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ABSTRACT

Model driven single image dehazing was widely studied due to its
broad applications. It is challenging to prevent noise from being
amplified in sky region for the model driven dehazing algorithms.
In this paper, a new multi-scale hazy image model is first built up
by using the Laplacian pyramid of hazy image and the Gaussian
pyramid of transmission map. A novel multi-scale dehazing algo-
rithm is then proposed on top of the model to address the problem.
Different haze removal and noise reduction approaches are applied
to restore the scene radiance at different levels of the pyramid.
The resultant pyramid is collapsed to restore a haze-free image.
Experiment results demonstrate that the proposed algorithm out-
perform state of the art dehazing algorithms and the noise is indeed
prevented from being amplified in the sky region.

1. INTRODUCTION

Under bad weather conditions such as haze, smoke, fog, and so
on, an outdoor hazy image suffers from contrast loss of captured
objects [1], reduction of depth and dynamic range [2, 3], as well
as color distortion [4]. Single image dehazing is to restore a haze-
free image from a single hazy image. The color distortion caused
by the air-light is corrected as well as both the local and the global
contrast of the scene are increased in the restored image [1]. The
problem was well studied due to its broad applications including
those in [5].

Existing single image dehazing algorithms can be classified
into data driven algorithms and model driven algorithms. The
data driven dehazing, especially deep learning based dehazing was
quite popular. Ren et al. [6] and Cai et al. [7] proposed to study
single image dehazing using deep convolutional neural networks
(CNNs). All the CNN based algorithms have potential to obtain
higher SSIM or PSNR values but the dehazed images look blurry
and they are not photo realistic. Their performance also needs to
be improved if the haze is heavy [8]. Qu et al. [9] proposed a gen-
erative adversarial nets (GANs) based dehazing algorithm, which
generated a haze-free image without using the physical scattering
model [10]. Unlike the CNN based algorithms, the GAN based
dehazing algorithm is able to produce photo-realistic images even
though generated texture is different from real one. However, the
data driven algorithms perform poor on hazy images captured by
cameras, especially for those hazy images with heavy haze [11].

An outdoor hazy image can be modelled by a pixel-wise con-
vex combination of a haze-free image and a global atmospheric
light [10]. Many model driven dehazing algorithms were proposed
by using the model. Since the number of freedoms is larger than
the number of observations, single image dehazing is an under-
constrained problem. Ambiguity between object radiance and haze
is one inherent problem for the model based singe image dehazing
algorithms. Different priors were proposed to address the inherent

problem. He et al. [4] introduced a well known dark channel prior
(DCP) for single image dehazing. The DCP assumes that each
local patch of an outdoor haze-free image includes at least one
pixel which has at least one color channel with a small intensity.
The patch is usually selected as 15×15 by the existing algorithms.
The DCP introduces morphological artifacts to the restored image.
Guided image filters (GIFs) [12] and weighted GIF (WGIF) [13]
can be selected to smooth the morphological artifacts. The radius
of the filter is usually chosen as 60 such that the morphological
artifacts can be smoothed. On the other hand, fine structure cannot
be preserved well by the GIF or WGIF with the large radius [14].
Even though the global GIF in [14] can be adopted to address
this problem, its complexity is an issue for devices with limited
computational resource. A haze line prior (HLP) was proposed
in [15] to address the inherent problem. The HLP is based on
an observation that the colors of a haze-free image can usually
be represented by a finite number of different colors which are
classified into clusters in the RGB space [16]. All pixels in each
cluster form a haze line in the hazy image. The HLP assumes that
each haze line includes at least one haze-free pixel. The algorithms
in [4, 15] are robust to different degree of haze in hazy images.

The transmission map is very small for each pixel in sky region
due to its large depth. Noise is amplified in the sky region of the
dehazed image if the hazy image is noisy. This implies that noise
amplification in the sky region is the other inherent problem for
the Koschmiedars law based single dehazing algorithms. Li et al
[13, 17] introduced an adaptive sky compensation term to address
the problem. However, a pixel in the brightest object could be
classified as a pixel in the sky region. Subsequently, haze of the
brightest objects might not be removed well. It is thus desired to
develop a new single image dehazing algorithm to address both
the inherent problems and the algorithm is applicable regardless
of haze degree.

In this paper, a novel multi-scale model driven dehazing algo-
rithm is proposed to address all the above problems by using the
Koschmiedars law [10] and the Laplacian pyramids [18]. Same
as the DCP based dehazing algorithms [4, 17], the transmission
map is assumed to be constant in a small neighborhood of each
pixel. A new multi-scale hazy image model is first built up. The
hazy and haze-free images are decomposed into multiple scales via
the Laplacian pyramids which are on top of Gaussian pyramids.
The transmission map is decomposed into multiple scales by using
the Gaussian pyramid. It is found that the relationship between
the Gaussian pyramids of the hazy and haze-free images follows
the Koschmiedars law at the different level. The relationship be-
tween their Laplacian pyramids at the different level is derived
from the Koschmiedars law and the new finding. A simple multi-
scale dehazing algorithm is then proposed on top of the new model.
The global atmospheric light is estimated by using the hierarchical
searching method in [21], and the transmission map is estimated by



using the HLP in [15]. Since the Laplacian pyramid of the hazy im-
age contains different amount of noise at different level, different
noise reduction method is adopted to recover the scene radiance
at the different level of the pyramid. The resultant pyramid is
finally collapsed to restore a dehazed image. Experimental results
show that the proposed algorithm outperforms existing dehazing
algorithms from both subjective quality and objective quality (such
as dehazing quality index (DHQI) in [23]) points of view, and it
can prevent noise from being amplified in the sky region regardless
of haze degree.

The rest of this paper is organized as below. Inherent problems
of model driven single image dehazing are presented in Section
2. A new multi-scale dehazing algorithm is proposed in Section
3. Experimental results are provided in Section 4 to verify the
proposed algorithm. Conclusion remarks are drawn in Section 5.

2. INHERENT PROBLEMS OF MODEL DRIVEN SINGLE
IMAGE DEHAZING

The relationship between a hazy image Z and a haze-free image I
can be represented by the following Koschmiedars law [10]:

Zc(i, j) = Ic(i, j)t(i, j) +Ac(1− t(i, j)), (1)

where (i, j) is a pixel position, and c ∈ {R,G,B} is a color
channel. Ac is the atmospheric light and is a constant for the whole
image. t is the transmission map which describes the portion of the
light reaching the camera. The term Ic(i, j)t(i, j) is called direct
attenuation, and the term Ac(1 − t(i, j)) is called airlight. When
the atmosphere is homogenous, t(i, j) can be computed by

t(i, j) = exp−αd(i,j), (2)

and α(> 0) represents the scattering coefficient of the atmosphere.
d(i, j) is the depth of pixel (i, j).

Both the atmospheric light A and the transmission map t are
estimated to restore a haze-free image. Consider a pixel (i, j) in
the sky region, the transmission map t(i, j) is almost zero and the
value of Zc(i, j) is Ac. Thus, variance of pixel values is small and
average of pixel values is large in the sky region. The atmospheric
lightAc is usually larger than the Ic(i, j). A hierarchical searching
method was proposed in [21] to estimate the atmospheric light A
by using these observations.

It is challenging to estimate the transmission map t(i, j) for
each pixel. The ambiguity between object radiance and haze is
one inherent problem for the model driven singe image dehazing
because there are only three equations but at least four unknown
variable per pixel position. The challenging problem can be re-
solved by introducing different priors. The HLP in [15] is adopted
in this paper because it can preserve fine structure better than the
DCP. Define a set H(i, j) as

H(i, j) = {(i′, j′)|
∑

c∈{R,G,B}

|Ic(i′, j′)− Ic(i, j)| = 0}. (3)

All the Z(i′, j′)’s with (i′, j′) in the set H(i, j) form a haze
line with the color I(i, j) and the atmospheric light A as the two
end points [15]. Each haze line can be identified by using a color
shift hazy pixel Ẑ(i′, j′) which is defined as (Z(i′, j′)−A). The
Ẑ(i′, j′) can be converted into the spherical coordinates as [r(i′, j′),
θ(i′, j′), ψ(i′, j′)]. θ(i′, j′) and ψ(i′, j′) are the longitude and

latitude, respectively, and r(i′, j′) is

r(i′, j′) = ‖Ẑ(i′, j′)‖ = t(i′, j′)‖I(i′, j′)−A‖. (4)

Consider two pixel positions (i′1, j
′
1) and (i′2, j

′
2) in the setH(i, j),

it can be verified that

θ(i′1, j
′
1) = θ(i′2, j

′
2), ψ(i′1, j

′
1) = ψ(i′2, j

′
2). (5)

In other words, all pixels are clustered into different haze lines
according to [θ(i′, j′), ψ(i′, j′)]. The pixels in one cluster are usu-
ally located at different distances from the camera. Let rmax(i, j)
be defined as

rmax(i, j) = max
(i′,j′)∈H(i,j)

{r(i′, j′)}. (6)

It was shown in [16] that the colors of a haze-free image can
usually be represented by several hundred different colors. Thus,
all the Z(i′, j′)’s form several hundred haze lines. The HLP in
[15] assumes that each haze-line includes a haze-free pixel. In
other words, rmax(i, j) is ‖I(i, j)−A‖. With the HLP, the t(i, j)
can be estimated as

t(i, j) =
r(i, j)

rmax(i, j)
(7)

for each pixel position (i, j).
Once the atmospheric light A and the transmission map t are

available, the haze-free image I can be recovered by:

I(i, j) =
Z(i, j)−A

max{t(i, j), t0}
+A, (8)

where t0 is a small constant such as 0.1 in [4].
Most existing haze removal algorithms assume that the hazy

image Z is noise free. However, an outdoor hazy image Z is
usually noisy [13, 8], and it can be represented by

Z(i, j) = Z̃(i, j) + n(i, j), (9)

where Z̃ is a hazy but noise free image and n is the noise im-
age. Combining the equations (8) and (9), the haze-free image is
restored by

I(i, j) =
Z̃(i, j)−A

max{t(i, j), t0}
+A+

n(i, j)

max{t(i, j), t0}
. (10)

Considering a pixel position (i, j) in the sky region, d(i, j) is
very large, and t(i, j) is almost zero. Subsequently, max{t(i, j), t0}
is equal to t0. The noise is amplified as n(i,j)

t0
, as shown in Eq.

(10). This implies that noise amplification in the sky region is the
other inherent problem for the model driven single image dehaz-
ing. Actually, the atmospheric light A and the transmission map t
could also be affected by the noise if they are estimated from the
noisy hazy image Z. A new multi-scale dehazing algorithm will
be proposed to address the problems in the next section.

3. MULTI-SCALE DEHAZING

In this section, a multi-scale hazy image model is first built up by
using the Koschmiedars law (1) and the Laplacian pyramid [18,
19, 20]. A novel multi-scale dehazing algorithm is then proposed.
Finally, the proposed algorithm is analyzed.



3.1. A Laplacian Pyramid Hazy Image Model

A Laplacian pyramid is usually generated on top of a Gaussian
pyramid [18]. Let {Z}lG be the l(0 ≤ l ≤ L0)-th level in the
Gaussian pyramid of the image Z. L0 is chosen as 2 in this paper.
The pyramid is generated as [18]

{Z}lG = Ψ({Z}l−1
G ) (11)

where {Z}0G is Z, l = 1, · · · , L0, and Ψ(·) is defined as
{Z}lG(i, j) =

1∑
m=−1

1∑
n=−1

w(m,n){Z}l−1
G (2i+m, 2j + n)

w(m,n) = w̃(m)w̃(n)
w̃(−1) = w̃(1) = 1

4
; w̃(0) = 1

2

.

(12)

Let {Z}lL be the Laplacian pyramid of the image Z and it is
generated by [18]{

{Z}l−1
L = {Z}l−1

G − {Z}l−1
E

{Z}l−1
E = Φ({Z}lG)

, (13)

where Φ(·) is the reverse of Ψ(·) and it is defined as [18]

{Z}l−1
E (i, j) = 4

1∑
m=−1

1∑
n=−1

w(m,n){Z}lG(
i−m

2
,
j − n

2
),

(14)

and only terms for which (i − m)/2 and (j − n)/2 are integers
are included in the sum.

The Gaussian pyramid of the transmission map t is denoted
as {t}lG. Similar to the existing dehazing algorithms [4, 17], the
transmission map t is assumed to be constant in a small neighbor-
hood of each pixel. It can be easily shown that

{t}lG(i, j) = {t}l−1
G (2i+m, 2j + n) = {t}l−1

E (2i, 2j) (15)

hold for all l(0 ≤ l ≤ L0)’s and m,n ∈ {−1, 0, 1} if L0 is small.
For simplicity, the hazy image Z is first assumed to be noise

free. It can be derived from the equations (1), (11), (12) and (15)
that

{Z}1G(i, j) = {I}1G(i, j)t(2i, 2j) +A(1− t(2i, 2j))
= {I}1G(i, j){t}1G(i, j) +A(1− {t}1G(i, j)), (16)

and from the equations (13), (15) and (16) that

{Z}0L(i, j) = Z(i, j)− {Z}0E(i, j)

= (I(i, j)− {I}0E(i, j))t(i, j)

= {I}0L(i, j)t(i, j)

= {I}0L(i, j){t}0G(i, j). (17)

Similarly, it can be derived that{
{Z}lG(i, j) = ({I}lG(i, j)−A){t}lG(i, j) +A
{Z}lL(i, j) = {I}lL(i, j){t}lG(i, j)

(18)

holds for all l(0 ≤ l ≤ L0)’s. Clearly, the relationship between
the Gaussian pyramids of the hazy and haze-free images also fol-
lows the Koschmiedars law at the different level. The Laplacian

components of the hazy image are scaled down. As a result, the
contrast of the hazy image is reduced.

Similar results can be derived for a noisy and hazy image Z.
The proposed multi-scale hazy image model is finally presented as{

{Z}L0
G (i, j) = ({I}L0

G (i, j)−A){t}L0
G (i, j) +A

{Z}lL(i, j) = {I}lL(i, j){t}lG(i, j) + {n}lL(i, j)
, (19)

where 0 ≤ l < L0. This model is based on the facto that {Z}L0
G

is usually noise free. It can be easily verified that {Z}l−1
L includes

much more noise than {Z}lL, i.e., {n}lL(i, j)� {n}l−1
L (i, j).

3.2. The Proposed Algorithm

Since the image {Z}0E includes less noise than the hazy image
Z, both the atmospheric light A and the transmission map t are
estimated by using {Z}0E rather than the hazy imageZ as in [4, 15,
17]. The atmospheric lightA is estimated by using the hierarchical
searching method on basis of the quad-tree subdivision in [21], and
the transmission map t(i, j) is estimated via the HLP in [15].

Since the Laplacian pyramid of the hazy image contains differ-
ent amount of noise at the different level, different noise reduction
method is proposed to recover the scene radiance at the different
level of the pyramid. At the coarsest level L0, the Gaussian com-
ponent of the scene radiance is restored as

{I}L0
G (i, j) =

{Z}L0
G (i, j)−A

max{{t}L0
G (i, j), η)

+A, (20)

where η is 1/4 for normal haze and 1/8 for heavy haze.
At the level l(0 ≤ l < L0), the Laplacian component of the

scene radiance is recovered by

{I}lL(i, j) =(1− φ({t}lG(i, j))

2l
)

{Z}lL(i, j)

max{{t}lG(i, j), η}

+
φ({t}lG(i, j))

2l
ψ({t}lG(i, j)){Z}lL(i, j), (21)

where functions φ(·) and function ψ(·) are defined as
φ({t}lG(i, j)) = 1

1+exp(32(
{t}l

G
(i,j)

η
−1))

ψ({t}lG(i, j)) =
{t}lG(i,j)

η
+ 1

. (22)

Two important cases of the equation (21) are addressed as
follows:

Case 1: {t}lG(i, j) is less than η, φ({t}lG(i, j)) is almost 1. It
can be derived from the equation (21) that

{I}lL(i, j) ≈ (1− 1

2l
)
{Z}lL(i, j)

η
+

1

2l
ψ({t}lG(i, j)){Z}lL(i, j).

Considering the cases that l = 0, l = 1 and {t}lG(i, j) ≈ 0, it can
be derived that{

{I}1L(i, j) ≈ 1
2

{Z}lL(i,j)

η
+ 1

2
{Z}lL(i, j)

{I}0L(i, j) ≈ {Z}1L(i, j)
.

Since the noise is reduced from the finest level to the coarsest
level, the weight of {Z}

l
L(i,j)

η
is decreased from the coarsest level

to the finest level. Clearly, the noise is prevented from being am-
plified in the sky region by using the proposed multi-scale single



Fig. 1. Comparison of different haze removal algorithms. From left to right, dehazed images by the algorithms proposed by [7], [22], [9],
[4], [15] and ours, respectively.

image dehazing algorithm.
Case 2: {t}lG(i, j) is larger than η, φ({t}lG(i, j)) is almost 0.

It can be derived from the equation (21) that

{I}lL(i, j) ≈ {Z}
l
L(i, j)

{t}lG(i, j)
.

Subsequently, objects nearby the camera are restored well. It is
shown in these two cases that single image dehazing is indeed one
type of spatially varying single image detail enhancement [13].

The pyramid of {I}L0
G and {I}lL(0 ≤ l < L0) is collapsed

to obtain the haze-free image I . All the Laplacian components
{I}lL(i, j)’s can be tuned according to users’ preference. For ex-
ample, they can be amplified to produce a sharper haze-free image.

4. EXPERIMENTAL RESULTS

Experimental results are provided in this section to demonstrate
the proposed multi-scale dehazing algorithm. Readers are invited
to view to electronic version of figures and zoom in them so as to
better check differences among all images.

The proposed algorithm is compared with five state-of-the-art
dehazing algorithms in [4], [15], [7], [9], and [22] by testing 21
real outdoor hazy images [24]. It should be pointed out that the
algorithms in [4] and [15] are model driven algorithms while the
others are data driven algorithms. As shown in Fig. 1, the dehazed
images by the algorithms in [7] and [22] are too blurry and they
are not photo-realistic. The haze is not removed well if it is heavy.
The algorithm in [9] can be applied to overcome the problems but
the generated texture is different from real one. Color distortion is
also a possible issue for all the learning based dehazing algorithms.
Therefore, the deep learning based dehazing algorithms could not
perform well for real hazy images. The model driven algorithms
in [4], [15] and the proposed algorithm can be applied to generate

photo realistic images with the real texture. Both the algorithm in
[15] and the proposed algorithm preserve fine structures than the
algorithm in [4]. Noise is indeed amplified in the sky regions of
the dehazed images by the model driven algorithms [4] and [15].
The problem is overcome by the proposed multi-scale dehazing al-
gorithm due to the equation (21). Overall, the proposed algorithm
outperforms other algorithms from the subjective quality point of
view.

Besides the subjective evaluation, the quality index DHQI in
[23] is adopted to compare the proposed algorithm with the algo-
rithms in [4], [15], [7], [9], and [22]. Each dehazed images of [9] is
upsampled to be consistent with the size of the input. The average
DHQI values of the 21 outdoor hazy images are given in Table 1.
Clearly, the proposed algorithm also outperforms other algorithms
from the objective quality point of view.

Table 1. Average DHQI values of 21 real outdoor hazy images for
different algorithms (the larger, the better).

[4] [15] [7] [9] [22] Ours
50.55 51.96 53.09 46.67 45.52 56.45

5. CONCLUSION

In this paper, a new multi-scale hazy image model has been built up
by using the Laplacian pyramid of the hazy image, the Gaussian
pyramid of the transmission map and the Koschmiedars law. A
novel multi-scale algorithm has then been introduced using the
new model. Experiment results validate the proposed algorithm.

It is worth noting that both the Gaussian and Laplacian pyra-
mids are on top of linear filters which cannot preserve edges well.
Subsequently, there are aliasing artifacts around edge which are
amplified in single image dehazing. This problem can be addressed
by using an edge-preserving filter [25] and it will be studied in our
future research.
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