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ABSTRACT The image haze removal algorithm is challenging regarding computational processing speed
and the hazy removal effect. Instead of using the local patch approach, which assumes the scene transmission
to be locally constant and uses various filters to smooth the transmission map, this paper proposes a fast single
image haze removal method based on a minimum channel and patchless approach. A new simple approach
to estimate the atmospheric light and the scene transmission is proposed based on the minimum channel of
images. The histogram of the minimum channel of the image is used to extract the atmospheric light pixels
and exclude the non-hazy bright pixels in the image. The histogram equalization and image multiplication
are applied to achieve better visual quality. In order to verify the performance of the proposed method,
100 images are collected from datasets [-HAZE, O-HAZE, and websites. Experimental results show that
our proposed method outperforms up-to-date state-of-the-art haze removal algorithms using quantitative
evaluations. From subjective comparisons, the proposed method outperforms most current haze removal
algorithms in color restoration. Also, time assessment results show that our proposed method is the fastest
among the up-to-date state-of-the-art haze removal methods and is about 15 times faster than the second-
fastest method. The main contribution of the proposed method is significantly reducing computation time
because it uses a patchless approach that does not need any filter and complicated algorithms. In addition to
significantly reducing the computational processing speed, our proposed method can achieve better visual
quality.

INDEX TERMS Atmospheric light, haze removal, patchless, scene transmission, single image.

I. INTRODUCTION

Poor quality images are often produced when capturing
images in bad weather conditions, such as smoke, haze, rain,
snow, and so on. Since the density of haze varies depending
on the location, fog is difficult to detect in image processing.
Therefore, the image haze removal algorithm is challenging
and has attracted much attention in recent years. In order
to solve the effect of fog on the image, many researchers
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have proposed haze removal algorithms to restore it as similar
as possible to the original image taken under clear weather
conditions.

Researchers classify image haze removal techniques into
traditional non-learning-based and learning-based methods.
In the early days, traditional non-learning methods were
based on histogram techniques to remove haze from a single
image [1]-[3]. However, a hazy single image cannot provide
more information, resulting in a limited haze removal effect.
Tan et al. [4] proposed a dehazing method based on a Markov
random field that maximizes local contrast while assuming a
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layer of smooth airlight. This method produces compelling
results with enhanced scene contrast. However, some halos
at depth discontinuities are produced, which tend to be over-
saturated. The method proposed by Fattal ef al. [S] assumes
that the albedo and medium transmittance of the scene is esti-
mated under the condition that the transmittance and surface
shading in the image are uncorrelated. However, it only effec-
tively restores the image when the amount of haze is small
enough, but it produces distortion in the severely blurred
image caused by the hazy environment. In recent years, Dark
Channel Prior (DCP) [6]-[8] is often used to dehaze the
image. DCP makes the assumption that the intensity of the
dark channel is higher in the hazy region. On the other hand,
the intensity value of the dark channel in the haze-free region
is very low, even close to zero. However, the fact is that the
dark channel values for the sky areas without haze are much
greater than zero. Thus, the recovered sky area is usually
distorted, causing DCP not to recover the sky area in the
image very well. Many algorithms have been developed to
solve the shortcomings of DCP [9], [10], overcoming its slow
processing speed and unpredictable performance in sky areas.

Yu et al. [11] proposed a dehazing method for a sin-
gle scene image based on a fast bilateral filter method.
Meng et al. [12] modeled the inherent boundary constraint
on the transmission function and a weighted L1-norm into
an optimization problem to estimate the unknown trans-
mission. An efficient variable splitting algorithm was also
proposed to solve the optimization problem. Sulami ez al.
[13] proposed an automatic method for recovering the atmo-
spheric light vector in a single hazy image. The atmo-
spheric light vector’s orientation was recovered by exploiting
the abundance of small image patches. The max-brightness
transmission invariance was introduced, and a simple proce-
dure for estimating the magnitude of the atmospheric light
using this image prior was proposed. Wang et al. [14] pro-
posed a fast single image haze removal algorithm based
on a linear relationship in the minimum channel between
the hazy image and the haze-free image. The transmis-
sion map was estimated based on a linear mode with-
out exponential operations or sample training. Therefore,
it can be easy to realize and has less computational com-
plexity. The experimental results showed that the phenom-
ena of over-saturation and halo effects could be avoided.
Zhang et al. [15] proposed a dehazing algorithm that pre-
serves naturalness using hue, saturation, and value color
space. Khmag ef al. [16] used the mean vector L2-norm to
estimate the transmission map. A second-generation wavelet
transform filter enhanced the estimated transmission map and
filtered those outliers and unwanted artifacts. Shin et al. [17]
proposed a dehazing algorithm that combines an image’s
radiance and reflectance components. Hu et al. [18] proposed
a method based on the observation of uneven illumination,
which replaces the global atmospheric light in the atmo-
spheric scattering model with the local illumination estima-
tion method of the blurred image. Zheng et al. [19] proposed
an image dehazing scheme to eliminate haze’s visual degra-
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dation effectively. A multi-exposure image fusion scheme
based on adaptive structure decomposition to each image
patch was applied to fuse different exposure-level images
into a haze-free image. Zhu et al. [20] proposed an image
fusion algorithm to enhance the performance of image dehaz-
ing. Pixelwise weight maps were established using global
and local exposures to guide the fusion process based on
gamma-corrected underexposed images. Li et al. [21] pro-
posed globally guided image filtering to preserve the fine
structure of the dehazed image. Experimental results showed
that the proposed haze removal method can improve visual
quality. Zhao et al. [22] proposed a single image dehazing
method by analyzing the prior information of local dehazed
patches. A transmission was estimated accurately based on
the local patch. Weighted interpolation and guided filtering
were applied to refine the edges and details of the transmis-
sion map.

Recently, there have been an increasing number of
learning-based methods that can achieve accurate and fast
haze removal, such as employing random forests [23],
color attenuation [24], [25], and deep learning [26]-[38].
DehazeNet [39] developed a convolutional neural network
to estimate the transmission map of hazy images and then
restore haze-free images by estimating atmospheric light.
Ren ef al. [40] designed a multiscale convolutional neural
network to improve the haze removal performance for a single
image by learning more features. In deep learning-based
methods, large-scale haze image pairs and corresponding
haze-free images must be prepared, and their relations must
be trained to make the model aware of the haze-free images.
However, learning-based methods achieve good results for
images with uniform haze distribution. The desired effect
cannot be achieved for those images whose haze distribu-
tion is disproportionate. Moreover, the dehazing accuracy of
deep learning-based methods depends on the amount of data.
In reality, it is difficult to capture both foggy and fog-free
images in the same frame. Therefore, these learning-based
methods’ contrast enhancement of images is insufficient. Due
to the limitation of the training dataset, it might not effectively
adapt to various real-world environments.

In the DCP-based haze removal algorithm, the dehazing
performance depends on the local patch size that needs to be
tuned [41]. Also, the transmission map can cause problems
such as false textures and blocking artifacts and decrease the
dark channel’s apparent resolution due to the local patch [24].
Therefore the transmission map needs refining subsequently
by using a filter such as Gaussian filter [42]-[44], bilateral
filter [11], [45], soft matting [6], cross-bilateral filter [46],
[47], adaptive filter [48], second-generation wavelet filter
[16], or guided filter [43], [49]-[51]. However, it increases
computational complexity and suffers from other artifacts [9].

In order to solve the problems that the state-of-art haze
removal patch-based methods will increase computational
complexity and suffer from artifacts, a new patchless atmo-
spheric light estimation approach and a new simple patchless
transmission estimation approach are proposed in this paper.
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The main contribution of the proposed method is significantly
reducing the computational processing speed and achieving a
significant dehazing effect, including color restoration.

The remainder of this paper is organized as follows.
Section II introduces related works to understand our pro-
posed method. In Section III, the details of the proposed
dehazing method (MCPA) are illustrated. Section IV presents
and analyzes the experimental results. Finally, the results are
summarized in Section V.

Il. RELATED WORKS
A hazy image can be mathematically expressed as an atmo-
spheric scattering modeled as follows [52]:

I(x) = J(x)e P4® 4 A (1 - e_ﬂd(x)) , (1)

where x is the pixel coordinates; / denotes the hazy image; J
represents the haze-free image; A denotes the global atmo-
spheric light; B is the scattering coefficient of the atmo-
sphere; and d is the depth of scene. The scene transmission is
expressed as

t(x) = e PO, 2

In the DCP-based haze removal algorithm [6], the dark
channel is defined as

1% (x) = min min ¢ , 3
) yes2(x) <ce{r,g,b} (y)> )

where I€ is an intensity of a color channel {r, g, b} of the

image, and £2(x) represents a local patch centered at pixel x.
The dark channel of a hazy image is expressed as

TGN TO) ;
yénégc) (mcm v > = t(x)yénégc) (mcln e ) + (1 — 1(x)).
4)

The atmospheric light can be estimated from the dark
channel Eq. (4) as

ro )) ~ 1and i(x) ~ 0. 5)

min (min
YEQRX) \ ¢

After estimating the atmospheric light, the transmission
map can be obtained from the dark channel Eq. (4) as

- 1€ J¢
t(x) =1 — min ( min 0) for min ( min 0) ~ 0.
ye@x)\ ¢ A€ c  AC
(6)

The transmission map needs further refinement by using a
filter due to the local patch approach, and the haze-free image
is finally recovered as

I(x)— A
max(1(x), ty)

J(x) = (N

The DCP approach cannot well handle sky images and
has high computational processing speed. Since the DCP has
block artifacts due to the local patch approach, the transmis-
sion map needs to be refined by Laplacian-based soft matting
[53]. Due to high computational processing speed and time
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consumption, many researchers have developed faster image
filtering to replace Laplacian-based soft matting, including
median filtering [54], constant time bilateral filtering [55],
and gain intervention refinement filtering [56].

Many researchers [9], [24] estimated the haze density of
hazy images to obtain the scene transmission. Peng et al. [9]
estimated haze density d based on the fact that haze density
is correlated with its minimum/maximum channel and their
difference as

d o Inin X (Lnax — Imin) ®)

Lpay = max Ic(x)v ©)]
cefr,g,b}

Lnin(x) = min I°(x). (10)
cefr,g,b}

Haze density d can be estimated as

Tpax(x) — Imin(x)>

max(1, Lyq(x))

d(x) = Ipin(x) (1 - (1)
The scene transmission ¢ is assumed to be uniform in a
small local patch £2(x) and can be estimated as

tx) =1— wFy in d , 12
(1) = 1 — wFgy <y£n(;3€ ) (y)) (12)
where Fgr is the guided image filtering [57], and w is a
parameter whose range is usually set to be 0.95 to 1.

Zhu et al. [24] developed a linear model to estimate the
depth of the scene and constructed a depth map as follows:

d(x) =6y + 01v (x) + 05 (x) + e(x), (13)

where x is the pixel coordinate of the image; d denotes the
scene depth; v represents the brightness component of the
hazy image; s denotes the saturation component; 6y, 01, 6>
are the linear coefficients which can be estimated by using the
gradient descent algorithm; e(x) denotes the random error of
the model; and ¢ denotes a random image.

It can be seen that the algorithms of the above two scene
transmission estimation methods are too complicated, and
both are based on the local patch approach and require the use
of filters, which results in excessive computation and causes
artifacts. Motivated by the related works, this paper develops
a simple algorithm based on the minimum channel without
using the local patch to estimate the scene transmission.

In order to solve the problem that the white object in the
mage will result in an inaccurate estimation of the atmo-
spheric light, Peng et al. [9] used local minimum filtering
to remove isolated peaks in the Probability Mass Func-
tion (PMF) calculated from the image histogram based on
the fact that non-hazy bright pixels are usually brighter than
airlight pixels and the number of airlight pixels is much more
than that of non-hazy bright pixels.

The local minimum filtering of a 1-D minimum operation
P,, was developed to the PMF of the minimum channel and
is expressed as

Py(l) = min (Py(+5), (14)
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where Py denotes the PMF of the minimum channel, [ is a
value from 0 to 255, and r setting to 5 represents the radius
for the operation.

Since non-hazy bright pixels in the PMF calculated from
the image histogram for haze images may not be isolated,
the local minimum filtering cannot remove non-hazy bright
pixels. Motivated by this related work, this paper develops
a simple algorithm based on the minimum channel of a his-
togram to remove non-hazy bright pixels for the atmospheric
light estimation.

Histogram equalization [58] is one of the common algo-
rithms for enhancing digital image contrast. Histogram equal-
ization uses the probability and summation of the intensity
level of the digital input image to perform intensity mapping
to redistribute the histogram to make the digital image dis-
tribution uniform. The probability of occurrences of intensity
level r; can be expressed as

n;

pr(r)=—, 1i€0,...,L—1, (15)
n

where n; represents the number of occurrences of pixels
having intensity level r;; n is the total number of pixels in the
entire image; and L is the number of all the intensity levels in
the image.
The histogram equalization transformation function for
discrete mapping can be expressed as
ko
Tr)=@L-1) -2 16
(i) = ( >Z . (16)
J=0
The output of intensity level s for every pixel corre-
sponding to the intensity level r of the input image can be
expressed as

sk = T (rg). )

This paper proposes to use simple histogram equalization
to enhance image contrast to obtain better visual quality.

Ill. OUR PROPOSED METHOD (MCPA)

This section introduces the proposed method in detail. The
flowchart of the proposed method is shown in Fig. 1. Two
hazy images are given as examples to illustrate the proposed
algorithm as follows. First, the minimum channel values
are calculated from RGB channels of the input image. The
atmospheric light and the scene transmission can be estimated
from the minimum channel. The histogram of the minimum
channel is used to determine whether there exist non-hazy
pixels or not and extract pixels corresponding to the atmo-
spheric light in the histogram. Two cases are given to illustrate
how to extract pixels corresponding to atmospheric light. One
case is for the existence of non-hazy pixels, and the other is
not. The red vertical line in the histogram shows the position
corresponding to the atmospheric light. The red dots in the
red boxes and the zoom-in figures on the right side of the
histograms show the extracted atmospheric light pixels in
the original images. After estimating the atmospheric light
and the transmission, the scene radiance can be recovered.
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Histogram equalization is applied to enhance the contrast of
the dehazed image. Finally, to solve over-enhanced image
problem, each pixel of the enhanced RGB image is multiplied
by the correspondent pixel of the original image to obtain the
final dehazed result.

A. ESTIMATION OF THE ATMOSPHERIC LIGHT A

DCP [6] used the dark channel to find the most haze-opaque
region. The top 0.1 percent brightest pixels in the dark chan-
nel were first picked. These pixels with the highest intensity
in the input image / are picked as the atmospheric light. How-
ever, accurate atmospheric light may not be found when there
exist non-hazy bright pixels such as larger white objects, LED
(Light Emitting Diode), billboard or headlight. Although a
larger patch size may be used to calculate the DCP to get less
problematic for estimating atmospheric light, the apparent
resolution of the dark channel is inevitably decreased as the
size of the patch increases [41]. Also, automatically finding
an appropriate patch size to calculate the DCP for estimating
atmospheric light is difficult [9].

Zhu et al. [24] used a depth map to estimate atmospheric
light. In order to solve the problem that the white object in the
mage will result in an inaccurate estimation of the depth, the
scene depth needs to be locally constant, and the raw depth
map is expressed as

dr(x) = yéngigc)d(y), (18)

where r(x) is an r x r neighborhood centered at x, and d, is
the depth map with scale r.

The top 0.1 percent brightest pixels in the depth map
were picked, and the pixels with the highest intensity among
these brightest pixels in the corresponding hazy image I were
selected as the atmospheric light A.

Since the estimation of the atmospheric light based on the
local patch will result in the artifacts in the image, guided
image filtering is used to smooth the image [24]. It is noted
that using the guided image filter will significantly increase
the computational processing speed. In order to overcome the
above-mentioned problems, a new atmospheric light estima-
tion approach is proposed without using local patches. The
estimation of the atmospheric light is illustrated as follows.

The minimum channel of J¢(x) can be expressed as

min(Z(x)) = Lpin(x) = r{ninh} (Jc(x)t(x) +A°(1 — t(x))) .
ce rg,
(19)

The maximum intensity of the minimum channel of J(x)
can be expressed as

max Unmin(y)) = max (Cel{lrlf;b}J Mr(x) +A(l +1 (X))> :
(20)

The atmospheric light A can be estimated from the pixel
with the highest minimum channel value as follows:

A=1 (argmaxyel(x) Lnin (y))) . 21
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Histogram
equalization

FIGURE 1. Flow chart of our proposed method.

Since mla}x)(lm,-n (y)) and the related top 0.1% brightest
yel(x

pixels represent the pixels corresponding to the atmospheric
light pixels or the non-hazy bright pixels in the image; only
the atmospheric light pixels need to be extracted.

Instead of using probability, let p(rx) be the number of
occurrences of pixels having intensity level r; in the histogram
of the minimum channel of J¢(x) of the image.

p(rg) =nifork=0,1,2,...,255, (22)

where r¢ denotes the ky, intensity level, and ny is the number
of pixels in the image with intensity level ry.

Usually, the image histogram has discrete values and is
zigzag. A smoothing spline is used to fit the histogram to
obtain a smoothed curve, as shown in Fig. 2(b). After curve
fitting the peak values of the image histogram, a Matlab
function is applied to the histogram curve to find two local
maximums and one local minimum, which is located between
the two local maximums corresponding to the three largest
intensity values in the histogram. The number of non-hazy
bright pixels is much less than that of the atmospheric light
pixels. The intensity levels of non-hazy bright pixels are
higher than that of the atmospheric light pixels. Thus, the
atmospheric light can be automatically determined by aver-
aging RGB pixel values corresponding to the local minimum
for the case that the last local maximum value is much less
than the second last local maximum value. Otherwise, the
atmospheric light is estimated by averaging the RGB pixel
values corresponding to the top 0.1 percent brightest pixels
in the histogram.

Fig. 2(a) shows a haze image with three headlights.
Fig. 2(b) shows the curve fitted histogram p(ry) of the min-
imum channel of J¢(x) of the image shown in Fig. 2(a).
Two local maximums and one local minimum, which is
located between the two local maximums, corresponding to
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the three largest intensity values, are found in the histogram.
The last local maximum value is much less than the other
local maximum value. The atmospheric light can be auto-
matically determined by averaging the RGB pixel values
corresponding to the local minimum (red dot line), as shown
in Fig. 2(b). Figs. 2(c)-(e) show the comparison of three
different estimation methods of atmospheric light. Figs. 2(c)
and 2(d) show the region in red color from which the
DCP method and CAP method obtain the atmospheric light,
respectively. It can be seen that both dark channel and depth
map methods select the headlights to estimate atmospheric
light.

Fig. 2(e) shows the region in dotted red color from which
our method estimates the atmospheric light. Obviously, our
method can accurately estimate atmospheric light compared
with the other two methods.

Fig. 3(a) shows a haze image without LED light or white
objects. Fig. 3(b) shows the curve-fitted histogram p(rx)
of the minimum channel of J¢(x) of the image shown in
Fig. 3(a). It can be seen that two local maximums and one
local minimum between the two local maximums are found in
the histogram. However, the last local maximum value is not
much less than the other local maximum value. In this case,
the atmospheric light is estimated by averaging the RGB pixel
values corresponding to the top 0.1 percent brightest pixels in
the histogram.

Figs. 3(c) and 3(d) compare three different methods of
estimation of atmospheric light. Figs. 3(c) and 3(d) show the
region in red color from which the DCP method and CAP
method obtain the atmospheric light, respectively. Fig. 3(d)
shows the region in dotted red color from which our method
estimates the atmospheric light. It can be seen that all three
methods can accurately estimate atmospheric light. However,
our proposed method (MCPA) is efficient and straightforward
without using the local patch and thus does not need to use any

73037



IEEE Access

C.-S. Fuh, T.-C. Tung: MCPA: A Fast Single Image Haze Removal Method

EEEEEEEE

(b)

(d) (e)

FIGURE 2. An example of applying histogram to the image with three headlights to estimate the atmospheric light and the comparison results (a) Original
image, (b) Histogram. Atmospheric light estimation results using (c) DCP, (d) CAP (Color Attenuation Prior), and (e) our proposed method (MCPA).

@ )

FIGURE 3. An example of applying histogram to the image to estimate the atmospheric light and the comparison results (a) Original image (b) Histogram.
Atmospheric light estimation results using (c) DCP, (d) CAP, and (e) our proposed method (MCPA).

filter subsequently in comparison with the other two methods
or state-of-art methods.

B. ESTIMATION OF THE TRANSMISSION

Based on the assumption that the haze density of a hazy
image correlates with its minimum channel, the proposed
haze density d can be estimated as [9]

d (x) = wlpin (x) , (23)

where I,,;; (x) is obtained from Eq. (14).
The proposed scene transmission ¢ can be estimated as

1(x) = 1 = (wlyin(x)) - (24)

Lee et al. [41] reported that using w around 0.9, the under-
estimation of the transmission map is considerably decreased.
Compared with Eq. (6), it can be seen that the proposed sim-
plified scene transmission ¢ needs to decrease the value of w
to compensate for the under-estimation of scene transmission.
Through experimental study, it is found that letting the value
of w be 0.85 can achieve better visual quality. The proposed
estimate transmission can be expressed as

1) = 1 — (0.85% Lnin(x)) - (25)

Compared with the state-of-art transmission estimation
methods for hazy images, our proposed method (MCPA)
is significantly efficient due to only using the minimum
channel.

C. RECOVERING THE SCENE RADIANCE
After estimating the atmospheric light and the transmission,
the scene radiance can be recovered as

T4
I = cooon T4 (26)
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where #(x) is obtained from Eq. (16). It is noted the recovery
equation will decrease the intensity level for the pixels if
its value is less than the atmospheric light. Otherwise, the
intensity level for the pixels will be increased if its value is
larger than the atmospheric light. Thus, the recovery equa-
tion usually makes the image darker or brighter. To solve
the problem, this paper proposes to use a simple histogram
equalization as shown in Eq. (9) to enhance image contrast.

Finally, to solve the over-enhanced image problem, each
pixel of the enhanced RGB image is multiplied by the cor-
respondent pixel of the original image to obtain the final
dehazed result. The multiplication of the two RGB images
is a pointwise operation and can be expressed as

Tous (lv.]) = lorg (l,]) X Lenh (l,]) s (27)

where Iy, Iorg, and I, denote the output image, the original
image, and the enhanced image, respectively.

IV. EXPERIMENTAL RESULTS

In this section, Figs. 4-10 represent the performance compari-
son of our proposed dehazing method (MCPA) with some up-
to-date state-of-the-art methods, including FVR [59], DCP
[6], BCCR [12], ATM [13], CAP [24], DehazeNet [39], PAD-
MEF [19], Zhu et al. [20], Zhao et al. [22], and Li et al. [21].
In order to verify the performance of the proposed method,
100 images are collected from I-HAZE [60], O-HAZE [61],
and websites that had more white or gray areas in the
real world and clearly had haze. The dataset -HAZE and
O-HAZE comprise 75 hazy images. Twenty-five hazy images
are collected from websites. The sizes of the images are from
600 x 450 pixels to 2,833 x 4,657 pixels. The two images on
the left and right below each image are the enlarged images
corresponding to the regions of the red box and the blue
box in the image, respectively. For a fair comparison, the
advanced state-of-the-art dehazing methods are implemented
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FIGURE 4. Subjective comparisons of different methods on images: (a) Input hazy image, (b) FVR, (c) DCP, (d) BCCR, (e) ATM, (f) CAP, (g) DehazeNet,

(h) PADMEF, (i) Zhu et al., (j) Zhao et al., (k) Li et al., and (I) Our MCPA.

(9) (h) @

@) (k) [0}

FIGURE 5. Subjective comparisons of different methods on images: (a) Input hazy image, (b) FVR, (c) DCP, (d) BCCR, (e) ATM, (f) CAP, (g) DehazeNet,

(h) PADMEF, (i) Zhu et al., (j) Zhao et al., (k) Li et al., and (I) Our MCPA.

using the public code provided by the authors, and the
parameters are set as default. The software environment
used for the experiment is Matlab 2020a version. The com-
puter specification used in this experiment is an Intel Core
19-9900X CPU of 3.60GHz and a memory of 64GB. Next,
our experiments are divided into subjective comparisons,
objective quality assessments, and running time assessments.
Experimental details are described in detail in the following
subsections.

A. SUBJECTIVE COMPARISONS
In subjective comparisons, our method (MCPA) is compared
with up-to-date state-of-the-art dehazing algorithms. Fig. 4(a)
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illustrates one of the images where the haze distribution
occupies almost the entire image, and the colors look dull.
Therefore, many state-of-the-art dehazing algorithms cause
the color of the girl’s hair and face to be distorted because
the original image’s color cannot be accurately restored. For
example, the images restored in Figs. 4(b)-4(d), and 4(k) are
over-enhanced, such as girl’s face turning brown. Fig. 4(e)
shows that color distortion appears in the restored image.
Figs. 4(f)-4(i) successfully remove fog. The defogging effect
of Fig. 4(j) is not ideal, where the background and the girl’s
face and hair details are not obvious. Fig. 4(1) shows the
results of our proposed method (MCPA). The enlarged image
shows that the background details are successfully displayed,
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FIGURE 6. Subjective comparisons of different methods on images: (a) Input hazy image, (b) FVR, (c) DCP, (d) BCCR, (e) ATM, (f) CAP, (g) DehazeNet,
(h) PADMEF, (i) Zhu et al., (j) Zhao et al., (k) Li et al., and (I) Our MCPA.
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FIGURE 7. Subjective comparisons of different methods on images: (a) Input hazy image, (b) FVR, (c) DCP, (d) BCCR, (e) ATM, (f) CAP, (g) DehazeNet,
(h) PADMEF, (i) Zhu et al., (j) Zhao et al., (k) Li et al., and (I) Our MCPA.

and the girl’s face is obviously more natural than other Fig. 5(b) successfully removes the haze and objects hidden
advanced state-of-the-art haze removal methods. by the fog are revealed. Figs. 5(d) and 5(j) produce unreal-

Fig. 5(a) shows the image with highly cluttered objects and istic tones, such as too much blue and yellow in the overall
excessive fog with three headlights. Although the method in scene. The methods of Figs. 5(c), 5(e)-5(g), and 5(k) result
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FIGURE 8. Subjective comparisons of different methods on images: (a) Input hazy image, (b) FVR, (c) DCP, (d) BCCR, (e) ATM, (f) CAP, (g) DehazeNet,
(h) PADMEF, (i) Zhu et al., (j) Zhao et al., (k) Li et al., and (I) Our MCPA.

@ G o 0 | W [0
FIGURE 9. Subjective comparisons of different methods on images: (a) Input hazy image, (b) FVR, (c) DCP, (d) BCCR, (e) ATM, (f) CAP, (g) DehazeNet,
(h) PADMEF, (i) Zhu et al., (j) Zhao et al., (k) Li et al., and (I) Our MCPA.
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FIGURE 10. Subjective comparisons of different methods on images: (a) Input hazy image, (b) FVR, (c) DCP, (d) BCCR, (e) ATM, (f) CAP, (g) DehazeNet,
(h) PADMEF, (i) Zhu et al., (j) Zhao et al., (k) Li et al., and (I) Our MCPA.

in the darkening of some areas, where the train of Fig. 5(e) fully removes haze. Also, our proposed method can restore
and the rails of Fig. 5(f) even become inconspicuous. The the color of the green trees, as shown in the enlarged image,
method of Figs. 5(h) and 5(i) can successfully remove haze. better than other advanced state-of-the-art haze removal

Fig. 5(1) shows that our proposed method (MCPA) success- methods.
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Fig. 6(a) has rich color information, so the degree of color

recovery can be seen from different dehazing methods.
It can be seen from the methods shown in Figs. 6(b), 6(g),
and 6(i) that the haze has not been effectively processed, and
the image still remains in the area of white haze. Figs. 6(c)
and 6(h) show that both DCP and PADMEF can effectively
remove haze, and the color recovery is as good as our pro-
posed method. Figs. 6(e), 6(f), and 6(k) show the results
that some areas become darkened, such as the area in the
lower-left corner of the image. In Figs. 6(d) and 6(j), the color
is distorted, although the dehazing effect is good. As shown
in Fig. 6(1), our proposed method (MCPA) can restore the
image with high color saturation and recover the image’s
color successfully, as shown in the enlarged image.

As shown in Figs. 7(b)-7(d), halo artifacts appear in the
middle branch. Figs. 7(e) and 7(j) produce unreal tones.
Although Fig. 7(f) has a good dehazing effect, it produces
dark areas in the image, and the loss of details can be seen
from the enlarged image. In Figs. 7(g) and 7(k) the degree
of color restoration is significantly lower than our method.
Figs. 7(h) and 7(i) produce good sharpened edges. Fig. 7(1)
shows that our method does not cause halo artifacts and is
much better than most state-of-the-art methods, as shown in
the enlarged image.

The hazy area in Fig. 8(a) is reddish, which may be caused
by the high color temperature of the scene at that time or
the problem of the color balance setting of the camera when
capturing. Most state-of-the-art dehazing algorithms cannot
restore the image’s color, instead causing the image’s color
balance to be out of balance. As shown in Figs. 8(b)-8(d)
and 8(f)-8(i), the hazy areas in the upper part of the images
become redder than that in Fig. 8(a). The overall color of the
scene in Fig. 8(j) varies too much, resulting in incongruent
colors. Fig. 8(k) shows that the buildings in the fog can be
restored, but the trees below buildings are too dark. Although
the recovered colors in Fig. 8(e) are not distorted, the image
is too dark, and details are lost. As shown in Fig. 8(l), our
proposed method (MCPA) not only does not over-enhance
the reddish color of the foggy area of the original image in
Fig. 8(a), but also enhances the darker areas of the original
image to become brighter and more detailed as shown in the
enlarged image.

Hazy natural images or objects of white scenes have always
been a major obstacle to removing haze. Fig. 9(a) has a
sky region with dense trees and buildings. Many dehazing
algorithms cannot effectively deal with sky areas, causing sky
color distortion or artifacts, as shown in Figs. 9(b)-(e), and
9(j). Although Figs. 9(f) and 9(k) can effectively remove the
fog, but they still cause the image to be partially dark. The
defogging effect of Fig. 9(g) is relatively weak, so the trees’
color is not bright enough. Fig. 9(h) produces good sharpened
edges. The color restoration of Fig. 9(i) is not as vivid as our
method. Fig. 9(1) shows that our method removes haze well
and recovers the most vividness of colors better than most
advanced state-of-the-art haze removal methods, such as the
red roof shown in the enlarged image.
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FIGURE 11. Comparisons of different methods on computational
processing speed.

Fig. 10(a) is a sky image with many white clouds.
Many dehazing algorithms cannot effectively deal with sky
areas, causing sky color distortion or artifacts, as shown in
Figs. 10(b)-(e), and 10(j). Although Fig. 10(f) can effectively
remove the fog, they still cause the image to be partially
dark. The color restoration of Fig. 10(g) is not as vivid as
our method. The enlarged image shows that Figs. 10(h)-10(i)
show that both PADME and Zhu can successfully remove
haze and restore color. Figs. 10(b)-(e), and 10(k) show that the
tower of the enlarged image produces halo artifacts. Fig. 10(1)
shows that our method not only does not produce halo arti-
facts in the sky, but also no noise in the details.

B. OBJECTIVE QUALITY ASSESSMENTS

Table 1 shows that 100 hazy images are collected and eval-
uated the state-of-the-art methods and our method on the
average score of the 100 hazy images for eight image quality
metrics. The eight image quality metrics include the Peak
Signal to Noise Ratio (PSNR), Mean Squared Error (MSE),
the Structural Similarity (SSIM) [62], the Feature SIMilarity
(FSIM) [63], the Information Entropy (IE), the rate of visible
edges numbers e, the ratio of the gradients at visible edges
r, and the percentage X of completely black or completely
white pixels after restoration.

The PSNR indicates that the peak signal-to-noise ratio
reflects the distortion of the image. The larger the peak signal-
to-noise ratio, the smaller the image distortion. The MSE
represents the sum of the differences between the pixels in the
two images. The smaller the value of MSE, the closer the two
images are. The SSIM index and FSIM are used to measure
the similarity of two images. The larger the index value, the
more similar the images are and the less distortion. The qual-
ity of the dehazing results is also judged through the IE, which
is the average condition of the information in the image. The
larger the information entropy is, the more detailed infor-
mation the image contains. In addition to this, the method
proposed in [64] dedicated to evaluating visibility recovery
is used. The method calculates three indicators respectively,
including the rate of visible edges numbers e, the ratio of
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TABLE 1. Average objective quality results based on different methods. 1 the higher the better; | the lower the better; Bold: the best.

FVR DCP BCCR ATM CAP DehazeNet PADMEF Zhuetal. Zhaoetal. Lietal. Ours
PSNR 1 13.528 14.770 14.214 11.536 14.361 17.030 15.752 17.749 18.976 12.306 19.209
MSE | 2698.714  2182.785 2276.479 5867.486 2583.393  1256.718 1875.504 1186.235 1316.783  4049.331  976.384
SSIM 1 0.734 0.727 0.737 0.637 0.662 0.729 0.677 0.724 0.625 0.645 0.770
FSIM 1 0.853 0.925 0.910 0.842 0.910 0.972 0.830 0.890 0.851 0.850 0.957
Entropy T 7.296 7.359 7.215 6.711 7.121 7.217 7.514 7.479 7.316 7.466 7.877
et 1.059 1.153 0.966 1.083 0.462 0.459 0.840 0.748 0.281 0.871 0.873
71 2.303 1.788 1.853 1.7 1.074 1.214 2.198 1.995 1.361 1.933 1.709
2 0.022 0.010 0.014 0.012 0.035 0.107 0.013 0.007 0.000 0.024 0.030
TABLE 2. Time consumption | (second) comparison with state-of-the-art methods.
FVR DCP BCCR ATM CAP DehazeNet PADMEF Zhuetal. Zhaoetal. Lietal Ours
8K 7246.995 150.166 58.022 - 24.551 109.015 1039.030  27.140  1410.077  23.938 1.593
4K 583.880 36.594 14.522 440912 5.894 27.274 230.961 5.697 355.800 5.180 0.294
2K 124.222 15.951 6.194 161.393 2.563 12.115 101.044 2.579 157.352 2312 0.138
1K 46.601 10.627 4.139 104.377 1.707 8.138 66.952 1.765 104.623 1.786 0.091
720P 9.145 4.396 1.555 35.478 0.601 3.109 25.182 0.679 39.865 0.564 0.044
480P 1.210 1.569 0.617 12.370 0.245 1.219 9.287 0.250 14.982 0.205 0.025
AVG. 1335.342 36.551 14.175 - 5.927 26.812 245.409 6.352 347.117 5.664 0.366

the gradients at visible edges 7, and the percentage X of
completely black or completely white pixels after restoration.

From the results, the PSNR, MSE, and IE of our method
are the best, which verifies that our results have the least
noise, and the closer the image is to the ground truth. On the
contrary, the performance of ATM in PSNR, MSE, and IE
is the worst due to the excessive enhancement, noise, and
image distortion. A higher value of SSIM indicates high
similarity between the dehazed image and the ground truth
image, while a lower value of SSIM indicates the opposite.
The SSIM values for ATM, CAP, PADMEEF, Zhao et al., and
Li et al. were all below 0.7, indicating that much structural
information had been lost in the enhanced images. Among the
performance of FSIM, DehazeNet achieves the highest score,
which indicates the closest structural and feature similarity
to the original image. However, our method is very close to
the FSIM value of DehazeNet, indicating that our method
can also effectively extract features. The larger the value e,
the greater the enhancement of the number of visible edges
in the image. The values ¢ of FVR, DCP, BCCR, and ATM
are the closest and significantly higher than our method.
However, from Figs. 7(b)-(e), it can be seen that there are
apparent halo artifacts in the edges and corners, and there are
spurious edges and much noise in the sky area, which is the
reason for their large visible edge detection e. The value of e
in our method is ranked around the middle, which indicates
that our method does not produce over-sharpened edges. The
r indicates that the degree of image gradient enhancement
represents the degree of restoration of image edge and texture
information. Although the r value of FVR is the largest, and
it can be seen from Fig. 4(b) that over-enhancing the edges
makes the girl’s face appear strong local contrast. Although
CAP does not produce too much image sharpening because
the value of 7 is minimal. However, the image details are
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lost. For example, the rails at the bottom of Fig. 5(f) are not
obvious. From a subjective perspective, our method does not
cause excessive image sharpening or loss of image details.
A lower X' value maintains a lower percentage of all black or
all white pixels, which results in more natural, sharp edges
and richer colors. Objective visual shows that Zhao et al.
performed the best at X' values. But from the subjective
vision, Figs. 4(j), 5(j), 6(j), 7(j), and 8(j) not only have a poor
defogging effect but also enhance the color of the fog, causing
the image color to be incongruous. Although our method does
not get the best score in FSIM, e, r, and X', compared with
other image evaluation quality, such as PSNR, MSE, and
SSIM, our method is significantly better. The results of our
method show that dehazed images reproduce more natural
colors (with little color distortion) and show sharper details.
At the same time, our method minimizes artifacts and makes
the image subjectively visually similar to the ground truth due
to a patchless approach.

C. TIME ASSESSMENTS

In Table 2 and Fig. 11, the average running time of FVR [59],
DCP [6] (accelerated by the guided image filtering [57]),
BCCR [12], ATM [13], CAP [24], DehazeNet [39], PAD-
MEF [19], Zhu et al. [20], Li et al. [21], and Zhao et al. [22]
are evaluated. The state-of-the-art methods in the experiment
use the official open-source codes of the Matlab version
and use the default parameters to compare estimated time
consumption. Different image sizes, including 8K (7,680 x
4.320 pixels), 4K (3,840 x 2.160 pixels), 2K (2,560 x
1.440 pixels), 1K (1,920 x 1.080 pixels), 720P (1,280 x
720 pixels), 480P (720 x 480 pixels) are used, and 100 hazy
images are collected and resized to calculate the average run-
ning time. From the results, the operation time of ATM is the
longest because the use of local patches and the calculation
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of the atmospheric light color vector are too complicated,
resulting in an excessive computational burden on the image.
In addition, the operation time of ATM in 8K images is
too long, which causes memory overflow and cannot run
8K images because of the computer specifications in this
experiment. Our proposed method is the fastest among all
methods and all image sizes and can be implemented in real-
time applications. Even on 8K images, it only takes 1.5 sec-
onds on average, about 15 times faster than the second-fastest
Li et al. [21]. Tt is noted that the fast image dehazing method
proposed by Wang et al. [14] can also achieve very high com-
putational processing speed as fast as the proposed method.
Due to the fact that filtering algorithms in patch-based image
haze removal methods take too much computation time. The
proposed method can significantly reduce computation time
because it uses a patchless approach that does not need any
filter or complicated algorithms.

V. CONCLUSION

This paper proposes a fast single image haze removal method
based on a minimum channel and patchless approach. A new
simple approach to estimate the atmospheric light and the
scene transmission is proposed based on the minimum chan-
nel of images. The histogram of the minimum channel of
the image is used to extract the atmospheric light pixels and
exclude the non-hazy bright pixels in the image. The his-
togram equalization and image multiplication are applied to
achieve better visual quality. Experimental results show that
our proposed method outperforms most current state-of-the-
art haze removal algorithms using qualitative and quantitative
evaluations and can achieve better visual quality. Also, our
proposed method is the fastest among the up-to-date state-
of-the-art haze removal methods and is about 15 times faster
than the second-fastest method. Our proposed method has a
significant advantage in computation time because it uses a
patchless approach that does not need any filter and com-
plicated computations. Due to estimating the atmospheric
light accurately, most colors of images can be restored. From
subjective vision, the proposed method can restore more rich
colors and make the image look natural. Also, our proposed
method can automatically perform haze removal for all types
of hazy mages without presetting its processing parameter
values. According to the analysis of time assessment, our
proposed method can be implemented in a mobile device with
limited resources. Although the proposed dehazing method
can restore the vividness of the image’s colors, it may over-
enhance the image in some cases. This limitation might be
solved in future studies by considering the type of haze.
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