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Abstract
Abstract—Assessment on haze can filter out images with dense haze to improve the reliability of
remote sensing image interpretation. In this paper, a novel no reference haze assessment method based
on haze distribution is proposed for remote sensing images. Firstly, range channel of an image is defined
and Haze Distribution Map is extracted from the hazy image. Then, the haze assessment metric HDMHA
is designed according to the Haze Distribution Map. Finally, the degree of haze in remote sensing images
is predicted using the proposed metric. In order to objectively verify the effectiveness of the proposed
metric HDMHA, a method of simulating hazy remote sensing images based on haze imaging model is
proposed in this paper, and the simulated hazy images are greatly similar with real ones in vision. A
series of experiments are done on both real images and simulated images, and the results show that the
proposed metric achieves good consistency when compared with subjective experiments and outperforms
typical blind image quality assessment methods.
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I. I NTRODUCTION
Remote sensing images provide a wealth of spatial and geographic information and are widely used
for forestry, meteorology, hydrology and military. However, they are easily degraded by atmospheric
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scattering due to suspended particles in the atmosphere such as haze, fog and mist, which will reduce
their application value to a great extent. Therefore, many researchers studied on dehazing to improve
image quality. He et al. [1] proposed dark channel prior to recover a high-quality haze-free outdoor image.
Ancuti et al. [2] introduced a fusion-based strategy to single image dehazing, which achieves satisfactory
results and can be used for real-time applications. Aliaksei Makarau et al. [3] restored the haze-free
remote sensing image through subtracting its corresponding haze thickness map which is constructed
by searching dark objects locally in the whole image. For some certain applications, remote sensing
images from Google Earth are one of the important data sources, such as target detection [4], [5] and
classification [6], [7]. This kind of images are also influenced by hazy condition, therefore two fast
dehazing methods based on dark channel prior [8] and deformed haze imaging model [9] are proposed
respectively to remove haze from Google Earth images. Some researchers also studied on how to evaluate
the dehazing effects. Fang et al. [10] proposed an evaluation metric combining the ascension of contrast
degree with the structural similarity to assess the image quality after dehazing.
Although these dehazing methods mentioned above can improve the quality of hazy images, few
studies address the problem of objective assessment on haze in the current literatures. Actually, it is
highly necessary for remote sensing image application to develop a metric to evaluate the degree of haze.
It can not only help to reduce over or under dehazing phenomena for haze removal algorithms, but also
filter out the image with dense haze to improve the reliability of subsequent image analysis.
No reference image quality assessment (IQA) methods are needed for hazy remote sensing images
since their reference image is not available. Generally, no reference IQA methods can be classified into
two categories [11]: 1) algorithms developed for specific types of distortion, such as blur [12], JPEG
and JPEG2000 compression [13], [14], noise [15]; 2) non-distortion-specific algorithms. Moorthy et al.
[16] proposed a two-step framework (BIQI) for no reference image quality assessment based on natural
scene statistics, which did not require any prior knowledge of the distorting process once trained. Tang
et al. [17] developed a learning based blind image quality measure (LBIQ) which learns a mapping from
features of an image to the corresponding subjective quality score to predict the visual quality of images.
However, haze is different from distortions mentioned above and the current IQA methods cannot be
used for assessing the hazy image quality directly. In this paper, a novel haze assessment algorithm is
proposed for Google Earth images. The Haze Distribution Map (HDM) is first extracted from the hazy
image and the metric to evaluate the degree of haze in the image is then calculated according to haze
distribution.
The structure of the remaining paper is as follows. Section II describes the novel assessment algorithm in
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detail. In section III, a haze simulation method is proposed to evaluate the haze degree metric objectively,
and section IV analyzes and discusses experimental results for the proposed algorithm. Lastly, conclusion
is given in section V.
II. A SSESSMENT ON H AZE
A. Haze Distribution Map
We define range channel of an image as the maximum gap value between its three channels, which is
computed through:
Irange (x) = max Ic (x) − min Ic (x)
c∈(r,g,b)

(1)

c∈(r,g,b)

where x = (x, y) represents the coordinate of a pixel, I is the observed intensity and Ic stands for a
color channel of I.
Since the haze is always gray visually, the values of a hazy pixel in R, G, B channels should be equal
or close. It means that values of the range channel in hazy regions are small. We manually pick out
5000 hazy patches with size 50x50 pixels from Google Earth, and their range channels are calculated
through (1). Fig. 1(a) is the intensity histogram over all 5000 range channels of hazy patches and Fig. 1(b)
is the corresponding cumulative distribution. It can be seen that the intensity of about 99 percent of the
pixels in the range channel is below 10. That means the three values in R, G, B channels are close
enough for a hazy patch in the image.

(a)

(b)

Fig. 1. Statistical results. (a) Histogram of the intensity of range channels for 5000 patches. (b) Cumulative distribution.

According to the dark channel prior [1], for the haze-free patch, at least one color channel has some
pixels whose intensities are very low and even close to zero. Moreover, for the hazy patch, the maximum
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and minimum among R, G, B channels proved close through the analysis above. Those imply that the
minimum intensity in hazy region is higher than that in haze-free region. Therefore, the minimum value
among R, G, B channels can reflect the haze distribution in the image roughly. First, the hazy image I
is normalized to [0, 1], denoted as IN . Thus, we define Haze Distribution Map (HDM) as:
H(x) = min IcN (x)
c∈(r,g,b)

(2)

The raw Haze Distribution Map (HDM) can be obtained by (2). Figs. 2 (a) and (b) show a generation
instance of HDM for a hazy remote sensing image. As can be seen, on the Haze Distribution Map, the
intensity of dense haze region is higher than that of the haze-free region.
Ideally, the intensity of haze-free region in the HDM is expected to be close to zero according to dark
channel prior. However, it is not in fact [9] (see the red circle in Fig. 2(b)). Therefore the raw HDM needs
to be corrected. It is known that saturation represents the purity of color, and for an image, the larger
its saturation, the more vivid its color. Fig. 2(c) is the saturation of Fig. 2(a). Obviously, the saturation
in haze-free region is higher than that in hazy region. Thus, for the haze-free region, the intensity of its
HDM is low, on the contrary, the corresponding saturation is high. In order to decrease the intensity of
haze-free region and obtain a more precise HDM, the saturation S(x) is subtracted from (2):
H̃s (x) = max(H(x) − αS(x), 0)
S(x) = 1 −

3min(R(x), G(x), B(x))
R(x) + G(x) + B(x)

(3)
(4)

where R, G, B represent three color channels, α is an adjusting parameter to make the haze-free region
dark enough and it is fixed to 2 in the paper. The max operator in (3) is used to avoid negative values.
Fig. 2(d) shows the corrected HDM obtained through (3). It can be seen that the intensity of haze-free
region (red circle) in Fig. 2(d) is lower than that in Fig. 2(b). At the same time, in order to weaken the
impact of scene texture on HDM, morphological opening operation and a guided filter [18] are carried
out on the corrected HDM as post processing. Fig. 2(e) is the final HDM after post processing, which is
denoted as Hs .
B. Haze Assessment
In vision systems, the influence of haze on images depends on haze density and its coverage area.
When the haze is dense and covers a large area, its influence on image quality is serious. For the hazefree remote sensing image, the intensity of its HDM is low. The denser the haze becomes, the higher
the intensity will be. Therefore, we propose a metric named HDM-based Haze Assessment (HDMHA)
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(a)

(b)

(c)

(d)

(e)

Fig. 2. Haze Distribution Map of a hazy image. (a) Hazy image. (b) Raw HDM. (c) Saturation map. (d) Corrected HDM. (e)
HDM

to predict the degree of haze for remote sensing images visually. First, the HDM is divided into n
nonoverlapping small patches. When the patch size is small enough, each patch can be assumed to be
either clear or hazy. Then the assessment metric of haze for ith patch can be computed through:
HDMHAi =

2 miny∈Ω(x) Hs (y)
max(T, maxy∈Ω(x) Hs (y)) + miny∈Ω(x) Hs (y)

(5)

where Ω(x) is a local patch centered at x, T (0.5 ≤ T ≤ 1) is a parameter which should be a large value
to keep the denominator at a high level for both clear and hazy patches. When T is small, its effect will
be reduced and the metric value of a slightly hazy patch becomes large, which weakens the separability
between slightly hazy patches and densely hazy patches. On the other hand, if the value of T is too
large, the range of the metric value will be narrowed, consequently, the metric cannot reflect human’s
subject perception very well. Here, T is fixed to 0.8 in this paper. The blind assessment property of the
proposed metric can be explained intuitively as follows.
Case 1: ”haze-free patch.” The intensity of the HDM is very low and the minimum  0.8 , so HDMHA
≈ 0.

Case 2: ”hazy patch.” The intensity of the HDM is very high and maximum ≈ minimum, so HDMHA
≈ 1.

The HDMHA metric is developed under the assumption that the patch is binary: clear or hazy, which
requires the patch is small enough. Obviously, it will be computationally burdensome when pursuing
an accurate evaluation result. However, on the other hand, a large patch size will lead to an inaccurate
prediction, for example, two patches shown in Fig. 3. Clearly, patch A is influenced more seriously
by haze than patch B. However, the real quantitative assessment result is HDMHAA = HDMHAB
(minA =minB = 0, maxA =maxB = 0.9502) because the metric HDMHAi depends on the minimal
value in a patch. In order to balance the accuracy and time cost, the minimum operator in the numerator
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of (5) is replaced by mean operator and the assessment index for ith patch is redefined as:
HDMHAi =

2meany∈Ω(x) Hs (y)
max(T, maxy∈Ω(x) Hs (y)) + miny∈Ω(x) Hs (y)

(6)

Through (6), HDMHAA is larger than HDMHAB , which is in an agreement with the reality.
For the whole image, our proposed metric is expressed as:
HDMHA =

n
1X
HDMHAi
n i=1

(7)

Therefore, a large HDMHA value indicates dense and widespread haze in a remote sensing image.

(a)

(b)

Fig. 3. Simulated HDMs of hazy patches. (a) Patch A. (b) Patch B.

III. S IMULATION OF H AZY R EMOTE S ENSING I MAGES
Since few studies about haze assessment can be found, the publicly available IQA datasets such as
LIVE II [19], TID [20] and CSIQ [21] do not contain hazy remote sensing images. In this section, a
simulation method for hazy images is proposed.

A. Transmission Extraction
According to [22], [23], the haze imaging model can be described on the RGB color channels as:
I(x) = J(x)t(x) + A(1 − t(x))

(8)
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where J(x) stands for the scene radiance, t(x) is the transmission and A is the atmospheric light.
Transmission t(x) cannot be obtained directly by (8) because J(x) is unknown. Through the derivation
in [1], the transmission can be estimated as:
Ic (y)
)
c∈(r,g,b) Ac

t̃(x) = 1 − min ( min
y∈Ω(x)

(9)

Obviously, t̃(x) is image-derived [8] and it can be obtained through computing.
Then a guided filter [18] is used to avoid block artifacts in the raw transmission extracted by (9).
Generally, the grayscale image of I is used as the guidance image but the texture cannot be avoided. In
this paper, a black image is adopted as the guidance image to overcome the original scene texture. Fig. 4
shows remote sensing images and their corresponding transmissions.

Fig. 4. Instances of extracted transmissions, where the first row shows hazy images and the second row shows their corresponding
transmissions.

B. Hazy Remote Sensing Images Simulation
We take the transmissions extracted from real hazy images as haze masks, and add them to clear
images through the haze imaging model (8) to simulate hazy images. According to (8), once the scene
radiance J(x) (clear image), transmission t(x) and atmospheric light A are given, the hazy image can
be generated. For a fixed atmospheric light A, images with different haze distribution can be obtained
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through using different transmissions t(x) extracted from real hazy images. As shown in Fig. 5, where
(a) is the reference image, (b) and (c) are two images with different haze distributions generated by the
first two transmissions in Fig. 4. Similarly, for a fixed transmission t(x), images with different haze
densities can be obtained through adjusting the value of atmospheric light A. As shown in Fig. 6, these
images are synthesized using the same scene and same transmission under different atmospheric light,
where the transmission is from the last one in Fig. 4. Furthermore, hazy images under different scenes
can be generated as well, which is shown in Fig. 7. From Fig. 5 to Fig. 7, it can be seen that these
synthetic images are highly close to real hazy images in vision, which is in favor of the validation for
the algorithm’s performance.

(a)

(b)

(c)

Fig. 5. Hazy images simulated using different transmissions. (a) Reference image. (b) and (c) are synthetic images.

IV. E XPERIMENTAL R ESULTS
In order to analyze the performance of our method, a series of experiments are done on the PC with
3.1GHz Intel Core i5 Processor using Matlab 2013a.
We have two datasets: simulated dataset and real dataset. In our simulated dataset, 80 transmissions
are extracted from 80 real hazy remote sensing images and each of them can be used to generate 4 levels
of haze (Level 2–Level 5 shown in Fig. 6). For 20 clear reference images, totally 6400 hazy remote
sensing images are obtained. In real dataset, 65 real hazy remote sensing images are used for subjective
experiment, which are different from the 80 hazy images used for generating the simulation dataset. All
the real images (145 (65 + 80) hazy images and 20 haze-free images) are from Google Earth and they
are with the size of 500 × 600 pixels, and the metric HDMHA is computed using a patch size of 20 × 20
pixels.
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(a)

(c)

(b)

(d)

(e)

Fig. 6. Hazy images simulated using the same transmission and same scene. (a) Reference image (Level 1) (b) Level 2 (c)
Level 3 (d) Level 4 (e) Level 5

A. Assessment on Simulated Hazy Remote Sensing Images
To test the effectiveness of the proposed metric objectively, experiments are carried out from two
aspects: haze assessment under different densities and under different distributions. In the existing IQA
methods, haze assessment is barely mentioned. Two state-of-art no reference IQA methods BIQI [16]
and NIQE [24], which are non-distortion-specific, and the full reference index SSIM [25] are compared
with our algorithm.
1) Experiments for simulated images with different densities of haze: We divide 6400 simulated hazy
images into 80 groups in terms of different transmissions. In each group, for the same reference image,
there are 4 levels (Level 2–Level 5) of haze. Considering additional 20 reference images, there are totally
100 images (80 simulated hazy images and 20 reference images) in a group. For images in each group,

we first extract their HDMs using the method described in section II-A, and then calculate the metric
HDMHA through (6) and (7). Fig. 8 shows the distribution of HDMHA values of random two groups.
Clearly, for different level of haze, the values of metric HDMHA are separated very well, which means
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(a)

(c)

(b)

(d)

(e)

Fig. 7. Hazy images simulated using the same transmission but different scenes. (a) Reference image (Level 1) (b) Level 2
(c) Level 3 (d) Level 4 (e) Level 5

that HDMHA can reflect the variation of haze density correctly.
Fig. 6 and Fig. 7 are simulated hazy remote sensing images using the same transmission under different
scenes, in which (a) to (e) denote 5 levels of haze degree respectively. Their HDMHA values are shown
in Table I. It can be seen that the metric HDMHA becomes larger as the haze density increases, which
coincides with the visual observation. Theoretically, HDMHA values for hazy images in Fig. 6 and Fig. 7
should be equal since they are simulated using the same transmission and atmospheric light. The slight
errors between Fig. 6 and Fig. 7 are attributed to different scenes. The maximum variance in dataset
caused by different scenes is 0.0744 and it demonstrates that the proposed metric HDMHA is insensitive
to the scene.
We then use two important evaluation criteria: Pearson linear correlation coefficient (LCC) and Spearman rank-order correlation coefficient (SROCC) to analyze the performance of IQA methods and higher
values indicate better performances. The simulated haze level is used as the ground truth and the evaluation
results for the four metrics on all the 80 groups are given in Table II. As can be seen, the proposed
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Fig. 8. Assessment on different haze densities using HDMHA

TABLE I
A SSESSMENT RESULTS FOR SIMULATED IMAGES USING HDMHA

HDMHA

(a)

(b)

(c)

(d)

(e)

Fig. 6

0.0095

0.3723

0.5733

0.6894

0.8384

Fig. 7

0

0.4220

0.6387

0.7127

0.8569

metric HDMHA performs better than both BIQI and NIQE, and meanwhile, it is comparable to the full
reference index SSIM.
TABLE II
M EAN CORRELATION COEFFICIENT OF 80

GROUPS

BIQI

NIQE

SSIM

HDMHA

LCC

0.3917

0.4744

0.9536

0.9445

SROCC

0.4024

0.4020

0.9603

0.9785

2) Experiment for simulated images with different distributions of haze: In this experiment, we choose
1600 hazy images with level 4 from the simulated dataset as experimental images(80 transmissions×20
reference images). They are then divided into 20 groups in terms of different reference images and each
group consists of 80 hazy images. Here, the theoretical ground truth is unavailable. Considering the fullreference SSIM index represents the similarity between a reference image and its corresponding distorted
image, and it is positive correlation with image quality. Therefore, in this paper, the value of 1-SSIM is
viewed as the ground truth and a higher value indicates denser haze. The statistical results of LCC and
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SROCC for the three no reference metrics are presented in Table III. It can be seen that our proposed
metric is still superior to the other two state-of-art approaches.
TABLE III
M EAN CORRELATION COEFFICIENT OF 20

GROUPS

BIQI

NIQE

HDMHA

LCC

0.5650

0.2486

0.9588

SROCC

0.5258

0.2295

0.9905

B. Assessment on Real Hazy Remote Sensing Images
Here, the real dataset is used for the subjective experiment. For some real hazy remote sensing images
shown in Fig. 9, the HDMHA values are 0.1504, 0.1648, 0.4509, 0.9565, respectively, which is in
reasonable agreement with the human perception. For the whole dataset, we take Mean opinion score
(MOS) values computed from subjective scores as the ground truth and a higher value represents denser
haze in the image. The correlation indices between MOS and the three no reference metrics are tabulated
in Table IV respectively. Clearly, the blind assessment index HDMHA has a higher correlativity with the
subjective assessment than BIQI and NIQE.

Fig. 9. Real hazy remote sensing images

TABLE IV
C ORRELATION COEFFICIENT OF REAL HAZY IMAGES

BIQI

NIQE

HDMHA

LCC

0.1703

0.1117

0.8982

SROCC

0.1122

0.0999

0.9272
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V. C ONCLUSION
The application of remote sensing images is affected by haze condition. Assessment for haze can ensure
that remote sensing images getting into interpretation system are with high quality, which improves the
reliability of automatic interpretation. A method is proposed to evaluate the degree of haze for remote
sensing images in this paper. Firstly, Haze Distribution Map is defined as the minimum value in RGB
color channels according to dark channel prior and the proposed range channel. Then, on the basis of
the HDM, the index HDMHA reflecting the haze density and coverage area is developed. In order to
objectively evaluate the performance of the proposed metric, a haze simulation method based on haze
imaging model is designed, by which generated hazy remote sensing images are highly close to real hazy
images. Experiments are done on both simulated and real remote sensing images and results demonstrate
that the proposed method has a strong correlation with the ground truth.
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