of both the Laplacian
distribution values and the white patch-Retinex
theory to estimate the adjustable color parameters αc

+ αcAc(10) where c ∈ {r, g, b}, Jc(x) represents the
scene radiance, Ic(x)represents the hazy image
captured by the digital camera, Acrepresents the
global atmospheric light, αc represents the
coloradjustable parameters, and t0 represents the
lower bound of the refined transmission map t. Here,
t0 can be set to 0.1. For more details of t0, please refer
to the literature [26].
Fig. 2 presents the analysis of the Laplacian
distribution model, the proposed self-adaptive
parameters , and the proposed
color adjustable parameters α for two hazy images
captured during sandstorm conditions, and which
consequently feature color cast problems. As can be
observed in Fig. 2(a) and
(b), it is obvious that the color cast problem in Fig.
2(b) is more serious than the color cast problem in
Fig. 2(a). In addition, when the self-adaptive
parameters and color adjustable parameters based on
the Laplacian distribution model possess lower
variation values, the corresponding incoming hazy
image will feature only a slight color cast. In contrast,
the self-adaptive parameters and the color adjustable
parameters based on the
Laplacian distribution model that possesses larger
variation

as follows: αc =
Vcmax
cIc(where
vc=Δ M(L)|SP (Δ c(L)|S)(9and c ∈ {r, g, b}. Note
that maxcIcrepresents the maximum intensity of each
RGB color channel in the hazy image; vcare the
chromatic adaptable parameters; m and M represent
the minimum and maximum values between the RGB
colorchannel within region S, respectively. Moreover,
the chromatic adaptable parameter with higher values
indicates inconsistent distributions of the color
channel in the incoming image, as indicated in Fig. 2.
Finally, a high-quality image can be generated during
the proposed IVR module via the conjunctive
utilization of the
color adjustable parameters αc and the refined
transmission map t produced by the proposed HTE
module. Thus, the restoration function can be
formulated by
Jc(x) = αc (Ic(x) −Ac) max (t(x), t0)
Based on our first observation, there is a positive
correlation between serious color cast problems and
insufficient estimation of haze thickness in the
transmission map. Therefore, the transmission map of
Fig. 2(b) usually requires superior compensation
efficacy for the intensity value when compared with
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A. Qualitative Evaluation
As shown in Figs. 3–8, images restored via each of
the
DCP-based methods proposed in [26]–[29] and the
proposed method were measured through visual
evaluation of six sandstorm images titled “Carriage,”
“Downtown,” “Pedestrian,”
Street,” “City,” and “Park.” During sandstorm
conditions, captured images usually exhibit
significant color cast effects and inconsistent
distributions of the RGB color channels due

transmission map, which is shownin the second row
of Figs. 3(b)–(e)–5(b)–(e). In contrast to the
DCP-based method, the proposed method can
completely remove the sand particles and effectively
recover the visibility of a degraded image, as
displayed in the first row of Figs. 3(f)–5(f).
This is due to the proposed HTE module and its use
of a
Lapacian-based gamma correction technique to
effectively refine an insufficient transmission map,
which can be observed in the second row of Figs.
3(f)–5(f). In addition, the statistical histograms of the
transmission map for each compared method are
shown in the third row of Figs. 3(b)–(e)–5(b)–(e).
The higher values in the transmission map represent
thinner haze formation, whereas lower values
represent thicker haze formation. It is obvious from
the histograms that the proposed method produces
lower intensity values in its transmission map than do
the DCP-based methods, which means the estimation
of haze thickness is more accurate, as shown in the
third row of
B. Quantitative Evaluation
Quantifying the restored images is a very difficult
task. This is because a real-world haze-free reference
image has not been validated for quantification of
restored images.
In general, the objective metrics used for
quantitatively estimating the efficacy of the
restoration results can be divided into two categories,
i.e., reference methods and non-reference

Fig. 3.“Carriage” image. (a) Input haze image. The remaining
five images are the restoration results with corresponding
transmission maps and
their respective statistical histograms generated by the
methods of (b) He et al. [26], (c) Xieet al. [27], (d) Xuet al.
[28], (e) Jin et al. [29], and
(f) the proposed method.

Fig. 4.“Downtown” image. (a) Input haze image. The
remaining five images are the restoration results with
corresponding transmission maps and
their respective statistical histograms generated by the
methods of (b) He et al. [26], (c) Xieet al. [27], (d) Xuet al.
[28], (e) Jin et al. [29], and
(f) the proposed method

Fig. 5.“Pedestrian” image. (a) Input haze image. The
remaining five images are the restoration results with
corresponding transmission maps
and their respective statistical histograms generated by the
methods of (b) He et al. [26], (c) Xieet al. [27], (d) Xuet al.
[28], (e) Jin et al. [29], and
(f) the proposed method

Fig. 9.“Carriage” image restored by using the proposed HTE
moduleand the proposed IVR module alone, respectively. (a)
Input haze image.
(b) Restoration result produced by using only the proposed
IVR module.
(c) Restoration result produced by using only the proposed
HTE module.
(d) Restoration result produced by the proposed method via
the use of both the proposed HTE module and the proposed
IVR module.

As shown in the first row of Figs. 3(b)–(e)–5(b)–(e),
thebackground region of the hazy image containing
the building, bridge, and tree, was still covered by
atmospheric particles of sand after performance of
the methods of He et al., Xieet al.,
Xuet al., and Jin et al. This is because the haze
thickness is insufficiently estimated in the
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Fig. 10.“Highway” image. (a) Input haze image with its
corresponding visible edges. The remaining five images are
the restoration results with corresponding visible edges
generated by the methods of (b) He et al. [26], (c) Xieet al.
[27], (d) Xuet al. [28], (e) Jin et al. [29], and (f) the proposed
method.

However, as previously stated, a real-world
hazefreereference image is unavailable for
comparison of the restoration results between the
proposed method and the DCP based methods
proposed in [26]–[29]. Consequently, this paper
adopted a non-reference method and mean opinion
score to analyse
restoration efficacy. First, three
well-known quantitative metrics, i.e., e, .r, and σ, of
the non-reference method are used to quantify the
restored images. The e metric represents the rate of
visible edge restoration in the haze-free image and is
given by

Fig. 11.“Signboard” image. (a) Input haze image with its
corresponding visible edges. The remaining five images are
the restoration results with
corresponding visible edges generated by the methods of (b)
He et al. [26], (c) Xieet al. [27], (d) Xuet al. [28], (e) Jin et al.
[29], and (f) the proposed
method.

e=
Vr–VoVo
(11) whereVrand Vo represent the total number of
visible edges within the restored hazy image and the

V. CONCLUSION
In this paper, we have presented a novel Laplacianbased visibility restoration approach for restoration of
degraded images captured during inclement weather
conditions, such as fog and sandstorms. The proposed
method is based on the
Laplacian distribution model and features a
combination of the proposed HTE module along with
the proposed IVR module to adequately remove haze
formation and recover vivid scene
color in an image. Laplacian-based gamma correction
is used during the proposed HTE module to refine an
insufficient transmission map and thus achieve
effective estimation of haze thickness, after which the
refined transmission map is used to restore the
visibility of a degraded image via the proposed IVR
module. The proposed IVR module utilizes Laplacian
based white patch-Retinex theory to equalize each
RGB colorchannel and subsequently overcome color
cast problems in restored images. Consequently, the
proposed IVR module can effectively produce hazefree and vivid restoration results for degraded images
captured during varied weather conditions.
Experimental results via qualitative and quantitative
evaluations demonstrate that the proposed Laplacianbased visibility restoration approach is significantly
superior to those of other of state-of-the-art methods.
To the best of our knowledge, no such method exists
for restoration of images captured in natural
environments with varied weather conditions.
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