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Abstract. In this paper, we propose a novel model, combining the physical
model and the visual model (visual-physical model), to describe the formation of
a haze image. We describe the physical process of degraded image based on
incorporation of optical imaging physical model and visual cognitive process,
enriching the degradation factor. The variational approach is employed to
eliminate the atmospheric light, then estimate transmission map via the median
filter. We can recover the scene radiance based on MRF model, and use contrast
limited adaptive histogram equalization to correct colors after defogging.
Experimental results demonstrate that the proposed model can be applied effi-
ciently to outdoor haze images.
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1 Introduction

Different weather conditions such as haze, fog, smoke, rain, or snow will cause
complex visual effects of spatial or temporal domains in images [1]. Such artifacts may
significantly degrade the performances of outdoor vision systems relying on image
feature extraction [2] or visual attention modeling [3], such as event detection, object
detection, tracking, and recognition, scene analysis and classification, image indexing
and retrieval. Removal of weather effects has recently received much attention, such as
removals of haze, rain, and snow from image.

In this paper, we focus on haze removal from a single image. Based on the fact that
haze is dependent on the unknown depth, dehazing is therefore a challenging problem.
Furthermore, if the available input is only one single hazy image, the problem is
under-constrained and more challenging. Hence, most traditional dehazing approaches
[4] have been proposed based on using multiple hazy images as input or additional
prior knowledge. Polarization-based methods [5] were proposed to remove the haze
effects through two or more images taken with different degrees of polarization. In [6],
more constraints obtained from multiple images of the same scene under different
weather conditions were employed for haze removal. Nevertheless, taking multiple
input images of the same scene is usually impractical in several real applications.
Single image haze removal [7] has recently received much attention. In [29], He et al.
obtained depth image of scenes and removed haze effect relying on the dark channel

© Springer International Publishing Switzerland 2015
Y.-J. Zhang (Ed.): ICIG 2015, Part III, LNCS 9219, pp. 360–368, 2015.
DOI: 10.1007/978-3-319-21969-1_31



prior. In [30], Fattal removed the scattered light to restore haze-free color images using
an uncorrelation principle, but the algorithm cannot handle gray level haze images.

In this paper, inspired by the Retinex model [8, 9], Atmospheric Transmission
Function (ATF) [10], and Monochromic Atmospheric Scattering Model (MASM) [11],
we propose a novel model called the visual-physical model. Based on this new model,
we propose to estimate the atmospheric light via the variational approach. We can then
recover the scene radiance using MRF method, estimate the transmission map and
refining it via the median filter. As a result, high-quality haze-free images can be
recovered.

2 Visual-Physical Model

The VPM can be widely used to describe the formation of a hazy image IðxÞ, where x is
the pixel index, is shown as:

IðxÞ ¼ cðxÞLðxÞ þ dðxÞLðxÞ ð1Þ

where IðxÞ is the observed intensity, cðxÞ is the scene radiance (the original haze-free
image to be recovered) [19], LðxÞ is the global atmospheric light, and dðxÞ is the
atmospheric scattering rate.

Obviously, when dðxÞ ¼ 0, VPM can be used to describe the condition of complex
illumination. When there are haze in atmosphere,dðxÞ[ 0, VPM can be used to
describe the haze degraded image and the image with both haze degradation and
complex light degradation [12, 13]. In addition, the atmospheric light LðxÞ is local
smooth, and in this paper, we assume that the atmospheric scattering rate dðxÞ does not
have a local smoothing properties. So, when dðx0Þ � dðxÞj j[ [ 0; x 2 N0ðx0Þ, x0 is
the additive noise that cause interference, VPM can also describe the noise.

2.1 Eliminate the Atmospheric Light

The VPM can be described as follows:

I ¼ cLþ dL ¼ ðcþ dÞL ¼ I 0L ð2Þ

Based on the variational approach, we propose to estimate the atmospheric light via
Kimmel algorithm [14, 20].

As a consequence, it can be written as:

min Q l½ � ¼ R
X ð rlj j2þaðl� iÞ2 þ b rðl� iÞj j2ÞdX

s:t: l� i and rl;~nh i ¼ 0 on @X
ð3Þ

where l ¼ log L, i ¼ log I, X is the domain of definition of the image, X is edge of the
image. a; b are two punishment parameter.~n is the normal vector of the edge. rlj j2 is a
bound term to keep the smoothness of the atmospheric light. l� ij j2 is another bound
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term to keep the similarity of the atmospheric light and the input image [27]. The last
bound term rðl� iÞj j2 is to keep the smoothness of ðcþ dÞ.

With Kimmel’s method [14], I 0 can be obtained.

2.2 Recovering the Scene Radiance

When I 0 is known, if we can get the evaluation of atmospheric scattering rate d0, we can
recover the scene radiance from the foggy image by maximizing the posterior proba-
bility [15]. d0 can be estimated via dark channel prior based on median filter in order to
preserve both edges and corners [21].

d0ðxÞ ¼ med
Xx

1� min
c2fR;G;Bg

fI 0cðxÞg
� �

ð4Þ

where Xx is a local patch centered at x, c denotes one of the three color channels
ðR;G or BÞ in the RGB (red, blue, and green) color space, and I 0cðxÞ denotes the color
channel c of I 0ðxÞ [22]. Function med() is median filter function. The noise point which
satisfied the equation dðx0Þ � dðxÞj j[ [ 0; x 2 N0ðx0Þ will be filtrated [23].

By using the Bayes rule, this probability can be written as:

p cjd0; I 0ð Þ / p I 0jd0; cð Þp cjd0ð Þ ð5Þ

where p I 0jd0; cð Þ is the data likelihood and p cjd0ð Þ is the prior on the unknown c. In
practice, the log-likelihood is minimized instead of the maximization over the proba-
bility density function [24]. The energy derived from (5) using log-likelihood is:

E cjd0; I 0ð Þ ¼ E I 0jd0; cð Þ þ E cjd0ð Þ ð6Þ

The energy is thus the sum of two terms: the data and prior terms [28]. Data term
E I 0jd0; cð Þ can be denoted as Edata c. And prior term E cjd0ð Þ can be denoted as Eprior c.

By definition, the data term is the log-likelihood of the noise probability on the
intensity. As a consequence, it can be written as:

Edata c ¼
X
x2X

f ð I
0
x � cx � d0x

�� ��
r

Þ ð7Þ

where X is the set of image pixels and f ðÞ is a function related to the distribution of the
intensity noise with scale r. In practice, a Gaussian distribution is usually used [25].

The prior term enforces the smoothness of the restored image by penalizing large
difference of intensity between neighboring pixels [26]. It can be written as:

Eprior c ¼ n
X
x2X

ð1� d0xÞ
X
y2NðxÞ

gð cx � cy
�� ��Þ ð8Þ
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Where n is a factor weighting the strength of the prior on the data term, NðxÞ is the
set of relative positions of pixel neighbors, and gðÞ is a function related to the gradient
distribution of the scene radiance. In practice, the identity function for gðÞ gives sat-
isfactory results. 1� d0x

� �
is an exponential decay, without this decay, the effect of the

data term becomes less and less important as haze density increases, compared to the
prior term, and the result is over smoothed at high haze density [15]. To avoid this
effect, the exponential decay is introduced in the prior term.

The energy function as (6) can be described as MRF model:

U xð Þ ¼
X
if g2C1

V1ðxiÞ þ
X
i;jf g2C2

V2ðxi; xjÞ ð9Þ

In this paper, we use a-expand algorithm [16, 17] to get the optimal result of the
energy function.

We adjust the image colors via contrast limited adaptive histogram equalization
(CLAHE) [18] in this paper.

3 Experimental Results

To demonstrate the practicability and performance of the proposed Visual-Physical
model, we evaluate the performance of the various outdoor images with and without
applying the proposed dehazing method as a preprocessing step, in Sect. 3.1. Then, in
Sect. 3.2, we compare our method with He’s [29] and Fattal’s [30] methods.

3.1 Experiments on Different Haze Image

As shown in Fig. 1, top of Fig. 1 shows the input image. The second line of Fig. 1
shows the atmospheric scattering rate image. The third line of Fig. 1 shows the
atmospheric light image. The bottom of Fig. 1 shows the scene radiance image. The
proposed algorithm can successfully restore degraded contrast and color of images.

Figure 1 shows the scenes recovered by the same restoration algorithm derived
from visual-physical model with different input image. Obviously, the scene recovered
by our method has good quality and visibility. In the red rectangle in Fig. 1d1, we can
obtain that our method can well deal with large scene depth image. In the red rectangle
in Fig. 1d2, we can obtain that our method can well retain edges. In the red rectangle in
Fig. 1d3, we can obtain that our method can well recover texture.

Figure 1d1 shows dehazed image of city scene. Figure 1a1 has a relatively low
contrast and appears gray. We produced a better result in Fig. 1d1, where the fog area
has clearly been weakened. At the same time, the color of the building has been
restored and the whole image is brighter. Figure 1d2 shows the result of close scene
image and Fig. 1d3 shows the result of natural scene. We can also obtain that our
method can well enhance the contrast of image and restore the color of scene.
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3.2 Comparison Experiment

Figures 2, 3, and 4 shows the comparison of three methods, where it can be observed
that the proposed method can unveil the details and recover vivid color information, but
often over saturated in some regions.

Figures 2, 3, and 4 shows a comparison between results obtained by He’s [29],
Fattal’s [30] and our algorithm. Figures 2C, 3C, and 4C show the results obtained by
He’s method [29], which can retain most of the details while its color is not consistent
with the original one, but will introduce false contour on some edges. Figures 2D, 3D,
and 4D show the results obtained by Fattal’s method [30], this approach cannot well
handle heavy haze images and may be failed in the cases that the assumption which
surface shading are locally uncorrelated is broken.

Fig. 1. Haze removal using our method. a1, a2, a3 are input haze image. d1, d2, d3, are image
after haze removal by our approach.
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Fig. 2. Dehazing results of outdoor image.

Fig. 3. Dehazing results of indoor scene image.
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Figures 2B, 3B, and 4B show the recovered image obtained by our approach. It can
be seen that our results retain very fine details and preserve the color of the original
scene. But in some large depth scene regions, the recovered image is too bright. And it
contains some white block effects on those regions.

Additionally, Table 1 shows the entropy, PSNR and variance of He’s [29], Fattal’s
[30] and our method. The entropy and variance denote the quantity of information of
image. The better recovered image has higher value of entropy and variance.
The PSNR denotes the integrality of image structure information.

Based on Table 1, the proposed method can restore the naturalness of original
image, enhance the contrast of image, and recover the details.

4 Conclusions

In this paper, we proposed an effective and efficient model to describe the haze image.
Based on this visual-physical model, we can eliminate the atmospheric light via var-
iational approach, estimate transmission map via the median filter, recover scene

Fig. 4. Dehazing results of road scene image.

Table 1. Subjective evaluation results of He’s, Fattal’s and the proposed methods

Entropy PSNR Variance

Our result 6.1796 18.2017 95.6163
He. K 5.7912 17.9681 89.3237
Fattal 4.6568 13.2778 113.9225
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radiance via MRF model and correct colors via CLAHE. The proposed method is
especially good performance for nature scene. It enhances the contrast of objects but
will be over saturated in some regions.
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