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Abstract—Multi-scale exposure fusion is a fast approach to fuse
several differently exposed images captured at the same high
dynamic range (HDR) scene into a high quality low dynamic
range (LDR) image. The fused image is expected to include all
details of the input images. However, the details in the brightest
and darkest regions are usually not well preserved. Adding
details that are extracted from the input images to the fused
image is an ef cient approach to overcome the problem. In this
paper, a new gradient domain weighted least square based image
smoothing algorithm is proposed to extract the details in the
brightest and darkest regions of the HDR scene. The extracted
details are then added to an image that is produced using an
edge-preserving smoothing pyramid based multi-scale exposure
fusion algorithm. Experimental results show that the proposed
detail enhanced exposure fusion algorithm can preserve details
in saturated regions, especially the brightest regions better than
the state-of-the-art multi-scale exposure fusion algorithms.
Index Terms—Exposure fusion, high dynamic range, detail
enhancement, gradient domain weighted least square, edgepreserving smoothing pyramid.

I. I NTRODUCTION

N

ATURAL scenes usually have larger dynamic range than
the dynamic range that a digital camera can capture
with single shot. As a result, details in the brightest and
darkest regions of a high dynamic range (HDR) scene may
not be recorded. Taking several differently exposed image of
the same HDR scene and fusing them together into a high
quality low dynamic range (LDR) image is a solution to this
challenge [1]. With an exposure fusion algorithm, the multiple
differently exposed images are fused to a high quality LDR
image directly without generating an intermediate HDR image
[2]. The exposure fusion neither requires lighting conditions
of all the LDR images to be the same nor requires knowledge
of exposure times. In addition, exposure fusion algorithms are
usually faster than the tone mapping based approaches [3]–[9],
especially for mobile devices. Thus, lots of exposure fusion
algorithms [10]–[16] were proposed. One natural question is
“Do we need another multi-scale exposure fusion algorithm?”
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or “Is there any space to further improve the existing multiscale exposure fusion algorithm?” If the answer is “YES”, one
would subsequently ask how to improve the existing multiscale exposure fusion algorithms. The objective of this paper
is to address issues related to these questions.
Besides the exposure fusion, another efficient way to merge
differently exposed images is to synthesize an HDR image
from the differently exposed images and to convert the HDR
image into an LDR image using tone mapping algorithms [4],
[17]. In this paper, we will provide experimental results to
compare these two ways in order to provide the answers to
the above two questions. Our experimental results demonstrate
that the tone mapping based way preserves details in saturated
regions especially the brightest regions much better than the
multi-scale exposure fusion based way. This indicates the
answer to the first question is indeed “YES”. Enhancing details
of the fused image via a detail-enhancement algorithm is
a possible answer to the second question. However, certain
details of the differently exposed images have already been
lost in the fusion procedure. Enhancing the details of the fused
image cannot recover details that are already lost by the multiscale exposure fusion algorithm. This implies that the details
should be extracted from the input images directly. On the
other hand, it is time consuming to extract details of each
input image independently. An interesting idea was proposed
in [13] to solve such a problem. The details of all the input
images are extracted from a vector filed which is generated
from the input images and then a detail layer is obtained by
solving a weighted least square (WLS) optimization problem.
This detail layer contains almost all the details in all the input
images. Such an approach can indeed enhance the details of
the fused image. However, although only one optimization
problem needs to be solved in the algorithm in [13], the
algorithm is slow, especially for large images. At the same
time, experimental results show that the details in the brightest
and darkest regions are not well preserved in the final image
by the algorithm in [13]. This implies that the detail-extraction
component in [13] is insufficient to address the problem. The
basis of multi-scale exposure fusion algorithm also needs to
be improved so as to preserve details in the saturated regions,
especially the brightest regions, better. Recently, an innovative
edge-preserving pyramid based multi-scale exposure fusion
algorithm was proposed in [16] and the algorithm outperforms
the algorithm in [1] in the sense that it preserves details in
the saturated regions, especially the brightest regions, better.
However, the algorithm in [16] cannot preserve details in the
saturated regions, especially the brightest regions, well like the
tone mapping based methods [4], [17].
In this paper, a new edge-preserving decomposition based
detail extraction component is introduced to further improve
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the algorithm in [16] such that details in the saturated regions,
especially the brightest regions are well preserved which
results in a detail-enhanced exposure fusion algorithm. The
component is based on features of the darkest and brightest
images of an HDR scene, i.e. the details in the brightest
regions of the HDR scene are mostly from the darkest input
image, and those in the darkest regions are mostly from the
brightest image. Since the existing multi-scale exposure fusion
algorithms can preserve most details of HDR scenes well
except those details in the brightest and darkest regions of the
HDR scenes, the quality of fused image can be improved by
extracting the details of the brightest regions in the darkest
image and the darkest regions in the brightest image and
adding to the fused image. Based on this observation, an
intelligent detail enhancement method is proposed in this
paper. Clearly, the proposed detail enhancement method is
different from the method in [13] in the sense that the proposed
method intends to only enhance the desired details while the
method in [13] intends to enhance all the details. To abstracted
the desired details efficiently, a gradient domain constraint is
added to the fast WLS (FWLS) based optimization in [32].
With the gradient domain constraint, the details of an image
could be abstracted according to the intensity of a gradient
targeting image. As a result, the details of the brightest regions
in the darkest input image and the darkest regions in the
brightest input image could be abstracted with high speed and
high efficiency. Then the extracted details are added to an
image that is produced using the exposure fusion algorithm
in [16]. Experimental results show that the final resultant
image indeed has more details than the fused image, especially
in the brightest and darkest regions. The proposed detail
enhancement algorithm is also much faster than that in [13].
In addition, the visual quality of the enhanced images by the
proposed algorithm is better than that of the enhanced images
by the algorithm in [13]. Overall, the major contributions of
this paper are: 1) a unique method to identify space that
the existing multi-scale exposure fusion algorithms can be
improved; 2) an enhanced FWLS filter with a gradient domain
constraint; 3) a simpler method to extract fine details from a
set of differently exposed images; and 4) an improved detailenhanced multi-scale exposure fusion algorithm.
The remainder of this paper is organized as follows. In the next
section, related works on exposure fusion detail enhancement
algorithms and related edge-preserving algorithms are provided. In Section III, a gradient domain WLS (GWLS) based
image smoothing algorithm is introduced. The proposed detail
enhanced multi-scale exposure fusion algorithm is proposed
in Section IV, followed by the experimental results of the
proposed algorithm with comparison to several other stateof-the-art schemes in Section V. Finally Section VI concludes
this paper.
II. R ELATED W ORKS
Exposure fusion is an efficient procedure that fuses several
differently exposed images into one image. Lots of exposure
fusion algorithms [1], [10], [11], [12] were proposed recently.

In a subjective user study about exposure fusion algorithms
in [18], it was found that no single state-of-the-art exposure
fusion algorithm outperforms the others for all test images.
The algorithm in [1], ranking first on average, is a multiscale based approach. The Gaussian pyramids of the weight
maps computed by considering the contrast, saturation and
well-exposedness are constructed and the Laplacian pyramids
of the differently exposed images are also constructed. The
final fused image is obtained by reconstructing the obtained
Laplacaian pyramid. Recently, an edge-preserving smoothing
pyramid based multi-scale exposure fusion algorithm was
proposed in [16] and it outperforms existing multi-scale
exposure fusion algorithm in the sense that details in the
brightest/darkest regions are preserved much better.
In the existing multi-scale exposure fusion algorithms, some
of details are sacrificed to produce images with better global
contrast and to avoid the generation of halo artifacts. It is thus
desired to enhance the details. The detail enhancement for
exposure fusion was firstly proposed in [13]. A gradient vector
is generated for each input image by considering the exposure
quality of each pixel. Then the weighted average of all the
gradient vectors is obtained by considering all the gradient
vectors of all the input images. Next, an improved optimization
problem of the weighted least square optimization problem in
[19] is used to abstract a detail layer from the gradient vector.
Finally, the details are added to the fused image generated by
[1] to get the final detail enhanced exposure fusion image.
After that, several similar algorithms have been proposed
successively. In [20], a new detail abstracting algorithm based
on the L0 norm gradient minimization problem in [21] was
proposed. In [22], another algorithm was proposed based on
bilateral filter in [23] to deal with dynamic scene which have
moving objects in the scene. Recently, the detail enhancement
in [13] was enhanced in [15] with the following two improvements: 1) a new detail extraction component by extending
the powerful Di Zenzo structure tensor [24] to the differently
exposed images; and 2) a faster method to solve the quadratic
optimization problem. Even though the computational cost
on solving the quadratic optimization problem is reduced
significantly in [15], the computational cost on generating the
vector fields could be an issue for the method in [15]. All
the existing algorithms are based on detail extraction from the
vector fields generated from all the input images.
The detail abstracting algorithms used in the above algorithms
are all based on edge-preserving image decomposition algorithms. Many interesting edge-preserving smoothing algorithms have been proposed, see for examples [19], [21], [23],
[25]–[31]. Among all these algorithms, the algorithms in [19]
and [21] are based on global optimization problems. They usually produce better resultant images than the others, but they
are much slower than the other local filter based algorithms. In
[32], the WLS optimization problem was decomposed into two
subproblems. Two 1D optimization problems were constructed
to smooth the image in the horizontal direction and vertical
direction separately and efficiently. The FWLS algorithm can
produce similar results as the original WLS based algorithms
and is much faster than them.
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(a) Exposure fusion algorithm in [1] (b) Exposure fusion algorithm in (c) Tone mapping algorithm in [4] (d) Tone mapping algorithm in [17]
[16]

(e) Exposure fusion algorithm in [1] (f) Exposure fusion algorithm in [16] (g) Tone mapping algorithm in [4] (h) Tone mapping algorithm in [17]

Fig. 1: Comparisons of resultant images generated by exposure fusion approaches and tone mapping based approaches.

To find out whether there is any space to further improve the
existing multi-scale exposure fusion algorithm, we compare
existing tone mapping algorithms and exposure fusion algorithms. Their inputs are the same sets of differently exposed
images. For the tone mapping algorithms, HDR images are
generated using the algorithm in [2]. Numerous sets of images
are tested and two of them are given in Fig. 1. [1] and [4] are
two of the state-of-the-art exposure fusion algorithm and tone
mapping based approach, respectively. [16] and [17] are our
latest works on exposure fusion and tone mapping. It is seen
that the tone mapping based approaches usually have more
details than the exposure fusion algorithms in the saturation
regions, especially in the brightest regions. This indicates
that the existing exposure fusion algorithms can be further
improved.

optimization problem formulated as [32]
X
X
min
[(Si Ii )2 + λ
wi,j (g)(Si

Inspired by the gradient-domain guided image filter (GGIF) in
[25], a GWLS based image smoothing algorithm is proposed
in the next section, the proposed algorithm can abstract partial
of the details according to a weighting image. The GWLS is
then applied to design a detail enhanced exposure fusion algorithm to further improve existing multi-scale exposure fusion
algorithms, including our recent exposure fusion algorithm in
[16]. Compared with the detail enhancement algorithms in
[13], [15], the proposed algorithm is designed in a totally
different way in the sense that the proposed algorithm intends
to enhance the details in the brightest and darkest regions while
the algorithms in [13], [15] intend to enhance all the details.

where β and σ are two parameters. They are empirically set
to 1.625 and 1, respectively [32]. It is worth noting that the
input image I and guidance image g can be identical.

III. GWLS BASED I MAGE S MOOTHING

S

Given an input image I and a guidance image g, a smoothed
version image of I could be obtained by solving a WLS based

Sj )2 ],

(1)

j2Ω(i)

where S is the smoothed image, the subscripts i and j are
pixel indexes of image S and I. The first term and second
term of the cost function (1) are named the fidelity term and
the smoothing term, respectively. λ is a parameter to control
the importance of the two terms. Ω(i) is the neighborhood of
i-th pixel. Be more specific, it includes the 4-connected pixels
as in [32]. wi,j (g) is the weight between i-th and j-th pixel.
For image smoothing, it is usually the similarity of two pixels,
and can be defined as
ωi,j (g) = e

(gi −gj )β
σ

,

(2)

To solve the optimization problem in (1), the inverse of a large
image matrix need to be solved, and thus it is slow, especially
for large images. In [32], a faster solver for the optimization
problem in (1) is provided by separating the optimization
problem into two spatial dimensions.
Besides the input image I, two more inputs of the proposed
GWLS are a weight map T and a vector field V . The
GWLS is derived by introducing an additional gradient domain
constraint to the WLS in (1) and the new optimization problem
is formulated as
j−1
X h
X
X
h 2
h
h
h 2
[(Si − Ii ) + λ

min

In this section, a new fast image smoothing filter via WLS
is proposed by introducing a gradient constraint to the FWLS
filter in [32].

i

S
i

wi,j (g)(Si − Sj − Ti

j∈Ωh (i)

Vk ) ].

k=i

(3)

Here, the gradient domain constraint Ti can control the ratio
of gradients in the output and input images. When Ti = 0,
the optimization problem is the same as the problem in [32],
and the output image S would be a smoothed version of I
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while all the important edges are preserved. When Ti = 1, the
output image S andPthe input image I are almost the same.
j 1
In other words, Ti k=i Vkh is a gradient domain constraint
which can control the gradient of the output image. The details
of I could be obtained as (I S). Clearly, by controlling the
values of Ti 's, the image could be smoothed at different level
and the details of image could be abstracted at different level.
When Ω(i) is the 4-connected pixels of i, k equals to i. To
keep simplicity, only the horizonal problem is given and the
vertical problem can be obtained and solved similarly. In this
paper, the input image I and guidance image g are identical.
The vector field V h is the image gradient of I and defined as
h
Vkh = Ik+1

Ikh ,

(4)

where t is the iteration index. After 3 iterations, the final
smoothed image S could be obtained, and then the detail
image D is obtained as (I S).
It is worthy noting that the GGIF in [25] could also be used
to abstract details from an image partially. As a comparison,
the detail layers decomposed by the proposed GWLS and the
GGIF are given in Fig. 2. The λs in both algorithm are 0.01,
and the gradient target images are set to 0 in both algorithms.
This indicates all of the details in Fig. 2(a) are abstracted. From
Fig. 2(b) and Fig. 2(c), it is seen the GGIF may decompose
edges into the detail layer, and the GWLS abstracts more
fine details than the GGIF in [25]. Thus the proposed GWLS
abstracts details better than the GGIF. So in this paper, the
proposed GWLS is used to abstract details.

Let Ωh (i) be two neighbors of i (i.e., i 1 and i + 1). The
optimization problem in (3) can be converted into
X h
X
h 2
h
h
h
h 2
[(Si − Ii ) + λ

min
S

i

wi,j (I)(Si − Sj − Ti (Ii − Ij )) ].

j∈Ωh (i)

(5)

By setting the gradient of S in (5) to zero, the following
equation is obtained:
Sih + λ(wi,i
+Iih

+

1

+ wi,i+1 )Sih = λwi,i

λwi,i 1 Ti (Iih

Iih 1 )

h
1 Si 1

h
+ λwi,i+1 Si+1
(6)

h
λwi,i+1 Ti (Ii+1

Iih ),

then the following equation can be derived
ai Sih

1

h
+ bi Sih + ci Si+1
= Iih + λwi,i

h
1 Ti (Ii
h
λwi,i+1 Ti (Ii+1

=
λwi,i 1 ,
= 1 + λ(wi,i
=
λwi,i+1 ,

+ wi,i+1 ),

with boundary conditions a0 = 0 and cw 1 = 0. Denoting
h
Iˆih = Iih + λwi,i 1 Ti (Iih Iih 1 ) λwi,i+1 Ti (Ii+1
Iih ), two
intermediate outputs are computed as follows:
ci
,
(9)
cˇi =
bi či 1 ai
Iˆih Iˇih 1 ax
Iˇih =
, (i = 1, 2, ..., n 1)
bi či 1 ai
where n is the width of image I. Sih could be obtained as
Sih = Iˇih

h
cˇi Si+1
, (i = n

2, n

3, ..., 0)

(10)

The image is smoothed horizontally, vertically and iteratively.
It is concluded in [32] that 3 iterations is a good tradeoff between the complexity of algorithm and the quality of
smoothed image. To get better results, the value of λ in (5) is
also reduced in each iteration as follows:
λt =

3 43 t
λ,
2 43 1

(c) Details by GWLS

Fig. 2: Comparison of decomposed detail layer by GGIF in
[25] and GWLS.

IV. D ETAIL ENHANCED EXPOSURE FUSION

Iih ),

(8)
1

(b) Details by GGIF

Iih 1 ) (7)

where ai , bi and ci are
ai
bi
ci

(a) Input image

(11)

In this section, a detail enhanced exposure fusion algorithm
is proposed. As shown in Fig. 3, the proposed algorithm is
composed of an edge preserving pyramid based exposure fusion and a GWLS based detail enhancement. An intermediated
image is produced using the proposed multi-scale exposure
fusion algorithm. The intermediated image is then used to
determine two weight maps for the brightest and darkest
images, respectively. Details are extracted from the brightest
and darkest images under the guidance of the weight maps.
They are finally added to the intermediated image to have the
final image. The details on them are provided in the following
two subsections.
A. Edge preserving pyramid based exposure fusion
Let the differently exposed images be denoted as Ik , where k
is the index of images and its value is from 1 to n. Arrange
the images according to the luminance of the images, with I1
being the darkest one while In being the brightest one. Similar
to the exposure fusion algorithm in [1], the weight map for
the k-th differently exposed image is computed as
Wij,k = (Cij,k )Ĉ

(Sij,k )Ŝ

(Eij,k )Ê

(12)

where the subscript ij, k refers to the pixel (i, j) in the k-th
image. The contrast measure C reflects the intensity difference
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Fig. 3: Diagram of the proposed detail enhancement algorithm.

between a pixel and its neighbors. It is calculated with a
3 3 Laplacian filter. The saturation measure S reflects how
colorful a pixel is. It is calculated as the standard deviation
within the R, G and B channel at each pixel. Well-exposedness
measure E reflects how well a pixel is exposed. It is calculated
2
2
), exp(− (G−0.5)
) and
with the product of exp(− (R−0.5)
2σ 2
2σ 2
2
)
where
σ
is
set
to
0.2.
With
this
measure,
the
exp(− (B−0.5)
2σ 2
pixel whose value is close to 0 (under-exposed) or 1 (overexposed) is punished. Ĉ, Ŝ and Ê are the weights of C, S
and E, respectively. Their default values are 1. When one of
them is set to 0, the corresponding measure would not be taken
into account. Then the weight maps are normalized as follows
Ŵij,k = [

N
X

Wij,k0 ]−1 Wij,k

(13)

k0 =1

It should be pointed out that the weights of the darkest and
brightest images can be further refined in order to preserve
details in the brightest and darkest regions of the HDR scene
better. Then the weight maps are decomposed as Gaussian
pyramids. To avoid halo artifacts from appearing in the fused
image, the layer number of the pyramid is selected as the
largest possible value. On the other hand, the details in the
brightest and darkest regions are not well preserved. To address
this problem, the weight maps are decomposed as an edge
preserving pyramid in [16] by using the filter in [25]. As a
result, the pyramid layer could be smaller than the largest
possible value. The fused image has more details than the
algorithm in [1]. The detail on the algorithm is provided as
below.
Given a set of differently exposed images Ik , where the
subscript k indexes the image number, their corresponding
weighting maps Wk are calculated in the same way as [1]
by considering the contrast, saturation and well-exposedness

of each pixel. Then the Laplacian pyramids of the k-th input
image LfIglk and the hybrid pyramid of the weighing maps
EfŴ glk are constructed.
Let the l-th layer of the Gaussian pyramid be defined as
GfIglk . In the Gaussian pyramid, the first layer GfIg0k
is the input image, the second layer GfIg1k is a downsampled Gaussian smoothed version of the first layer. In
a Laplacian pyramid, the l-th level LfIglk is obtained as
GfIglk −upsampledfGfIgl+1
k g. The edge-preserving smoothing pyramid EfŴ gl is a refined pyramid of GfŴ gl . The
Gaussian pyramid of the luminance channel Yk is adopted as
the guidance pyramid, the filter in [25] is used to refine the
weight maps.
In [1], the largest possible pyramid level κ is calculated as
blog2 min(r, c)c, where bxc returns the largest integer which is
smaller than or equal to x. r and c are the number of pixel rows
and columns of the input image. Benefiting from the hybrid
pyramid, the number of pyramid layers is reduced and is
selected as (κ−2). A Laplacian pyramid of the resultant fused
image F is obtained with Eq. (14), which is then reconstructed
to give the final resultant image F .
LfRglij =

N
X

EfŴ glij,k LfIglij,k

(14)

k=1

B. Detail enhancement for fused image
The fused image F is converted to yuv color space and let
Ry be the y channel of F , i.e. the luminance channel of F .
The luminance channels of I1 and In are also calculated and
denoted as I1y and Iny , respectively.
With the GWLS proposed in Section III, an input image I
could be filtered with a gradient target image T . The new
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(a) Input image 1

(b) Input image 2

(c) Input image 3

(d) Detail layer by [13]

(e) Detail layer by [20]

(f) Dbright of (a)

(g) Ddark of (c)

(h) Detail layer by ours

(i) Result by [13]

(j) Result by [20]

(k) Fused image by [1]

(l) Fused image by [11]

(m) Fused image by [10]

(n) Fused image by [16]

(o) Result by ours

(p) Zoom in by [13] (q) Zoom in by [20] (r) Zoom in by [1] (s) Zoom in by [11] (t) Zoom in by [10] (u) Zoom in by [16] (v) Zoom in by ours

Fig. 4: Comparison on image set “tower”. The average values of the detail images are shifted to 0.5 for visualization purposes.
Image courtesy of Jacques Joffre.

weighting image T is introduced to control the ratio of gradient
in the output image and that of the input image. In this way,
the details of the image can be attracted at different level. Two

weight maps T1 and Tn are computed as

y
0,
if I1,i,j
2
y
T1,i,j =
(I
−0.5)2
1 e 1,i,jδ
,

y
0,
if In,i,j
2
y
Tn,i,j =
(I
−0.5)2
1 e n,i,jδ
,

0.5
(15)
otherwise
0.5
(16)
otherwise
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(a) Input image 1

(b) Input image 2

(c) Input image 3

(d) Input image 4

(e) Input image 5

(f) Input image 6

(g) Input image 7

(h) Result by [1]

(i) Result by [11]

(j) Result by [13]

(k) Result by [10]

(l) Result by [16]

(m) Result by ours

(n) Zoom in by [1]

(o) Zoom in by [11]

(p) Zoom in by [13]

(q) Zoom in by [10]

(r) Zoom in by [16]

(s) Zoom in by ours

Fig. 5: Comparison on image set “treeunil”. Image courtesy of Laurence Meylan.

where (i, j) represents a pixel. δ is a parameter for the
Gaussian weight in (15) and (16), its value is empirically set
as 16 in our experiment.
As stated in the previous section, the gradient targeting image
T can control the ratio of gradient in the output and input
images. In this way, the details of the image can be extracted
at different degree. When the image Iny is the image to be
smoothed, Tn in (16) serves as the gradient targeting image.
The edge preserving smoothed version Sny of Iny is obtained
with the improved GWLS. Then the detail layer Ddark of Iny
is obtained as (Iny Sny ). Benefiting from the targeting image
Tn , only the darkest regions of Iny are extracted into the detail
layer. As In is the brightest input image, the darkest regions in
the fused image are exposed best in In than any other input
images. So it could be assumed that the fine details in the
darkest regions of the HDR scene are extracted and included
in the detail image Ddark . Similarly, when the image I1y is
the image to be smoothed, the image T1 serves as the gradient
targeting image. The detail layer Dbright of I1y is obtained as
(I1y S1y ). Benefiting from the targeting image T1 , it could

also be assumed that the fine details in the brightest regions
of the HDR scene are extracted and included in the image
Dbright . All the extracted details are added to the y channel
of the fused image as follows:
Fy0 = Fy + θ (Dbright + Ddark ),

(17)

where the details Dbright and Ddark are
Ddark = Iny Sny ,
Dbright = I1y S1y ,

(18)
(19)

and Sny and S1y are obtained through the equations (3)-(11). θ
is a constant. In our experiments, the value of θ is empirically
selected as 1.375.
The final detail enhanced image is produced by
Ff =

Fy0
F.
Fy

(20)
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(a) Input image 1

(b) Input image 2

(c) Input image 3

(d) Input image 4

(e) Result by [1]

(f) Result by [11]

(g) Result by [13]

(h) Result by [10]

(i) Result by [16]

(j) Result by ours

(k) Zoom in by [1]

(l) Zoom in by [11]

(m) Zoom in by [13]

(n) Zoom in by [10]

(o) Zoom in by [16]

(p) Zoom in by ours

Fig. 6: Comparison on image set “house”. Image courtesy of Tom Mertens.

V. E XPERIMENTAL R ESULTS
In this section, the performance of the proposed algorithm is
evaluated by testing nine sets of differently exposed images.
Readers are invited to view the electronic version of the fullsize figures in order to better appreciate the differences among
images.
The proposed detail enhancement algorithm is compared with
the exposure fusion based algorithms in [1], [10], [11], [16]
and the tone mapping algorithm in [17]. The exposure fusion
algorithms in [1], [10], [11] are three state-of-the-art exposure
fusion algorithms. [16] is our latest work on exposure fusion,
which can produce better fusion results than the algorithm in
[1], and [17] is a tone mapping algorithm. The experimental
results are given in Figs. 4-9. Because the tone mapping
algorithm in [17] needs the exposure time of the input images
to generate an intermediate HDR image, and the exposure
times of the input images in Figs. 4-6 are not available, so

the results of [17] are not given in Figs. 4-6. It can be shown
from all these images that some of details are indeed sacrificed
by the existing exposure fusion algorithms to produce images
with better global contrast and to avoid the generation of halo
artifacts. Generally, the algorithms in [10] and [16] preserve
details in the saturated regions, especially the brightest regions,
much better than the exposure fusion algorithms in [1], [11].
Unfortunately, the algorithm in [10] has a risk to produce
halo artifacts. The proposed algorithm preserves details in the
saturated regions, especially the brightest regions, better than
the algorithm in [16]. It can also be seen that the proposed
algorithm preserves the global contrast slightly better than the
tone mapping based algorithm in [17] while the algorithm in
[17] preserves details in the brightest regions slightly better
than the proposed algorithm.
Since the algorithm in [13] includes a detail extraction component, the proposed algorithm is also compared with the
algorithm in [13]. The algorithm in [13] enhances all details
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(a) Input image 1

(b) Input image 2

(c) Input image 3

(d) Result by [1]

(e) Result by [11]

(f) Result by [13]

(g) Result by [10]

(h) Result by [16]

(i) Result by ours

(j) Tone mapped result by [17]

(k) Zoom in by [1]

(l) Zoom in by [11] (m) Zoom in by [13] (n) Zoom in by [10] (o) Zoom in by [16] (p) Zoom in by ours (q) Zoom in by [17]

Fig. 7: Comparison on image set “Mask”. Image courtesy of Jacques Joffre.

(a) Input image 1

(b) Input image 2

(c) Input image 3

(d) Input image 4

(e) Input image 5

(f) Input image 6

(g) Input image 7

(h) Result by [1]

(i) Result by [11]

(j) Result by [13]

(k) Result by [10]

(l) Result by [16]

(m) Result by ours

(n) Result by [17]

(o) Zoom in by [1] (p) Zoom in by [11] (q) Zoom in by [13] (r) Zoom in by [10] (s) Zoom in by [16] (t) Zoom in by ours (u) Zoom in by [17]

Fig. 8: Comparison on image set “Symbiosis”.

for the whole HDR scene. It is shown in Figs. 4-9 that
the detail enhancement algorithm in [13] is useful to create
perceptually appealing results on some images while creates
unwanted over-sharpening artifacts in some other images, and
the overall performance gain is not always guaranteed. This
problem is overcome by the proposed detail enhancement
algorithm which is due to an advantage of the proposed
algorithm, i.e., it only enhances details in the brightest and
darkest regions of the HDR scene. Fig. 4 is taken as an
example to illustrate the advantage. It is seen that the details in
the brightest areas of Fig. 4(a) are abstracted to the detail layer
shown in Fig. 4(f). Similarly, Fig. 4(g) contains the details in
the darkest regions of Fig. 4(c). These detail images prove the
proposed GWLS can be used to abstract details selectively.
Similar conclusion can be drawn for all other image sets. As
a result, the proposed algorithm is usually useful to create
perceptually appealing results.

Besides comparing the visual quality of images fused by
different algorithms, the complexity of different algorithms is
also compared. Since the complexity of the proposed GWLS
is O(N) for an image with N pixels, the complexity of the
proposed algorithm is O(N) for a set of different exposed
images with N pixels. The computational time of the proposed
algorithm and the comparison algorithms are summarized in
Table I. It is seen the proposed detail enhancement algorithm for exposure fusion is faster than the existing detail
enhancement algorithm in [13]. The proposed algorithm is
implemented in MATLAB without any optimization. It is
reported in [32] reported that the C++ implementation of the
FWLS takes 100ms/Mp for one color channel on a single
CPU core. It is expected that the proposed GWLS has similar
speed and the computation time should be about 100ms/Mp
in C++ implementation. Therefore, it is expectable for the
proposed method to be an effective and efficient tool for detail
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(a) Set “Cafe”

(b) Set “SevenEleven”

(c) Set “Venice”

(d) Set “BelgiumHouse”

Fig. 9: Comparison of different algorithms on four sets of images. The images of each row are generated by the algorithms in
[1], [11], [13], [10], [16], the proposed algorithm, and the algorithm in [17], respectively. Set “Venice” courtesy of Jacques
Joffre and Set “BeigiumHouse” courtesy of Dani Lischinski.
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TABLE I: Comparison of computational time (second).
Set
Name
Image Size
[11] [13] [10] [1]
1
Tower
530*793*3 0.094 14.7 2.23 1.20
Treeunil
808*600*7 0.180 19.9 5.32 2.65
2
3
House
752*500*4 0.087 16.2 2.86 1.49
Mask
1200*800*3 0.171 40.3 4.09 2.63
4
5
Symbiosis
1600*1200*7 0.733 100 17.4 10.2
Cafe
2128*1416*3 0.675 152 13.6 5.35
6
7
SevenEleven 2128*1416*5 0.806 155 22.5 8.71
Venice
1200*800*3 0,169 39.7 3.97 2.75
8
9
BeligiumHouse 1025*769*5 0.223 33.9 6.14 2.78

enhancement of exposure fusion images.

VI. C ONCLUSION R EMARKS AND D ISCUSSION
In this paper, a gradient domain weighted least square (GWLS)
based image smoothing algorithm and a detail enhancement
algorithm for exposure fusion images have been proposed.
With the proposed smoothing algorithm, the details of an
image could be abstracted according to the value of a gradient
targeting image. The proposed GWLS is used to abstract the
details of the brightest regions in the darkest input image
and the details of the darkest regions in the brightest input
image. The fine details in the brightest and darkest regions
are abstracted and then added to the fused image by an hybrid
pyramid based exposure fusion algorithm. As a result, the final
image has more details than the fused image, especially in the
brightest and darkest regions. At the same time, the proposed
enhancing algorithm runs much faster than the existing algorithms. It is expectable that the proposed algorithm could be
adopted to the smart phones to enhance the details of the fused
image.
It is well known that multi-scale exposure fusion algorithms
usually preserve the global contrast better than single-scale
exposure fusion algorithms. Experimental results in this paper indicate that multi-scale exposure fusion algorithms also
preserve the global contrast better than local single-scale tone
mapping algorithms. It can be expected that multi-scale tone
mapping algorithms can be designed to preserve the global
contrast better. Such a topic will be studied in our future
research. It is worth noting that several parameters can be
adjusted by users manually to obtain desired effects. It is
interesting but challenging to optimally select the values of
the parameters in an automatic way. We will also address this
problem in our future work.
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