
Computers & Graphics (2017)

Contents lists available at ScienceDirect

Computers & Graphics

journal homepage: www.elsevier.com/locate/results-in-physics

Efficient Image Dehazing Using Boundary Conditions and Local Contrast

Bin Liaoa, Peng Yina, Chunxia Xiaob,∗

aSchool of Computer Science and Information Engineering, Hubei University, Wuhan, Hubei 430062, China
bState Key Lab of Software Engineering and the School of Computer, Wuhan University, Wuhan, Hubei 430072, China

A R T I C L E I N F O

Article history:
Received July 30, 2017

Keywords: image processing, image de-
hazing, boundary condition, local con-
trast

A B S T R A C T

In this paper, we introduce a new efficient method to remove haze from either single
images or video. The key point is that we impose effective constraints for estimating
accurate atmospheric veil. We first adopt the boundary constraints of the given image
to obtain an initial atmospheric veil estimate. Then, we perform a recursive bilateral
filtering to refine that estimate while avoiding introducing halo artefacts. Thereafter,
we further apply recursive bilateral filtering to the atmosphere veil to compute the local
contrast. Based on the local contrast, we enable our method to adaptively handle regions
with different haze densities. Additionally, to obtain visually more realistic result, we
further exploit tone mapping to optimize the recovered image. Finally, we introduce a
hierarchical sampling strategy to accelerate dehazing. Compared to existing dehazing
approaches, our method can achieve better results with increased efficiency when pro-
cessing distant scenes where depth changes abruptly.

c⃝ 2017 Elsevier B. V. All rights reserved.

1. Introduction1

Haze or fog is a common natural phenomenon due to the at-2

mosphere scattering and absorbtion. Haze will greatly reduce3

the visibility of the image scene. And many computer vision4

applications, such as object recognition, video surveillance, and5

remote sensing, will suffer from the degraded images or videos.6

Image dehazing has become a popular research topic in com-7

puter vision and computer graphics. However, according to the8

hazy image formulation, to restore the visibility, we have to9

estimate the intrinsic scene radiance, the scene depth informa-10

tion, and the atmospheric veil. Thus, single image dehazing11

[1, 2, 3, 4, 5, 6] is an ill-posed problem. Although many dehaz-12

∗Corresponding author. E-mail address: cxxiao@whu.edu.cn (C. Xiao).

ing algorithms have been proposed, there is still much room left 13

in this topic. 14

To restore the visibility of a hazy image, the depth informa- 15

tion of the scene is vital. Early methods usually improve the 16

visibility by using multiple images of a same scene under dif- 17

ferent weather conditions. Narasimhan and Naya [7, 8] applied 18

binary scattering model to extract scene information from color 19

images under different weather conditions. Kopf [9] applied the 20

known 3D models to extract the depth information. Although 21

these methods can obtain impressive dehazing results, they are 22

not applicable in single image dehazing since they rely on mul- 23

tiple images to estimate the depth information. 24

Many single image dehazing methods have been proposed. 25

Tan [10] maximized the local contrast of the restored image for 26
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enhancing image visibility. However, it tends to produce result1

with oversaturated color, and may induce halo artifacts in re-2

gions with dramatic depth changes. Fattal [11, 12] estimated3

the scene radiance and then derived the transmission image by4

assuming that the object color and medium transmission are lo-5

cally uncorrelated. Since this method relies on sufficient color6

information, it usually fails to process gray level images. Based7

on the Dark Channel Prior, He [13, 14] developed an effective8

dehazing method that can produce impressive results. Howev-9

er, the method has high computational cost because it resorts10

to soft matting [15] to refine the transmission map. Recently,11

Meng [16] regarded the boundary as a constraint of the trans-12

mission and used the weighted L1-norm as regularization for13

function optimization. The method can restore a high-quality14

haze-free image in most cases, but it fails to deal with the im-15

ages with large scale sky regions.16

As the performance determines whether a dehazing method17

is practical or not, several methods have been proposed to ac-18

celerate the dehazing processing. He introduced a guided im-19

age filtering to replace the time consuming soft matting [15] for20

transmission map refinement. Though this method has greatly21

reduced the computational cost, it may lead to incomplete haze22

removal. Tarel [17] applied modified median filter to efficiently23

estimate the atmospheric veil function. However, as the median24

filter is not an edge-preserving filter [18], the resulting atmo-25

sphere veil would be globally smoothed. Thus, this method of-26

ten fails to present desirable dehazing results in regions with27

small edges. Different from [17], Xiao [19] exploited guid-28

ed joint bilateral filtering to refine the atmospheric veil. This29

method can effectively remove haze around the edges. Howev-30

er, it may not work well in recovering vivid scene color.31

In this paper, we introduce a new efficient method for remov-32

ing haze from a single image. Firstly, according to the boundary33

condition of scene radiance of the given image, we estimate the34

initial atmospheric veil. Secondly, the recursive bilateral filter-35

ing is performed to refine the atmospheric veil while avoiding36

generating halo artifacts. Then the recursive bilateral filtering37

is further applied to the atmospheric veil to compute the local38

contrast. Based on the local contrast, we can adaptively handle 39

regions with different haze densities. To obtain visually more 40

realistic result, we finally exploit tone mapping to optimize the 41

recovered image. To achieve higher efficiency, under a hierar- 42

chical sampling strategy, we first adaptively cluster the input 43

image feature space into a feature space. Then, we perform 44

our dehazing processing in the feature space, and can efficiently 45

get the final results using interpolation techniques. The exper- 46

imental results show that the proposed method is effective and 47

feasible, and can efficiently produce visually natural dehazing 48

results. 49

In summary, this paper has the following three main contri- 50

butions: 51

(1) Develop an effective boundary constraint based method 52

for estimating atmospheric veil. 53

(2) Present a local contrast based method for adaptively pro- 54

cessing regions with different haze densities. 55

(3) Introduce a hierarchical sampling strategy for accelerat- 56

ing the dehazing processing. 57

The rest of the paper is organized as follows: Section 2 re- 58

views the related work. Section 3 presents the technical details 59

of the proposed dehazing method. Section 4 introduces how to 60

extend our method to video dehazing. Section 5 gives a hierar- 61

chical sampling strategy for accelerating the dehazing process- 62

ing. Experimental results and discussions are shown in Section 63

6. Section 7 concludes the paper and gives the future work. 64

2. Related work 65

The main task of image dehazing is to weaken the influence 66

of weather factors on the image quality so as to improve the 67

visibility of the image. It is an interdisciplinary subject with 68

broad application prospect, and has become one of the hotspot 69

topics in computer vision and image processing. In this section, 70

we review the most related work in single image dehazing. 71

Based on the theory of color constancy[20], Retinex algorith- 72

m [21, 22] regards the image as a product between the illumina- 73

tion image and the reflection image. By removing the estimated 74

illumination image from the original image, a reflection image 75



Preprint Submitted for review /Computers & Graphics (2017) 3

with pleased visual appearance can be obtained. Based on the1

characteristics of color consistency, the Retinex theory is very2

effective towards image enhancement in situations where the3

illumination of the imaging field is not sufficient or uniform.4

However, when the Retinex theory is applied directly to image5

dehazing, the resulting dehazing effect is far from ideal. Be-6

cause the method has not considered the degradation model of7

the fog image, it is easy to lead to the missing of detailed infor-8

mation.9

Tan [10] assumes that the ambient light is a constant, and10

the contrast is enhanced markedly in the local area. Under the11

framework of markov random field (MRF) model [23], the cost12

function about the edge strength is constructed, and the graph13

cut theory is applied to estimate the optimal light, which is used14

for enhancing image contrast. The method improves obviously15

the visibility of the image. Since there is no recovery for the16

real scene albedo from physical model, the restored color usu-17

ally exhibits oversaturated phenomenon. And if the fog images18

have the boundaries with abrupt depth jump, it will suffer from19

serious halo artifacts.20

Fattal [12] assumes that the local area albedo of the image21

is a constant vector, and the color of the object surface has not22

local statistical correlation with medium communication. In-23

dependent component analysis (ICA) is applied to estimate the24

albedo vector. Because the method is based on local statistic-25

s and requires sufficient color information and variance, when26

independent component of the input image has no significant27

changes, or the color information is not sufficient, this method28

may fail to produce visually pleasing results.29

Tarel [17] assume that the atmospheric dissipation function30

is close to the maximum in the feasible region, and it has local31

gradual changes. They proposed a fast dehazing method which32

applied modified median filter to estimate the atmospheric veil.33

This method has low time complexity, and it can work well34

in haze removal. However, as the median filter is not a edge-35

preserving filter, the method may generate halo artifacts around36

boundaries with abrupt depth jump. Likewise, Xiao [19] pro-37

poses an efficient image dehazing method. After obtaining the38

smallest channel map, they further apply bilateral filtering to 39

process. Because the bilateral filtering cannot be able to accu- 40

rately keep the edge information of different angles, the dehaz- 41

ing still suffer from halo artifacts and the missing of the edge. 42

He [13] assume that in at least one color channel in local 43

area, the scene albedo tends to zero, then the minimum filter 44

is used to estimate roughly the medium transmission function. 45

Based on the image matting algorithm, the medium transmis- 46

sion function is refined. However, the refined method is essen- 47

tially a problem to solve a large sparse linear equations with 48

high time and space complexity. When the image has sky area, 49

due to ineffective the dark channel, it can make the dehazing 50

result suffer from serious halo artifacts. 51

Meng [16] proposes a new method for haze removal. He 52

regards the boundary as a constraint of the transmission and 53

constructed a optimization model using weighted L1-norm. For 54

each pixel, based on a Gaussian weighted average of its nearby 55

pixels, the hazy-free image is obtained. Due to the Gaussian 56

weighting, the method may produce gradient reversal, which 57

leads to halo artifacts in the dehazing result. 58

3. Dehazing algorithms 59

In computer vision, for a single image, the formation of haze 60

images is widely described as follows: 61

X(i) = Y(i)t(i) + A(1 − t(i)) (1) 62

where X(i) is the intensity of pixel i in the observed haze im- 63

age, Y(i) is the intrinsic scene intensity (haze-free image), A is 64

the global atmosphere light. Medium transmission t(i) = e−βd(i)
65

describes the portion of the light energy arriving at the corre- 66

sponding objects, where β is the scattering coefficient of the 67

atmosphere, and d is the scene depth. By performing the same 68

model on each RGB component, this model can be extended to 69

color image. Because the atmospheric veil V = A(1 − t(i)) re- 70

flects the effect of the atmospheric light on the scene object, (1) 71

can be rewritten as: 72

X (i) = Y (i)
(
1 − V (i)

A

)
+ V (i) . (2) 73
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The goal of haze removal is to recover Y(i) from X(i). To1

estimate the atmospheric light A, He [13] pick up the top 0.1%2

brightest pixels in dark channel, then select the brightest one3

among these pixels as the the atmospheric light A. In this paper,4

we choose a minimum filter to smooth pixel i with a fixed size5

window si to deal with these pixels in a single color channel.6

Then we regard the maximum value of the disposed pixels as7

the atmospheric light A in the color channel. That is

A =
{
Ar, Ag, Ab

}
, (3)8

where Aa = max
i

(min
j∈si

Aa( j)), a ∈ {r, g, b}.9

Then based on the boundary condition, the initial atmospher-10

ic veil is estimated. And the recursive bilateral filter is applied11

to refine the initial atmospheric veil. Further the recursive bilat-12

eral filtering is used to adjust the atmospheric veil. As a conse-13

quence, the difference value of the twice recursive bilateral filter14

can measure the local contrast. Finally, based on local contrast,15

the accurate atmosphere veil which reflects scene depth infor-16

mation can be obtained.17

3.1. The initial atmosphere veil18

Based on (2), we normalize this haze imaging equation using19

A,20

Xa (i)
Aa =

(
1 − V (i)

Aa

)
· Ya (i)

Aa +
V (i)
Aa . (4)21

If we assume that the atmosphere veil is a constant in a small22

local window ω (i), we apply the two minimum operators to23

both sides of (4)24

min
ξ∈ω(i)

(
min

a

(
Xa (ξ)

Aa

))
− min
ξ∈ω(i)

(
min

a

(
Ya (ξ)

Aa

))
=25

V (i)
(

min
ξ∈ω(i)

(
min

a

(
1
Aa

))
− min
ξ∈ω(i)

(
min

a

(
Ya (ξ)
(Aa)2

)))
. (5)26

where ξ is the index of a pixel.27

In general, the scene radiance of a given image is always28

bounded. That is29

Y ≥ B,30

where B is the lower bound vector, which is relate to the given31

image. The boundary is substituted into (5),32

V (i) ≤ Wb (i) =
min
ξ∈ω(i)

(
min

a

(
Xa(ξ)

Aa

))
− min
ξ∈ω(i)

(
min

a

(
Ba(ξ)

Aa

))
min
ξ∈ω(i)

(
min

a

(
1

Aa

))
− min
ξ∈ω(i)

(
min

a

(
Ba(ξ)
(Aa)2

)) . (6)33

(a) (b) (c)

(d) (e)

Fig. 1. Image dehazing result with the initial atmospheric veil. (a) The
original image, (b) the initial atmospheric veil Wa (i), (c) atmospheric veil
inference W (i) = min

a∈{r,g,b}
{Xa (i)}, (d) the result with (b), (e) the result with

(c).

The boundary constraint Wb (i) of V (i) provides a new perspec- 34

tive for W (i) proposed by Tarel and Hautiere [17]. If the size 35

of the window ω (i) is 1 × 1, and B = 0, and three color com- 36

ponents of the global atmospheric light A have the same value 37

when the fog is white or gray without color bias, we will obtain 38

Wb (i) = W (i) = min
a∈{r,g,b}

{Xa (i)}. 39

It is worth noting that the boundary constraint Wb (i) is more 40

fundamental than W (i) = min
a∈{r,g,b}

{Xa (i)}. In most cases, the 41

lower bound of the scene radiance of a given image is always 42

not zero. And three components of the global atmospheric light 43

A have not the same value. In these cases, the atmospheric 44

veil inference W (i) will fail to those pixels, while the proposed 45

boundary constraint Wb (i) still holds. 46

However, in fact, the assumption is demanding that the at- 47

mospheric veil V in a local patch is constant. For this reason, 48

the atmospheric veil V based on this assumption is often under- 49

estimated. To solve the problem, we present a more accurate 50

patch-wise atmospheric veil, which relaxes the above assump- 51

tion and allows the atmospheric veil in a local patch to be s- 52

lightly different by applying a maximum filtering on Wb. That 53

is: 54

Wa (i) = max
j∈ω(i)

Wb ( j) , (7) 55

where j is the index of a pixel. 56

In Fig. 1 the initial atmospheric veil Wa (i) and atmospher- 57

ic veil inference W (i) is shown. Meanwhile, the result by the 58
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Fig. 2. Image dehazing result with the atmospheric veil. (a) The foggy image, (b) the atmospheric veil obtained with the bilateral filtering, (c) the atmo-
spheric veil obtained by the recursive bilateral filtering, (d) the atmospheric veil adjusted again by the recursive bilateral filtering, (e) the visual result of
Gaussian KD-tree clustering, n/m = 12, (f) the final dehazing result by the tone mapping without sampling, (g) the dehazing result of (b), (h) the dehazing
result of (c), (i) the dehazing result of (d) by converting single-precision float point to double-precision float point, (j) the result of n/m = 12, Here, n is the
number of image pixels and m is the number of sampling points in the feature space.

initial atmospheric veil and the result by the atmospheric veil1

inference are shown. Among these results, our result has better2

visibility, and exhibit more texture details. However, our result3

also induces the halo effect. Thus it is necessary to refine the4

initial atmospheric veil Wa (i).5

The atmospheric veil of the original image shall be smooth in6

most region. When the abrupt change of scene depth happens7

to the edge, the atmospheric veil will change suddenly. And8

the atmospheric veil is irrelevant the texture detail information.9

Therefore, we should remove the abundant texture details, and10

preserve edges around regions with dramatic depth changes to11

avoid halo artifacts.12

The traditional bilateral filtering operator can reach the above13

requirements. However, this paper adopts the recursive bilateral14

filtering [24, 25], rather than using the traditional bilateral fil-15

tering operator operator. Compared with the traditional bilateral16

filtering, recursive bilateral filtering takes the image similarity17

of spatial domain and range domain into consideration, which18

can protect the edge and reach the local smoothing effect. At the19

same time, based on a series of one dimensional discrete signal20

operation, the recursive bilateral filtering applies multiple recur-21

sive iteration to be able to accurately keep the edge information22

of different angles, and obtain better processing results than tra-23

ditional bilateral filtering. Based on recursive bilateral filtering 24

operator, the smoothed atmospheric veil can be expressed as 25

follows: 26

M (i) = (1 − a) ·Wa (i) + Ri,i−1 · a · M (i − 1)

= (1 − a) ·
i∑

u=0
Ri,u · ai−u ·W (i) ,

(8) 27

where a = exp
(
−
√

2
/
σs1

)
, σs1 is the normalized parameter 28

of spatial domain. Ri,u = exp
(
−∑i−1

l=u ∥X (l) − X (l + 1)∥2
/
2σ2

r1

)
, 29

where u is the index of a pixel. σr1 is the normalized parameter 30

of range domain. It is simplified as 31

M (i) = R (Wa (i) , σs1, σr1) , (9) 32

where R refers to the recursive bilateral filtering (RBF). In Fig. 33

2(b), the atmospheric veil is obtained by the bilateral filtering. 34

In Fig. 2(c), the atmospheric veil is obtained by the recursive 35

bilateral filtering. Fig. 2(g) and (h) have shown the dehazing 36

result of bilateral filtering and the dehazing result of recursive 37

bilateral filtering, respectively. As we can see, the result of re- 38

cursive bilateral filtering is better than that of bilateral filtering. 39

3.2. The adjustment based on local contrast 40

In Fig. 2(h), though the result becomes better, it still has 41

some residual haze (for example, the edge of the leaf). And the 42

contrast of the result is not high, which causes that the result 43
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is too dark, as shown in Fig. 2(h). Thus it is necessary to fur-1

ther adjust the atmospheric veil in order to get more satisfactory2

result.3

In general, the atmospheric light plays an important role in4

imaging, which is reflected by the atmospheric veil. Specifical-5

ly, under the influence of both the atmospheric light and scene6

depth, the haze for regions of distant view is usually thicker7

than that of regions of close view. As shown in Fig. 2(a), the8

haze in the distant view is thick, and the captured scene is ob-9

scure. As a result, the value of the corresponding atmospheric10

veil should be higher. On the contrary, the haze of the fore-11

ground is thin. Thus the value of the corresponding atmospher-12

ic veil in the foreground should be lower. However, if the color13

value of a region (for example the leaf in close view in Fig.14

2(a)) is very high in fact, it will lead to a corresponding large15

M (i). Then the region will be mistaken for regions with thick16

haze. Therefore, it is necessary to further distinguish the thick17

haze region from the region with high color value.18

For hazy images, we have observed that regions with thin19

haze usually have higher contrast than the regions with thick20

haze. As a result, based on the local contrast, we can distin-21

guish the thick region from the thin region. For recursive bi-22

lateral filtering, the parameters of the kernel function σs1 and23

σr1 determine directly the smoothing degree of filtering results.24

The higher the parameters are, the more the lost texture detail-25

s are. For the thick haze region, the texture detail is obscure.26

Even if it is applied the higher parameters, the result will not27

have large change. But for the thin haze region, the result will28

remove more texture details. As a consequence, the difference29

value of the twice recursive bilateral filter can get the local con-30

trast. Based on the local contrast, we can adaptively handle31

regions with different haze densities. The second smoothed at-32

mospheric veil can be expressed as follows:33

M′ (i) = R (Wa (i) , σs2, σr2) , σs2 > σs1, σr2 > σr1, (10)34

where σs2 is the normalized parameter of spatial domain. σr235

is the normalized parameter of range domain. Then the local36

contrast N (i) can be calculated as follows:37

N (i) =
∣∣∣M (i) − M′ (i)

∣∣∣ . (11) 38

To distinguish regions with different haze densities while con- 39

sidering regions with high color value, we adaptively adjust the 40

atmospheric veil as follows: 41

Ṽ (i) = M (i) − M (i)
km
· N (i) , (12) 42

where m is the mean of M (i), k is an adjustable parameter. M(i)
km 43

can measure the relative luminance value of the pixel, which 44

can adjust the value of the corresponding atmospheric veil for 45

the object with the high color luminance. 46

Because 0 ≤ V (i) ≤ Wa (i), thus the atmospheric veil is 47

V (i) = max
(
min

(
pṼ (i) ,Wa (i)

)
, 0

)
, (13) 48

where p can retain slight haze and make the result more nature. 49

According to the above obtained A and V (i), we will obtain 50

the recovered haze-free image by 51

Y (i) =
X (i) − V (i)

1 − V(i)
A

. (14) 52

In Fig. 2(d), the atmospheric veil is adjusted again by the re- 53

cursive bilateral filtering. In Fig. 2(i), the result after the ad- 54

justment is shown. When the difference value of the twice re- 55

cursive bilateral filter is used to adjust the atmosphere veil, the 56

local contrast of the result is larger. The contrast adjustment 57

is used to not only reduce halo artifacts, but also further im- 58

prove the quality of the image dehazing result. It’s obviously 59

that the contrast of the background area is still not high, and 60

the emerald green bamboo leaf in the foreground are very dark 61

with color bias in Fig. 2 (h). Though the fog is removed, the 62

dehazing result gives people an unreal feeling. According to the 63

local contrast, we can distinguish the thick haze region from the 64

region with high color value. Thus, the leaf in close view in Fig. 65

2(i) is not mistaken for regions with thick haze and restored the 66

true colors of the leaf in close view compared with Fig. 2 (h). 67

The dehazing result in Fig. 2(i) also has a higher contrast and 68

preserves the areas with higher color values in the background 69

compared with Fig. 2 (h). 70
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3.3. The dehazing result adjustment 71

In foggy weather conditions, due to the effect of the atmo-1

spheric light, the overall color of the haze image is too white,2

which lead to the higher pixel value than the real scene. As a3

result, after removing the haze, the image is too dark, as shown4

in Fig. 2(i). So it is necessary to adjust the tone of the haze-free5

image, which make color and contrast of the image more ac-6

cord with true real situation. That is we use the following tone7

mapping [26] operator to further process the haze-free image,8

Ld =
Ldmax · 0.01

lg (Lwmax + 1)
· ln (Lw + 1)

ln
2 + ( Lw

Lmax
w

) ln(b)
ln(0.5)

 · 8 , (15)9

where Ld is the displayed luminance, Ldmax is the maximum10

displayed luminance of the display equipment, Ldmax always is11

100. Lw is the luminance of the pixel in the haze-free image.12

The parameter b can determine the compressed degree of high13

luminance pixels and the visibility of the texture detail on the14

dark region. When b is higher, the degree of compression of15

the luminance value is more powerful, and the whole image is16

darker. However, for this paper, the image without high dy-17

namic range is too dark to observe the texture detail. Thus it is18

need to select appropriate b to improve the luminance and con-19

trast in the dark region. In the tone mapping, the ln function20

is used in darkest areas to ensure good contrast and visibility,21

while the lg function is used for the highest luminance values22

to reinforce the contrast compression. In-between, luminance23

is remapped using logarithmic values based on the shape of a24

chosen bias function. This scheme enables fast nonlinear tone25

mapping without objectionable image artifacts.26

The adjustment result is shown in Fig. 2(f). In Fig. 2(i),27

though it removes absolutely the haze, its visibility is too low28

with the terrible visual feeling. After the adjustment of tone29

mapping, the contrast and luminance of dehazing results are30

improved, and the texture details of dehazing results are more31

obvious. The dehazing results are more accord with real scene.32

4. Video dehazing33

Video dehazing of the fog video is an important problem in34

the field of computer vision. In recent years, with the continu-35

ous development of computer hardware and software technolo-36

gy, the dehazing of the fog weather video has become possible. 37

In foggy weather conditions, due to the reduced visibility, the 38

feature information (such as contrast and color) of the video 39

are attenuation, which are unable to meet the requirement that 40

the outdoor video surveillance system should accurately extract 41

the image feature. So how to automatically, and real-timely e- 42

liminate the effect of the haze in the video is important for the 43

theoretical research and the practical application. 44

In general, video dehazing is more challenging than image 45

dehazing. First, because of the large data, the efficiency of the 46

video is lower than the image. Secondly, because of the mov- 47

ing scene, the atmosphere veil is varying. Thirdly, the dehazing 48

results should maintain the temporal coherence. In order to ob- 49

tain result in a real time fashion, we extend our method to video 50

dehazing. 51

Fig. 3. Video dehazing. Left: Input frames, Right: Output frames.

Firstly, the atmosphere light A of several neighboring frames 52

information around current frame is estimated, rather than esti- 53

mate the atmosphere light A of the current frame. The process 54

is expressed as follows: 55

A =
{
Ar, Ag, Ab

}
, (16) 56

where Aa = max
i

(min
j∈Zi

Aa( j)), Zi denotes the cube centered at the 57

current pixel, which ranges from several neighboring frames. 58

Then, the atmosphere veil is refined by the recursive bilater- 59

al filtering. Because of the linearity of the recursive bilateral 60
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filtering, it can handle linearly the original single along each 61

dimension and generate the infinite impulse response with ex-1

ponential decay. Due to the causality of the filtering, it only2

depends on the previous inputs and outputs, which lead to the3

dissymmetric of the impulse response. Thus the recursive bilat-4

eral filtering is bidirectionally executed along each dimension.5

For an original video, in order to get symmetric response, the6

filtering should be executed twice. In other word, it is execut-7

ed from left to right and from right to left along the horizontal8

direction of the image, then from top to bottom and from bot-9

tom to top along the vertical direction of the current frame, then10

from front to back and from back to front along the time direc-11

tion of the current frame. The result is shown in Fig. 3.12

5. Acceleration using feature space sampling13

To accelerate the Eq.(2), based on similarity measure, orig-14

inal data set is approximated by piece-wise linear segments in15

the feature space, and each segment represents a cluster of near-16

by pixels. Then the barycenter is selected as the sampling point17

of each cluster. Then instead of solving the dehazing proce-18

dure directly on individual points as done in previous methods,19

we use these sampling points to Eq.(2). As a result, the pro-20

cessed sampling points are less than the original points, which21

accelerate greatly the speed of our method. Finally, based on22

Gaussian weight between the current pixel and the correspond-23

ing sampling point, it is interpolated to the original data set for24

avoiding getting the obscure result.25

To obtain better and high-efficient result, we introduce the26

Gaussian KD-tree clustering [27, 28] into our paper. When we27

build the tree for the input image, the tree will represent a multi-28

dimensional feature space. Since we need to accelerate the effi-29

ciency of processing image, we can select some typical points to30

represent the feature space. The procedure is called sampling.31

According to [27, 28], we start to define the affinity space32

for the input image. A multi-dimensional feature vector (qi, vi)33

is stood for the pixel i of the input image, where qi = (xi, yi),34

vi = (ri, gi, bi). Then the normalization coefficient is used to35

the modified feature vector fi. Compared with other methods,36

the Euclidean distance of those pixels which have high affinity37

is smaller. Thus based on the Euclidean distance, we define 38

zi j = exp(−
∥∥∥ fi − f j

∥∥∥2
) as the similarity between the two pixels i 39

and j. 40

Fig. 4. The comparison of dehazing results using different sampling factors.
Top: the time consumption of dehazing results using different sampling
factors, bottom: the error of dehazing results using different sampling fac-
tors.

For the pixels in the affinity area, they have the similar fea- 41

ture value,so we do not need to handle each pixel. We only 42

need a hierarchical data structure and deal with the representa- 43

tive point. Meanwhile, the area where these pixels with large 44

change is needed to be subdivided finely, while the other area 45

only needs to be divided roughly. We apply a top-down fashion 46

[28] to complete the division in the feature space. Starting from 47

a root node, a node is recursively split into two child node. And 48

in the procedure, it must along the axis alternated at successive 49

tree levels. Each leaf node stores two variables: its ID and a d- 50

dimensional sample point representing all the points in current 51

node. 52

The leaf node is determined by a user-defined threshold ς. If 53

the threshold is under the appearance variance, we will subdi- 54
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vide the cell. On the contrary, the cell do not need to be sub- 55

divided. After determining the leaf node, a sample pixel can1

be created in the barycenter of the cell. When processing the2

input image, we only need to process these sampling point in-3

stead of all pixels in the image. The Fig. 2(e) is the visual4

result of Gaussian KD-tree clustering. In Fig. 2 (j), the sam-5

pling dehazing result is shown. As shown in Fig. 4 (a), the time6

consumption reduces with higher sampling factor. In Fig. 4 (b),7

we also give the error, which increases with the higher sampling8

factor.9

6. Experimental results and discussion10

In the section, we show and discuss the results of the pro-11

posed method, and compare with several state of the art image12

dehazing methods in both visual quality and the time complex-13

ity. Our method is implemented in matlab on Inter Core2 Duo14

CPU T6570 @2.10GHz with 4G RAM.15

In this paper, the size of the window ω (i) is 15 × 15. The16

parameter B is (20, 20, 20) [16]. The parameters σr1, σs1 de-17

termine directly the smoothing degree of recursive bilateral fil-18

tering results. When σr1, σs1 is less, the more texture details19

cannot be effectively removed. When σr1, σs1 is larger, name-20

ly the neighborhood of the current filtering pixels is larger, the21

edges of the filtering results are blurred. The parameters σr2,22

σs2 are similar to σr1, σs1. The parameter k is used to adjust23

the luminance value of pixel relative to the average gray level.24

If k is larger, the value of the corresponding atmospheric veil25

for the object with the high color luminance will increase. The26

parameter p indicates the strength of removing residual fog. If27

p is larger, it means that the residual fog is removed as much as28

possible. The parameter b can determine the compressed degree29

of high luminance pixels and the visibility of the texture detail30

on the dark region. When b is higher, the degree of compression31

of the luminance value is more powerful, and the whole image32

is darker. Without loss of generality, we determine other param-33

eters through a lot of experiments. The parameters of recursive34

bilateral filtering are σs1 = 0.025 × min (h,w), σr1 = 16 and35

σs2 = 0.04 × min (h,w), σr2 = 24, where h and w denote the36

length and width of the given image, respectively. Meanwhile,37

we set k = 0.5 and p = 0.9. And b in the tone mapping is 1.5. 38

Fig. 5. The comparisons between our method and He’s method. Left: input
foggy images, Middle: our results, Right: He’s results.

From followed experimental results, we can see that the 39

vivid color information and rich boundary detail information 40

are shown even in the haze regions. It needs to be pointed out 41

that if the atmosphere veil has less texture details and restain 42

more edges, the obtained result will be more distinct. Actually, 43

if the object of the original image is close to white, the object 44

color of the dehazing image will have little changes. Because 45

the white object has a slight effect on the value of the atmo- 46

spheric light, which lead to have a higher atmospheric light. In 47

the captured scene, the density of the fog can be reflected by the 48

atmosphere veil. So it is very important to get an appropriate 49

the atmosphere veil. 50

Fig. 6. The comparisons between our method and Fattal’s method. Left:
input foggy images, Middle: our results, Right: Fattal’s results.

Fig. 7. The comparisons between our method and Tarel’s method. Left:
input foggy images, Middle: our results, Right: Tarel’s results.

The comparisons between our method and He’s method are 51
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Fig. 8. The comparisons between our method and existing dehazing methods. The first row: inpur foggy images, the second row: our results, the third
row: Xiao’s results, the forth row: Fattal’s results, the fifth row: He’s results, the sixth row: Tarel’s results, the seventh row: Meng’s results.
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Table 1. The time consumption of different methods in Fig. 8
Image size n/m Our (s) Xiao (s) Fattal (s) He (m) Taral (s) Meng (s)
508 × 448 12 0.901 1.852 38.347 26.250 0.833 20.764
450 × 375 12 0.691 1.652 33.743 24.210 0.651 18.254
680 × 480 15 0.944 1.905 40.352 33.650 1.006 24.236
680 × 495 15 0.963 1.952 42.864 35.902 1.247 25.731

(a) (b) (c) (d)

Fig. 9. Evaluation of different methods on three indicators introduced in [29]. (a) Evaluation of results in the first column of Fig. 8, (b) evaluation of results
in the second column of Fig. 8, (c) evaluation of results in the third column of Fig. 8, (d) evaluation of results in the fourth column of Fig. 8.

shown in Fig. 5. From the results, in the heavy fog area (for 52

example, the buildings in the distant area), our method per-1

forms better, especially in areas with dramatic depth changes2

(for example, the trees in the near distance area). In addition,3

our approach also works well in preserving edges and revealing4

texture details. Besides, our results is free of halo artifacts, and5

exhibit vivid scene color.6

The comparisons between our method and Fattal’s method7

are shown in Fig. 6. Since Fattal’s method need sufficient color8

information to obtain the transmission function, if the original9

image has a heavy fog, it will weaken sharply the color infor-10

mation and the contrast, leading to the false estimation of the11

transmission function. For example, in the second row, the col-12

or information between trees is in a weak, which leads that the13

results appeared a deviation. And on the lake, there is a mass14

of residual haze in the result. In contrast, our results are more15

aesthetically pleasing.16

The comparisons between our method and Tarel’s method are17

shown in Fig. 7. The median filter is applied to quickly estimate18

the value of the atmospheric veil. This method has the advan-19

tage of low complexity, but their weakness is that the dehazing20

effect is not obvious. As we can see, for the two image of Fig. 7,21

our method produces better dehazing results, and Tarel’s result22

has residual fog.23

The comparisons between our method and other methods are24

shown in Fig. 8. As shown in Fig. 8, the result by our approach25

has better performance in haze removal while existing methods 26

tend to induce unnatural appearance. For example, Xiao fails 27

to handle sky regions and recover vivid scene color. Fattal’s 28

results are oversaturated. He’s method may lead to incomplete 29

haze removal. Tarel’s method is not a edge-preserving method. 30

Meng fails to deal with the images with large scale sky regions. 31

In their results, the colors may be oversaturated or distortion, 32

the halo effects may be apparent, and the texture detail and edge 33

information may not be retained perfectly, and so on. 34

In Fig. 9, we apply three indicators to evaluate different ap- 35

proaches. They are the ratio of the visible edge e, the standard- 36

ization of the visible edge gradient mean r̄, the percentage of 37

saturated black and white pixels σ. If e, r̄ are bigger and σ are 38

smaller, the result will be better. 39

In Table 1, we give the time consumption comparison with 40

Xiao [19], Fattal [12], He [13], Tarel [17], Meng [16]. As we 41

can see, our method exhibits better performance than existing 42

dehazing methods. 43

In Fig. 10, the video can be handled adaptively by our 44

method. The time consumption of video dehazing is relat- 45

ed to the size of the whole video. And the sampling factor 46

is n/m = 12. The time consumption of the video with size 47

672 × 328 is about 0.823s per frame. It is evident that our 48

method could achieve satisfactory video dehazing results. 49
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Fig. 10. Video dehazing. Left: Input frames, Right: Output frames.

Fig. 11. The failed example. Left: the foggy image, right: our result.

However, our algorithm also has a common limitation with 50

most dehazing methods. If the color of the object in the foggy1

image is close to the atmospheric light, the result will be too2

dark. In more complicated scenes, for example the unconspic-3

uous edge, and the strong light on the lake in Fig. 11, the result4

may not be satisfactory. Therefore, we need propose a feasible5

and efficient method to solve the problem.6

7. Conclusion7

In this paper, we introduce a new efficient method for re-8

moving haze from a single image or a video. Firstly, according9

to the boundary condition of the given image, the initial atmo-10

spheric veil can be obtained. Secondly, the difference value of11

the twice recursive bilateral filter is used to the local contrast.12

Based on the local contrast, we can adaptively handle regions13

with different haze densities, and obtain a more accurate atmo-14

spheric veil. To obtain visually more realistic result, we finally15

exploit tone mapping to optimize the recovered image. Mean-16

while, an hierarchical data structure called the Gaussian KD-17

tree is introduced to accelerate the proposed algorithm. The18

experimental results show that the proposed method is effec-19

tive and feasible, and can efficiently produce visually natural20

dehazing results. In the future, we will incorporate the wavelet 21

method or the multi-scale analysis method into the proposed 22

method to further improve the dehazing result. 23
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