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ABSTRACT

Local filtering based edge-preserving smoothing technique
could suffer from halo artifacts when it is applied for image
enhancement. In this paper, an adaptive guided image filter
is proposed by incorporating edge aware weighting which is
derived from normalized local variance of a guidance image
into an existing guided filter. It is shown that the proposed fil-
ter preserves sharp edges better than the existing guided filter.
With the observation, it is applied for tone mapping of high
dynamic range images and fusion of differently exposed im-
ages. Experimental results show that the resultant tone map-
ping and exposure fusion algorithms can prevent halo artifacts
from appearing in the final images.

Index Terms— Edge-preserving smoothing, adaptive
guided image filter, tone mapping, exposure fusion

1. INTRODUCTION

Many applications in the fields of computational photogra-
phy and image processing require edge-preserving smooth-
ing technique. Typical examples include de-noising of images
[1], tone mapping of high dynamic range (HDR) images [2],
fusion of differently exposed low dynamic range (LDR) im-
ages [3], detail enhancement via multi-light images [4], single
image haze removal [5], and etc.

The edge-preserving smoothing can be formulated as
global optimization problems as illustrated in [1, 2]. The op-
timized performance criterion consists of a data term and a
regularization term. The data term measures fidelity of re-
constructed image with respect to the image to be filtered
while the regularization term provides the smoothness level
of the reconstructed image. Even though these global opti-
mization based approaches often yield excellent quality, they
have high computational cost. Owing to this, simpler meth-
ods such as those local filtering based like bilateral filter [6],
and its accelerated version [7, 8] as well as guided filter [5]
were developed and have been well investigated. Compared
with the global optimization based approaches, the local fil-
tering based methods are generally simpler. However, the lo-
cal filtering based methods cannot preserve sharp edges like
the global optimization based approaches [2, 5]. As such, ha-
los are unavoidable for local filters when they are adopted to
smooth some edges [5]. It is thus desirable to design a new

filter which is as simple as the local filtering based methods
and can avoid halo artifacts from appearing in final images
like the global optimization based approaches.

In this paper, an adaptive guided image filter is introduced
by taking human visual system (HVS) into consideration. In
the HVS, edges are effective and expressive stimulation that
is vital for neural interpretation of a scene. Larger weights are
thus assigned to pixels at edges than pixels in smooth areas.
Weighting is computed by using normalized local variances
of all pixels. This is based on observations that normalized
local variance of a pixel at an edge is usually larger than that
of a pixel in a flat area and it is easy to compute the normal-
ized local variances via the box filter in [5]. The proposed
weighting is then adopted to design an adaptive guided image
filter. The guided image filter in [5] is selected as an exam-
ple to illustrate our idea because 1) it avoids gradient rever-
sal; and 2) it is one of the fastest edge-preserving smoothing
filters. Same as the guided filter in [5], the inputs of the pro-
posed filter are a guidance image and an image to be filtered.
The guidance image and the image to be filtered can be iden-
tical. By explicitly building both the guidance image and the
proposed weighting into the filter kernels, the proposed filter
preserves sharp edges well and avoids gradient reversal. In
addition, the complexity of the proposed filter is O(N) for an
image with N pixels. These features allow many applications
of the proposed filter. As illustrations, the proposed filter is
adopted to study tone mapping of HDR images and fusion
of differently exposed images. The resultant algorithms are
able to produce images with better visual quality compared
to [5] in the sense that halo artifacts are far less visible in fi-
nal images generated by the proposed method. In addition, to
reduce amplification of noise which is inherent in fully detail-
enhanced exposure fusion algorithm [3], a selective detail en-
hancement algorithm is introduced to enhance fine details in
all parts of an image except those in flat areas. Experimental
results show that the proposed enhancement algorithm further
improves visual quality of fused images. It is worth noting
that an adaptive guided image filter (AGIF) was proposed in
[9] for image sharpening and de-noising by borrowing a shift-
ing technique in [10]. It was shown in [9] that the complexity
of the AGIF is O(N) for an image with N pixels. On the
other hand, both the adaptive bilateral filter in [10] and the
AGIF in [9] are training-based approaches while no training
is required by the proposed filter.



The rest of this paper is organized as follows. Exist-
ing edge-preserving smoothing techniques are summarized in
Section 2. Section 3 contains the proposed filter. It is applied
in Section 4 to study tone mapping of HDR images and fu-
sion of differently exposed images. Concluding remarks are
provided in Section 5.

2. RELATED WORKS ON EDGE-PRESERVING
LOCAL FILTERING

The task of edge-preserving smoothing is to decompose an
input image X(p) into two parts as follows:

X(p) = Ẑ(p) + e(p), (1)

where p(= (x, y)) is a position, Ẑ(p) is a reconstructed image
formed by homogeneous regions with sharp edges and e(p) is
noise or texture.

There are many global optimization based approaches to
decompose an image X(p) into Ẑ(p) and e(p). One typical
method is an l2 norm based approach [2]. It decomposes an
original image X(p) into a base layer Z(p) and a detail layer
e(p) by minimizing the following cost function:

N∑
p=1

(Ẑ(p)−X(p))2 +
∑

q∈{x,y}

λ

Ψ(∂X(p)
∂q )

(
∂Ẑ(p)

∂q
)2

 , (2)

where N is the total number of pixels in an image. The func-
tion Ψ(z) is selected as (|z|γ + ε) with γ and ε being two
constants. The first term measures the fidelity of Ẑ(p) with
respect to the image to be filtered X(p) and the second term
strives to achieve smoothing by minimizing the partial deriva-
tives of Ẑ(p). λ is a regularization factor, and it is used to
achieve a tradeoff between these two terms. The first term is
usually known as the data term and the second term is known
as the regularization term.

Although these global optimization based approaches of-
ten produce high quality results, it is time consuming to
solve these global optimization problems. Edge-preserving
smoothing can also be achieved by local filtering based meth-
ods. The bilateral filter is widely used due to its simplicity
[6]. However, the bilateral filter may suffer from “gradient
reversal” artifacts despite of its popularity [5]. Results may
exhibit undesired profiles around edges, usually observed in
detail enhancement of LDR images or tone mapping of HDR
images. A guided image filter was introduced in [5] to over-
come this problem. Let I be a guidance image which could be
identical to the input image X , and Ωρ(p

′) be a square win-
dow centered at the pixel p′ of a radius ρ. It is assumed that
Ẑ is a linear transform of I in the window Ωρ(p

′):

Ẑ(p) = ap′I(p) + bp′ ,∀p ∈ Ωρ(p
′), (3)

where ap′ and bp′ are supposed to be constant in the window
Ωρ(p

′).

The values of ap′ and bp′ are obtained by minimizing the
following performance criterion:∑

p∈Ωρ(p′)

[(ap′I(p) + bp′ −X(p))2 + λa2
p′ ], (4)

where λ is a regularization parameter penalizing large ap′ .
As shown in [5], the above guided filter avoids gradient

reversal while the bilateral filter does not have this property.
Unfortunately, both the bilateral filter and the guided filter
have a common limitation, i.e., they may exhibit halos near
some edges due to unwanted smoothing of the edges. It was
pointed out in [5] that halos are unavoidable for local filters
when they are adopted to smooth some edges. In the follow-
ing section, edge aware weighting is introduced to the guided
filter to avoid the possible halos from appearing in the final
images.

3. ADAPTIVE GUIDED IMAGE FILTER

3.1. Edge Aware Weighting

Let I be a guidance image. Consider two pixels p and p′ in
the guidance image. If I(p) is at an edge and I(p′) is in a flat
area, the value of σ2

I,ρ(p)/µ
2
I,ρ(p) is usually larger than that

of σ2
I,ρ(p

′)/µ2
I,ρ(p

′). Based on this observation, edge aware
weighting of all pixels is computed by using normalized local
variances of all pixels in this subsection.

An edge aware weighting ΓI(p
′) is computed as

ΓI(p
′) =

1

N

N∑
p=1

(
σ2
I,ρ(p′)+ν1

µ2
I,ρ(p′)+ν2

)ζ

(
σ2
I,ρ(p)+ν1

µ2
I,ρ(p)+ν2

)ζ
, (5)

where ν1, ν2 and ζ are three constants. The value of ν1 is
(0.001 ∗ L)2 with L being the dynamic range of input image.
The value of ν2 is 10−9. The value of ζ is selected as 0.75 in
this paper.

It should be pointed out that the proposed weighting (5)
is different from the method in [12] which uses local variance
of all pixels to compute edge aware weighting. It is shown
in Fig. 1 that the proposed weighting (5) can preserve fine
details in the brightest region better.

3.2. The Proposed Guided Filter

To determine the linear coefficients (ap′ , bp′), a constraint is
added to X and Ẑ as in Equation (1) which is also required
in [5]. The solution is obtained by minimizing the difference
betweenX and Ẑ while maintaining the linear model (3), i.e.,
by minimizing the following cost function:∑

p∈Ωρ(p′)

[(ap′I(p) + bp′ −X(p))2 +
λ

ΓI(p′)
a2
p′ ]. (6)



(a) (b)

Fig. 1. Comparison of different weighting methods. (a) a tone
mapped image by the weighting in [12] and (b) a tone mapped
image by the proposed weighting (5).

It is shown in the linear model (3) that ∇Ẑ(p) =
ap′∇I(p). Clearly, the smoothness of Ẑ in Ωρ(p

′) depends
on the value of ap′ . This implies that the data terms and the
regularization terms in Equations (4) and (6) are similar to
those in [1, 2] in the sense that the data term measures the
fidelity of Ẑ with respect to the input X and the regulariza-
tion term is on the smoothness of Ẑ. The major difference is
that the proposed filter and the filter in [5] are based on lo-
cal optimization while the optimization problems in [1, 2] are
global.

Compared the cost function E(ap′ , bp′) in Equation (6)
with that in Equation (4), it can be found that the cost function
E(ap′ , bp′) in Equation (6) contains an edge aware weighting,
ΓI(p

′) which is responsible for reducing the halo artifact. The
value of ΓI(p

′) is usually larger than 1 if p′ is at an edge and
smaller than 1 if p′ is in a flat area. This implies that 1) the
fidelity of Ẑ with respect to X is required to be higher by
the proposed filter if p′ is at an edge; and 2) the output Ẑ
is required to be smoother by the proposed filter if p′ is in a
flat area. Therefore, the proposed filter preserves sharp edges
better than the guided filter in [5] as shown in Fig. 2.

(a)

Fig. 2. 1-D illustration of the guided filter in [5] and the pro-
posed filter. The values of ρ and λ are 5 and 1/64, respectively.

The optimal values of ap′ and bp′ are computed as

ap′ =

1
|Ωρ(p′)|

∑
p∈Ωρ(p′)

I(p)X(p)− µI,ρ(p′)µX,ρ(p′)

σ2
I,ρ(p

′) + λ
ΓI(p′)

, (7)

bp′ = µX,ρ(p
′)− ap′µI,ρ(p′), (8)

where µI,ρ(p′) and µX,ρ(p′) are respectively the mean values
of I and X , and σ2

I,ρ(p
′) is the variance of I in the window

Ωρ(p
′). |Ωρ(p′)| is the cardinality of Ωρ(p

′).
It is worth noting that a pixel p is involved in all overlap-

ping windows Ωρ(p
′)’s. There are many different values of

Ẑ(p). A simple method is to average all the possible values
of Ẑ(p) as follows:

Ẑ(p) = āpI(p) + b̄p, (9)

where āp and b̄p are the mean values of ap′ and bp′ for all p′

in the set Ωρ(p).

4. APPLICATIONS OF THE PROPOSED FILTER

In this section, the proposed filter is applied to design a local
tone mapping algorithm for HDR images, and a selectively
detail-enhanced exposure fusion algorithm for differently ex-
posed images.

4.1. Tone Mapping of High Dynamic Range Images

Given a HDR radiance map as an input to a tone mapping
algorithm, the luminance value of the HDR radiance map is
first obtained by linearly combining the red, green, and blue
components as Y (h)(p). The HDR radiance map Y (h)(p) is
then decomposed as

Y (h)(p) = Y (b)(p)Y (d)(p), (10)

where Y (b)(p) and Y (d)(p) are the base layer and the detail
layer, respectively. The detail layer Yd(p) presents fine details
and its variation is usually very small. The overall dynamic
range is reduced by using a global tone mapping algorithm to
scale down the base layer Y (b)(p).

As shown by the “just noticeable difference” experiment
[11], the log function approximates the transformation per-
formed by the retina of the HVS. Inspired by this fact, the
decomposition is performed in the log domain as follows:

L(h)(p) = L(b)(p) + L(d)(p), (11)

where L(h)(p), L(b)(p) and L(d)(p) are defined as
log(Y (h)(p)), log(Y (b)(p)), and log(Y (d)(p)), respectively.

Two major components of the proposed local tone map-
ping algorithm are: 1) the decomposition of L(h)(p) into
L(b)(p) and L(d)(p) by using the proposed filter (5)-(8); and
2) the compression of L(b)(p) as L̃(b)(p) by a global tone
mapping algorithm [13, 14]. To display the tone mapped im-
age, the compressed L̃(b)(p) and the detail layer L(d)(p) are
converted back into the intensity domain. The color channels
of an LDR image are then generated by scaling those of the
HDR image.

The proposed local tone mapping algorithm is compared
with two local tone mapping algorithms based on the filter in
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Fig. 3. Comparison on tone mapped images. (a, f, k) extracted fine details by the filter in [5]; (b, g, l) extracted fine details by
the proposed filter; (c, h, m) tone mapped images by the filter in [5]; (d, i, n) tone mapped images by using the filter in [2]; and
(e, j, o) tone mapped images by the proposed filter.

[5] and the global optimization method (2) by testing three
sets of HDR images. The values of ρ and λ are respectively
chosen as 15 and 1 for the filter in [5] and the proposed fil-
ter. The values of γ, ε and λ are respectively chosen as 1.2,
0.001, and 2 for the global optimization method (2). Readers
are invited to view the electronic version of the full-size fig-
ures in order to better appreciate the differences among im-
ages. It is illustrated in Fig. 3 that the proposed filter pre-
serves edges in the base layer much better than the guided
filter in [5]. As a result, the proposed tone mapping algorithm
can avoid halo artifacts from appearing in the tone mapped
images while there are halo artifacts in the tone mapped im-
ages by using the guided filter in [5]. Tone mapped images
by the proposed filter are comparable to those tone mapped
images by the global optimization method (2) while the com-
plexity of the proposed filter is much lower than that of the
global optimization method (2). In addition, dynamic-range-
independent objective quality assessment in [15] is employed
to evaluate tone mapped images. As shown in Fig. 4, the
quality of the tone mapped image by the proposed filter is
comparable to that of the tone mapped image by the global
optimization method (2). It is surprised that the tone mapped
images by the filter in [5], the proposed filter and the global
tone mapping algorithm suffer from reversal of visible con-
trast while all the guided filter in [5], the proposed filter and
the global tone mapping algorithm can be theoretically proved
to be free of gradient reversal.

4.2. Selectively Detail-Enhanced Exposure Fusion

Let input images be denoted as Xk(1 ≤ k ≤ L) and their lu-
minance components denoted as Yk(1 ≤ k ≤ L). An alterna-
tive method is provided to compute the weighting ΓI(p

′). Let
σ2

log(Yk),1(p′) be the local variance of log(Yk) in a 3×3 square
window centered at the pixel p′. Due to different exposures, a
well exposed pixel in one input image could be under/over-
exposed in another image. This implies that the value of
σ2

log(Yk),1(p′) is different for different k. On the other hand,
gradient magnitude becomes larger when a pixel get better
exposed, and it decreases as the pixel becomes under/over-
exposed. Therefore, the largest value of σ2

log(Yk),1(p′) along
all k’s is chosen to represent the overall local variance of pixel
p′. The value of ΓI(p

′) is then given as

ΓI(p
′) =

1

N

N∑
p=1

max
1≤k≤L

{
σ2
log(Yk),1(p′)+ν1

µ2
log(Yk),1

(p′)+ν2
}

max
1≤k≤L

{
σ2
log(Yk),1

(p)+ν1

µ2
log(Yk),1

(p)+ν2
}
. (12)

To prevent possible blocking artifacts from appearing in
the final image, the value of ΓI(p

′) is smoothed by using a
Gaussian filter with the radius as (ρ+ 1). The value of ΓI(p

′)
is larger than 1 if p′ is at an edge and smaller than 1 if p′ in
a smooth area. Clearly, larger weights are assigned to pixels
at edges than those pixels in flat areas by using the proposed
weight ΓI(p

′) in Equation (12). Applying this edge aware
weighting, it is observed that the halo artifacts are greatly re-
duced. However, there might be blocking artifacts in final im-



(a) (b) (c) (d)

Fig. 4. Objective comparison of tone mapped images. (a) by the guided filter in [5]; (b) by the global method in [2]; (c) by
a global tone mapping algorithm; and (d) by the proposed filter. Green stands for the loss of visible contrast, blue stands for
amplification of invisible contrast, and red stands for the reversal of visible contrast.

(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

(k) (l) (m) (n) (o)

Fig. 5. Comparison on fused images. (a, f, k) extracted fine details by the filter in [5]; (b, g, l) extracted fine details by the
proposed filter; (c, h, m) fused images by the filter in [5]; (d, i, n) fused images via the algorithm in [3]; and (e, j, o) fused
images by the proposed filter.

ages. To prevent possible blocking artifacts from appearing
in the final image, the value of ΓI(p

′) is smoothed by using a
Gaussian filter.

With the weighting function ΓI(p
′) in Equation (12), the

fine details of the kth input image, L(d)
k are extracted from

the image Yk individually by using the proposed filter (5)-(8).
All the extracted fine details L(d)

k are fused by considering
the exposedness levels of all image Yk(1 ≤ k ≤ L) to pro-
duce the final fine details. As indicated in [3], a well exposed
pixel includes more reliable information than an under/over-
exposed pixel. Therefore, weighting factor of a well exposed
pixel is larger than that of an under/over-exposed pixel. Such
a weighting function γ(z) is defined as [3]

γ(z) =

{
z + 1; if z ≤ 127
256− z; otherwise . (13)

The final fine details are computed as

L(d)(p) =

∑
k L

(d)
k (p)γ(Yk(p))∑
k γ(Yk(p))

. (14)

Instead of adding all fine details to an intermediate image
as in the detail-enhanced exposure fusion algorithm in [3], the
extracted fine details are selectively added to the intermediate
image. With the proposed detail enhancement algorithm, fine
details in all regions except flat ones are amplified and added
to the intermediate image. Mathematically, the proposed se-
lectively detail-enhanced exposure fusion algorithm is repre-
sented as

Xf (p) = Xint(p) expL
(d)(p)η(p), (15)

whereXint is an intermediate image that is fused by using the



exposure fusion scheme in [16]. The value of η(p) is com-
puted by using ΓI(p) in Equation (12). Its value is almost 0
if the pixel p is in a flat region and 1 otherwise.

With the proposed selective detail enhancement algo-
rithm, the visual quality of the fused image can be improved.
To illustrate this, three different exposure fusion algorithms
are compared, and they are 1) a fully detail-enhanced expo-
sure fusion algorithm based on the guided filter in [5], 2) the
fully detail-enhanced exposure fusion algorithm in [3], and 3)
the proposed selectively detail-enhanced exposure fusion al-
gorithm in Equation (15). It is shown in Fig. 5(m) to Fig.
5(o) that noise in flat regions is amplified using both full de-
tail enhancement algorithms while this problem is overcome
using the selective detail enhancement algorithm in Equation
(15). Therefore, the visual quality of final images is improved
using the proposed selective detail enhancement algorithm.

5. CONCLUSION AND DISCUSSION

An adaptive guided image filter is proposed in this paper by
taking the well known characteristics of the human visual sys-
tems into consideration. The proposed filter preserves sharp
edges and smoothes flat areas better than the existing guided
filter. It is applied to study tone mapping of high dynamic
range images and fusion of differently exposed images. Ex-
perimental results show that the resultant algorithms can pro-
duce images with better visual quality and halo artifacts are
avoided from appearing in final images.

It is worth noting that the proposed filter is neither a global
filter nor a local filter. This is because 1) the proposed weight-
ing in Equation (5) is global in the sense that the weighing of
a pixel is computed by using all pixels in a guidance image
and measures the importance of the pixel with respect to the
whole guidance image; and 2) the optimization problem in
Equation (6) is a local optimization problem. We thus call our
proposed filter a semi-global one. The complexity of the pro-
posed filter is O(N) for an image with N pixels which is the
same as the filter in [5]. The proposed filter can avoid/reduce
halo artifacts as the global filter in [2]. Therefore, the pro-
posed filter inherits advantages of both the global filters and
the local filters.
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