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Abstract— Haze is an atmospheric phenomenon that signifi-

cantly degrades the visibility of outdoor scenes. This is 

mainly due to the atmosphere particles that absorb and 

scatter the light. This paper introduces a novel single image 

approach that enhances the visibility of such degraded 

images. Our method is a fusion-based strategy that derives 

from two original hazy image inputs by applying a white 

balance and a contrast enhancing procedure. To blend 

effectively the information of the derived inputs to preserve 

the regions with good visibility, we filter their important 

features by computing three measures (weight maps): 

luminance, chromaticity, and saliency. To minimize artifacts 

introduced by the weight maps, our approach is designed in 

a multiscale fashion, using a Laplacian pyramid 

representation. We are the first to demonstrate the utility and 

effectiveness of a fusion-based technique for dehazing based 

on a single degraded image. The method performs in a per-

pixel fashion, which is straightforward to implement. The 

experimental results demonstrate that the method yields 

results comparative to and even better than the more 

complex state-of-the-art techniques, having the advantage of 

being appropriate for real-time applications.     

Key words: Single image dehazing, outdoor images, 

enhancing   

I. INTRODUCTION 

OFTEN, the images of outdoor scenes are degraded by bad 

weather conditions. In such cases, atmospheric phe-nomena 

like haze and fog degrade significantly the visibility of the 

captured scene. Since the aerosol is misted by additional 

particles, the reflected light is scattered and as a result, 

distant objects  and  parts  of  the  scene  are  less  visible,  

which  is characterized by reduced contrast and faded 

colors. Restoration of images taken in these specific 

conditions has caught increasing attention in the last years. 

This task is important in several outdoor 

applications such as remote sens-ing, intelligent vehicles, 

object recognition and surveillance. In remote sensing 

systems, the recorded bands of reflected light are processed 

[1], [2] in order to restore the outputs. Multi-image 

techniques [3] solve the image dehazing problem by 

processing several input images that have been taken in 

different atmospheric conditions. Another alternative [4] is 

to assume that an approximated 3D geometrical model of 

the scene is given. In this paper of Treibitz and Schechner 

[5] different angles of polarized filters are used to estimate 

the haze effects. 

A more challenging problem is when only a single 

degraded image is available. Solutions for such cases have 

been intro-duced only recently [6]–[10]. 

In this paper we introduce an alternative single-

image based strategy that is able to accurately dehaze 

images using only the original degraded information. An 

extended abstract of the core idea has been recently 

introduced by the authors in [11]. Our technique has some 

similarities with the previous approaches of Tan [7] and 

Tarel and Hautière [10], which enhance the visibility in such 

outdoor images by manipulating their contrast. 

However, in contrast to existing techniques, we 

built our approach on a fusion strategy. We are the first to 

demonstrate the utility and effectiveness of a fusion-based 

technique for dehazing on a single degraded image. Image 

fusion is a well studied process [12], that aims to blend 

seamlessly several input images by preserving only the 

specific features of the composite output image. In this 

work, our goal is to develop a simple and fast technique and 

therefore, as will be shown, all the fusion processing steps 

are designed in order to support these important features. 

The main concept behind our fusion based technique is that 

we derive two input images from the original input with the 

aim of recovering the visibility for each region of the scene 

in at least one of them. Additionally, the fusion 

enhancement technique estimates for each pixel the 

desirable perceptual based qualities (called weight maps) 

that controls the contribution of each input to the final result. 

In order to derive the images that fulfill the visibility 

assumptions (good visibility for each region in at least one 

of the inputs) required for the fusion process, we analyze the 

optical model for this type of degradation. There are two 

major problems, the first one is the color cast that is 

introduced due to the airlight influence and the second is the 

lack of visibility into distant regions due to scattering and 

attenuation phenomena. 

The first derived input ensures a natural rendition 

of the output, by eliminating chromatic casts that are caused 

by the airlight color, while the contrast enhancement step 

yields a better global visibility, but mainly in the hazy 

regions. However, by employing these two operations, the 

derived inputs taken individually still suffer from poor 

visibility (e.g. analyzing figure 3 it can be easily observed 

that the second input restores the contrast of the hazy inputs, 

but at the cost of altering the initial visibility of the 

closer/haze-free regions). 

Therefore, to blend effectively the information of 

the derived inputs, we filter (in a per-pixel fashion) their 

impor-tant features, by computing several measures (weight 

maps). Consequently, in our fusion framework the derived 

inputs are weighted by three normalized weight maps 

(luminance, chromatic and saliency) that aim to preserve the 

regions with good visibility. 

Finally, to minimize artifacts introduced by the 

weight maps, our approach is designed in a multi-scale 

fashion, using a Laplacian pyramid representation of the 

inputs combined with Gaussian pyramids of normalized 

weights. 
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Our technique has several advantages over 

previous single-image dehazing methods. First, our 

approach performs an effective per-pixel computation, 

different from the majority of the previous methods [6]–[8] 

that process patches. A proper per-pixel strategy reduces the 

amount of artifacts, since patch-based methods have some 

limitations due to the assumption of constant airlight in 

every patch. In general, the assumptions made by patch-

based techniques do not hold, and therefore additional post 

processing steps are required (e.g. the method of He et al. 

[8] needs to smooth the transmission map by alpha-matting). 

Secondly, since we do not estimate the depth (transmission) 

map, the complexity of our approach is lower than most of 

the previous strategies. Finally, our technique performs 

faster which makes it suitable for real-time applica-tions. 

Even compared with the recent effective implementation of 

Tarel and Hautière [10] our technique is able to restore a 

hazy image in less time, while showing more visually 

plausible results in terms of colors and details (see figure 1). 

Our technique has been tested extensively for a 

large set of different hazy images (the reader is referred to 

the supplemen-tary material). Results on a variety of hazy 

images demonstrate the effectiveness of our fusion-based 

technique. Moreover, we perform a quantitative 

experimental evaluation based on the measure of Hautière et 

al. [13]. The main conclusion is that our approach is less 

prone to artifacts, yielding very similar results with the 

physically-based techniques such as the technique of Fattal 

[6], He et all. [8], Nishino et al. [14] and Kopf et al. [4]. We 

believe that this is a key advantage of our technique. 

The rest of paper is structured as follows. In the 

next section, the related techniques that deal with haze 

removal are briefly reviewed. In Section III, we discuss 

some theoretical aspects of light propagation in such 

environments. In Section IV, we introduce our new single 

image based dehazing technique; the details regarding our 

fusion technique are discussed in this section. In the next 

section we report and discuss the results while in Section VI 

our method is summarized.  

II. RELATED WORK 

Enhancing images represents a fundamental task in many 

image processing and vision applications. As a particular 

chal-lenging case, restoring hazy images requires specific 

strategies and therefore an important variety of methods 

have emerged to solve this problem. 

 
Fig. 1: Comparison with the fast method of Tarel and 

Hautière [10]. Our method performs faster and yields more 

visually plausible results than [10] Notice the sky and sea 

regions. 

Firstly, several dehazing techniques have been developed 

for remote sensing systems, where the input information is 

given by a multi-spectral imaging sensor installed on the 

Landsat satellites. The recorded six-bands of reflected light 

are processed by different strategies in order to yield 

enhanced output images. The well-known method of Chavez 

[1] is suitable for homogeneous scenes, removing the haze 

by sub-tracting an offset value determined by the intensity 

distribution of the darkest object. Zhang et al. [15] 

introduced the haze optimized transformation (HOT), using 

the blue and red bands for haze detection, that have been 

shown to be more sensitive to such effects. Moro and 

Halounova [2] generalized the dark-object subtraction 

approach [1] for highly spatially-variable haze conditions. 

A second category of methods, employs multiples images or 

supplemental equipment. In practice, these techniques use 

several input images taken in different atmospheric 

conditions. Different medium properties may give important 

information about the hazy image regions. Such methods 

[3], [16], [17] produce pleasing results, but their main 

drawback is due to their acquisition step that in many cases 

is time consuming and hard to carry out. 

Different strategies have been developed when the 

approx-imated 3D geometrical model of the scene is given. 

The forerunner method of Narasimhan and Nayar [18] 

employs an approximated depth-map specified interactively 

by the users. Hautière et al. [19] designed a method for 

vehicle vision systems, where weather conditions are first 

estimated and then used to restore the contrast according to 

a scene structure which is inferred a priori. The Deep Photo 

[4] system uses the existing georeferenced digital terrain and 

urban models to restore foggy images. The depth 

information is obtained by iteratively aligning the 3D 

models with the outdoor images. 

Another class of techniques exploits the properties 

of the airlight that is partially polarized [5], [20]–[23]. By 

using different angles of polarized filters the resulting 

images of the same scene can be processed to estimate the 

haze effects. The difference between such images enables 

the estimation of the magnitude of the polarized haze light 

component. These methods have shown less robustness for 

scenes with dense haze where the polarization light is not 

the major degradation factor. 

However, a more difficult case is when only a 

single hazy image is used as an input information. The 

single image dehazing is an ill-posed problem that can be 

solved by dif-ferent strategies [6]–[8], [10], [14] that have 

been introduced only recently. Roughly, these methods can 

be divided into contrast-based and statistical approaches. 

Tan’s [7] method belongs to the first category. In this case 

the image restoration maximizes the local contrast while 

constraining the image intensity to be less than the global 

atmospheric light value. The contrast-based enhancing 

approach of Tarel and Hautière [10] has shown to be a 

computationally effective technique, but assumes as well 

that the depth-map must be smooth except along edges with 

large depth jumps. Regarding to the second category, the 

technique of Fattal [6] employs a graphical model that 

solves the ambiguity of airlight color. It assumes that image 

shading and scene transmission are locally uncorrelated. He 

et al. [8] built their approach on the statistical observation of 

the dark channel [1], that allows a rough estimation of the 
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transmission map. To refine the final depth-map, the 

transmission map values are extrapolated into the unknown 

regions, by a relatively computationally expensive matting 

strategy [24]. The technique of Kratz and Nishino [9], 

recently extended [14], is a Bayesian probabilistic method 

that jointly estimates the scene albedo and depth from a 

single degraded image by fully leveraging their latent 

statistical structures. Their approach models the image with 

a factorial Markov random field in which the scene albedo 

and depth are two statistically independent latent layers, 

which are estimated jointly. 

Our method is also a single image dehazing 

technique. Different than previous single image dehazing 

approaches, our technique is built on the principle of image 

fusion, a well-studied topic of computational imaging that 

has found many useful applications such as interactive 

photomontage [25], image editing [26], image compositing 

[27], [28] and HDR imaging [29], [30]. The main idea is to 

combine several images into a single one, retaining only the 

most significant features. Even though the fusion principle 

has been used previously to restore hazy images, but using 

additionally near-infrared (NIR) image of the same scene 

[31], we are the first that introduce a single image dehazing 

technique based on the fusion principle that blends only the 

information existing in the input image. Our strategy bears 

some similarity with the recent methods of He et al. [8] and 

Tarel and Hautière [10]. Both of these methods can be seen 

as filtering solutions since the dark channel [8] can be 

related with an erosion problem, while [10] employed their 

defined median of median filter in order to preserve both 

edges and corners. However, our approach is fundamentally 

different since it removes the haze by simply blending the 

two derived inputs weighted by several measures. Our 

strategy combines the input information in a per-pixel 

fashion minimizing the loss of the image structure by a 

multi-scale strategy. While no post-processing steps are 

required it is also straightforward to implement and 

computationally effective. 

III. BACKGROUND THE ORY: LIGHT PROPAGAT ION 

Due to the absorption and scattering, the light crossing the 

atmosphere is attenuated and dispersed. While in normal 

conditions (clear day) the size of air molecules is relatively 

small compared with the wavelength of visible light, the 

scattering influence might be considered insignificant. As 

the title discloses, in this paper we are dealing with special 

atmosphere conditions due to the presence of haze. 

Discussed in the study of McCartney [32], haze is 

traditionally an atmospheric phenomenon where dust, smoke 

and other dry particles obscure the clarity of the sky. Haze 

reduces visibility for distant regions by yielding a distinctive 

gray hue in the captured images. As will be demonstrated, 

our algorithm is able to deal as well with a particular case: 

foggy scenes. Fog is a dense cloud of water droplets, or 

cloud, that is close to the ground. In general, this phenomena 

appears when night conditions are clear but cold, and the 

heat released by the ground is absorbed during the day. As 

the temperature of the ground decreases, it cools the air 

above it to the dew point forming a cloud of water droplets 

known as radiation fog. 

 

Based on the Koschmieder’s [33] law only a 

percentage of the reflected light reaches the observer 

causing poor visibility in such degraded scenes. The light 

intensity I for each pixel x , that reaches the observer is 

described by two main additive components: direct 

attenuation and veiling light, also known as airlight: 

I (x ) = J (x ) T (x ) + V∞ (1 − T (x )) (1) 

Where J is the scene radiance or haze-free image, T 

is the transmission along the cone of vision and V∞ is the 

veiling color constant. The optical model assumes linear 

correlation between the reflected light and the distance 

between the object and observer. The first component, direct 

attenuation D, represents how the scene radiance is 

attenuated due to medium properties: D(x ) = J (x ) T (x ). 

The veiling light component V is the main cause of the color 

shifting, being expressed as: 

V (x ) = V∞ (1 − T (x ))                             (2) 

The value of T depicts the amount of light that has 

been transmitted between the observer and the surface. 

Assuming a homogeneous medium, the transmission T is 

determined as T (x ) = e
(−β

 
d (x ))

 with β being the medium 

attenuation coefficient due to the scattering, while d 

represents the dis-tance between the the observer and the 

considered surface. Practically, the problem is to estimate 

from the hazy input I the latent image J when no additional 

information about depth and airlight are given. 

IV. FUSION -BASE D DE HAZING 

In this section is presented in detail our fusion technique that 

employs only the inputs and weights derived from the 

original hazy image. The fundamental idea is to combine 

several input images (guided by the weights maps) into a 

single one, by keeping only the most significant features of 

them. Obviously, the choice of inputs and weights is 

application-dependent. By processing appropriate weight 

maps and inputs, we demonstrate that our fusion-based 

method is able to effectively dehaze images. 

A. Inputs: 

As mentioned previously, the input generation process seeks 

to recover optimal region visibility in at least one of the 

images. 

In practice, there is no enhancing approach that is 

able to remove entirely the haze effects of such degraded 

inputs. Therefore, considering the constraints stated before, 

since we process only one captured image of the scene, the 

algorithm generates from the original image only two inputs 

that recover color and visibility of the entire image. The first 

one better depicts the haze-free regions while the second 

derived input increases visible details of the hazy regions. 

Inherently inspired by the previous dehazing 

approaches such as Tan [7], Tarel and Hautière [10] and He 

et al. [8], balance the original image. Our first input I1 is 

obtained by white balancing the original hazy image. By this 

step we aim a natural rendition of images, by eliminating 

chromatic casts that are caused by the atmospheric color. 

In the last decades many white balancing 

approaches [34]– [38] have been proposed in the literature 

(a systematic overview of the existing methods is presented 

in [39]). Several specialized techniques have been 

experimented in the context of our problem. Since we aim 

for a computationally effective dehazing approach, we opted 



A Hybrid Approach of Hyper Spectral Image Restoration and Quality Assessment 

 (IJSRD/Vol. 3/Issue 2/2015/140) 

 

 All rights reserved by www.ijsrd.com 550 

for the shades-of-gray color constancy technique [37]. 

Despite of its simplicity, this low-level approach of 

Finlayson and Trezzi [37] has shown to yield comparable 

results to those of more complex white balance algorithms 

(that produces reliable results based on natural image 

statistics [40]). The main objective of white balance 

algorithms, is to identify the illuminant color e(λ) or its 

projection on the RGB color channels ( Re , Ge , Be ). We 

use the same notations as in the original manuscript of 

Weijer and Gevers [41] of grey-edges that is just an 

extension of shades-of-gray. Unfortunately, we observed 

that the grey-edges technique often failed when processing 

hazy images. We believe that this is due to the lack of local 

contrast in the hazy regions but also since the hazy images 

are characterized by a smaller amount of edges. 

Given an image f, for a Lambertian surface, the 

intensity measured can be modeled as: 

                           f (x ) =         e(λ)s(λ, x )c(λ)d λ     (3)  
ω 

where e(λ)  is the radiance given by the light source, λ is the 

wavelength, s(λ, x )  denotes the surface reflectance, c(λ)  

= [ R(λ), G(λ),  B(λ)]  describes  the sensitivity  of  

the sensors while ω is the visible spectrum.  

The illuminant e to be estimated, is expressed as:  

e = ( Re , Ge , Be ) =    e(λ)c(λ)d λ.                         (4) 

                     ω  

According to the Grey-World assumption of 

Buchs-baum [34] the average reflectance of the scene is 

achromatic (gray). This hypothesis is mathematically 

defined as follows: 

s(λ, x )d x = κ (5) 
 

d x 
 

   

where κ is the constant assumed to have the value 

0.5. Next, by replacing s in equation 3 with 5, the following 
expression is obtained:    

 f (x )d x 

= 

1 

e(λ)s(λ, x )c(λ)d λd x ⇔ 

 

  
d x 

 

 d x  

    ω   

 f (x )d x 
= κ 

 
e(λ)c(λ)d λ (6) 

 

 
d x ω 

 

     

As shown in shades-of-gray [37] and grey-edges 

[41], white balance can be defined based on Minkowski 

norm of images. Grey-World [34] algorithm estimates the 

illumination, by stating that the average color of the entire 

image raised to a power n is achromatic (gray). 

f 
n 

d x 

1    
n    

  

= κ e = κ ( Re , Ge , Be ) (7) 

 

     

 
d x 

  

     

As demonstrated, shades-of-gray is part of the 

same family with Grey World [34] and max-RGB [35] 

techniques. This is easy to demonstrate by setting norm n = 

1 and n → ∞ respectively in the equation 7. For shades-of-

gray approach n can take any number between 1 and ∞ 

(default value is set to n = 6). When n = 1, all the 

components from the scene contribute uniformly to the 

average. When n is increased, the impact of the components 

is directly proportional with their intensity. 

Since the first input I1 shows good visibility in 

non-hazy regions and discards the color shifting, the second 

input I2 is generated from this I1 in order to enhance the 

contrast in those regions that suffer due to the airlight 

influence. 

For the second input we searched for a relatively 

com-plementary processing technique, capable to enhance 

those regions that present low contrast. Considering the 

airlight factor from the optical model (eq. 2) (that is both 

additive and multiplicative with the transmission), and since 

the haze is dominant in the hazy images, it is expected that 

the hazy regions would have a great influence over the 

average of the image. Moreover, due to the fact that the 

airlight influence increases linearly with the distance, the 

luminance of these regions is assumed to amplify with the 

distance. In practice, based on these observations, second 

input I2 is obtained automatically by subtracting the average 

luminance value of the entire image I from the original 

image I. This operation has the effect of amplifying the 

visibility in regions degraded by haze, but yields some 

degradation in the rest of the image (the effect of this 

conversion is shown in figure 3). A similar effect may be 

obtained by general contrast enhancing operators (e.g. 

gamma correction, histogram stretching) that also amplify 

the visibility in the hazy parts, while destroying the details 

in the rest of the image. However, this degradation is 

detected and solved in our fusion approach by defining 

proper weight maps (please refer to the next subsection and 

figure 3). 

Mathematically, the second input computed for 

each pixel x is obtained by applying the following 

expression: 

¯ 
(8) 

 

I2 (x ) = γ  (I (x ) − I)  

where γ is a factor that increases linearly the 

luminance in the recovered hazy regions (default value is γ 

= 2.5). This default value for γ matches for those most 

cases. However, in our experiments there are few exceptions 

that are not satisfied. These cases are characterized by the 

fact that hazy regions are relatively darker than non-hazy 

regions (see figure 7). Since fusion blends selectively 

(guided by the weight maps) the two inputs, the results of 

the dehazing operation will suffer also by darker aspect 

(some algorithms suffer from such problems as can be 

noticed by a closed inspection of figure 8 of [7], in figure 1 

of [10] or in figure 6 of [14]). To generate optimal results 

for these cases, we derived a general expression for 
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Fig. 2: Overview of our technique. From the input hazy image are derived two enhanced versions. These two derived inputs 

are weighted by three normalized weight maps (luminance, chromatic and saliency) - here we show only the Gaussian of 

corresponding normalized maps. Finally, the Laplacian of the inputs and Gaussian of the weights are blended in a multi-scale 

fashion that avoids introducing artifacts. In this outline we depict our approach by using only 5 (l 
= 5) scale levels in the Laplacian and Gaussian spaces. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3: Derived inputs and weight maps. In the left side the two derived inputs are shown. In the middle are displayed the 

three weight maps corresponding to the inputs. Finally, in the right column the results of He et al. [8] and our result are 

shown. 

gamma (γ = 2(0.5 + I
¯
 )), that is correlated with the 

average luminance of the image (we employ this 

information, since I
¯
 is a good indicator of the image 

brightness appearance). The parameter gamma has a similar 

impact as the tone mapping stage of [10] that has been 

applied on the the haze-free regions, assumed to be in the 

bottom third part of the original image. 

B. Weight Maps: 

As can be seen in figures 2 and 3, by applying only these 

enhancing operations, the derived inputs still suffer from 

low visibility mainly in those regions with dense haze and 

low light conditions. The idea that global contrast 

enhancement techniques are limited to dealing with hazy 

scenes has been remarked previously by Fattal [6]. This is 

due to the fact that the optical density of haze varies across 

the image and affects the values differently at each pixel. 

Practically, the limitation of the general contrast 

enhancement operators (e.g. gamma correction, histogram 

equalization, white balance) is due to the fact that these 

techniques perform (constantly) the same operation across 

the entire image. In order to overcome this limitation, we 

introduce three measures (weight maps). These maps are 

designed in a per-pixel fashion to better define the spatial 

relations of degraded regions. 

Our weight maps balance the contribution of each 

input and ensure that regions with high contrast or more 

saliency from a derived input, receive higher values. 

The luminance weight map measures the visibility 

of each pixel and assigns high values to regions with good 

visibility and small values to the rest. Since hazy images 

present low saturation, an effective way to measure this 

property is to evaluate the loss of colorfulness. This weight 

is processed based on the RG B color channel information. 

We make use of the well-known property that more 

saturated colors yield higher values in one or two of the 

color channels. This weight map is simply computed (for 

each input Ik, with k indexes the derived inputs) as the 

deviation (for every pixel location) between the R,G and B 

color channels and the luminance L from the input: 

WL
k
 = 1/3 (R

k
 − L

k
)
2
 + (G

k
 − L

k
 )

2
 + ( B

k
 − L

k
 )

2
                                   

(9). 

Since the luminance L is computed by averaging 

the RG B channels, this disparity yields higher values for the 

saturated pixels which are assumed to be part of the initial 

haze-free regions. On the other hand, because haze produces 

colorless-ness and low contrast, this measure will assign 
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small values (reducing the contribution of these locations to 

the output) for the hazy but also for the deteriorated regions 

(e.g. in the second derived input we refer to the regions that 

have lost their luminance and therefore have a dark 

appearance). As illustrated in figure 3, the WL map is a 

straightforward, yet effective identification of such regions. 

The luminance weight acts as an identifier of the 

degra-dation induced in I2 in the haze-free regions, ensuring 

a seamless transition between the derived inputs I1 , I2 . On 

the other hand this map also tends to reduce the global 

contrast and colorfulness. To overcome these effects, in our 

fusion framework we define two additional weight maps: a 

chromatic map (colorfulness) and a saliency map (global 

contrast). 

The chromatic weight map controls the saturation 

gain in the output image. This weight map is motivated by 

the fact that in general humans prefer images characterized 

by a high level of saturation. Since the color is an inherent 

indicator of the image quality, often similar color 

enhancement strategies are also performed in tone mapping. 

To obtain this map, for each pixel the distance 

between its saturation value S and the maximum of the 

saturation range is computed as following: 

W 
k
 (x ) = ex p − (S

k
 (x ) − Sma

k
 x )

2
 (10)  

2σ 
2
 

 
C    

where k indexes the derived inputs, the default 

value of the standard deviation is σ = 0.3 and Sma x is a 

constant that depends by the color space employed (in our 

approach we opted for the H S I color space and higher 

saturated pixels correspond to Sma x = 1). Therefore, small 

values are assigned to pixels with reduced saturation while 

the most saturated pixels get high values. As a result, this 

map ensures that the initial saturated regions will be better 

depicted in the final result. 
The saliency weight map identifies the degree of 

conspic-uousness with respect to the neighborhood regions. 

This per-ceptual quality measure assesses that a certain 

object/person stands out from the rest of the image, or from 

nearby regions. In general, saliency (also referred to as 

visual attention [42], [43]) no matter what the motivation 

behind it (biologi-cally based [44], [45], computational [43] 

or combination of both), seeks to estimate the contrast of 

image regions relative to their surroundings (based on 

different image features such as intensity, color or 

orientation). 
For this measure, we use the recent saliency 

algorithm of Achanta et al. [45]. This strategy is inspired by 

the biological concept of center-surround contrast. The 

saliency weight at pixel position (x , y) of input I 
k
 is defined 

as: 
W 

k
 (x ) = I 

ω
hc (x ) − I 

μ
 (11) 

S k k  

where I k
μ
 represents the arithmetic mean pixel 

value of the input Ik (a constant value during the entire 

process that is computed only once) while I k
ωhc

 is the 

blurred version of the same input that aims to remove high 

frequency such as noise. 

I k
ωhc

 is obtained by employing a small 5 × 5 ( 16
1
 

[1, 4, 6, 4, 1]) separable binomial kernel with the high 

frequency cut-off  

value ωhc = π/2.75. For small kernels, the binomial kernel is 

a good approximation of its Gaussian counterpart, but it has 

the advantage that in this way it can be computed more 

efficiently. Once the blurred version of the image Ik
ωhc

 and 

the arithmetic mean I k
μ
 are computed, the saliency is 

obtained in a per pixel fashion. We opted for the approach 

of Achanta et al. [45] since this technique is computationally 

efficient. Moreover, it is able to produce maps with well-

defined bound-aries and uniformly highlighted salient 

regions (even at high resolution scales). These features of 

this saliency map, prevent introducing unwanted artifacts in 

the result image yielded by our fusion technique since 

neighboring comparable values are assigned similarly on the 

saliency map. Additionally, the employed map [45] 

emphasizes large regions and estimates uniform values for 

the whole salient regions. As a result, the effect of this gain 

is to enhance the global and local contrast appearance (that 

corresponds to large scale). As can be observed in figure 4, 

one of the main effects of this mea-sure is to increase the 

contrast in highlighted and shadowed regions. 

 
Fig. 4: Impact of each weight map to the final result. Results 

of our fusion technique but using only one weight map at a 

time. 

By processing a large and diverse set of degraded 

images, we observed that the impact of these three measures 

is, in general, equally important. However, the first measure 

has the highest impact on the visibility. To better understand 

the contribution of each of these weight maps, the reader is 

referred to figure 4 that displays a result processed with our 

fusion technique, but using only one weight map at a time.   

The resulted weights W 
k
 are obtained by multiplying the  

processed weight maps W 
k
 , W 

k
 , W 

k
 . To yield consistent  

results,  we normalize the 

L C S 
¯ k

 
(x ) = 

 

    

resulted  weight  maps  (W  

W 
k
 (x )/ k W 

k
 (x )).  This operation constrains that  sum at  

C. Multi Scale Fusion: 

In the fusion process, the inputs are weighted by specific 

computed maps in order to conserve the most significant 

detected features. Each pixel x of the output F is computed 

by summing the inputs Ik weighted by corresponding 

normalized weight maps W
¯

 
k
: 

¯ k 
(x )Ik (x ) (12) 

 
F (x ) = ∑ W   

where Ik symbolizes the input (k is the index of the 
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inputs) that is weighted by the normalized weight maps W
¯
 
k
 

. The normalization of the weights ensures that the intensity 
scale of the result is maintained in relatively the same scale 
as the inputs (since the sum of each pixel equals 1, k W

¯
 
k
 (x ) 

= 1). The naive solution (please refer to figure 5) that 
directly imple-ments this equation, introduces strong halos 
artifacts, mostly in the locations characterized by strong 
transitions of the weight maps. To prevent such degradation 
problems, we have opted for the adapted solution that 
employs a classical multi-scale pyramidal refinement 
strategy [46]. We also tested several 

 
Fig. 5: The naive blending that directly implements equation 

12 introduces halo artifacts, most apparent in locations 

characterized by strong transitions of the weight maps. 

more recent edge preserving techniques (e.g. WLS 

[47]) but we did not obtain significant improvement. 

However, recent advanced methods need, in general, to 

tweak their parameters, as well as being more 

computationally intensive. In our case, each input Ik , is 

decomposed into a pyramid by applying Laplacian operator 

at different scales. Similarly, for each normalized weight 

map W
¯
 

k
 , a Gaussian pyramid is computed. Considering 

that both the Gaussian and Laplacian pyramids have the 

same number of levels, the mixing between the Lapla-cian 

inputs and Gaussian normalized weights is performed at 

each level independently, yielding the fused pyramid: 

Fl (x ) = 
¯ k

 
(x )}Ll {Ik (x )} (13) 

 

Gl {W  
where l represents the number of the pyramid levels (default 

value of the number of levels is l =5) and L {I } is the 
Laplacian  

W  
version of the input I while G ¯ represents the Gaussian 
version of the normalized weight map of the W

¯
 . 

This step is performed successively for each 
pyramid layer, in a bottom-up manner. The final haze-free 
image J is obtained by summing the contribution of the 
resulting inputs 

(levels  of pyramid): 

 J (x ) = Fl (x ) ↑
d
 (14) 

  l  

where ↑ 
d
 is the upsampling operator with factor d = 2 

l−1
. 

As a default characteristic, in our implementation 
the contri-bution of all the three weight maps is equally 
distributed. 

V. RESULT S AND DISCUSSION 

To prove the robustness of our method, the new operator has 

been tested on a large dataset of different natural hazy 

images. Haze due to dust, smoke and other dry particles 

reduces visibility for distant regions by causing a distinctive 

gray hue in the captured images. However, our technique 

has been successfully tested as well for a slightly different 

case: foggy scenes (e.g. the first and the third example in 

figure 6; the reader is referred also to the supplementary 

material for more cases). For our problem, fog has a similar 

impact as haze, but technically it appears as a dense cloud of 

water droplets close to the ground when night conditions are 

clear but cold, and the heat released by the ground is 

absorbed during the day (please refer to figure 12). We 

assume that the input hazy/foggy images are color images 

and the images may contain achromatic objects. 

As can be seen in figure 6, but also in figure 8, our 

operator is able to yield comparable and even better results 

 
Fig. 6: Comparison with the single image dehazing 

techniques of Kratz and Nishino [9], Fattal [6], He et al. [8]. 

 
Fig. 7: A direct comparison between our result and the 

output of Schechner et al. [22] that is a polarization-based 

approach that employs two images (the worst and the best 

polarization states among the existing image versions). For 

this example our technique yields comparable result with 

Schechner et al. [22] and Fattal [6] while it outperforms 

unsharp mask and the specialized technique of Tarel and 

Hautière [10]. 
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with more complex techniques. Compared with the 

tech-niques of Tan [7] and Tarel and Hautière [10] our 

technique is able to better preserve the fine transitions in the 

hazy regions without introducing unpleasing artifacts. 

Moreover, the technique of Tan [7] produces results with 

over-saturated colors. The recent technique of Kratz and 

Nishino [9] (recently extended in [14]) yields in general 

aesthetically pleasing results, but may introduce some 

artifacts in those regions considered to be at infinite depth 

(e.g. the skyline of the pumpkins field). Similarly, the 

technique of Fattal [6] performs well, but shows some 

limitations for situations with dense haze. This is mainly due 

to the fact that the method of 

 
Fig. 8: Comparison of the recent dehazing techniques. Besides the initial hazy images in this figure are displayed the results 

of Tan [7], Fattal [6], Kopf et al. [4] and our technique. The reader is asked for a close inspection. 

Fattal [6] is basically a statistic interpretation that 

requires variance to estimate the depth map. On the other 

hand, our technique yields visually similar results with the 

technique of He et al. [8]. However, by a closer analysis of 

the results, a difference can be observed between how colors 

are restored by the two methods, especially for the distant 

regions (e.g. in figure 8 the sky and the clouds have a 

different hue rendition). Also, the technique of He et al. [8], 

seems to restore slightly better the fine transitions of the 

regions closer to the horizon. However, our technique has 

the advantage of enhancing robustly such degraded images, 

without estimating the transmission, that needs to be refined 

by a computation-ally expensive alpha matting procedure in 

the approach of He et al. [8]. 

Figure 7 shows a direct comparison between our 

result and the output of Schechner et al. [22] that is a multi-

image dehazing approach. Nevertheless, as can be seen, our 

single image dehazing operator is able to produce 

comparable results with the technique of Fattal [6] but also 

with the method of Schechner et al. [22]. The technique of 

Schechner et al. [22] is a polarization-based approach that 

employs two images - the worst and the best polarization 

states among the existing image versions. In this case, we 

processed only one input of those provided by Schechner et 

al. [22]. Moreover, for this example our technique 

outperforms unsharp mask and the specialized 

technique of Tarel and Hautière [10].  

Partially,  these  observations  are  strengthen by  analyz- 

Ing the gradient distribution of the considered techniques 

in figures 9, 11.  For the high resolution versions of 

these images and several additional results, please refer to 

http://research.edm.uhasselt.be/cancuti/Supplementary.zip. 

In figure 8 is presented direct comparisons against 

the recent dehazing techniques. In addition to the most 

repre-sentative recent single image dehazing techniques of 

Tan [7], Fattal [6], He et al. [8], Tarel and Hautière [10], 

Nishino et al. [14], we analyzed the technique of Kopf et al. 

[4] that uses a rough 3D map approximation of the scene. 

Based on these results we perform a quantitative evaluation 

using the blind measure of Hautière et al. [13]. Basically, 

this quality assessment approach consists in computing the 

ratio between the gradients of the image before and after 

restoration. This is based on the concept of visibility level, 

commonly used in lighting engineering. In table I we 

considered four images (named as ny12, ny17, y01 and 

y17), where indicator e represents edges newly visible after 

restoration, indicator r¯ represents the mean ratio of the 

gradients at visible edges, while indicator represents the 

percentage of pixels which become completely black or 

completely white after restoration. To compute this indicator 

we used the parameters used in [10]. Besides the 

aforementioned dehazing techniques, the values of these 

indicators when applying just an unsharp filter are shown in 

the table. 
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Analyzing the results of table I, in general, all the 

considered techniques (including our technique) yield small 

values of the descriptor (the percentage of pixels which 

become completely black or completely white after the 

restoration). On the other hand, indicator e shows that most 

of the meth-ods depending on the processed image remove 

some of the 

 
Fig. 9: Interpretation of the indicator r¯ proposed by Hautière et al. [13]. Except unsharp mask filter the analyzed methods 

yield low values of (the percentage of pixels that becomes completely white or black after restoration). In general, methods 

that increase too much the local contrast are characterized by high values of indicator r¯. This is demonstrated by the results 

shown in this figure and figure 11, supported also by the values shown in table 1. As an example, the method of Tan [7] adds 

some extra edges in the horizon region. We believe that for a more objective evaluation additional characteristics need to be 

taken into account (e.g. relation between depth and gradients, the amplitude of gradients, the reversal of the gradients). 

visible edges. Interestingly, only our method and He et al. 

[8] technique, are characterized by positive values of the 

indicator e for the considered images. 

Moreover, regarding indicator r¯, the measure 

produces small values of indicator r¯ (the ratio of the 

gradient norms after and before restoration) for our results. 

Since one may observe that the appearance in our case is 

globally restored and the value of indicator r¯ is kept close 

to the minimum value (r¯ = 1), one may deduce that in our 

case the local contrast was restored moderately. This feature 

is achieved also by the methods of Fattal [6], He et al. [8] 

and Kopf et al. [4]. On the other hand, the techniques of 

Tarel and Hautière [10] and Tan [7] increase too strongly 

the local contrast and as a result these approaches have 

higher values of indicator r¯. Regarding indicator r¯, the 

first group of techniques demonstrates less spurious edges 

and artifacts. Analyzing images of figure 9 that displays 

results processed by unsharp mask, Tan [7], Fattal [6], He et 

al. [8] and our approach, one may observe that in general the 

techniques with low values of indicator r¯ show less 

spurious edges and artifacts. 

To the best of our knowledge, the blind measure of 

Hautière et al. [13] is the only existing method designed to 

give a quantitative interpretation for dehazing operation. 

The indicators of this measure are able to reveal only 

partially the level of restoration and degradation. Obviously, 

for a more objective evaluation additional characteristics 

need to be taken into account (e.g. relation between depth 

and gradients, the amplitude of gradients, the reversal of the 

gradients). For example, after restoration, gradients that 

were not visible should be emphasized, and that effect needs 

to be propor-tional to the distance from the camera. One 

would expect to see a stronger visible gradient ratio as one 

goes further away (towards the top of the image). 

 
Fig. 10: Our technique is limited to homogeneous hazy 

images. 

While, the method of Tan [7] yields a too strong emphasis 

of the gradients, the results of physically-based methods 

such as Kopf et al. [4], Nishino [14] and also our results 

demonstrate edge enhance-ments that are consistent with the 

depth variation. Interestingly, the results of the method by 

Fattal [6] are characterized by stronger gradients for near 

scene points while the results of He et al. [8] present in some 

cases a very non-linear emphasis of the gradients. 

To conclude, by a simple visual inspection of the 

results in figures 9 and 11, our technique is shown to be less 

prone to artifacts, yielding results similar to the physically-
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based techniques of He et al. [8], Fattal [6], Kopf et al. [4] and 

 
Fig. 11: Comparison of the analyzed dehazing techniques based on the indicator r¯ proposed by Hautière et al. [13]. To better 

visualize the restoration but also the level artifacts introduced by different techniques a cropped region is shown below. 

Nishino et al. [14]. This is a key advantage of our 

technique, since we do not explicitly estimate the depth, 

while our method is much faster and simple than the other 

approaches that yield similar outputs. Moreover, it can be 

observed that the techniques of Tan [7] and Tarel and 

Hautière [10] restore some non-existent gradients. 

Furthermore, compared with most of the existing 

tech-niques, an important advantage of our strategy is 

required computation time, since our method is able to 

processes a 600 × 800 image in approximately 2–300 ms 

(20% for derived imputs, 35% for the weight maps while the 

multi-scale strategy takes approximately 45% of the entire 

fusion process on an 

PARAMETERS   

Parameters Tarrel Fattal Our Result 

PSNR 6.1993 12.572 41.1051 

MSE 7.876 6.412 5.0416 

Table 1: Quantitative Comparison Table 
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Fig. 12: More results generated for foggy scenes. 

Intel Core i7 CPU, 8GB RAM). In comparison, the 

method of Tan [7] needs more than 5 minutes per image, He 

et al. [8] requires 20 seconds, Tarel and Hautière [10] 

technique takes less than 0.5 seconds, the method of Fattal 

[6] needs 35 seconds, while the processing times of the 

method [14] were not reported. 

Even though the proposed method performs in 

general well, as the previous methods, a limitation of our 

algorithm may be observed for images that are characterized 

by non-homogeneous haze layers. Figure 10 depicts this 

issue. As can be seen, the other single image dehazing 

approaches present serious limitations while tackling this 

challenging case (e.g. the technique of Tarel and Hautière 

[10] yields unpleasing artifacts such as coarse edges and 

color distortion). Moreover, even though some enhancement 

may be achieved, our technique is limited to processing 

color images. 

VI. CONCLUSION 

In this paper we have demonstrated that a fusion-based 

approach can be used to effectively enhance hazy and foggy 

images. To the best of our knowledge, this is the first fusion-

based strategy that is able to solve such problems using only 

one degraded image. We have shown that, by choosing 

appro priate weight maps and inputs, a multi-scale fusion 

strategy can be used to effectively dehaze images. Our 

technique has been tested on a large data set of natural hazy 

images. The method is faster than existing single image 

dehazing strategies and yields accurate results. In future 

work we would like to test our method on videos. 
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