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Effective Guided Image Filtering for

Contrast Enhancement
Zongwei Lu , Bangyuan Long , Kang Li, and Fajin Lu

Abstract—Although the guided image filtering (GIF) has an ex-
cellent edge-preserving property, it is prone to suffer from the halo
artifacts near the edges. Weighted GIF and gradient-domain GIF
try to address the problem by incorporating an edge-aware weight-
ing into GIF. However, they are very sensitive to the regularization
parameter and the halo artifacts will become serious as the regu-
larization parameter increases. Moreover, noise in the background
is often amplified because of the fixed amplification factor for the
detail layer. In this letter, an effective GIF is proposed for better
contrast enhancement. First, the average of local variances for all
pixels is incorporated into the cost function of GIF for preserving
the edges accurately in the base layer. Second, the amplification
factor for the detail layer is calculated in a content-adaptive way
for suppressing the noise while boosting the fine details. Experi-
mental results show that the proposed filter is more robust to the
regularization parameter and can produce visually pleasing output
images. Compared to GIF and its related filters, halo artifacts and
noise are reduced or attenuated by the proposed filter significantly.

Index Terms—Contrast enhancement, detail enhancement,
edge-preserving, guided image filtering (GIF).

I. INTRODUCTION

T
HE edge-preserving smoothing techniques have many
applications in image processing and computer vision,

including contrast enhancement [1], tone mapping of high
dynamic range images [2], structure extraction from texture [3],
fusion of differently exposed images [4], and single image haze
removal [5]. Often, the edge-preserving smoothing techniques
decompose an image into a piecewise smooth base layer
with large-scale variations in intensity and a detail layer with
small-scale details such as noise or texture. By amplifying the
detail layer, a detail enhanced image is produced.

Edge-preserving smoothing techniques can be categorized
into two groups: global and local filters. The global filters are
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often based on the optimized performance criterion, consisting
of a data term and a regularization term. With different data
terms and regularization terms, many global filters have been
proposed [6]–[8]. While the global filters always produce bet-
ter results, they have high computational cost. On the contrary,
the local filters are quite simpler [9]–[11]. However, because
the local filters cannot preserve the edges well as global filters,
halo artifacts are prone to be produced near the edges in the
resultant images, which is usually not favored for image pro-
cessing and computer vision. As pointed out in [12] and [13],
one of the reasons for halo artifacts may lie in the constant of
the regularization parameter. Moreover, because the amplifica-
tion factor for the detail layer is fixed, when local filters are
applied for contrast enhancement, noise in the background will
be amplified and the visual quality of the output images will be
degraded.

Guided image filtering (GIF) is a well-known local filter
for its excellent edge-preserving property and high efficiency
[11]. Considering the structure of the guided image, GIF uses
a linear model to compute the pixel values in a window. Be-
cause the regularization parameter in the GIF is fixed, halo
artifacts will be inevitably produced for strong edges in the
output images. In order to reduce or attenuate the halo arti-
facts, weighted GIF (WGIF) [14] calculates the local variances
of 3 × 3 windows of all pixels as the edge-aware weighting
and preserves the edges better than GIF. Later, gradient-domain
GIF (GGIF) [15] extends the WGIF by including the local
variances of the windows for the filter size. While WGIF and
GGIF can preserve the edges more accurately than GIF, they are
very sensitive to the regularization parameter and the halo arti-
facts will become serious with the increase of the regularization
parameter.

In the following, GIF and its related works are introduced
in Section II. The proposed filter, effective GIF (EGIF), is
presented in Section III. Experimental results are shown in
Section IV. Finally, some conclusions are given in Section V.

II. GIF AND RELATED WORKS

In GIF, the filter output q is a linear transform of a guided
image I in a window ωk centered at the pixel k [11]

qi = akIi + bk ∀i ∈ ωk (1)

where i and k are the indices, and (ak , bk ) are two constants
in the window. Their values are obtained by minimizing a cost
function defined as

E(ak , bk ) = min
∑

i∈ωk

((akIi + bk − pi)
2 + λa2

k ) (2)
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where λ is a regularization parameter penalizing large ak and p
is the filter input.

The optimal values for (ak , bk ) are calculated as

ak =

1
|ω |

∑

i∈ωk
Iipi − µk p̄k

σ2
k + λ

(3)

bk = p̄k − akµk (4)

where µk and σ2
k are the mean and variance of I in ωk , |ω| is

the number of pixels in ωk , and p̄k is the mean of p in ωk .
The parameter λ decides the criterion of a “flat patch” or a

“high variance.” More specifically, the patches with variance
(σ2

k ) much smaller than λ are smoothed, whereas those with
variance much larger than λ are preserved [11]. The role of λ

will inspire a new weighting proposed in Section III-A.
In order to preserve the edges better, WGIF incorporates an

edge-aware weighting into (2) [14] as

E(ak , bk ) = min
∑

i∈ΩG , ξ 1

((akIi + bk − pi)
2 +

λ

ΓG (p′)
a2

k )

(5)
where ΓG (p′) is the edge-aware weighting and is calculated by
using local variances of 3 × 3 windows of all pixels as follows:

ΓG (p′) =
1

N

N
∑

p=1

σ2
G,1(p

′)

σ2
G,1(p)

(6)

where σ2
G,1(p

′) is the variance of I in the window ΩG,1(p
′), and

N is the number of pixels in the guided image I .
Considering the local variances of the windows for the filter

size, GGIF defines edge-aware weighting as follows [15]:

ΓG (p′) =
1

N

N
∑

p=1

χ(p′)

χ(p)
(7)

where χ(p′) = σG,1(p
′)σG,ζ1

(p′), σ2
G,ζ1

(p′) is the variance of I

in the window ΩG,ξ1
(p′), and ξ1 is the window size of the filter.

While both WGIF and GGIF can preserve the edges more ac-
curately than GIF theoretically, experimental results show that
the halo artifacts cannot be avoided for strong edges when they
are applied for contrast enhancement. Based on (3), decreasing
the parameter λ can definitely reduce the halo artifacts, other-
wise the resultant image will become close to the input image.

III. PROPOSED FILTERING

In the following, a new weighting is incorporated into the
cost function of the GIF to preserve the edges accurately and a
content-adaptive amplification factor is presented to reduce the
noise in the background.

A. New Weighting

The average of local variances for all pixels is defined as

Γ = σ̄2 =
1

N

N
∑

k=1

σ2
k (8)

where σ2
k is the local variance of I in ωk .

Inspired by the role of λ in Section II, (8) is incorporated into
(2) as

E(ak , bk ) = min
∑

i∈ωk

((akIi + bk − pi)
2 + λΓa2

k ). (9)

The optimal value for ak is calculated as follows and bk is
unchanged according to (4):

ak =

1
|ω |

∑

i∈ωk
Iipi − µk p̄k

σ2
k + λΓ

. (10)

When GIF is applied for contrast enhancement, I and p are
identical and the following equations hold:

1

|ω|

∑

i∈ωk

Iipi − µk p̄k = σ2
k (11)

p̄k = µk . (12)

Substituting (11) and (12) into (10) and (4), respectively, we
will get

ak =
σ2

k

σ2
k + λΓ

(13)

bk = (1 − ak )µk . (14)

The numerator and denominator in (13) are divided by σ2
k ,

respectively, as

ak =
1

1 + λ
Γ
σ 2

k

=
1

1 + λ
σ̄ 2

σ 2
k

. (15)

If a pixel is in the middle of a “high-variance” area, its local
variance should be greater than average variance. According to
(14) and (15), ak and bk become close to 1 and 0, respectively,
and the value of the pixel is unchanged. On the other side, if a
pixel is in the middle of a “flat patch” area, its local variance
should be less than the average variance. ak and bk become
close to 0 and 1, respectively, and the value of the pixel is the
average of the pixels nearby.

After computing (ak , bk ) for all patches ωk in the image, the
filter output is computed as follows [11]:

qi =
1

|ω|

∑

k :i∈ωk

(akIi + bk ) = āiIi + b̄i (16)

where āi = 1
|ω |

∑

k∈ω i
ak and b̄i = 1

|ω |

∑

k∈ω i
bk .

Although WGIF can produce a larger value of ak for the pixel
on the edge, the values of ak for pixels adjacent to the edge are
smaller. So, the value of āi will become small. On the other side,
EGIF can produce larger values of ak for pixels both adjacent to
and on the edge, hence the value of āi is large. The same holds
for b̄i .

Fig. 2(a) is a synthetic image. One-dimensional illustrations
of the GIF, WGIF, GGIF, and EGIF with different values of λ

for Fig. 2(a) are shown in Fig. 1(a)–(c).
As shown in Fig. 1(a)–(c), the proposed filter EGIF preserves

the edges more accurately than the GIF, WGIF, and GGIF. The
output values of the proposed filter are almost the same as the
input values near the edges, whereas the output values of the GIF,
WGIF, and the GGIF are far away from the input values. As the
value of λ increases, GIF, WGIF, and GGIF cannot preserve
the edges accurately and the halo artifacts will become serious,
whereas EGIF is more robust to the value of λ.

Fig. 2(b)–(e) shows the base layers produced by the GIF,
WGIF, GGIF, and EGIF for the synthetic image shown in
Fig. 2(a), respectively. It is seen from Fig. 2 that GIF, WGIF,
and GGIF cannot preserve the edges accurately and the halo
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Fig. 1. One-dimensional illustrations of the GIF, WGIF, GGIF, and EGIF.
(a) ζ1 = 16, λ = 0.1. (b) ζ1 = 16, λ = 1. (c) ζ1 = 16, λ = 5.

Fig. 2. (a) Input image. Base layer produced by (b) GIF, (c) WGIF, (d) GGIF,
and (e) EGIF. ζ1 = 16, λ = 1 in all the four filters.

Fig. 3. (a) Noise image. Base layer produced by (b) GIF, (c) WGIF, (d) GGIF,
and (e) EGIF. ζ1 = 16, λ = 5 in all the four filters.

artifacts are produced near the edges. By comparison, EGIF
preserves the edges more accurately than the GIF, WGIF, and
GGIF and the halo artifacts are not noticeable near the edges.
This demonstrates clearly that the new weighting proposed is
very effective for preserving the edges accurately.

On the other side, EGIF can smooth flat areas better than
WGIF and GGIF when λ is large. Fig. 3(a) is an example from
[8]. Fig. 3(b)–(e) shows the resultant images by the GIF, WGIF,
GGIF, and EGIF, respectively. It can be seen clearly from Fig. 3
that EGIF smooths the flat area well while preserving the edges
more accurately than GIF. In contrast, both WGIF and GGIF
fail to smooth the flat area.

B. Content-Adaptive Amplification Factor

Mathematically, the detail layer r is defined as follows:

r = I − q (17)

where q is the base layer and is defined in (16).
Multiplying the detail layer by an amplification factor β

r′ = β · r = β · (I − q) (18)

where r′ is the enhanced detail layer. The value of β is fixed for
GIF, WGIF, and GGIF (β = 5).

The output image f is the sum of q and r′

f = q + r′. (19)

Substituting (16) into (18)

r′ = β · (I − āI − b̄) = β · (1 − ā)I − β · b̄. (20)

The gradient of the enhanced detail layer is calculated as
follows:

∇r′ = β · (1 − ā) · ∇I. (21)

Based on (1), the gradient of the base layer is calculated as
follows:

∇q = ā · ∇I. (22)

Generally speaking, the gradient of the detail layer should
not be bigger than the gradient of the base layer. Otherwise,
the noise in the detail layer will be amplified. So, the following
inequality holds:

∇r′ ≤ ∇q. (23)

Substituting (21) and (22) into (23)

β · (1 − ā) · ∇I ≤ ā · ∇I. (24)

Then,

β ≤
ā

1 − ā
. (25)

When the value of β is small, the details will be suppressed.
On the other side, the noise will be amplified for a larger value
of β. So, there is a tradeoff between noise suppression and
fine details enhancement. In this letter, considering the balance
between the noise suppression and detail enhancement, the value
of β is set as follows:

β =
ā

1 − ā
. (26)

Here, β > 0 since 0 < ā < 1 based on (15) and (16).
If a pixel is in the middle of a “high-variance” area, āk will

become close to 1 based on (15) and (16). According to (26), the
value of β will be larger to boost the pixel in the “high-variance”
area. Similarly, if a pixel is in the middle of a “flat patch” area,
āk will become close to 0. Then, the value of β will be smaller
to suppress the pixel in the “flat patch” area.

According to (26), the value of β will be very large when
āk becomes close to 1. So, it is possible that the image will be
overenhanced near the edges. Thus, in order to avoid overen-
hancement, a coefficient γ is introduced into (26) as follows:

β =

(

ā

1 − ā

)γ

(27)

where 0 < γ ≤ 1. For simplicity, γ = 1 unless specified.
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Fig. 4. (a) Input. Zoom-in patches for base layer by (b) GIF, (c) WGIF,
(d) GGIF, and (e) EGIF. Enhanced by (f) GIF, (g) WGIF, (h) GGIF, and
(i) EGIF.

Fig. 5. (a) Input. Enhanced by (b) GIF, (c) WGIF, (d) GGIF, and (e) EGIF.
(f)–(j) Zoom-in patches for Input, GIF, WGIF, GGIF, and EGIF.

Fig. 6. From left to right: zoom-in patches for GIF, WGIF, GGIF, and EGIF.
(a)–(d) ζ1 = 16, λ = 0.01. (e)–(h) ζ1 = 16, λ = 0.1. (i)–(l) ζ1 = 16, λ = 1.

IV. EXPERIMENTAL RESULTS

The experiment is conducted in MATLAB R2013a on a PC
with 2.60 GHz Intel Pentium Dual-Core Processor. λ = 0.12

and ζ1 = 16 are set for all four filters unless specified [11].
The amplification factor is 5 for GIF, WGIF, and GGIF. Images
coming from Kodak [17], SIPI [18], CVG [19], and BSDS500
[20] are tested. The experimental results and code can also be
found at http://sites.google.com/view/bangyuanl/.

Fig. 4(a) is the input image. Fig. 4(b)–(e) shows the base
layers filtered by GIF, WGIF, GGIF, and EGIF. Fig. 4(f)–(i)
shows the output images by GIF, WGIF, GGIF, and EGIF. GIF,
WGIF, and GGIF produce weak halo artifacts for base layers
and strong halo artifacts for output images. In contrast, EGIF
does not produce halo artifacts for both base layer and output
image.

As shown in Fig. 5(g)–(j), while GIF, WGIF, and GGIF do
not produce the halo artifacts, noise in the background is ampli-
fied because of the fixed amplification factor. EGIF suppresses
the noise since the amplification factor is calculated according
to (25).

In order to compare the performance of edge-preserving for
GIF, WGIF, GGIF, and EGIF fairly, the amplification factor for
the detail layer is set as 5 for EGIF.

Fig. 6(a)–(d), (e)–(h), and (i)–(l) shows the zoom-in patches
produced by GIF, WGIF, GGIF, and EGIF for different values

Fig. 7. (a) Input. (b) γ = 0.5. (c) γ = 1. (d) γ = 1.5. ζ1 = 16, λ = 0.01.

Fig. 8. (a) Average NIQMC for Kodak by different filters. (b) Average NIQE
for Kodak by different filters.

of λ, respectively. It is clearly seen that the halo artifacts near
the roof become serious for GIF, WGIF, and GGIF as the value
of λ increases from 0.01 to 1, whereas EGIF does not produce
obvious halo artifacts when the value of λ increases.

Finally, Fig. 7(b)–(d) shows the output images produced by
EGIF for different values of γ. Obviously, the image will be
overenhanced when γ > 1.

The dataset Kodak having 24 natural images is chosen for ob-
jective assessment. The no-reference image quality metric for
contrast enhancement (NIQMC) is utilized to evaluate the con-
trast enhancement quality [21]. Higher values represent better
qualities of image contrast. The naturalness image quality eval-
uator (NIQE) is utilized to evaluate image quality blindly [22].
Lower values represent better qualities.

It can be seen from Fig. 8(a) that GIF has the highest aver-
age NIQMC value. EGIF has a higher average NIQMC value
than both WGIF and GGIF. Although GIF has a higher aver-
age NIQMC value than EGIF, it is easy to overenhance im-
ages and produce the halo artifacts and noise, as shown in
Figs. 4–6.

Fig. 8(b) indicates that WGIF, GGIF, and EGIF have al-
most the same average NIQE values. This indicates that the
visual quality of the output images produced by the EGIF is
comparable with WGIF and GGIF. Nevertheless, both WGIF
and GGIF are prone to produce the halo artifacts near strong
edges.

V. CONCLUSION

When GIF, WGIF, and GGIF are applied for contrast en-
hancement, they are prone to produce the halo artifacts near
the strong edges and the noise in the background is ampli-
fied. The visual quality of output images will be degraded. The
proposed filter, EGIF, overcomes these shortcomings by incor-
porating the average of local variances for all pixels into the
GIF for preserving the edges more accurately in the base layer
and calculating the amplification factor in a content-adaptive
way for suppressing the noise and boosting the fine details in
the detail layer. Compared with the GIF, WGIF, and GGIF,
EGIF is more robust to the regularization parameter and can
reduce or attenuate the halo artifacts and noise significantly.
So, EGIF can produce the output images with higher visual
quality.
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