Adv §st Sci Appk021;01; 95112
Published onlinat https://ijjassa.ipu.ru.

Improving DCP Haze Removal Scheméy Parameter
Setting and Adaptive Gamma Correction

ChengHsiungHsieh’, Yi-Hung Chang

Y Department of Computer Science and Information ScjeCit@oyang University of
TechnologyTaichung Taiwan

E-mail:chhsiel@cyut.edu.tw

2 Department of Computer Science and Information Sciertt@py@aing University of
TechnologyTaichung, Taiwan

E-mail: s108276160 cyut.edu.tw

Abstract: Recently, singlémage haze removal based on the dark channel prior (DCP), originally
proposed by He etl., has attracted uch attention in the image restoration community. This
dehazing algorithm, called the DCP scheme here, iskmellvn to have four @in problems in its
dehazed images: artifacts, hue distortion, color -seturation, and halos. In this paper, an
improved DCRIDCP) is proposed to deal with tHeur aforementioned problems, by setting the
model parameters, i.e. scaling factors and wimdize and smoothing factor of a guided image
filter in the DCP scheme. Note that a dehazed image is generally dim and low in contrast. An
adaptive gamma correction (AGC) is introduced for dehazed image enhancénhegmtoposed
IDCP and AGCare used toreate the IDCP/AGC scheme, in which the IDCP schperéorms
hazeremowal andthe AGC enhances the dehazed imagke IDCP/AGC scheme was justified
through extensive experiments and comparedtv@fDCP scheme, an optimizatibased scheme,
and two learmg-based schemes on two datasets. The results indiibatiethe proposed scheme is
subjectively and objectively superior to the comparison schemes

Keywords dark channel prigrsingle image haze removadaptive gamma correction

1. INTRODUCTION

Image haze removal by far is an active research field in the image restoration and image
enhancement community. The haze mainly resulted from the adversary weather condition
degrades the visual quality of an image. A hazy image is gener&ly cbntrast and visibility,

which may affects the following computer visionary applications, such as -biaksed
surveillance systems, automatic drivero6s a:
systems. Since haze removal is in great needhmork has been done in this field. A popular

class of haze removal schemes relies on statistical observations and thus assumptions, such as
contrast assumption [1], toorrelation assumption [2], dark channel prior [3], and color line

[4]. Besides, in [ a pioneer work based on machine learning for single image haze removal
was proposed. In [6], a mulsicale convolutional neural networks was presented to estimate
parameters in the haze image model. In [7], anterehd framework based on a deep legni

neural network for single image haze removal was introduced. In [8], anoth¢o-end
framework, called alln-one dehazing network, was proposed. In1(9, generative
adversarial networks were applied to image haze removal. For more other schesmaayo

consult survey papers in [4113].

This paper will concentrate on the popular scheme based on dark channel prior, which was
originated by He et al. in [3]. The scheme will be called the DCP scheme hereafter. With its
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96 C.-H. HSIEH, Y-H. CHANG

simplicity, the DCP scheme hagratted much attention recently. However, the original DCP
scheme has several problems needed to be improved, i.e. computational cost, artifacts, color
distortion, and halos. To reduce the computational cost, in [14] He et al. used a guided image
filter (GIF) to replace the soft matting algorithm in [3] for transmission map refinement. The
artifacts and color distortion usually occur in the sky region of a dehazed image, while the
problem of halos happens in large depth discontinuities. To improve the dh€éme, many
researchers have proposed a variety of solutions to relieve the aforementioned problems. Some
of them are listed below. In [15], with a soft segmentation, the transmission map estimation
was divided into two part: one for the sky region andother for the notsky region. For the

sky region, a luminance model was applied to estimate the transmission map, while the dark
channel prior was used to estimate the transmission map in tkskypoagion. Then the two
transmission maps were fused tdaib the final transmission map. In [16], a sky segmentation
scheme based on quatée splitting was presented to deal with the problem of the DCP scheme

in the sky region, where the transmission map was refined by an edge preserving GIF. In [17],
the skyregion is segmented through a gueske decomposition and regigmowing scheme.

Then the estimate of transmission map obtained from the dark channel was modified based on
the segmented sky region. The atmospheric light was estimated through the segkented
region. In [18], the transmission map was found through minimization of an energy function
with a piecewise smooth assumption. In [19], a segmentation scheme based on the binary
image from gradient image of input image was employed to separate ségsietfirough

which an estimate of atmospheric light was found. With the help of edge information, an initial
transmission map was obtained and then refined by a GIF. In [20], a light intensity reverse
algorithm was proposed to deal with the artifact pnobie the sky region or white objects.

By a threshold, the region of interest was segmented, whose RGB pixel values were replaced
with a constant manually specified by the u3éen the DCP scheme was applied to find the
dehazed image. In [21], the initlnsmission map was found by e v minimum filter

and then refined by the Sobel filter and mean filter. To avoid color distortion, abpized
adaptive lower bound fahe final transmission map was calculated through a constrained
piecewise linearfunction. In [22], a saliency detection was proposed to extract white objects
according to superpixel intensity contrast. Then the atmospheric light and transmission map
were estimated with the preprocessed image. Besides, an adaptive upper bound was given
avoid overexposure in dehazed images. In [23], a-Btage transmission map estimation was
employed. In the first stage, a dehazed image was found by the DCP scheme. In the second
stage, the pixeébased transmission map was obtained from the dehamedei Then
morphological operations were applied to find the final transmission map. Finally, the image
was restored by the final transmission map and atmospheric light estimated by the DCP scheme
in the first stage.

In the aforementioned schemes, moshein use segmentation skill to separate sky and-non

sky regions to avoid the artifacts and color distortion found in the sky region, since many
researchers conjecture that the problem is due to the inappropriateness of dark channel prior
for the sky regyn. Moreover, many researchers attribute the halo problem to the large depth
discontinuities in the input image. However, the two conjectures are arguable. Though the dark
channel prior is not suitable in the sky region or white objects, it may not stigafethie DCP
scheme is inappropriate accordingly. In [3], it says that the sky andkyoregions can be
handled gracefully, even the DCP is not a good prior for sky regions. This paper will justify
that the statement is correct, through the proposetbived DCP (IDCP) scheme, where no
segmentation is required for the sky and-skwy regionsin addition, problems of artifacts,

hue distortion, color ovesaturation, and halos in the DCP scheme will be relieved by the
proposed IDCP scheme through modebpaeter setting. Section 3 will have tthetails

In general, a dehazed image is dim and of low contrast. Conventional image enhancement
methods, such as histogram equalization (HE) and gamma correction (GC), are not suitable
for dehazed image enhancement, since over enhancement and color distortioneei e
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time. Even so, some researchers have tried to apply HE and GC to image haze removal. In
[24], an adaptive GC was applied in the transmission map estimation. In [25], the haze image
model and a GC were combined to form a model, called concise gaornectionbased
dehazing model. In their results, color distortion can be found in the given examg2s],

a contrast limited adaptive HE (CLAHE) was applied to visibility enhancement of the dehazed
image However, over enhancement is found, whienregion is large. This paper will propose

an adaptive gamma correction, which can be applied to dehazed image enhancement without
color distortion.

This paperhas four main contributions. Firstan alternative solutions proposedio the
problems ofartifact and color distortion in sky regions, that is, by an adaptive scaling factor

in the atmospheric light estimation. This is different from the sky andskgnregion
segmentation schemes as described previously. Seaxifacts in the sky regiomd color
distortion in a dehazed image is relieved by an adaptive scaling fadtee estimation of

initial transmission map. Thus, no sky and sy region segmentation is required. This
provides a way tomitigate this problem Third, the halo problemhappened in large
discontinuities is solved by@IF parameter setting in the transmission refineniérs doing

gives a solution to the halo problem. Fourth, an adaptive gamma correction (AGC) is presented
to alleviate the color distortion in the conviental gamma correction. Then the proposed AGC

is employed to dehazed image enhancemghnis bringsfor the possibilityto apply gamma
correction in the image haze removal field.

This paper consists of two parts. The first part is to present an improvedDCP) dehazing
scheme and the second part is to introduce an adaptive gamma correction (AGC) as a post
processing to enhance the dehazed imiag8ection 2, the DCP scheme is briefly reviewed.

In Section 3, the proposed ID@Rhazingscheme and the grosed AGC for dehazed image
enhancement are introduced. Then the two schemes are combined as the IDCP/AGC scheme.
Next, the proposed IDCP/AGC scheme is extensively justified by two image datasets and
compared with four dehazing schemes in Section 4. Fjradhclusion is made in Section 5.

2.REVIEW OF THE DCP SCHEME
The DCP scheme is based on the following haze image model,

Lo Loow =p ow (2.1)
where k@ is the observed hazy imagé:w is the hazdree image;=is the global
atmospheric light or simply atmospheric lighty ~ 'Q is the transmission map which

represents the portion of the nscattered light to the cametajs the scattering coefficient

of the atmosphere arfd @ is the scene depth at positian

The DCP scheme is based on the following observation. In general, at least one of RGB
components has very low intensity in the sy pixels of a haz&ee image. This statistical
observation is called dark chahnaior in [3], which can be obtained through a block
minimum filter. The result is called dark channel. Fid. is an example to justify the dark
channel prior where the 15x15 minimum filter is employed.

T @ )

Fig. 2.1.Image Forest (a) original (ithe correspondindark channel

The derivation to obtain the initial transmission naB] is briefly reviewed in the following.
Assume a hazy imagtis in the RGB color spacandwithout sky regions or wke objects.
When considering one componentloEq. (2.1) can be rewritten as
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N o Ow LWwow 0 Oow (2.2)
wherewN "YWOO . Next, Eq. (2.1) is normalized iy and is obtained as
— —0® p OW (2.3)

Assume the transmission map within the blagko is a constant. Through a block minimum
filter, the dark channel in Eg. (2.3) is obtained as

[ETET— o0 [ ET ET— p o (2.4)
whereday denotes as the initial transmission map. Byptraperty ofdark channel prior, the
dark channel for hazfeee imaged & approaches to zero and thisE Il E —  Ttis

considered in Eq. (2.4). Consequently, by Eq. (2.4) the initial transemissap can be
estimated from the input imadeas

g p [ETN EF— (2.5)

To avoid the halo problem, the initial transmission m@p is further refined by the soft

matting algorithm in [3] o guided image filter (GIF) in [14]For more details, one may

consult [3, 14].

Given imagekin the RGB color space, the implementatioepsof the DCP scheme are given

as follows.

Step 1.Find the initialblock dark channel through a block minimum filter as

0O o [EIE0O® (2.6)
wherem @ is a0 0 window centered abandoN ‘YARG® . In [3],0 p uis
employed.

Step 2Estimate the atmospheric light 0 0 0 by™O ®. Find the 0.1% pixels of
the highest values il & ; trace back to the corresponding pixels in im&gend
find the pixel with the highest intensity as the estimate.of

Step 3Calculate the normalizdalock dark channel as

® o [ENE— 2.7)
Step 40Obtain the initial transmission map as
o p1 O (2.8)

wherett ] pis a scaling factor. In [3], is set to 0.95.

Step 5Refine the initial transmission magw by the soft matting algorithm in [3] or by the
GIF) in [14] to obtain the final transmission mapo . When the GIF is used, the
settings given in [14] are as follows: the input images the guidance image; the
window sized ¢ T1ithe smoothing factdr 18t T.p

Step 6Recover the scene radiance as

0 W — 0 (2.9)
whereo is a usedefined lower bound ad w . It is set to 0.1 in [3].

3. THE PROPOSED IDCP SCHEME AND AGC

This section will introduce the proposed ID8&ze removadcheme anthe AGC for dehazed
image enhancemeint this study In Section 3.1, the IDCP scheme is presented to improve the
DCP performance. Then, the pgsbcessing AGC schemepsoposed to enhance the visual
guality of the dehazed image by the IDCP scheme in Section 3.2.

3.1. The IDCPdehazingscheme

It is well-known that for better performance, at least four problems should be appropriately
addressed in the DCP scheme: estinmatib=, estimation ob w, the sky/norsky region
handling, and haloghe solutions in the IDCP scheme are given below.
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3.1.1 Atmospheric light estimation

In the DCP scheme, the hue distortion is often found in the dehazed images, especially in the
skyregion.To see the problem, image Village is served as an exambpieh isshown in Fig.

3.1(a) The dehazed image by the DCP is showhign 3.1(b) where the sky region is of hue
distortion. In [Z], it has proven that the hue distortion in a dehazed image results from the
estimation error of. In other words, the problem of hue distortion in the DCP scheme is from
an inappropriate estimation &f Fortunately, the problem can believed by introducinga

scaling factor on=. In the DCP scheme, the scaling factorofan be considered ps p

as in Eq. (&6). When| @ pthe dehazed image is shown in Fig. 3.1(c). Obviously, the hue
distortion is relievedby scaling value Thus, an adapie scaling factor will be employed

in the IDCP scheme. By experiments, | ET* 2 Hhox works well most of time,
where’ i AAD ® andO the pixelbased dark channel. Besid&3, o in
Step 2 of the DCP schengereplaced byO  to find=for efficiency.

(b) (©)
Fig. 3.1.Image Village (a) original () p (c)| T v

3.1.2 Initial transmission map estimation

In the DCP scheméhefixed scaling factor ~ 1@o vas in Eq. (B), is used to find the initial
transmission mapdw according to the aerial perspective phenomenon. However, we find that
artifacts in the sky regionnd color distortion in a dehazed image are caused by the
inappropriate fixed scaling factor T1@ou Thus, it introduces the related distortions
accordingly.To see the problem, image Dogs is givenragxample whichis shownin Fig.
3.2(a). After the D@ scheme, the dehazed image is depicted in Figh)3which shows the
artificial contours and color distortion dug to 1o VFortunately an adaptive scaling factor

1 can help the situatiorWith @ v the result is given in Fig..2c). In the DCP
scheme, an adaptive scaling fagtorwill be employed tceestimate initial transmission map

O . As a rule of thumbj | ET* 3 8 h®uis employed where * 4
i AAD o o and® & the normalized blockased darkhannel

@) (b) (©)
Fig. 3.2.ImageDogs(a) original (b) T80 U(C)] T U

3.1.3 Sky and nossky region handling

In [3], it says that the sky and ngRy regions can be handled gracefully, even the DCP is not

a good prior for sky regions. The statement can be verified as follows. In a bright sky region,

the pixel intensityO w © p; the atmospheric lighh © p; the normalized dark channel

® ® O p;the transmission mapw © p, and thus the dehazed scene can be found as
V) — 0 ©0 (3.2)

which is generally consistent with the real situation. Consequently, by3Bj tifere is no

need to handle sky and nshky regions separately, though many published papers headed
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toward the way to the sky/nesky region segmentation. In other words, B@P scheme can

be applied to the sky and nsRy regions equally well, if appropriate parameters are employed.
By our observations, the problems of color esaturation distortion, hue distortion, artifacts,
and overexposure found in the sky region cofram inappropriate estimations efando w .

This can be verified by Fig8.1 and Fig. 2. In the IDCP scheme, these problemen be
relievedby settingparametes appropriatéy.

3.1.4. Initial transmission magefinement

In general, halos occur in thh@ge depth discontinuities of a dehazed image. It is observed
that the halo problem in the DCP scheme comes from an inappropriate parameter setting in the
GIF for transmission map refinement. In the GIF, three parameters are guidancekimage
window sizel , andsmoothing factdr . In the DCP schemek is the inputimaget 0 ¢ Tt

T m8t . By observationsye findthatappropriately settingarametes 0 andj in the GIF

is able to deal with the halo problem. A lakgén the GIF redues the halo effect in a dehazed
image. However, it introduces minor color oxgaturation. Fortunately, it can be solved by
usinga largg .

A. The effect ob

Here, image House, shown in Table 3.1, is used as an example to investigate the effect of the
GIF parameters) andf , on a dehazed image. In the simulatitre, DCP scheme is employed
with the GIF settingd ¢ Tandi 18t 1M, @s suggested in [14]. To investigate the effect of
parameteD ,| is fixed at 0.001. The dehazed images with different valués oé. 20, 40,

and 55, are given in Table 3\Mhere the corresponding refined transmissian are also
shown for comparison. In the caselof ¢ Tithe dehazed House has a severe haldgrob

at large depth discontinuities. Aisincreases to 40, the halos diminish significantly. When
0 v ythe halo is novisible at all. Besides, one may observe that the significant edges in
0 @ become more clear and more details appeas, ewies fran 20 to 55. It implies that a
large window size may avoid the halo problem, as expected. Consequlently, uwill be

used in the proposed IDCP schembough the window sizé v us able to deal with the
halo problem, minor color overaturation is foundn the dehazed House, as shown in the
fourth row of Table 3.1Fortunately, the introduced distortion can be avoided by setting
smoothing factar . The following subsection has the detalils.

Table 3.1. The dfect of O in the GIF on the dehazed image House.
GIF setting 0 0w Original image
" > T

0 c¢m
T mamg

0 1™m
T mmg

0 vv
T mmg
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B. The effect of

The effect of smoothingparameter on the dehazed House is investigateere In the
simulation] is set to 0.001, 0.05, and 0.1, whérés fixed at 55 The corresponding dehazed
images and their correspondiago are given in Table 3.2, respectively. By Table 3.2, one
can observe that the details®mé has been smoothenedme and more, dsincreases from
0.001 to 0.1. Besides, the problem of color es&uration gradually relieves, fabecomes
larger. It suggests that the problem of color esaturation can be dealt with a large.e. 0.1.
Thus, the smoothing faatp 1@ will be employed in the proposed IDCP scheme.

Table 3.2.The effect of in the GIF on the dehazed image House.
GIF setting 0w V) Original image
4 [: ¥ 3 ‘

i
0 vvu
T mmp
0 vv
T T3t v
0 vv
T

3.1.5. Inplementation of thé(DCP scheme

With the above discussion, the proposed IDCP scheme is summarized in the following
implementation steps, where input imalge assumed in the RGB color space.
Step 1Find the pixelbased dark channel as

O o | Eow (3.2
whereon "YRQD .
Step 2Find the maximum ifl0 @ and its corresponding pixel ib=m . Then estimate
the atmospheric light as= 0 0 O | — ., Wwhere |
i ET* 8 hm@oyxwnd [ AAD o.
Step 3Calculate thenormalized blockhased dark channel as
® o [ENEF (3.3
Step 40Obtain the initial transmission map as
Mo p D o (3.9
wherg i ET* g 8 h@ovand g | AAD o m.

Step 5Find the final transmission map through refiningddw by the GIF with the
guidance imagé®  ®, the window sizé) v ypand the smoothing parameiter

®.

Step 6Estimate the dehazed image as
VI — 0 (3.5
whered0 1@ is a usedefined lower bound dd w .
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In comparison with the DCP scheme described in Section 2, the proposed IDCP scheme has
at least foumaindifferences. First, the pixddased dark chann®  ® is usedo estimate

the atmospheric lightwith an adaptive scaling factor . Second/O  ® is employed as

the guidance image in the GIF to refine the initial transmissiondap This helps improve

the efficiency. Third, an adaptive scaling fagtoris applied in the estimation of initial
transmission mapdw to avoid the artifacts and color distortion happened in the sky region.
This doing makes the proposed IDCP schegrable to deal with the sky and nsky regions
equally well, without segmentation. Fourth, the GIF setting with largev us employed to
relieve the halo problem, while large 1@ is to handle the color owaaturation. With those
modifications, the mpposed IDCP schem&hows much better performance thane DCP
schemeThis will be verified in Section 4.

3.2. Dehazed Image Enhancement with an AGC

A dehazed image generally is dimmer than its original image. Consequamthdaptive
gamma correction (&C) is usedto improve visual quality of dehazed imag&éhe AGC is
modified from a conventional gamma correction (CG&yenimage k£, whose elements are
denoted asO w ando™ YRGB , a CGC transform$0 & to a new valueO @ as

06 — O (3.6)
whereO | A @ » isthe maximum value in componantWhen put the dynamic ranges

of input image k and output imagek into account, Eq. (3.6) can be rewritten in a more
general form as

O — G & G (3.7)
whereO | ETO® and’O | A @ @ . NotationsQ;, and'Q; are usedefined lower

limit and upper limit ofO & for the output imagek, respectively. The superscrigin Eq.

(3.7) is a usedefined factor. It is welknown that the CGC suffers from the problencolor
distortion. Therefore, it hindethe application to dehazed image enhancement. An example,
image Women, is given in Fig.3a), where the dehazed image, shown in Bi§b), is
obtained by the proposed IDCP scheme. The dehazed imag@rposssed by the CGC, is
shown in Fig.3.3(c) which has a noticeableolor distortion.

P
- 4
\ v
' 4

l“ \ \
(a) (b)
Fig. 3.3. Image Women (a) original (b) after the proposed IDCP scheme (c) with thdd}@@h the AGC

To relieve thecolor distortion in the CGC, an adaptive gamma correction (AGC) is introduced
here. By our observations, thelordistortion in the CGC resultsdm the inappropriatset of
upper and lower limits ‘0“0 . Consequentlythe proposed AGC replaces the S8{0O with

set ‘00 where'O | ETO andO | A @ . With the set'0"0, Eq. (3.7) is modified

as

S — G G G (3.9
where"Q is an adaptive factor.
The way to determine paramet@ in Eqg. 3.8) is discussed belovNote that the parameter
1 for initial transmission map estimation affects the strength of haze removal significantly.
That is, a larger results in a stronger dehazing effect and vice versa. A stronger haze
removal makes the dehazed image dimmegeneral. ConsequentRQ should benversely
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related tg . To increase the brightnes8, is restricted to be less than 1 and greater than 0.7
to avoid artifacts. By experiment® | A@ 1 & h& 1 )s employed in the AGC
With this"Q, the proposed AGC is applied to F&3(b), whose result is shown in Fig.3(d).

As expected, theolordistortion is avoided and visual quality is enhan&dce the proposed
AGC is a posprocessing scheme, it can be added to the proposed IDCP sdtem$tep 6

in Section 3.5B. That is,

Step 7. Enhance the dehazed imabjey the AGC.

The combination of the IDCP scheme and the AGC will be call the IDCP/AGC scheme.

4. RESULTS AND DISCUSSIONS

In this section, the proposed IDCP/AGC scheme is justified bydkesets RESIDE irnlf]

and KeDeMa in [8]. The RESIDE dataset is a largeale benchmark for single image
dehazing algorithms, which consists of synthetic and natural images. In the following
experiments, the indoor training set (ITQY[is employed, tht has 10,000 clear images and
100,000 synthetic hazy images generaigdEq. (2.1) with variou® andf . Besides, the
outdoor training set (OTS) (Bis also used, which consists of 3,981 clear images and 136,160
synthetically generated hazy images.tBg large amount of images, the proposed IDCP/AGC
schemas justified and compared with four recently reported haze removal schemes in Section
4.1, where both objective and subjective evaluation are considénedfour compared
schemes are the conventibReXCP scheme in [14], the optimizatidrased scheme in IR

which will be called RRO scheme, the learning based scheme]inwWBich will be called

CAP scheme, and the deep learning based sclihazé&let (DNet for short)in [33]. In
Section 4.2, the KeEMa dataset is used, which consists of 25 natural hazy images with
different scenarios, to further verify for the proposed IDCP/AGC scheme, objectively and
subjectively, and compared with the DCP, RRO, CAP,[2Ndtschemes.

In addition to the subjectiveomparison, the performances of the related schemes are also
justified objectively. To compare the related schemes in different aspects, the objective
assessments include fudference methods: the peak sigtahoise ratio (PSNR) and the
structural simiarity index measure (SSIM) in 48 half-reference method: the dehazing
quality index (DHQI) in [3]; no-reference methods: the blind/referetess image spatial
guality evaluator (BRISQUE) in @ and the mtegrated local natural image qualéyaluator
(IL-NIQE) in [37]. The compared results are given below.

4.1 Results and comparisons with the RESIDE dataset

To justify the performance of the proposed IDCP/AGC scheme, an extensive experiment is
conducted with the RESIDE dataset in this sectidmere the results from the four compared
schemes are also given for objective and subjective comparisons. First, the proposed
IDCP/AGC scheme and the compared schemes are run with the ITS dataset in Section 4.1.1
and then OTS dataset in Section 4.1.2.

4.11. Results with the ITS dataset

In this subsection, the IDCP/AGC scheme is verified by the ITS dataset. The results for the
four compared schemes are also given for comparison. The first part shows the objective
results, where the performance indices PSSI®M, DHQI are better for a higher value, while
BRISQUE, IL-NIQE are the less the better. In the second part, subjective results will give for
visual comparison.

A. Objective comparison with the ITS dataset

The objective comparisons with PSNR, SSIM, DHBRISQUE, ILNIQE are shown in
Table 4.1, for the proposed IDCP/AGC scheme and the compared schemes, where the ranking
iIs shown in parentheses. By the results, the DCP scheme has the best and second best in
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BRISQUE and IENIQE, respectively. However, ids the worst ranking in PSNR, SSIM, and
DHQI. That is, the DCP scheme lies on either the worst end or the best end with the average
ranking 3.6. For the RRO scheme, it ranks the second best in BRISQUE; the third place in
DHQI and IL-NIQE; the fourth placen PSNR and SSIM. It ends with the average ranking 3.2.

As for the CAP scheme, it has the second best PSNR; the third place in SSIM; but the fourth
place in DHQI and BRISQUE, and the worst ranking ¥’NIQE. The average ranking is 3.6.

As for theDNet, it has the best PSNR and SSIM; the second best in DHQI; but the fourth place
in IL-NIQE and the worst ranking in BRISQUE. Its average ranking is 2.6. The ranking of the
proposed IDCP/AGC scheme falls within the top three amongdtdience, senmeference,

and nereference assessments. It suggests that the performance of the proposed IDCP/AGC
scheme has a relatively stable performance among the compared schemes. Overall, the
proposed IDCP/AGC scheme has the best performance, then DNet, RRO, CAP, and DCP
schemes, in terms of the average rankiAg).

C-H. HSIEH, Y-H. CHANG

Table 4.1.0bjective comparison with the ITS dataset

IDCP/AGC| DCP RRO CAP DNet
PSNR | 19.1669(3)| 16.4216(5)| 18.2363(4) | 19.5537(2)| 20.3097(1)
SSIM 0.8742(2) | 0.8374(5) | 0-84681(4) | 0.8733(3) | 0.8909(1)
DHQI 59.8120(1) | 55.6912(5)| 57-3045(3) | 56.9135(4)| 59.2964(2)
BRISQUE | 15.6748(3)| 13.4386(1)| 13.9044(2) | 19.1409(4)| 22.6275(5)
IL-NIQE | 32.6799(1)| 33.4390(2)| 33-5820(3) | 33.9286(5)| 35.3254(4)
AR 2(1) 3.6(4) 3.2(3) 3.64) 2.62)

B. Subjective comparison withe ITS dataset

In addition of objective comparison, the subjective comparison is also given for the ITS
dataset. Here, six images are selected to subjecavalyate the proposé®CP/AGC scheme

and the compared schem@&se six images include two lekazy images (No. 1 and No. 2),

two moderate hazy images (No. 3 and No. 4), and two heavy hazy images (No. 5 and No. 6),
which are shown in Table.Z For reference, the image filenames in ITS are also given in
Table 42 with the associated PSNR for eaatexted image. By Table2} the DCP scheme

tends to have hue distortion and color esaturation in all six dehazed images. The RRO
scheme has hue distortion in images 2, 4, and 5; minor colossatg@ation for images 1 and

3. The dehazing effect ofédhCAP scheme seems not strong enough, especially for the heavy
hazy images 5 and 6. Basically, the DNet scheme performs well in the cases of less hazy and
moderate images, but fails to remove haze in heavy hazy images 5 and 6. As for the proposed
IDCP/AGCscheme, it provides better visual quality in the dehazed images.

Table 4.2.Subjective comparison with the ITS dataset (6 selected images)
No Clear Input IDCP/AGC DCP RRO CAP DNet
S ~reit k 3 3
0025_08_0.7044 PSNR=31.26 16.32 24.97 22.42 20.17
] [ - I
1075_03_0.7314 PSNR=30.72 13.29 13.96 24,53 25.63
S e > _>
0499 _05_0.8353 PSNR=22.63  15.50 21.89 19.78 21.47
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0691 09 0.8314 PSNR=24.53 19.06 18.08 20.01 23.91
5 l ! £ ke
0803_10_0.905§ PSNR=22.97  13.28 13.83 19.42 19.44
6 1
- .

0962_02_0.7819 PSNR=22.56  18.43 15.69 14.01 14.77

Next, three worse cases, shown in Table 4.3, for the proposed IDCP/AGC scheme are given
and discussed. For image 1, better visual quality is for the proposed IDCP/AGC scheme, even
though the CAP and DNet schemes have better PSNR. It suggests that thasP&NR
consistent with the subjective evaluation in some cases. Similar results are found in images 2
and 3. The dehazed images by the proposed IDCP/AGC scheme are obviously better than the
compared schemes, even some of tABMR are higher. The reason might be that the proposed
IDCP/AGC scheme enhances the contrast and brightness in the dehazed images. Thus, it
increases the mean squared error between the dehazed images and their clear images, and lower
PSNR results. Consequbn in this study five objective assessments are employed to have a
more fair comparison among the proposed IDCP/AGC scheme and the compared schemes.

Table 4.3.Subjective comparison with the ITS dataset (3 chosen cases)
Input IDCP/AGC DCP RRO CAP DNet

M%H il mvm ﬂ m

0244_02_0.8649 PSNR=25.28 16.14 15.09 33.10 34.54

N ERKE

0388_09_0.7129 PSNR=20.84 16.78 30.50 25.11 29.11

i n il

0146_04_0.7431 PSNR=15.72| 16.07 27.77 24.16 21.88
4.1.2. Results with the O Tataset

To have more understanding the performance, the proposed IMDCP/AGLGC scheme is
further justified by the OTS dataset and compared with the DCP, RRO, CAP, and DNet
schemes. The objective comparison is given first and then the subjective compaliasan fo

A. Objective comparison with the OTS dataset

As in the ITS dataset, five objective assessments, PSNR, SSIM, DHQI, BRISQUE,-and IL
NIQE, for the proposed IDCP/AGC scheme, DCP, RRO, CAP, and DNet are given in Table
4.4. The DCP scheme has the second best4NIQE and the third place in BRISQUE, but
with the worst PSNR, SSIM, and DHQI. This ends up with average ranking 4. For the RRO
scheme, it has the second best in BRISQUE, the third placeNQE, and the fourthlpce

in PSNR, SSIM, and DHQ)I. Itaverage ranking is 3.4. The CAP scheme has the best SSIM
and the second best PSNR, the third place DHQI, but the fourth place in BRISQUE and IL
NIQE, which results in the average ranking 2.8. For the DNet, it has thHe®BR and DHQI,

the second best in SSIM, but the worst BRISQUE anNIQE. The average ranking is 2.8.

As for the proposed IDCP/AGC scheme, it has the best BRISQUE aNtJE, the second

best DHQI, and the third place in PSNR and SSIM. Its average tpikih By the average

No
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ranking, the best one is the proposed IDCP/AGC scheme, and then DNet or CAP, RRO, and
DCP at final. By Table 4.4, it implies that the proposed IDCP/AGC scheme has more stable

C-H. HSIEH, Y-H. CHANG

performance than the compared schemes, among the fiv@iobjassessments.

Table 4.4.0bjective comparison with the OTS dataset

IDCP/AGC| DCP RRO CAP DNet
PSNR | 22.5973(3)| 15.9340(5)| 19-0970(4) | 23.3067(2)| 23.7265(1)
SSIM 0.9111(3) | 0.8456(5) | 0-8779(4) | 0.9236(1) | 0.9161(2)
DHQI 50.6845(2) | 44.9371(5)| 47-7001(4) | 49.9232(3)| 51.6284(1)
BRISQUE | 16.1972(1)| 16.9098(3)| 16-3732(2) | 16.9410(4)| 19.0443(5)
IL-NIQE | 21.2804(1)| 21.3985(2)| 21.4482(3) | 21.4876(4)| 23.1376(5)
AR 2(1) 4(4) 3.43) 2.82) 2.82)

B. Subjective comparison with the OTS dataset

For subjective comparison, six images are selected from the OTS dataset, which are shown in
Table4.5. The six images are with different haziness. Two images (No. 1 and No. 2) are less
hazy, two images (No. 3 and No. 4) are of moderate haziness, anddgesiiiNo. 5 and No.

6) have more haziness. The corresponding PSNR for each image is also given in Table 7 for
reference. In the given images, the DCP scheme has artifacts in image 2, cokatoration

in images 3 and 4 , and hue distortion in imagasd6. The RRO scheme has less dehazing
effect in image 1, artifacts in image 2, hue distortion in images 3 and 5, and minor color over
saturation in images 4 and®e CAP scheme has a dark chiffon in images 5 and 6. Similarly,
the DNet scheme has sinrildut minor, results in images 5 and 6. For the rest of images, the
DNet generally works better than the CAP scheme, in terms of visual quality of the dehazed
images. As for the proposed IDCP/AGC scheme, it gives better subjective results than the four
compared schemes, even images 3, 5, and 6 have less PSNR, which is caused by brightness
and contrast enhancement.

Table 4.5.Subjective comparison with the OTS dataset (6 selected images)
IDCP/AGC DCP RRO CAP

No DNet

PSNR=34.09

1178 0.8 0.04 . :
0014 1 0.04 | PSNR=23.21
0255 1 0.1 | PSNR=26.11
4 k@ >' ' ‘!‘G
N~ .

0250_0.85_0.12

PSNR=25.72

0027_0.8_0.2

PSNR=21.02
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6 | bt | bt Lo wh |
Niad | Q0 Gal | R0T0al | R bl | R hal
0004_0.8_0.2 | PSNR-19.29 21.47 14.77

For the OTS datasethree worse cases in the proposed IDCP/AGC scheme are given and
discussed here. The three images are shown in Table 4.6, where their PSNR are given as well.
Obviously, the visual quality of the dehazed images by the proposed IDCP/AGC scheme is
better tharthe four compared schemes, even though some of PSNR are lower. For images 1
and 2, the ground true image, i.e. clear image, is somewhat hazy, not really clear. Thus, it
affects the PSNR calculation. In other words, the schemes have less dehazingleffe, |i

RRO, CAP, and DehazeNet, achieve better PSNR. For image 3, it is a night shot. The proposed
IDCP/AGC scheme not only removes haze but also enhances brightness and contrast.
Consequently, it increases the mean squared error and thus less PSNRtregpltns why

the proposed IDCP/AGC scheme takes the third place in PSNR, as shown in Tablat.6

Is why this study adopts five different objective assessments and the average ranking is used
to evaluate the overall performance for a fair compariso

Table 4.6.Subjective comparison with the OTS dataset (3 chosen cases)
No Clear Input IDCP/AGC DCP RRO CAP DNet

0267_0.95_0.1q PSNR=25.10 20.02 30.58 26.96

ar I

0150_0.85_0.2| PSNR=16.36

W
\

16.69 32.36 19.74

0113 0.85_0.17 PSNRA5.94 29.45 19.40 18.13 26.31

4.2 Results and Comparisons with the KeDeMa dataset

In this section, the proposed IDCP/AGC scheme is applied to the natural images, where no
ground true images are available. In the experiments, the KeDeMa dataset, which contains 25
natural hazy imagess employed to verify the proposed IDCP/AGC schem#éhé&ur whose

results are compared with the DCP, RRO, CAP, and DNet schemes as previously.

4.2.1 Objective comparison with the KeDeMa dataset

Three objective metrics, DHQI, BRISQUE, andNLQE, are calculated with the dehazed
images obtained by the propod&CP/AGC and the compared schemes. Note that the full
reference metrics, PSNR and SSIM, are not applicable, since ground true images are not
available. For those three metrics do not require ground true images, the results are shown in
Table 4.7. By Tabld.7, the DCP scheme ranks between 3 and 5; the RRO scheme lies within
top three ranking; the CAP scheme takes the best in BRISQUE and the fourth place in DHQI
and IL-NIQE; the DNet scheme has the worst ranking in BRISQUE ardIQE, and the

third place n DHQI; the proposed IDCP/AGC scheme has the best DHQI, and the second best
both in BRISQUE and HNIQE. By the average ranking, the proposed IDCP/AGC scheme
outperforms the compared schemes, and the RRO, CAP, DCP, and DNet schemes follow.
Again, the propsed IDCP/AGC scheme provides a better and more stable performance than
the compared schemes.
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Table 4.7.0bjective comparison with the KeDeMa dataset

IDCP/AGC| DCP RRO CAP DNet
DHQI 60.5390(1) | 57.7240(5)| 60-1320(2) | 58.9870(4)| 61.1010(3)
BRISQUE | 11.8990(2)| 12.5420(4)| 12.3470(3) | 10.9520(1)| 13.3190(5)
IL-NIQE | 23.9100(2)| 24.6400(3)| 23-5640(1) | 25.6000(4)| 27.7350(5)
AR 1.7(1) 4(4) 2(2) 3(3) 4.3(5)

4.2.2 Subjective comparison with the KeDeMa dataset

For subjective comparison, the 25 dehazed images for the KeDeMa dataset are shown in Table
4.8, which are obtained from the proposed IDCP/AGC scheme and the four compared
schemes. In general, the DCP scheme suffers from the problems of col@maturatia,

halos, and artifacts throughout the given examples. The RRO scheme has artificial contours in
the sky region of image 1, hue distortion in image 5, color-ea@fration in image 7, less
dehazed results in images 9, 11. For the CAP scheme, it hasadrtifintours in the sky region

of image 1, and less dehazed results in images 3 to 6, 8, 18 to 23. Generally, the CAP scheme
has a relatively weak dehazing performance. The DNet scheme has artificial contours in the
sky region of image 1, less dehazedilssin images 3, 4, 6, 11, 18, 20, 21, 22, and 23. As for

the proposed IDCP/AGC scheme, it generally gives a stable and better result than the
compared schemes in visual quality, which is demonstrated in the aspects of naturalness,
brightness, and contriags shown in Tablé.8.

Table 4.8.Subjective comparison with the KeDeMa dataset

No IDCP/AGC DCP CAP
1 u
4

2
‘ " i malbedy

- S e ‘p’ i 0
7 p ‘

AR
Copyright €2021ASSA. Adv. in Systems Science and Ap0@1)



IMPROVING DCP HAZE REMOVAL SCHEME. 109

10

11

12

13

14

15

16

17

18

19

20

21

22

23

Copyright C2021ASSA. Adv. in Systems Science and ApE0@1)



