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Abstract— We present a weighted guided image filter
(WGIF) to improve filtering and avoid halo artifacts. We
know that the previously used local filtering-based edge
preserving smoothening technique suffers from halo
artifacts and also some drawbacks. To overcome this
problem we are introducing an extension method called
WGIF method. In this paper WGIF method is applied on
digital videos for acquiring high quality. Actually this
method is introduced by incorporating an edge-aware
weighted into an existing guided image filter (GIF).It has
two advantages of both global and local smoothing filter in
such a way that its complexity is O(N) and avoids halo
artifacts The output of WGIF results in better visual quality
and avoid halo artifacts. WGIF used in image enhancement,
image haze removal.

Keywords—Edge-preserving smoothing, weighted guided
image filter, edge aware weighting, detail enhancemt,
haze removal.

l. INTRODUCTION
In human visual perception, edges provide an effeand
expressive stimulation which is important for neura
interpretation of a scene. In the fields of imagecpssing
and in many computational photography employ smogth
techniques which could preserve edges better [1]If#
smoothing process an image to be filtered is tyyica
decomposed into two layers: a base layer composed b
homogeneous regions with sharp edges and a dayait |
formed by either noise, e.g., a random pattern wiho
mean, or texture, e.g, a repeated pattern with lusua
arrangement. There are two types of edge-pregeiviage
smoothing techniques: global filters such as théghted
least squares (WLS) [4] filter and local filterschuas
bilateral filter (BF) [9], trilateral filter, andhieir accelerated
versions, as well as guided image filter (GIF) [T#pugh
the global optimization based filters frequentlyelgli
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excellent quality, they have high computational tcos
Comparing with the global optimization based fitethe
local filters are generally simpler. However, tbeadl filters
cannot conserve sharp edges like the global opatiiz
based filters.

Halo artifacts were usually produced by the lodliers
when they were adopted to smooth edges [14]. Major
reason that the BF/GIF produces halo artifacts beth
spatial similarity parameter and range similarigrgmeter

in the BF were fixed. But both the spatial simiaand the
range similarity parameters of the BF could be [16]
adaptive to the content of the image to be filtered
Unfortunately as pointed out, problem with adaptatdf

the parameters will destroy the 3D convolution folvie
introduce in present paper, an edge-aware weighting
technique and incorporated into the GIF to form Wwath
spatial similarity parameter and range similarigrgmeter

in the BF were fixed. But both the spatial simiiarnd the
range similarity parameters of the BF could be [16]
adaptive to the content of the image to be filtered
Unfortunately as pointed out, problem with adaptatof

the parameters will destroy the 3D convolution folvie
introduce in present paper, an edge-aware weighting
technique and incorporated into the GIF to formeaghted
GIF (WGIF). Local variance in 3x3 window of pixal &
guidance image is applied to calculate the edgeeawa
weighting. The local variance of a pixel is norreati by

the local variance of all pixels in guidance imagédwe
normalized weighting is then adopted to designWhelF.

As a result, halo artifacts can be avoided by udimg
WGIF. Similar to the GIF, the WGIF also avoids gead
reversal. In addition, the intricacy of the WGIFQ¢N) for

an image with N pixels which is the same as thahefGIF.
These features allow many applications of the WiF
single image detail enhancement, single image mist
removal, and fusion of differently exposed images.
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. EDGE PRESERVING SMOOTHING
TECHNIQUES

The task of edge-preserving smoothing is to crunzie
image X into two parts as follows:
X(p) = j(p) + e(p) 1
where] is a reconstructed image formed by uniform regions
with sharp edges, e is noise or texture, and pfR(xs a
position. ] and e are called base layer and detail layer,
respectively. One of edge-preserving smoothingrtiegtes
is based on local filtering. Bilateral filter (BRF3 widely
used due to its simplicity but suffer from “gradieaversal”
[14] artifacts usually observed in detail enhancetmef
conventional LDR images. Then GIF was introduced to
overcome this problem. In this GIF, a guidance in&y
was used which could be similar to the image X Wwhgcto
be filtered.
Jo) =ap'Glp) +bp". ¥peQc (p) (2
j is a linear transform of G in the windof¢ (p)).To
determine the linear coefficients (abp), a constraint is
added to X an(j' as in Equation (1). The values of and
bp are then obtained by minimizing a cost function E
(ap,bp) which is defined as

£T Z;en; [(ap'G () + bp" — X(2))* + 20" (3)

wherel is a regularization parameter.

Another type of edge-preserving smoothing techréquas
based on global optimization. The Weighted Leasia®e
filter was a typical example and it was derived by
minimizing the following quadratic cost function:

N
E=) (@ -X@)P +i@Iviell @
F=1

where N is the total number of pixels in an image.
aflp) afip

?ﬁ?ﬂ = [ ax ' ay

defined as

T

]-, and ilp) = [AI{plA}.{p]] is

i i
2,(p) = =g — IR A, (p) =|‘ax-— ST
fx = a}. F+e

The two major differences between the WLS filted dhe
GIF

1) The GIF is based on local optimization while V&S
filter in based on global optimization. As suckhe difficulty
of the GIF is O(N) for an image with N number okels
and the Weighted Least Square filter is more corapéid
than the GIF.
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2) The value ol is fixed in the GIF while it is adaptive to
local gradients in the WLS filter. One possible lgemn for
the GIF is halos which could be reduced by the Vilt&.
The spatial varying image gradients aware weighting
Ax(p)and Ay(p) are very important for the WLS filter to
avoid halo artifacts.

Fig.1(b): Edge of input image

[1l.  EXISTING METHODS
a)BilateralFilter
The bilateral filter [9], [10] was perhaps the slegt which
computed the filtering output at each pixel asdterage of
near-by pixels, weighted by the Gaussian of botlyeaand
spatial distance. The bilateral filter smooth’s timeage
while preserving edges. Constraint of the bilatéhar was
it endure from “gradient reversal” artifacts. Tlemagon was
that when a pixel (often on an edge) has few smpuigels
around it, the Gaussian weighted average is urstabl
Efficiency was another problem regarding the bikdte
filter.
b)Non-average Filter
Edge-preserving filtering [4] could also be achi\ay non
average filters. The median filter [13] was a faamiledge-
aware operator, and was a special case of locagnam
filters. Histogram filters had O(N) time implemetibas in
a way as the bilateral grid. The non-average filteere
often computationally expensive.
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¢) Guided Image Filter

A general linear translation-variant filtering pess, which
involved a guidance image | [14], an filtering inpuwage p,
and an output image g. The filtering output at>epl was
expressed as a weighted average:

qi =X; Wij(Dpj (4)

where i and j were pixel indexes. The filter ker] was a
function of the guidance image | and independemt. dthis
filter was linear with respect to p.

d) Adaptive Bilateral Filter

Both range similarity parameter and spatial sirtifar
parameter were adaptive [15], [16] to the contdriltered
image. However, adaptation of the parameters desirthe
3-D convolution form. It was time consuming to extrfine
details from a set of differently exposed images thy
content adaptive bilateral filters because eachitimmage
needed to be decomposed individually. A contenpthda
bilateral filter was proposed in gradient domainthiging
the characteristics of the human visual system® int
consideration. The proposed bilateral filter cooédapplied
to extract fine details from a set of images siangtously.
Similar to the content adaptive bilateral filterdiet
acceleration of the proposed filter could be arnudss
Fortunately, the idea in might be borrowed to aaeé the
proposed filter

€) Adaptive Guided Image Filter

An adaptive guided image filtering (AGF) [18] abie
perform halo-free edge slope enhancement and noise
reduction simultaneously. The intensity range domai
BLF and kernel function of GIF were similar in priple,
because each of them takes the intensity valueenfec
pixel p, local neighbors g and a smoothing parametein
BLF, ¢ in GIF) in the computation process. This was based
on the shifting technique of ABF, in which the eff§p was
added to the intensity value of center pixel pia ithtensity
range domain of BLF. The same strategy was appbed
AGF - the offset is added to the intensity valuienter pixel
pin the kernel weights function of GIF.

V. PROPOSED METHOD
In this, an edge-aware weighting is first propoaed it is
incorporated into the GIF to form the WGIF.
A) An Edge-Aware Weighting
Let G be a guidance image and be the variance of G iB the
x 3 window,. An edge-aware weighting is definedusyng
local variances of 3 x 3 windows of all pixels aidws
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N 2 -y
1 os1(p ) +&
e R

Ny ':FE:_I.':P:' +z
Where ¢ is a small constant and its value is selected as
(0.001 % L)* while L is the dynamic range of the input
image.
In addition, the weighting; (z") measures the importance
of pixel " with respect to the whole guidance image. Due
to the box filter, the complexity & (z"Jis O (N) for an
image with N pixels. The value @& (»") is usually larger
than 1 ifp’ is at an edge and smaller than Isifis in a
smooth area. Clearly, larger weights are assigaquxels
at edges than those pixels in flat areas [17] bpgushe
weight[; (") in Equation (5).
By applying this edge-aware weighting, there midpet
blocking artifacts in final images. To prevent pbks
blocking artifacts from appearing in the final ineaghe
value of I;{p") is smoothed by a Gaussian filter. The
smoothed weights of all pixels in Fig. 1(a) arewhan Fig.
1(b). Clearly, larger weights are assigned to galedges
than those pixels in flat areas. The proposed wvtigigh
matches’ one feature of human visual system, pixgls
edges are usually more efficient than those inditass.
B) The Proposed Filter
Same as the GIF, the key assumption of the WG#Hadgal
linear model between the guidance image G and the
filtering outputjas in Equation (2). The model ensures that

(=)

the outputi has an edge only if the guidance image G has
an edge. The proposed weighting G( p) in Equati)nig
incorporated into the cost function E(&,) in Equation (3).

As such, the solution is obtained by minimizing the
difference between the image to be filtered X ahd t

filtering outputf while maintaining the linear model (2),
i.e., by minimizing a cost function (&, b, Jwhich is
defined as
E =Ton | (a6 () + by —x':p}}=+$r,_n?-‘J (6)
The optimal values o, andb,, are computed as

Hemx.i, (p')—u 6.4y (p"lu iy (p')

v 2 )+
Og.gy \P +

(7

Tz ipn

8

where @ is the element-by-element product of two
matrices ggpyx 7, (' Lugs, (p') anduy;, (p'lare the mean

E:Ipr = .""I}.’.(_'i ':]‘?r:] - gprluﬁ_(i{pr:]

values of G2 X, G and X, respectively.
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The final value of Z" ( p) is given as follows:
#(p) = &,6() +5, 9)

Where &, and b,

window computed as

B, = —— Ty 0

are the mean values of and in the

| by =+_,~ E-L-':.“_:__‘:-.-:‘ 5 (10)

And |0, (p")]is the cardinality ol (') .

For easy analysis, the images X and G are asswriszlthe
same. Consider the case that the pixelis at an edge. The
value of [ (p') is usually much larger than dy,r in the
WGIF is closer to 1 tham,rin the GIF. This implies that
sharp edges are preserved better by the WGIF HeaG .
As shown in Fig. 3, edges are indeed preserved rhettbr
by the WGIF. In addition, the complexity of the WKis
O(N) for an image with N pixels which is the sansetlat
of the GIF. Edges are also preserved well by thé& ABile
the complexity of the ABF is an issue

C. Single Image/Frame Haze Removal

Images of outdoor scenes could be degraded by fage,
and smoke in the atmosphere. The degraded imagesHe
contrast and color fidelity. Haze removal is thughly
desired in both computational photography and cderpu
vision applications. The model adopted to desctibe
formulation of a haze image is given as [7]

@ = 2.t +4.(1-tm) 10

When the atmosphere is homogenous, the transmigson
can be expressed as:

tp) = e~2¢®  (11)

Let ¢.(-} be a minimal operation along the color channel
{r, g, b} and it is defined as

Apin = (&) =minfa, A4}  (12)

Xmin®) = ¢:(X: ) = minfX, (p). X, (p). X, (p)}

Znin ®) = ¢ ()
it can be derived from the haze image model in Eqoa
(15) that

Xmin(p) = Z‘rr.[r! (p) t(pd + Apip {1 — tp) } (13}
Let ¥, (-)Jbe a minimal operation in the neighborhood
¥;, (pland it is defined as

v, (@) = min G0 (16)

It is shown that the complexity af, (-} is O(N) for an
image with N pixels. The dark channel is defined as

Jrgcric{p:]:‘pr (tlf‘-(_': (fr{ﬁj)) (17)
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where the value of; is 7. Even though the complexity of
z,e:(:{-] is O(N) for an image with N pixels, three minimal
operations ¥, (-Jand one minimal operatior®,(-Jare
required to computg,,.(z) for the pixel p. simplified
dark channel is defined as
Fiari) = ¥, (‘Pr (2. {5'*‘]))
The value oft(z} is assumed to be constant in the
neighborhoodﬂ(_vi{p’]. It can be derived from Equation
(20) that

[Eari®) = JEari®) t@) + Amin (1-t@))  (19)

Since jZ_,.(p) = 0, the value oft(z) can be initially

(18)

estimated as
v
JZark {F:] {20:]
Amin

It is worth noting that the initial value of t( p¥ given as

7.0
tG) =1- :pf(w:( £ )) @1)
G

The initial value oft(plis then computed as

_Efﬁcrk{ﬁj 22)
32 A,

The value ofd is set to 1/1000 and the valuedaf to 60.

The value of the transmission mlig) is further adjusted

as

tlp) = t"¢(p) (23)

where the value of is adaptive to the haze level of the

input image. Its value is 0/0.03125/0.0625 if thwouit
image is with light/normal/heavy haze.
Finally, the scene radianZ&p) is recovered by

(137 (p) = %P4, 4 celrg b} (24)

tip]

tlp) =1-

tlp) =1

= min{Z,(p). ig@&&ﬁtf@ﬁ}(zg) i.s equiivilent to

- 1 .
2 = 2@+ (- 1) ) -4 (29)
Since the color of the sky is usually very simitarthe
atmospheric light Ac in a haze image, it can be
shown that

x ) 1
Jears?) o a1 3

A e (26)
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V. SIMULATION RESULTS
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Fig.2: (a) Input image (b) Guided image (c)Enhanced
image by GIF (d) Enhanced image by WGIF.
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Fig.3: Weighted image
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Fig.4: (a) Input image (b) Guided image (c) Dehazed image

by GIF (d) Dehazed image by WGIF
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EXTENSION:
The extension work is performed on videos, wheiis th
video consists of no. of frames. Each frame is eoed
into image, because filtering on frame is impossithlie to
its change of pixel rate. Each image is filtered \W{IF
technique to avoid halo artifacts and to reduce the
complexity. After then each image is again conwkiteéo
frame and then video. The improved quality of video
shown in below results.

"B MPlay 111 - Workspace: In =)
File Tools View Playback Help £
D|@@EF 80 QD EH oo

HeqambPpwo|aieg

Siyged [RGE255:255 [[100% (20 fps) [1/100

Fig.5: Input video
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Fig.6: Guided approach for videos
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Fig.7: Guided image filtering approach for videos
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Fig.8: Weighted Guided image filtering approach for videos
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Fig.9: Applying weights for videos
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V1. CONCLUSION
This method is introduced by incorporating an edgeare
weighted into an existing guided image filter (GIR)has
two advantages of both global and local smoothefiltey
in the sense-(1) Its complexity is O(N), (2)Avoidlt
artifacts The output of WGIF results in better @kguality
and avoid halo artifacts. , it has many applicatiam the
fields of computational photography and image pssiog.
Particularly, it is applied to study single imagetall
enhancement, single image haze removal, and fusfon
differently exposed images. Experimental resulmskhat
the resultant algorithms can produce images wittekent
visual quality as those of global filters, andret same time
the running times of the proposed algorithms are
comparable to the GIF based algorithms.
In the Extension work, videos improves the qualityen
compared to images. This improved quality avoidsthlo
artifacts and improves the efficiency and clarity.
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