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Abstract: In foggy weather, images of outdoor scene are usually
characterized with poor visibility as well as faint color saturation.
The degraded hazy images may have substantial negative impact
on most computer vision systems. Thus image haze removal is
of the practical significance in engineering. This paper proposes a
fast and effective single image haze removal algorithm on the basis
of the physics imaging model. To extract the global atmospheric
light accurately, we exploit multiple prior rules underlying hazy im-
ages, and put forward a novel measurement to judge the likelihood
that a pixel is regarded as the global atmospheric light. In addition,
the rough transmission map is estimated through a multiscale fu-
sion process based on the Laplace pyramid transform, and refined
by a total variation model. Experimental results demonstrate the
proposed method outperforms most of the state-of-the-art algo-
rithms in terms of the dehazing quality, and achieves a trade-off
between the computational efficiency and haze removal capability.
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1. Introduction

Outdoor images captured in foggy weather usually degrade
in color, texture, and contrast. Effective automatic haze re-
moval techniques aim at restoring the scene radiance and
will benefit many computer vision applications. Dueto the
dependence of hazy image degradation on the scene depth,
traditional techniques of image processing [1, 2] are inad-
equate in haze removal.

In recent years, it has caught great attention to haze re-
moval on the basis of the atmospheric scattering model, in
which it is critical to estimate the scene depth. Kopf et al.
[3] constructed the scene depth map from the correspon-
ding known 3D model. In [4,5], multiple images taken
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with different degrees of polarization or under different
weather conditions were used to derive the scene depth.
Since the requirements are usually hard to be fulfilled,
these methods [4, 5] are restrictive in most practical appli-
cations.

It becomes more challenging to remove haze from one
single hazy image. Hence most existing endeavors are de-
voted to finding valuable prior knowledge or constraints,
which are helpful in image haze removal. Among them,
Heet al. [6] discovered the dark channel prior (DCP), that
most local patches contain some pixels with very low in-
tensity in at least one color channel, and applied DCP in
haze removal, producing the compelling results. However,
the method [6] is prohibitive in real-time applications ow-
ing to the intensive computational overhead introduced by
the soft matting operation in transmission refinement.

Subsequently, quite afew algorithms were proposed on
the basis of DCP, in which the haze removal process was
indeed accelerated. For instance, in [7], the guided filter
was employed to speed up the transmission refinement.
Because of the guidance of the original color hazy im-
age, the restored image preserves the edge sharpness con-
sistent to the hazy input. Tarel et al. [8] used the median
filter to estimate the dissipation function, leading to bet-
ter efficiency. Since the median filter is not good at edge
preserving, a small amount of mist would remain around
the depth jumps of scene. Meng et a. [9] adopted a regu-
larization model to blur the transmission map, which was
estimated by exploiting the inherent boundary constraint.
In the resultant images, the color fidelity is prone to dis-
tortion when dealing with white objects. Zhang et . [10]
executed the parallel processing through the graphic pro-
cessing unit (GPU) and 80 frames could be recovered per
second.

As far as the estimation on the global atmosphere light
is concerned, many efforts have been devoted to increasing
itsaccuracy. Tan et a. [11] selected the maximum pixel in-
tensity asthe global atmospheric light. In[6], thetop 0.1%
pixels were selected from the dark channel map, and the
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brightest one was treated as the global atmospheric light.
Kim et al. [12] proposed a scoring mechanism to determine
the candidate patch, from which the global atmospheric
light was extracted. These methods [6,11,12] all failed to
deal with bright scene objects.

In this paper, we propose a DCP based method, which
proves to be fast and effective in removing haze from
one single outdoor image. The main contributions of this
method include: (i) Multiple priors are exploited to design
anovel measurement in estimating the global atmospheric
light; (ii) Laplace pyramid (LP) fusion processisemployed
to estimate the transmission map, and the total variation
(TV) model is adopted in further transmission refinement.
The experimental results demonstrate that our method is
competitivein both visual quality and efficiency.

Therest of the paper is organized as follows. We firstly
briefly review the fundamental DCP based algorithm of
haze removal in Section 2. In Section 3, our method of es-
timating the global atmospheric light is provided. In Sec-
tion 4, the transmission calculation via multiscale LP fu-
sion and TV moddl is presented. Section 5 shows our
experimental results in both qualitative and quantitative
ways. Finally, we conclude the paper in Section 6.

2. Related work
2.1 Physical imaging model

In computer vision and graphics, the atmospheric scatte-
ring model can be described as

I(z) = J(x)t(x) + A(1 — t(x)) Q)

where I is the observed image, J is the scene radiance,
A is the global atmospheric light and usually assumed as
a constant, ¢(x) denotes the transmission coefficient. As
the physical imaging model in (1) states, the image degra-
dation originates from two aspects. One is the direct at-
tenuation, in which the scene radiance is decayed in the
transmission medium, while the other is the additive am-
bient light that comes from the scattering behavior by at-
mospheric aerosols. The goa of the haze removal is to re-
cover J from 1.

2.2 Dark channe prior based dehazing

The fundamental procedure of the DCP based haze re-
moval consists of three steps [6]. Firstly, the global atmo-
spheric light A is extracted from the hazy input. Then the
block-min operation is performed on the input [ to obtain
the corresponding dark channel.
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Thus, the transmission can be derived by
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To make the restored image seem more natural, (4) can
be rewritten as

t=1-

dark
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where the constant w (0 < w < 1) isintroduced to keep a
very small amount of haze for distant objects.
Finaly, the scene radiance is recovered by

(@) = I(z)— A

max(t(x), to)
wheret, represents the lower bound of the transmission.

3. Multi-prior estimation on the global
atmospheric light

Most existing methods fail to deal with white objects in
extracting the global atmospheric light. The brightness or
dark channel may not suffice in estimation. Through ob-
servations on a large amount of hazy images, we find that
heavy haze regions exhibit local smoothness besides high
brightness. That means, neighboring pixelsin dense foggy
or sky areas are closer in intensity. Fig. 1(b) and Fig. 1(c)
show the brightness map and the normalized mean gradi-
ent map after smoothed processing on Fig. 1(a). Clearly,
regions of heavy haze or sky seem dark on the whole in
the gradient map. Here, we refer this observation as the
[uminance smoothness prior in heavy hazy regions.

Also in foggy or sky areas, the color of pixelsis most
distributed around the diagonal linein a RGB cube range.
To make it clear, we define the color channel variance[13]
as

t=1—w

+A (6)

S=\/UR L2+ (IS~ L2+ (I* ~L)? (7)

where L is the gray image computed by
L=1 o r ®)

3 ce{R,G,B}

where I¢(c € {R, G, B}) denotes the RGB color compo-
nent. It can be inferred from (7) that the larger value of S
indicates higher purity in color. Fig. 1(d) shows the image
S calculated from Fig. 1(a). As can be seen clearly, the
color channel variance tends to be zero for pixels in the
distant foggy sky regions. We refer this discovery as the
color saturation prior found in thick foggy regions.
Combined with the priors on brightness, smoothness
and color, we come up with a quantitative measurement in
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(9) to evaluate the likelihood that a pixel should be selected
as the global atmospheric light.

F(z,y) = exp <—7(L<m’2‘1£%_ 1)2> :
exp ((Vggxg,y)f) exp ((52((1;’;%7;))2) ©

where o1, 02, o3 are scales in the three exponential terms
(61 = 0.3, 02 = 0.1, 03 = 0.1), S denotes the color
variance defined in (7), VL refersto the L’s gradient cal-
culated by

VL(,y) =\ (VeL(,9))? + (Y, Lz,p)2  (10)
where

V.L(z,y) = L(z + 1,y) — L(z,y)
{VyL(:my) =L(x,y+1)— L(z,y) (112)

Before computing F'(z,y), al the three quantities
(L(z,y), VL(z,y),S(z,y)) need to be processed by
mean filtering (the template sizeis 20 x 20 in our experi-
ments).

(a) Hazy image (b) Brightness map

(c) Gradient map

(d) Variogram

(e) The lstterm in (9) (f) The 2nd term in (9)

(g) The 3rd term in (9)

(h) The resultant ¥
Fig. 1 Imagesderived from theinput hazy image

In (9), thefirst term describes the contribution from the
brightness. Apparently, it is close to one when the pixel
brightness approaches one. If only the first term is consi-
dered, the brighter pixel is more likely to be selected as
the global atmospheric light. The second term evaluates
the importance of local smoothness. The small gradient
indicates low contrast and the high similarity in intensity
among neighbor pixels. And this conforms to the local
smoothness prior of dense haze or sky regions. The third
term takes the impact of color saturation into account, and
it approaches one when the difference among three color
components is trivial. The detailed procedure to estimate
the global atmospheric light A is summarized in Algo-
rithm 1.

Algorithm 1 Estimationon A

Input Hazy image I

Output Global atmospheric light A

Step 1 Produce three images (L, VL, S) by (8), (10)
and (7) respectively, and smooth them by the mean filte-
ring.

Step 2 Calculate F'(x, y) for each pixel (z,y) by (9).

Step 3 Rank F'inadecreasing order, and find the pixel
(z*,y*) withmaximum F'. L(z*, y*) is set asthe expected
output A.
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Fig. 2(a) marksthe positions selected as the atmospheric
light by Namer [14], He [6], Kim [12] and our method.
As shown in Fig. 2(a), both Namer [14] and He [6] treat
the bright pixel on two different umbrellas as the atmo-
spheric light. Kim [12] succeeds in recognizing the right
region thick haze hangs over. Unfortunately, the white text
on the license plate of a car resides in the identified re-
gion, which causes the unexpected estimation deviation. In
contrast, our proposed method is able to extract the atmo-
spheric light accurately. Fig. 2(b)—Fig. 2(e) show the re-
stored results from [14], [6], [12] and our method. As can
be seen, our proposed method exhibits more compelling
effectin visibility.

(a) Estimation on the atmospheric light

(b) Result by Namer [14] (c) Result by He [6]

(e) Result by the proposed method

(d) Result by Kim [12]

Fig. 2 Comparison of the atmospheric light estimation and the re-
sultant dehazing effect

4. Transmission refinement

For an ideal transmission map, two kinds of local regula
rization must be considered. One is the local dependency.
Since the change in scene depth is gradual in most cases,
the transmission in a local region can be assumed to be

constant. Thus, to achieve the satisfactory visual quality,
the local smoothness is a critical constraint on transmis-
sion. On the other hand, to prevent from halo effects, it is
also important to preserve the abrupt depth discontinuities
and outline the profile of the foreground objects. Hence,
our major goal in transmission refinement is to attain local
smoothness while preserve abrupt depth jumps.

The transmission directly calculated from the DCP
rule inevitably has block effects, leading to halo artifacts
around the depth jumps in the restored results. Here, we
intend to produce the transmission map equipped with the
required features. Firstly, two coarse transmission mapsare
derived from the dark channelsby (2). One dark channel is
generated in a pixel wise manner, in which the min ope-
ration is applied pixel by pixel to obtain the minimum in
the RGB space. We refer the transmission map derived
from this pixel-based dark channel map (PDCM) as pixel-
based transmission map (PTM). The other dark channel
is resulted from patch based filtering, in which the spa
tial correlation of image pixels is exploited and the ero-
sion operation is employed on the PDCM. We denote the
transmission map derived from the latter dark channel as
a block-based transmission map (BTM). Fig. 3(a) and
Fig. 3(b) show the BTM and PTM, respectively. As can
be seen clearly, PTM is capable of preserving amost al
the details about edge and texture in the input, while BTM
tendsto blur depth discontinuities. Since the local smooth-
ness is a critical constraint for transmission, the detailed
texture structure is not expected in local patches. It is
urgent to eliminate texture details within small neighbo-
ring regions. Meanwhile, the abrupt depth discontinuities
should be attained.

(c) Fusion result

(d) Refined result by TV
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Fig. 3 Transmission refinement by fusion and TV

Next, a fusion process is implemented to estimate the
transmission by combining positive features from PTM
and BTM. In order to extract valuable information un-
derlying PTM and BTM, we decompose them into se-
veral components with various scales by the LP decom-
position. As is known, most low frequency information
appearsin the high-level components, while mid-and-high
frequency parts largely reside in the low-level ones. More-
over, the low-level componentsin PTM and the high-level
components in BTM seem more valuable and may con-
tribute more to the ultimate fusion result. For this purpose,
we apply a level-dependent fusion strategy on PTM and
BTM in each layer:

n-n(i-(3) ) e (y) o

where N isthe number of LP levels, {P;},{B;} (1 <i <
N) denote the LP decomposition results from PTM and
BTM respectively, H; (1 < i < N) isthefusion result of
each layer. In (12), H; can be regarded as a linear combi-
nation of P; and B;. Since the important edge details are
mainly contributed by the low-level P;, the weight of P;
decreases along with . Likewise, the high-level B; con-
tains more valuable smooth components, so the weight of
B; increases along with 7.

Oncethe fusion operationis accomplishedin each level,
the LP reconstruction process can be carried out to form
the transmission map of original size. Fig. 3(c) givesthefu-
sion result. Apparently, the fusion map inherits most depth
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discontinuities from Fig. 3(b), and the block effect is al-
most eliminated. However, it can aso be observed that
sometexturenoise still exitsin thefusion result. Dueto the
irrelevance to scene depth, texture details in transmission
will have undesirable effects on the restored result. Thusit
is necessary to make a further improvement on the trans-
mission. Here, we propose a total variation optimization
model for refinement:

A 1
argmin F = EHt —1)>+ EHWVtHQ (13)
t

where ¢ denotes the transmission produced by the fusion
process, ¢ denotes the refined transmission, \ is the regu-
larization parameter for balancing the two terms (A = 3
in our experiment). In (13), the first term is to measure the
fidelity of ¢ to ¢, and the second term is to ensure the local
dependency constraint on transmission. W is a weighting
function defined as

VL3

W(z,y)=e 2 (14)

where (z,y) denotesthe pixels’ position, VL isdefined in
(10), o isthe scaling factor (o = 0.1 in our experiment).
Clearly, the weight W variesinversely with the brightness
gradient. It makes sense that pixels within smooth regions
are likely to be assigned large weights while those near or
on the edges have small weights. By solving (13), we can
find an optimal transmission map, which ensures the local
smoothness and prevents from blurring the important edge
details simultaneously.

To speed up the solving process, we adopt the gradient
approximation method [15], in which V¢ is replaced with

2
r“—1
1

S D () —ti(ry)  (19)

i=1

Vt(x7 y) =

where r isthe size of neighborhood, ¢; is the transmission
of the ith pixel in alocal patch centered at (x,y). That is
to say, the gradient is calculated approximately by avera-
ging all the first order difference between the pixel and its
neighbors.

For convenience, a fast iterative procedure is designed
to find the solution in (13). For each current iteration, ¢;
is expressed approximately as the outcome ¢ from the last
iteration. To find the result of ¢() in the jth iteration, we
need to calculate the partial derivative of E with respect to
() and make it equal to zero.

OF ) i G-1)
5 = A —t—i—WZ )97y =0 (16)
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Then
r2—1 )
NA+w Yty
@) = =1 ) 17
A+W(r2-1) (17

Fig. 3(d) showsthetransmission map after TV optimiza-
tion. Compared with Fig. 3(c), some tiny texture details
irrelevant to depth have been blurred furthermore. Accor-
dingly, the quality of haze removal has been improved as
shown in Fig. 3(h).

5. Experimental results

To demonstrate the effectiveness of our proposed method,
we compare our approach with some up-to-date algorithms
in both qualitative and quantitative manners. Those algo-
rithms we select for comparison include He [6], Meng [9],
Zhu [16], Tarel [8], and Choi [2]. All the experiments are
conducted in MatlabR2012a on a PC with a2.5 GHz Intel
Core (TM) i5-3210M CPU. We test the performance of al
the algorithms on several benchmark hazy images, which
exhibit diverse challengesin haze removal. The parameters
used in our method are set as follows:. the patch size used

inBTM is 15, and the level number of L P decompositionis
7.1n (15), » = 13. Other parameters have been mentioned
in Sections 3 and 4. For the sake of fairness, we run those
agorithms[2,6,8,9,16] with the parameters recommended
by the authors .

5.1 Qualitative comparison

Fig. 4 shows the restored results from our proposed me-
thod. There are seven test images in Fig. 4. from left to
right, “Testl”, “Test2”, “Test3", “Test4”, “Tests”, “Test6”
and “Test7”, respectively. As can be seen in Fig. 4, our ap-
proach works well in removing haze from these test im-
ages. For images with distant scenery, such as “Test1”,
“Test3”, “Tests” and “Test7”, both the visibility and color
fidelity are enhanced significantly. More than that, the clear
texture details are restored in “Test2”, and nearly none of
halo artifacts are found in the regions with frequent abrupt
depth jumps in “Test4”. Besides, for images captured in
very dense haze condition, such as “ Test6”, the details of
scene objects are unveiled and the vivid color information
is recovered.

(c) Haze removal results

Fig. 4 Test images (1)

Fig. 5 compares our algorithm with several other rep-
resentative haze removal methods [2,6,8,9,16]. In Fig. 5,
from left to right, it displays the input hazy images, the
results obtained by He [6], Meng [9], Zhu [16], Tarel [8],
Choi [2] and our method respectively.

It can be observed in Tarel’sresults that most texture de-
tails are well restored after haze removal. However, due to
the median filter used in estimating the dissipation func-
tion, Tarel [8] shows poor performance in removing haze
from regions with depth discontinuities. Moreover, its de-

hazing quality is not satisfactory in case of dense haze.
He's method [6] is able to achieve a compelling vi-
sual effect in most cases. Nevertheless, the deviation in
the estimate of the global atmospheric light will inevitably
cause the degraded contrast in the dehazing results (see
Fig. 5(b)). What's more, He's results suffer from severe
color distortion if there are scene objects of large size with
similar brightnessto the airlight (see Fig. 5(€)).
Meng'sresults are closeto He's in haze removal quality.
Although the boundary constraint is introduced to estimate
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the transmission map, Meng [9] shares the same limitation
with He [6] in haze removal: the color fidelity is prone
to be distorted when dealing with large white objects (see
Fig. 5(e)).

Zhu [16] is effective in preventing from excessive
haze removal and the results are not over-enhanced (see
Fig. 5(e)). Yet, the fixed setting of scattering coefficient
usualy results in incomplete haze removal (see Fig. 5(a)
and Fig. 5(b)).

Different from the algorithms [6,8,9,16], Choi [2] reco-
vered hazy images on the basis of the referenceless per-

ceptual haze density prediction model, rather than the at-
mospheric scattering model. From Fig.5, we find that the
results obtained by Choi [2] are less favorable in terms of
both visibility and color fidelity.

In contrast, the results obtained by our method are com-
parable to or better than that of the other five methods. In
particular, the advantages of our method can be fully ex-
hibited in Fig. 5(d) and Fig. 5(e), where the unexpected
over-enhancementis not found and the color fidelity iswell
kept in the outcome.

(b) The 2nd hazy image and its dehazed results

(c) The 3rd hazy image and its dehazed results

(e) The 5th hazy image and its dehazed results

Fig.5 Test images (2)

5.2 Quantitative comparison

To quantitatively assess the visual quality after haze re-
moval, we employ three variables (e, r, d). The first two
measurements (e and r) are recommended in [17]: i.e. e
denotes the rate of edges newly visible, r expresses the
quality of contrast restoration. d is defined in [2] to repre-
sent the haze density. We calculate these three measure-
ments (e, r, d) from the images in Fig. 5, and show the

quantitative comparison results in Fig. 6. It can be seen
that, the quantitative results from our method take the first
or second place in e and r overall. And the results from
He [6] and Meng [9] havelittle difference with each other.
It conforms to the qualitative comparison results shown in
Fig. 5. Although Choi [2] has the minimum valuein d for
the last three images, it does not indicate that it outper-
forms our algorithm. As can be seen clearly in Fig. 5(d)
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and Fig. 5(e), the excessive haze removal occursin Choi’'s
results and the output images are over-enhanced signifi-
cantly.

1.8
1.6
1.4
1.2
1.0
0.8
0.6
0.4
0.2

0

(c) d
:Zhu; m: Tarel;

m: He; m:Meng; m: Choi; : Our method.

Fig. 6 Comparison resultsintermsof e, r,d

Tablel Time consumption comparison S
Hazy image He Meng Zhu Choi  Tarel Our
(resolution)  [6] 9 [16] [2] [8  method
FIgS@ 989 3338 064 537 0158 055
(173x 139)
Fig. 5(b)

1020 315 043 38 0179 054
(173% 152)
FIgS©  g60 332 045 361 0166 054
(173x 130)
Fig. 5(d)

751 284 043 313 0132 053

(172x112)
FIo.5®  1opoa 412 067 2663 8671 105
(173 260)

Table 1 lists the time consumption comparison with the
other five algorithms. Evidently, our method has distinct
speed advantages over He [6], Meng [9] and Choi [2].

However it consumes a bit more time than Zhu [16] and
Tarel [8]. We also find that, Tarel [8] tends to be much
slower in removing haze from images of large size. Al-
though Zhu [16] achieves efficient processing even for
large hazy images, its dehazing quality remains to be fur-
ther improved.

6. Conclusions

In this paper, we propose a novel method to estimate
the global atmospheric light by means of multiple priors
found in input hazy images. Besides, an LP fusion pro-
cessis presented to obtain arough estimate of transmission
map, which is further refined by an adaptive total varia-
tion model. To accelerate haze removal, we apply a fast
iteration procedure to solve the TV model. Experiments
demonstrate that our proposed method outperforms most
state-of -the-art algorithmsin terms of dehazing quality and
computational efficiency.

Due to the dependency on dark channel prior, our
method may share the common limitation with most of the
DCP based algorithms. Our future work would focuson the
improvement of the atmospheric scattering model, to solve
the problem of haze removal in case of the inhomogenous
atmosphere and uneven incident light.
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