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a b s t r a c t 

Remote sensing images (RSIs) taken in hazy conditions, such as haze, fog, thin could, snow, 

silt, dust, offgas, etc., suffer from sever color and contrast degradations. Dehazing algo- 

rithm is therefore highly demanded to restore hazed RSIs from their degradations. In the 

literatures, most dehazing algorithms were originally designed for natural images dehaz- 

ing (NID). For our analysis, the physical model of NID is different from that of RSI dehaz- 

ing (RSID), which was not clearly addressed yet. In this paper, a new concept of “virtual 

depth” concerning physical model of RSI is firstly raised. Virtual depth is different from 

real depth of nature image in that the former gives the distance of an object departing 

from the foreground, while the later measures the coverings of the earth’s surface, such as 

snow, dust, cloud and haze/fog. These coverings act as the hazes in a natural image, pro- 

viding the hint of foreground and background. Secondly, an I terative De hazing for R emote 

S ensing image (IDeRS) is proposed, in which dehazing operator is implemented iteratively 

to remove haze progressively until arriving at a satisfied result. In IDeRS, we also raise 

a fusion model for combining patch-wise and pixel-wise dehazing operators to overcome 

both halos and over-saturation caused by them respectively. Extensive experimental results 

tested on publicly available databases demonstrate that the proposed IDeRS outperforms 

most state-of-the-arts in RSID. 

© 2019 Published by Elsevier Inc. 

 

 

 

 

 

1. Introduction 

With the advances of remote sensing technology, the very high resolution (VHR) satellite (e.g. IKONOS, SPOT-5, Quickbird-

2, Worldview-2, GeoEye-1 and Pleiades-1A) and aerial images have been providing remote sensing images (RSIs) of increas-

ing high spatial resolution, stable geometric location and detailed textural information. Two fundamental researches, scene-

level geographic image classification [8,9,41] and geospatial object detection [7] , have gotten many attentions. However,

these two tasks, including image analysis and search [32,33] often suffer from poor quality of optical RSIs due to contrast

degradation and color attenuation. 
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Fig. 1. Physical models of natural image dehazing and remote sensing image dehazing. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Two major reasons contribute to poor quality of RSIs. Firstly, since the optical remote sensors aboard satellite and air-

craft capture electromagnetic signal far from the surface of the earth through atmosphere layer, the quality of RSI is usually

vulnerable to adverse atmospheric conditions, such as the emergences of haze, fog, smoke and cloud, etc. Moreover, atmo-

sphere can not be absolutely free from any particle even in a cloudless/clear day, so haze still exists, resulting in the poor

visibility. Secondly, different objects, including man-made objects and land-use/land-cover (LULC) parcels, have different sur-

face reflectance coefficients or surface albedos. Even for the same object, due to the wide-field of VHR RSI, it may covered

by heterogeneous translucent covering-contaminations. Due to the above two reasons, “hazes” of RSI are those translucent

covering-contaminations covering on the earth’s surface, such as haze/fog, thin could, snow, silt, dust, offgas, etc. 

To improve the quality of RSI, RSI enhancement has been extensively studied, including histogram equalization [1] , ho-

mographic filter and Retinex theory [19] methods. However, this enhancement ignored the physical mechanism of haze so

that it cannot remove haze adequately, usually suffering from over-saturation and gradient reversal artifacts. In fact, haze in-

creases exponentially along with the optical distances from scene objects to the sensor for RSIs. Hence, it is highly desirable

to explore physical mechanism of haze for developing models for RSI dehazing (RSID) [23,38] . 

For NID, the physical model of haze [15] has been well received, as detailed in Section 3.1 , where accurate estimations

of atmospheric light and transmission map are required for successful dehazing. There are at least three differences be-

tween physical models of natural image dehazing (NID) and RSID. First, the natural image is usually captured by the camera

pointing to the distance as illustrated in Fig. 1 (a), where image contrast and color saturation get worse and worse along

with the increase of scene depth. This property contributes a variety of priors [3,5,12,15,17,34,49] for deriving transmission

map for NID. However, RSI is usually captured by remote optical sensors aboard satellite far from the earth as illustrated in

Fig. 1 (b), so its scene depth is approximately a constant. Second, atmospheric light, with few exceptions, is often estimated

in an ad-hoc manner [28] or decided by the most haze-opaque pixel [4,11,40] . The haze-opaque region commonly refers sky

region in natural image. However, there is usually no sky region in a RSI. Third, RSIs are often captured in a wide variety

of spatial resolution (commonly from 0.2 m ∼ 30 m ), scale and shape of the objects on the earth’s surface, while natural im-

ages are often with the similar resolution and scale. Accordingly, the hazes usually have variety in RSIs. Thus, NID methods

designed for a simple case cannot efficiently remove the hazes of RSIs. These three differences compromise the efficiency

of a NID as it is applied to RSID. Although some NID models have been applied to RSID [24] , the three differences should

be well addressed for reaching their full potential. More recently, learning based dehazing has been developed extensively

[6,20,21,36,39,47] . It is trained on a database of image pairs of clean image and hazy image. In the database, hazy images

are created from computer models which require accurate scene depth measurement, which is however not attainable up

to now for outdoor scenes, including RSIs. 

Considering above three differences, we propose an I terative De hazing model for R emote S ensing image (IDeRS). First , for

computing atmospheric light of a RSI, the haze-line prior [4] instead of haze-opaque pixel is used. The later has been widely

used for NID. It is however absent for most of the RSIs. Second , although the causes of hazes of natural image and RSI are

different, transmission maps of them can be expressed by the same mathematical formulas. In fact, they all are exponential

to the “optical depth” of the scenes in an image. It indicates that the transmission map model of natural image is also

applicable to RSI but with a different interpretation, which will be explained in Section 3 . Third , an iterative framework is

raised for removing haze progressively. The iterative operation is especially suitable for RSID since it can remove haze of a

variety of scales step by step. IDeRS is designed on the basis of dark channel prior (DCP) dehazing [15] which were widely

received, especially for NID. It is also acknowledged that DCP has surprisingly less saturated pixels (absolutely black or white

pixels) after dehazing, which is favorable for the interpretation of RSI in many applications concerning object detection,

recognition and so on. However, DCP has been designed for only one scale, it would fail to remove haze of various scales
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for RSIs, resulting in significant halo artifacts. Therefore, this iterative approach is proposed in this work. We also give the

end condition of iteration to reach an adaptive IDeRS for various situations. 

The rest of the paper is organized as follows. In Section 2 , the related haze removal works are briefly reviewed.

Section 3 describes haze physical models of NID and RSID. The details of IDeRS algorithm are presented in Section 4.4 ,

including iterative transmission map refining and iteration end condition. In Section 5 , the experimental results demon-

strate the superior performance of the proposed IDeRS on five well-known RSI databases [7,25,26,42,43] with a variety of

RSIs. Finally, the conclusions are drawn in Section 6 . 

The details of different atmospheric light estimations, dehazings and convergence of the iteration, as well as MATLAB

code of IDeRS can be accessed via https://github.com/phoenixtreesky7/iders _ dehazing . 

2. The literatures 

In the literatures, single image dehazing [11,15] was studied extensively. Single image dehazing means there is only one

hazy image available for dehazing which is a classical ill-posed problem. The success of dehazing relies on depth extraction

or transmission map estimation. To resolve a ill-posed problem of dehazing, a variety of priors have been raised, including

DCP [15] , Bayesian statistical prior [34] , color-line prior [12] , color attenuation prior [49] , haze-line prior [3] , difference-

structure-preservation prior [17] and color ellipsoid prior [5] . These priors provides good estimation of depth/transmission

map given a single natural image. Meng et al. [28] extend the idea of DCP [15] in determining the raw transmission map

by introducing its lower bound, then a L 1 -norm based contextual regularization is introduced to suppress halo artifacts.

Zhu et al. [49] recover the depth by creating a linear model under a color attenuation prior, i.e. the depth of the scene is

positively correlated with the difference between lightness and saturation. Berman et al. [3] propose a nonlocal approach,

in which the transmission map and atmospheric light are estimated across the entire image instead of local patch based on

the haze-line prior. 

Recently, a bunch of deep learning based dehazings have been developed, such as DHNet [6] , MS-CNN [36] , AOD-Net

[20] and Ranking-CNN [39] . They directly learn transmission maps on given databases. These databases consists of the pairs

of color indoor images and their ground-truth depths. Cai et al. [6] introduce an end-to-end CNN system, named DehazeNet,

which consists of four layers: feature extraction layer, multi-scale mapping layer, local extremum layer and the nonlinear

regression using BReLU activation function. Ren et al. [36] propose a multi-scale CNN to estimate the transmission map,

contains of a coarse-scale network and a fine-scale network. More and more latest NID has been focused on training model

using Generative Adversarial Networks (GAN) [13] or Conditional GAN [29] , such as cGAN-Dehaze [21] and DCPDN [47] . 

Most of the literatures are about natural image dehazing. Although some models of NID have been successfully ap-

plied to RSID [24] , the difference between NID and RSID should be well addressed for playing the best performance. For

RSID, previous approaches was mainly designed to enhance the contrast of hazy RSI. Richter [37] removed the haze with a

smooth haze/haze-free transition regions. Du et al. [46] developed a wavelet transform analysis (HAWAT) technique using

the haze-free reference image of the same area to characterize land cover. Zhang et al. [48] proposed a haze optimized

transformation (HOT) to detect and remove haze under the condition that the blue and red bands are highly correlated.

Moro and Halounova [30] presented a framework to successfully remove haze from IKNOS imageries based on the HOT al-

gorithm. Liu et al. [22] developed a background suppressed haze thickness index (BSHTI) to remove spatially varying haze

contamination, comprising three steps: haze detection, haze perfection, and haze removal. 

3. Haze physical model 

3.1. Haze physical model for natural image 

The physical model for NID is described as [15] : 

I ( x ) = J ( x ) · t( x ) + A (1 − t( x )) , (1) 

where x represents spatial coordinates, I is hazy image, J is the scene radiance. A is atmospheric light, i.e. the light intensity

at infinite distance (known as the haze-opaque region), which is commonly assumed to be a global constant. t ( x ) ∈ [0, 1]

is the transmission map, describing the portion of light which can reach the camera without be scattered. Based on the

Lambert Beer law [31,35] for transparent objects, the transmission map is given by 

t( x ) = e −β(λ, x ) d( x ) , (2) 

where d ( x ) represents scene depth, and λ is the wavelength. The term of β( λ, x ) is defined as the scattering coefficient of

the atmosphere which gives intensity of scattering light of atmosphere. In theory, it is inverse proportional to λγ ( x ) , here

γ ( x ) represents the size of constituent particle (molecules) which is usually from 0 to 4. Thus, we assume it is 

β(λ, x ) = β0 / λ
γ ( x ) , (3) 

where β0 is a constant. The term of β( λ, x ) d ( x ) is named “optical depth” [31] . For natural image, γ ( x ) is a constant (assum-

ing γ 0 ) since the view field of natural image is small. Thus, (2) can be rewritten into 

t( x ) = e −β0 / λ
γ0 ·d( x ) � e − ˜ β0 ·d( x ) , (4) 

https://github.com/phoenixtreesky7/iders_dehazing
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Fig. 2. Comparison of pixel-wise and patch-wise dehazing. (For interpretation of the references to color in the text, the reader is referred to the web 

version of this article.) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

where ˜ β0 is still a constant, while d ( x ) varies along with scene depth. 

Regarding hazing model of (1) , after A and t ( x ) estimations, we can resolve J from (1) . For natural image, A is estimated

from the haze opaque region in an image [15,40] . 

3.2. Haze physical model for remote sensing image 

The physical haze model of RSI still conforms to (1) . However, atmospheric light and transmission map are interpreted

to be different. 

The atmospheric light. A natural image is captured on the ground where the camera points at the distance. It usually

contains haze-opaque region (commonly, the sky region). Then the atmospheric light A can be computed from the brightest

pixel [40] , or a portion of the brightest pixels [15] . A RSI is captured by the camera aboard satellite where the camera points

downward the ground, so it commonly has no haze-opaque region. The bright pixels commonly belong to the reflect light

of objects’ surface, which cannot be used to calculate atmospheric light A . Hence, A estimation should be independent of

haze-opaque for RSID. 

After evaluating the state-of-the-arts, including the DCP [15] , color-line prior [12] , blind dehazing [2] , DehazeNet [6] and

haze-line prior [3,4] , the haze-line prior is finally selected to estimate A in this work. Haze-line prior claims that pixels’

intensities of objects with similar colors form lines in RGB space under haze. These lines intersect at the atmospheric light

color. Using Hough transform, where the point with the highest vote is assumed to be the atmospheric light color. Tests and

comparisons on different atmospheric light estimating methods can be accessed via https://github.com/phoenixtreesky7/

iders _ dehazing . 

The transmission map. In a satellite RSI, the sensor-to-earth distance is nearly constant, i.e. d ( x ) ≈ d 0 . In addition, since

a RSI commonly has very large field of view, the density or/and constituent of particles may distribute unevenly in the

captured scenes, leading to a variable γ ( x ) along x which cannot be taken as a constant as given in (3) . Thus, the optical

depth of RSID is written as 

β(λ, x ) d( x ) = β0 · d 0 / λ
γ ( x ) � β0 · d v ( x ) , (5)

where d v ( x ) = d 0 / λ
γ ( x ) is named by “virtual depth”. After defining virtual depth, we can rewrite (2) into 

t( x ) = e −β0 ·d v ( x ) . (6)

Comparing (4) and (6) , we now have a uniform model for both natural image and RSI. Hence, we still employ the conven-

tional DCP mode to compute transmission map for RSI. The term “virtual depth” is interpreted in detail as following: the

objects on the earth’s surface have different surface reflectance coefficients or surface albedos, so they commonly show dif-

ferent color saturations in a RSI. Low saturation may be caused by the objects with light color (e.g., Fig. 2 , Fig. 6 - F 2 , Fig. 10 ),

or translucent coverings, such as snow (e.g., Fig. 6 - F 3 ), fog (e.g., Fig. 6 - F 1 , Fig. 12 ), silt (e.g., Fig. 6 - F 4 ), haze (e.g., Fig. 6 - F 5 ),

city dust/offgas (e.g., Fig. 8 ) and thin cloud (e.g., Fig. 9 , Fig. 11 ), etc. In this sense, “virtual depth” denotes the translucent

covering of the earth’s surface, which has the same effect of scene depth in a natural image. 

https://github.com/phoenixtreesky7/iders_dehazing
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Fig. 3. Sketch map of transmission misestimated region (TMR). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4. Iterative dehazing for remote sensing image (IDeRS) 

Based on the discussion about transmission map estimation and atmospheric light estimation in Section 3 , the IDeRS are

presented in detail in this section. 

4.1. Raw transmission map estimation using DCP 

In [15] , raw transmission map was estimated by 

t( x ) = 1 − min 

y ∈ �( x ) 
[ min 

c∈{ r,g,b} 
I c ( y ) / A 

c ] , (7) 

where I c and J c is a color channel of hazy image I and haze-free scene radiance J , respectively. �( x ) is a local patch at x .

A 

c is given by A 

r , A 

g or A 

b for color image. From (7) , t ( x ) is a constant in a local patch �, which may cause block artifact

surrounding patches. Therefore, Guided Image Filter (GIF) [16] is further used for compressing block artifact. The result is

denoted by t gif , and the method is cited by GDCP [15,16] . However, the GDCP operates at a single scale, i.e. the radius of

� is fixed in (7) . It cannot process RSIs efficiently since RSIs have a very large range of spatial resolution, object scale and

object shape. For RSIs, a multi-scale model is more expected. Usually, the small patch size is better for high texture region,

while the large patch size is better for smooth region. This phenomenon is also known as the ambiguity problem between

pixel-wise and patch-wise dehazings. 

Fig. 2 demonstrates this ambiguity, where the patch size r � = 1 (i.e. pixel-wise method) and r � = 25 (i.e. patch-wise

method), respectively. As shown in Fig. 2 (c)–(e), the pixel-wise method can achieve halo-free dehazing. “Halo” refers to the

artifacts by unwanted smoothing along object edges as illustrated in Fig. 2 (b). However, pixel-wise method always overes-

timates the haze from its actual value, leading to over-saturation in dehazed image, as explained in Fig. 2 (e). While, in the

patch-wise output as shown in Fig. 2 (f)–(h), undesirable halos near object’s edges are produced. More observations reveal

that halos are mostly around the region of abrupt grayscale change. We name this region Transmission Misestimated Region

(TMR) where transmission is misestimated by patch-wise of (7) . 

Therefore, pixel-wise and patch-wise models have their pros and cons. A compromise between them is desirable for

optimization. For this purpose, we propose a fusion model combing pixel-wise and patch-wise dehazing models as follows. 

4.2. Fusion of pixel-wise and patch-wise transmission maps 

We draw a sketch map for explaining how to fuse pixel-wise and patch-wise models in Fig. 3 . In Fig. 3 (a), a TMR is

labelled by dashed curves. The abrupt grayscale occurs inside the TMR, which causes misestimated transmission map using

patch-wise dehazing. Fig. 3 (b) describes joint transmission map by weighting raw transmission maps of pixel-wise and

patch-wise methods labeled by t pi and t pa respectively. t pi and t pa are calculated from (7) giving different patch sizes. In

TMR, transmission map would be misestimated, so pixel-wise method is used inside TMR. While patch-wise one is used

outside TMR for preventing over-saturation usually caused by pixel-wise one. 

Fig. 3 (b) demonstrates that joint transmission map t c is built from t pi and t pa , where a pair of weight maps M tmr & M tmr 

are introduced for combining t pi and t pa . The fusion model can be given by 

t c ( x ) = M tmr ( x ) · t pi ( x ) + M tmr ( x ) · t pa ( x ) , (8)

where M tmr and M tmr respectively represent the weight maps for t pi and t pa , 0 < t c ( x ) < 1, M tmr ( x ) + M tmr ( x ) = 1 , and

M tmr ( x ) ≈ 1 for x ∈ TMR , while M tmr ( x ) ≈ 0 for x �∈ TMR . For using (8) , TMR should be decided beforehand, which will be

discussed as follows. 

4.3. Recognizing weight maps M tmr & M tmr 

According to (7) , the minimum operator is acquired for each small patch so that the maximum operator is for computing

transmission map t ( x ). Due to the large grayscale change inside TMR, t pa ( x ) is remarkably larger than t pi ( x ) inside TMR,



L. Xu, D. Zhao and Y. Yan et al. / Information Sciences 489 (2019) 50–62 55 

Fig. 4. RSID by using transmission fusion model (9) . ( t pa and t pi are patch-wise and pixel-wise transmission maps, respectively. (a) D t = t pa − t pi gives raw 

TME; (b) D g is D t followed by a Gaussian filter; (c) D s is D g followed by a sigmoid function enhancement; (d) t c is the fused raw transmission map; (e) 

t c _ gi f is t c refined by a GIF). 

Fig. 5. An example of iterative transmission refining. ((a)–(c): the first iteration of raw TME, refined TME and transmission map given by (9) ; (d)–(f): the 

second iteration of raw TME, refined TME and transmission map). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

while they are similar outside TMR. Thus, the difference between t pa ( x ) and t pi ( x ), i.e. D t ( x ) = t pa ( x ) − t pi ( x ) , can be used

to identify TMR roughly. Since D t may contain much unwanted textures as illustrated in Fig. 4 (a), Gaussian blurring filter is

further applied to D t for smoothing this unwanted textures. The result is denoted by D g , as shown in Fig. 4 (b). Then, D g is

further enhanced by undergoing a sigmoid function, denoted by D s . 

From Fig. 4 (c), D s approaches the ideal weight map, so the weight maps M tmr & M tmr are given by M tmr ( x ) = D s ( x ) , and

M tmr ( x ) = 1 − D s ( x ) . Thus, (8) can be rewritten as: 

t c ( x ) = D s ( x ) · t pi ( x ) + (1 − D s ( x )) · t pa ( x ) = t pa ( x ) − D s ( x ) · D t ( x ) . (9)

From (9) , the fused transmission map t c is obtained as shown in Fig. 4 . Then, for smoothing unwanted textures of t c , it is

further refined by the GIF, t c _ gi f = GIF [ t c ] , as shown in Fig. 4 (e). 

4.4. Iterative framework for transmission map refining 

Fig. 4 illustrates transmission maps of single iteration of the proposed IDeRS. The bounding boxes in Fig. 4 (a), (c) and (d)

are zoomed in Fig. 5 (a)–(c), where the unwanted artifacts around the lower border of the bounding boxes can be noticed.

These artifacts would finally cause halos during dehazing. Undergoing two iterations, these artifacts can be successfully

suppressed as shown in Fig. 5 (d)–(f). The dehazed result of single iteration is provided in Fig. 5 (g) for comparing with

Fig. 5 (h) which goes through two iterations. From Fig. 5 (g), the halo artifacts cannot be removed completely through single

iteration. The reason lies in that single iteration with only one scale cannot handle the complex situations of the RSIs

which contain multi-scale objects, complex scenes and various spatial resolution. From Fig. 5 (h), the halos remaining after

the first iteration are successfully removed through the second iteration. More testing on a variety of RSIs indicates that

single iteration is usually unsatisfied. However, over-saturation may happen if too many iterations. Several examples are

demonstrated in Fig. 6 for comparing among single iteration, two iterations and six iterations. Regarding qualitative quality,

the result of two iterations is the best, while single iteration and six iterations cause halo artifacts and over-saturation,

respectively, as highlighted by bounding boxes in Fig. 6 . Therefore, it is necessary to investigate iteration end condition in

the IDeRS. 
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Fig. 6. Qualitative comparisons of the IDeRS with different iterations. ( t i 
c _ gi f 

( i = 0 , 2 , 6 ) is transmission map; J i ( i = 0 , 2 , 6 ) is dehazed image; i represents 

the number of iterations). (For interpretation of the references to color in the text, the reader is referred to the web version of this article.) 

Fig. 7. The curves of M(t i c ) ( i = 0 , 1 , 2 , . . . , 10 ), where solid blue curves gives M(t i c ) , i represents iteration index; dark-blue dotted lines show M(t 0 c ) which 

gives the mean of t pa deriving from patch-wise estimation; light-blue dotted lines give M(t ∞ c ) which gives the mean of t pi deriving from pixel-wise esti- 

mation; light-red dotted lines give the parameter of �ab defined in (11) . (For interpretation of the references to colour in this figure legend, the reader is 

referred to the web version of this article.) 

Table 1 

The differences of M(t 0 c ) − M(t ∞ c ) . 

Class Class a Class b Class c 

Figure Fig. 6 Fig. 6 Fig. 8 Fig. 9 Fig. 10 Fig. 6 Fig. 6 Fig. 11 Fig. 6 Fig. 12 

( F 1 ) ( F 2 ) ( F 3 ) ( F 4 ) ( F 5 ) 

M(t 0 c ) − M(t ∞ c ) 0.28 0.23 0.34 0.22 0.26 0.19 0.15 0.20 0.06 0.07 

 

 

 

 

 

Testing on large number of hazy RSIs from NASA Earth Observatory and five RSI databases [7,25,26,42,43] , we conclude

iteration end condition of the IDeRS from aspect of statistics. We firstly compute the mean of fused transmission map for

each iteration t i c by 

M(t i c ) = 

∑ 

x t 
i 
c ( x ) 

M × N 

, i = 0 , 1 , 2 , . . . (10) 

where M and N give image size, M(t i c ) gives the mean of t i c . Then we draw M(t i c ) in Fig. 7 , where the solid blue curves give

the mean of the i th iteration ( M(t i c ) ), the dark-blue dotted line gives the mean of t pa ( M(t 0 c ) ). The light-blue dotted line

shows the mean of t pi ( M(t ∞ 

c ) ). The title above each sub-figure of Fig. 7 indicates the image index given in this paper. For

comparison, we also calculate the M(t 0 c ) − M(t ∞ 

c ) in Table 1 . 
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Fig. 8. RSID on homogeneous haze. (For interpretation of the references to color in the text, the reader is referred to the web version of this article.) 

Fig. 9. RSID on heterogeneous haze. (For interpretation of the references to color in the text, the reader is referred to the web version of this article.) 

Fig. 10. RSID on farmland scene. (For interpretation of the references to color in the text, the reader is referred to the web version of this article.) 
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Fig. 11. RSID on mountain view. (For interpretation of the references to color in the text, the reader is referred to the web version of this article.) 

Fig. 12. RSID on thick haze. (For interpretation of the references to color in the text, the reader is referred to the web version of this article.) 
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Comparing curve profiles, the tested images are grouped into three classes. 

1) Class a: as illustrated in Fig. 7 (a), M(t i c ) descends rapidly in the first two iterations. The reason is that the TMRs in these

RSIs are obvious, so that they can be easily identified. We also have a interesting finding that the distance between M(t 2 c )

(after two iterations) and M(t ∞ 

c ) is usually less than 1/4 of the distance between M(t 0 c ) and M(t ∞ 

c ) for this class. A new

parameter �ab is defined 

�ab = (M(t 0 c ) − M(t ∞ 

c )) / 4 + M(t ∞ 

c ) , (11) 

as the light-red dotted lines illustrated in Fig. 7 . �ab is a threshold for terminating iteration for Class a and Class Class b .

2) Class b: as illustrated in Fig. 7 (b), M(t i c ) descends not as fast as that of Class a at the beginning of iteration since the

TMRs are not quite obvious. Therefore, it needs more iterations, usually more than 3 iterations, to compress the TMR so

that M(t i c ) ≤ �ab . 

3) Class c: as illustrated in Fig. 7 (c), M(t i c ) descends slowly through the whole iteration. The further observations on

Table 1 show that, unlike Class a and Class b , M(t 0 c ) − M(t ∞ 

c ) is commonly less than 0.1 for this class, which indicates

that the TMRs are nearly nonexistent in the patch-wise transmission map. 

Based on above discussions, the algorithm flow of the proposed IDeRS is summarize in Algorithm 1 . 

5. Experimental results 

To evaluate the proposed IDeRS method, we perform experiments on hazy RSIs collected from the website of NASA

Earth Observatory, and five publicly available databases, i.e. NWPU VHR-10 dataset [7,9] , NWPU-RESISC45 dataset [8] , RSOD-

database [25,43] , Inria Aerial Image Labeling Dataset (IAILD) [26] and Dataset for Object deTection in Aerial images (DOTA)

[42] . These images are with different scenes, spatial resolutions and haze density. Both qualitative and quantitative perfor-

mances are presented for the proposed IDeRS and the benchmarks. The benchmarks include He et al. (GDCP) [15] , Meng
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Algorithm 1 The proposed algorithm of Iterative Dehazing for Remote Sensing image (IDeRS). 

Input: hazy image I(x ) 

Output: dehazed image J(x ) 

Initialization: ξ = 0.01 for iterative termination condition; 

Dehazing process: 

1: Compute pixel-wise transmission map t pi (patch size = 1) and patch-wise one t pa from (7) using DCP [15]; 

2: Compute D t (x ) = t pa − t pi to determine TME region, and it is further smoothed and enhanced to produce D s (x ) ; 

3: Compute the means of t pa and t pi , M(t 0 c ) and M(t ∞ 

c ) from (10), respectively, and compute �ab by (11); 

4: if M(t 0 c ) − M(t ∞ 

c ) < 0 . 1 then 

5: return t 
f 

c = t pa ; / ∗ Class c ∗/ 

6: else 

7: Compute the first two iteration: t 1 c and t 2 c by (9), and let t 
f 

c = t 2 c ; 

8: Compute the mean of t 
f 

c by (10); / ∗ Class a ∗/ 

9: while M(t 
f 

c ) − ξ > �ab do 

10: Calculate t i +1 
c ( i ≥ 2 ) by (9); 

11: Calculate M(t i +1 
c ) by (10); 

12: Update ξ = 

1 

5 

√ 

M(t 
f 

c ) − M(t i +1 
c ) ; 

13: Let t 
f 

c = t i +1 
c , and compute its mean M(t 

f 
c ) by (10); / ∗ Class b ∗/ 

14: return t 
f 

c 

15: Refine t 
f 

c using a guided image filter; 

16: Estimate atmospheric light A using haze-line prior [3]; 

17: Compute J(x ) by (1): J(x ) = 

I(x ) −A 

t 
f 
c (x ) 

+ A . 

Table 2 

Average BCEA [14] qualitative evaluations on five databases (the best one is highlighted in bold). 

databases indexes IDeRS GDCP [15] BCCR [28] CAP [49] NL [3] DNet [6] MSCNN [36] 

NWPU VHR-10 e 0.515 0.341 0.345 0.054 0.429 0.324 0.373 

[7,9] r 2.525 2.522 1.392 0.598 2.020 0.973 1.187 

(100 samples) p 0.012 0.002 0.005 0.003 0.129 0.074 0.108 

NWPU-RESISC45 e 0.544 0.497 0.4 4 4 0.218 0.404 0.439 0.338 

[8] r 2.613 2.719 1.987 0.944 2.906 1.182 1.905 

(247 samples) p 0.010 0.006 0.009 0.001 0.114 0.035 0.214 

RSOD e 1.250 0.948 1.283 1.136 0.999 0.878 0.763 

[25,43] r 2.731 2.427 1.503 0.808 1.956 1.098 1.109 

(100 samples) p 0.009 0.010 0.028 0.069 0.216 0.101 0.048 

IAILD e 0.278 0.083 0.107 0.094 0.127 0.114 0.089 

[26] r 2.651 2.151 1.428 0.635 1.499 1.125 1.052 

(290 samples) p 0.008 0.001 0.009 0.007 0.085 0.019 0.030 

DOTA e 0.481 0.264 0.365 0.129 0.480 0.324 0.318 

[42] r 2.235 2.439 1.266 0.591 1.624 0.958 1.029 

(366 samples) p 0.027 0.026 0.032 0.028 0.106 0.119 0.078 

e 0.515 0.338 0.396 0.224 0.413 0.345 0.303 

total r 2.500 2.432 1.503 0.702 1.944 1.066 1.253 

(1103 samples) p 0.015 0.011 0.018 0.018 0.114 0.068 0.096 

 

 

 

 

 

 

 

 

 

 

et al. (BCCR) [28] , Zhu et al. (CAP) [49] and Berman et al. (NLD) [3] . In addition, the newly developed deep learning based

dehazing methods, DehazeNet proposed by Cai et al. (DHNet) [6] , Multi-scale CNN dehazing proposed by Ren et al. (MS-

CNN) [36] , are also included in the experiments. The configurations of the benchmark methods strictly follow the authors’

recommendations in their papers. 

5.1. Qualitative evaluations 

Figs. 8 and 9 present experimental results for RSIs of urban regions with homogeneous and heterogeneous haze, respec-

tively. In the urban regions of Fig. 8 , there are quite a number of different types of ground targets, e.g. houses, cars, ships,

roads, and planes. Since the IDeRS can dramatically suppress the halo artifacts, it provides a surprisingly good dehazing

results with rich hue information and clear details beyond other methods. Observing the dehazed images of GDCP [15] and

DHNet [6] , they are not satisfactory in processing details as well as saturation contrast. The results of CAP [49] and NLD

[3] have a little over-saturation. Although the BCCR’s [28] and MS-CNN’s [36] methods show good performance on the ho-

mogeneous hazy scenes, they are less robustness for the heterogeneous hazy image, as illustrated in Fig. 9 (d) and (h). The
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Fig. 13. RSID on five well-known remote sensing databases. 

 

 

 

 

 

 

 

 

 

 

learning based models of DHNet [6] and MS-CNN [36] are trained on a database consisting of hazy images synthesized from

physical haze model of (1) given t and A . Since the database does not contain heterogeneous hazy images, these two models

are not good at dehazing heterogeneous hazes as illustrated in Fig. 9 (g) and (h). 

Fig. 10 shows the experimental results on suburban RSIs. This image contains farmlands, rivers, roads and small villages.

Different from the high reflection of atmospheric light over building surface in urban region, the relative low reflectivity

of farmland usually has similar color blocks at adjacent areas. As illustrated in Fig. 10 (b), the IDeRS can obtain satisfied

result on this kind of image while other methods are not quite compelling. The dehazed image by GDCP [15] shown in

Fig. 10 (c) has quite low contrast which cannot clearly identify the farmland blocks. Although the result of BCCR [28] and

CAP [49] have more contrast than GDCP [15] , their atmospheric lights are misestimated, and look quit dim. Both NLD [3] and

DHNet [6] show over-enhanced, where there exist absolute black pixels (labelled by red rectangular boxes in Fig. 10 (f) and

(g)). For MS-CNN [36] , hazy images are synthesized from (1) trained on indoor databases, which may not cover all the cases

of haze, resulting in slightly inferior dehazing on some hazy RSIs, as illustrated in Fig. 10 (h). 
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In Fig. 11 , a hazy image of mountain is processed, where the white lake and ridge are two challenges in dehazing. The

methods about Fig. 11 (c)–(f) all fail to recover the white lake. GDCP [15] results in halo round lakeside, marked by a square

box in red color in Fig. 11 (c). Moreover, ridge details are blurred by the GDCP. The IDeRS, and learning-based DHNet [6] and

MS-CNN [36] can preserve ridge details. At the same time, they are without over-saturation around the white lake, as shown

in Fig. 11 (g) and (h). Compared with Fig. 11 (g) and (h), the IDeRS gets better saturation contrast thanking for the iterative

operator of dehazing which removes haze progressively and stops when achieving the best performance. 

Fig. 12 illustrates the dehazed results of the evaluated methods on a heavy hazy RSI. A layer of thick haze covers the

vast area in Fig. 12 , so that most of the image features become invisible. The dusty and dense haze makes atmospheric light

questionable, so the GDCP [15] , BCCR [28] and CAP [49] all fail to estimate the accurate atmospheric light; and the results

are all quite dim with local over-saturation drawbacks. In both DHNet [6] and MS-CNN [36] , the scattering coefficient β is

less than 1.5 to avoid transmission map close to zero, resulting in thin haze in all synthesized images. Consequently, heavy

haze removal may fail for [6,36] , as shown in Fig. 12 (g) and (h). The result of NLD [3] is similar to that of IDeRS. However,

it amplifies the noise simultaneously. Since the atmospheric light is estimated by the haze-line prior accurately, the IDeRS

can recover the clean details and colors from this seriously hazed RSI surprisingly. 

5.2. Quantitative evaluations 

For quantitative evaluation of image processing algorithms, image quality assessment (IQA) was extensively investigated

in the last decade [10,18,27,44,45] . In this work, BCEA [14] index is selected to evaluate image dehazing, where three objec-

tive indicators, e, r , and p are defined [14] . Indicator e expresses the rate of edges newly visible after restoration. Indicator r

is the mean of normalized gradients of visible edges, which represents the contrast restoration. Indicator p is the occurrence

probability of over-saturated pixels which become black or white after restoration. Generally, the higher e and r and the

lower p , the better the performance. 

The quantitative evaluations are tested on five well-known remote sensing databases, i.e. NWPU VHR-10 [7,9] , NWPU-

RESISC45 [8] , RSOD [25,43] , IAILD [26] and DOTA [42] . The dehazed results on 8 samples of diverse visual scenes, including

forest, river, building, airport, farmland and harbor, are demonstrated in Fig. 13 , where the first column gives hazy images,

and the second column shows dehazed images by our proposed IDeRS. It can be observed that the IDeRS is outstanding

among all tested methods. For quantitative comparison, we calculate the average e, r and p indexes on the given databases.

The statistics on each database and their combination are listed in Table 2 , where it can be observed that the IDeRS performs

well on most of the databases with respect to e and r (the best average e in NWPU VHR-10, NWPU-RESISC45, IAILD and

DOTA; the best average r in NWPU VHR-10, RSOD, IAILD and DOTA). On the five databases, IDeRS also has the best average e

and r , which indicates that the IDeRS can exhibit the best local details and global contrast than the benchmarks. The results

of GDCP [15] are always free from over-saturation, with the smallest p . The IDeRS is little inferior to the GDCP [15] with

regard to index p ; however, it is very close to GDCP and performs better than other methods. 

6. Conclusions 

In this paper, an iterative dehazing method for single RSI (IDeRS) is proposed. Firstly, we examine feasibilities of gen-

eral haze optical models and dehazing algorithms for the RSID. Regarding optical model, the RSID is different from the NID

in that it has almost constant depth, and without haze-opaque pixel. These two differences would lead to the failures of

transmission map estimation and atmospheric light estimation, respectively. To address the first problem, a term of “vir-

tual depth” is defined for measuring covering and contaminant of the earth’s surface, which works as the real depth of a

natural image. The second problem is solved by referring to the haze-line prior [4] without the help of haze-opaque pixel.

Secondly, to overcome over-saturation and halo caused by pixel-wise and patch-wise dehazings respectively, a fusion model

is proposed for combining pixel-wise and patch-wise transmission map estimations. Thirdly, an iterative procedure is devel-

oped to implement transmission map estimation and whole process of dehazing. Last, evaluations on a wide variety of RSIs

downloaded from NASA Earth Observatory website and five well-known databases, prove that the proposed IDeRS can bet-

ter recover high quality images by gradually removing halo artifact during iterative process, at the same time, suppressing

over-saturation. 
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