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Detail-enhanced Multi-scale Exposure Fusion in
YUV Color Space

Qiantong Wang, Weihai Chen*, Xingming Wu, and Zhengguo Li*

Abstract—It is recognized that existing multi-scale exposure
fusion algorithms can be improved using edge-preserving s-
moothing techniques. However, the complexity of edge-preserving
smoothing based multi-scale exposure fusion is an issue for
mobile devices. In this paper, a simpler multi-scale exposure
fusion algorithm is designed in YUV color space. The proposed
algorithm can preserve details in the brightest and darkest
regions of a high dynamic range (HDR) scene as well as the
edge-preserving smoothing based multi-scale exposure fusion
algorithm while avoiding color distortion from appearing in the
fused image. The complexity of the proposed algorithm is about
half of the edge-preserving smoothing based multi-scale exposure
fusion algorithm. The proposed algorithm is thus friendlier to the
smartphones than the edge-preserving smoothing based multi-
scale exposure fusion algorithm. In addition, a simple detail-
enhancement component is proposed to enhance fine details
of fused images. Experimental results show that the proposed
component can be adopted to produce an enhanced image with
visibly enhanced fine details and a higher MEF-SSIM value.
This is impossible for existing detail enhancement components.
Clearly, the component is attractive for PC based applications.

Index Terms—High dynamic range, Exposure fusion, Image
pyramid, Multi-scale fusion, Detail enhancement.

I. INTRODUCTION

T he dynamic range of an image captured by a current
imaging device can be much smaller than that of the

real scene. A single exposure with a fixed exposure time
inevitably results in the loss of the dynamic range. High
dynamic range (HDR) imaging [1] recovers information from
multiple differently exposed images of the same HDR scene.
However, current display devices do not support displaying
HDR images. Thus, an HDR image needs to be converted
into a low dynamic range (LDR) image by tone mapping [2]-
[5]. Multi-exposure fusion simplifies the pipeline and is not
restricted by the lighting condition and devices. As an efficient
approach to generate a high quality image, many multi-scale
exposure fusion algorithms [6]-[11] have been developed since
Tom et al. proposed a multi-scale exposure fusion algorithm
in [12].
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Different from the HDR imaging, preserving global consis-
tency and contrast is an important issue for multi-exposure
image fusion [13]. Tom et al. proposed a classical fusion
algorithm based on an image pyramid [14] as shown in Fig.
1. The weighting maps of the LDR images are constructed by
taking contrast, saturation, and exposedness into consideration.
It was found in [12] that naively fusing images results in
inconsistency in results, especially at the border of different
parts of an image. Smoothing the weighting maps is a possible
way to settle this problem. But the Gaussian smoothing filter
brings halo artifacts. To address such a problem, the algorithm
in [12] is carried out in a multi-resolution approach. The
experimental results in [15] indicate that the algorithm in [12]
was the best from the MEF-SSIM point of view. However,
details in the brightest/darkest regions cannot be preserved
well by the algorithm in [12] as shown in Fig.2(m). Intuitively,
edge-aware smoothing techniques such as [16]-[19] can be
adopted to improve the Gaussian pyramid in [12]. However,
the experimental results in [12] indicate that cross-bilateral
filter [16] could not work well since it is difficult to find a
proper guide image. Li et al. [20] proposed an interesting two-
scale fusion algorithm which decomposes the LDR image into
a detail layer and a base layer. In the fusion process, a guided
image filter (GIF) is employed to smooth the weighting maps.
Unfortunately, the algorithm in [20] suffers from halo artifacts.
Recently, two novel edge-preserving smoothing techniques
based multi-scale exposure fusion algorithms were proposed in
[21] and [22] by introducing the weighted GIF in [18] and the
gradient-domain GIF in [19], respectively. The experimental
results in [23] show that the algorithm in [22] is the best one
from the MEF-SSIM point of view [15]. It is recognized that
edge-preserving smoothing techniques can indeed be adopted
to improve existing multi-scale exposure fusion. On the other
hand, the complexity of the algorithms in [21] and [22] is an
issue for mobile devices. Because of the extra optimization
with GGIF and WGIF, time consuming of these algorithms
in [22] and [21] is about twice of that in [12], though the
asymptotic complexity of these three algorithms are linear
O(N). There are more and more smartphones and the HDR
mode is included in the smartphones. It is necessary to reduce
their complexity while maintaining or improving the quality of
fused images. In addition, these two algorithms could reduce
color saturation of fused images as shown in Figs. 2(i) and
2(j). Both of them operate in the RGB color space. In RGB
color space, R, G and B are closely related to each other [24].
In the fusion process, it is highly possible that the correlation
is affected and the ratio is changed. Finally, there exists color
distortion in the result compared with the real scene. To reduce
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the three-channel correlation, we choose to convert the RGB
to YUV. Y channel is the luminance component, while the
color information is stored in U and V channels. The contrast
is an important measure for an image and it is computed by
applying a Laplacian filter to the Y channel of each image
[12]. A natural question is that ”is it possible to design a
multi-scale exposure fusion algorithm in the YUV domain”?
One objective of this paper is to provide an answer to this
question.

Even though the multi-scale exposure fusion can be applied
to preserve the global contrast better than existing single scale
exposure fusion algorithms [25]-[27], the loss of detail in
the process of decomposition and reconstruction is an issue
for the multi-scale exposure fusion. It is thus necessary to
develop a detail extraction component for the multi-scale
exposure fusion, especially for those PC based applications.
To compensate for the loss of detail information, Li et al.
proposed a detail enhancement algorithm in [28] by using
quadratic optimization. A vector field is first generated from
the LDR images and the details are then extracted from the
vector field and finally added to an intermediate fused image
by the algorithm in [12]. It was found in [21] that there are two
possible issues for the detail enhancement component in [28].
One is on the generation of the vector field and the other is
on the complicated algorithm to solve the global optimization
problem [3]. The concept of structure tensor [29] was adopted
in [21] to improve the vector field. A fast separate approach
was provided in [21] to solve the quadratic optimization
problem. Based on an observation that fine details in the
darkest and brightest regions of an HDR scene are respectively
included in the brightest and darkest images, intelligent detail
enhancement algorithms were introduced in [28] and [30].
Compared with the algorithm in [21], the complexity on the
generation of vector field in [28] and [30] is much easier. On
the other hand, two quadratic optimization problems are solved
in [28] and [30] while only one optimization problem is solved
in [21]. This indicates that the complexity of existing detail
enhancement [21], [28] and [30] algorithms is still an issue.
Furthermore, it was shown in [21], [28] and [30] that the MEF-
SSIM values are usually reduced if visible fine details are
added to intermediate fused images. This is also demonstrated
by experimental results in [15]. A natural question is ”Is it
possible to design a simpler detail-enhanced component to
improve the MEF-SSIM values when visible fine details are
added to the intermediate fused images?” The other objective
of this paper is to provide an answer to this question.

In this paper, we first proposed a novel multi-scale exposure
fusion algorithm in the Y UV color space instead of the RGB
color space. The proposed algorithm is inspired by the single-
scale exposure fusion algorithm in [25]. Theoretical analysis
of the multi-scale exposure fusion algorithm [12] was firstly
provided and a nice single-scale exposure fusion algorithm was
then proposed in [25]. Although the algorithm in [25] could
introduce halo artifacts, it indeed provides a novel way to
simplify the existing multi-scale exposure fusion algorithm. By
analyzing the algorithms in [22] and [25], it is observed that
a nice approximation on edge-preserving smoothing is also
provided in [25]. The proposed algorithm is designed on top

Fig. 1: General pipeline of multi-scale exposure fusion. I(1)-
I(N) are N LDR images. W(1)-W(N) are weighting maps. In
the process, LDR images are decomposed into the Laplacian
pyramids, and the weighting maps are decomposed into the
Gaussian pyramids. ’×’ is dot product. R1-Rn are layers of
the result Laplacian pyramid.

of such an observation. Compared with the algorithms based
on the WGIF in [21] and GGIF in [22], our algorithm gets
competitive results by employing an approximation algorithm
to optimize the highest layer of the pyramid. The number of
the pyramid layers is same as that in [22] and [21]. There are
two options: 1) the approximation algorithm is only performed
on images with exposure times which are smaller than the
middle one; and 2) the approximation algorithm is conducted
on all the images. The former is selected in this paper because
both the MEF-SSIM and the global contrast are improved
by the former. Experimental results show that the proposed
multi-scale exposure fusion algorithm can be adopted to obtain
comparable or even better results than the state-of-the-art
exposure fusion algorithms in [22]. Meanwhile, the proposed
algorithm is much simpler than the algorithms in [21] and
[22]. It is thus friendlier to the smartphones.

Same as the existing multi-scale exposure fusion algorithms,
the proposed multi-scale exposure fusion could suffer from
losing details. To make up for the lost detail information in
the fusion process, we proposed a novel and simple vector field
construction algorithm, which is inspired by the algorithm in
[29] and [30]. By solving a global optimization problem with
new parameter settings, visible fine details are extracted from
the vector field. The final detail-enhanced image is generated
by adding the detail layer to an intermediate image produced
by the proposed multi-scale exposure fusion algorithm. Exper-
imental results indicate that the proposed detail enhancement
algorithm outperforms the algorithms in [21], [28] and [30]
in the sense that the MEF-SSIM of the detail-enhanced image
is improved in presence of visible enhanced fine details. This
is impossible for the detail enhancement algorithms in [21],
[28] and [30]. The proposed detail-enhancement component
is thus attractive for PC based applications. Overall, two
major contributions of this paper are: 1) a simpler multi-scale
exposure fusion algorithm which can achieve comparable or
even better results than the algorithm in [22]; and 2) a simpler
detail enhancement component which can produce an image
with visibly enhanced fine details and a higher MEF-SSIM.

The remainder of this paper is organized as follows. A
novel multi-scale fusion algorithm in Y UV color space and
ROI exposure fusion are introduced in section II. Detail
enhancement of exposure fusion image is studied in section
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(a) input 1 (b) input 2 (c) input 3 (d) input 4 (e) input 5 (f) input 6 (g) input 7

(h) [12] (i) [21] (j) [22] (k) [25] (l) [20]

(m) zoom in of (h) (n) zoom in of (i) (o) zoom in of (j) (p) zoom in of (k) (q) zoom in of (l)

Fig. 2: Sample results of several different exposure fusion algorithms. Detail loss in bright area of [12] is main issue of this
algorithm on LDR image set ”treeunil”. The state-of-the-art fusion algorithms [21] and [22] suffer from color distortion. The
fused image by [25] looks flat. Halo artifacts exist in result of [20]. Image courtesy of Laurence Meylan.

III. Conclusion remarks are given in the last section.

II. MULTI-SCALE EXPOSURE FUSION IN YUV COLOR
SPACE

In this section, we introduce a simpler multi-scale exposure
fusion algorithm in the Y UV color space.

A. Construction of weighting map

Construction of weighting map is carried out in Y UV color
space, which takes human perception feature into considera-
tion. First, normalize and convert RGB into Y UV color space.
Similar to [12], three measurements, contrast, saturation and
exposure, are adopted to compute the weighting maps of the
LDR images. They are denoted by C, S and E, respectively.
The difference is that in the proposed algorithm, weighting
measurements are computed in the Y UV color space while
RGB color space in [12]. Generally, in an under/over-exposed
region, edges of an object are difficult to be detected. The
Laplacian operator [0,−1, 0;−1, 4,−1; 0,−1, 0] is adopted
to calculate the contrast C. C is the absolute value of the
convolution of Laplacian operator L and channel Y . Larger
weights will be given to pixels at an edge.

C =| L ∗ Y | (1)

A well-exposed pixel captures color saturation well. The
standard deviation within the R, G and B channel of each
pixel is taken as measure S [12]. While in YUV color space,
S is computed as

S =| U | + | V | +1 (2)

Over-exposed and under-exposed pixels generally fail to cap-
ture key detail information genuinely. From the view of

probability, the brightness of well-exposed pixels tend to be
close to 0.5 [12]. Measure E is computed as follows:

E = e−
(Y−µ)2

2σ2 (3)

in which Y is the normalized value of Y channel. Two
parameters of the Gaussian kernel, σ and µ are set to 0.2 and
0.5, respectively [12]. To increase the SNR and to preserve the
detail information in the dark areas, a quality measure B = Y

2

in [31] is introduced in the proposed algorithm.
The weighting maps are yielded by [12]:

Wij,k = CωCij,k × S
ωS
ij,k × E

ωE
ij,k ×B

ωB
k (4)

where ij, k refers to pixel ij in the kth LDR image. ωC , ωS ,
ωE and ωB are weights of four quality measures, which are
set to default value 1 [12]. To ensure the sum of the weights
is 1 [12], the weighting maps are normalized as follows:

W ij,k = [
N∑
k=1

Wij,k]−1Wij,k (5)

where W are normalized weighting maps of N LDR images.

B. Multi-scale exposure fusion

In this subsection, the reasons why detail information is
lost in the fusion process and why halo artifacts happens
in the results are discussed. Then, we examine the possible
solution to preserve the detail information and to suppress the
halo artifacts. Finally, a simpler multi-scale fusion algorithm
is proposed to preserve details in over-exposed and under-
exposed regions well. The proposed algorithm is inspired by
the algorithms in [21], [22] and [25].
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In the proposed algorithm, both the weighting maps and the
LDR images are decomposed into n layers as shown in Fig.
1. The value of n is given as [22]

n = blog2(min(h,w))c − 2 (6)

in which bxc returns a nearest integer less than or equal to x,
with h and w representing the number of rows and columns of
an image, respectively. The Gaussian pyramid is constructed
as the equations (7) and (8).

Gl+1 = Down(Gl ⊗Gkernel) (7)

A higher layer is obtained by decimating the lower layer,
which is smoothed by a Gaussian kernel Gkernel, with a
decimation factor of 2 in the vertical and horizontal direction.
The Laplacian pyramid is constructed by the information lost
in the decimation process:

Ll = Gl − Up(Gl+1)⊗Gkernel (8)

Down and Up represent the downsampling and upsampling,
with ⊗ denoting convolution.

The Gaussian pyramid can be viewed as a low-passing filter.
On the other hand, the Laplacian pyramid can be viewed as
a band-pass filter. The layers of the Laplacian pyramid store
high-frequency information. It is worth noting that the highest
layer of the Laplacian pyramid is the highest layer of the
Gaussian pyramid in this algorithm.

The number of the pyramid layers in [22] and the proposed
algorithm is 2 less than that in [12]. For the multi-scale
exposure fusion in [12], reducing the number of scales is a
possible way to preserve detail information better. But simply
reducing the number of layers of the pyramid is not the
solution because of the consequential halo artifacts [25] and
[31]. By scrutinizing the n− th layer of the Gaussian pyramid
in detail, we find out that, at the high layers of the weighting
pyramids, the improper smoothing around the edge is the
main reason why halo emerges, as shown in Fig. 3(a)-(c).
For instance, the over-exposed regions along the border of the
normally exposed areas tend to have higher weights, which
results in the halo artifacts around the edge. The ideal solution
is to eliminate the improper weighting. However, such a course
is almost impossible since there is no clear line to define the
boundary between the high and low weighting areas. Also, it is
inappropriate to eliminate such improper weighting, since the
weighting is always varying gradually, which means an edge
like a cliff will introduce the serious inconsistency in lightness
across the whole image (Fig. 3.(h)). Thus, it seems that the
possible solution is to smooth or spread the halo artifacts to
the whole image, making it unobservable.

Basically, a Gaussian smoothing filter can be adopted at
the n − th level to attenuate the halo artifacts. However, in
this case, as shown in Fig. 3.(m), compared with Gn{W (N)},
the smoothed Gn{W (N)} reduce the weight of the properly-
exposed area. Besides, detail information, especially in the
lightest area, will be affected since over-exposed areas are
assigned with higher weights (Fig. 3.(i)). The GGIF is indeed
a good idea, but for same LDR images, the computational
time of the algorithm in [22] is almost twice of that in [12].

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

0 2 4 6 8 10 12 14
0

50

100

150

200

250

Gn{W(N)}
smoothed Gn{W(N)}
smoothed L1{Ln{I(N)}}
refined weight

over-exposed
area

properly-exposed
area

(m) Illustration of one row sampled from the weighting maps

Fig. 3: (b) is the n−th layer of the weighting map of (a). It can
be observed that, in the over-exposed area, weighting along the
tree increases because of the smoothing in the decomposition
of the weighting map of (a). This is a main reason why halo
happens. (c) is the corresponding result. (e) is the n − th
layer of the weighting map of (d). (f) is the smoothed version
of |L1{Ln{I(1)}}|. (g) is the sum of (e) and (f), which has
higher weight in the light area. (j) is the smoothed version of
|L1{Ln{I(N)}}|. (k) is the sum of (b) and (j).

We also find out that applying the edge-preserving filter at
low layers is not cost-effective to suppress the halo artifacts
across the whole image. The halo across the whole image
mainly results from improper weighting at the high levels,
which means necessary measurements should be taken at the
high-level instead of the low-levels. For another, because the
size of the image at the low layer is large, such a process is
rather time-consuming. Though the algorithm is simplified as
[31], in some cases, smoothing the weighting maps with the
GGIF merely at the highest layers cannot effectively preserve
the global contrast as well as [22]. Moreover, an extra guided
image filter needs to be constructed in [31], which slightly
increases the complexity.

Motivated by [25], [31], [32] and scrutinized the n − th
layer of the pyramid of weighting maps, we find out that
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(a) σ̄ = 0.5 (b) σ̄ = 1 (c) σ̄ = 3

Fig. 4: Results of fusion algorithm adopting the Gaussian filter
with different σ̄’s. Image courtesy of Jacques Joffre.

the Laplacian pyramid of Y channel can be adopted to solve
this problem after some reasonable pretreatment. In [25],
detail information is preserved well with a single scale fusion
method. In that algorithm, information from the Laplacian
pyramid of LDR image is added to the smoothed weighting
map. The single scale fusion algorithm in [25] was denoted
by:

Rk = [Gñ{W (k)}+ α|L1{I(k)}|]I(k), k = 1, 2, ..., N (9)

where I(k) is an input LDR image. Rk is the fusion result
of the k− th LDR image and its weighting map. Gñ{W (k)}
represents the ñ− th layer of the Gaussian pyramid of W (k).
In [25], ñ is the maximum number of the Gaussian pyramid.
N is the total number of LDR images. L1{I(k)} is the first
layer of the Laplacian Pyramid of the input I(k). α is the
coefficient of the L1{I(k)}, which controls the magnitude of
the high-frequency signal—L1{I(k)}. The terms in the square
brackets can be viewed as the weighting of I(k).

It can be observed from the equation (9) that the approxi-
mation method (9) shares one feature with the WGIF [18] and
the GGIF [19], i.e., all of them intend to preserve edges while
smoothing. The approximation method (9) is simpler than both
the WGIF and the GGIF. Based on the above observation
and analysis, a new multi-scale exposure fusion algorithm is
designed as below. An basic approximation formulation at the
n − th layer is derived by substituting W (k) and I(k) in
equation (9) with Gn{W (k)} and Ln{I(k)}:

Rkn = [G
′

2{Gn{W (k)}}+α|L1{Ln{I(k)}}|]Ln{I(k)} (10)

As shown in Fig.3.(m), Eq.(10) guarantees the weighting of
properly exposed area is not affected by smoothing. Besides,
the improper weight is smoothed to a broad area to attenuate
the halo. In this way, it has similar effects as GIF based filter.

As for the rest scales, the fusion is operated as follows [12]:

Rkl = Gl{W (k)}Ll{I(k)}, l = 1, 2, ..., n− 1 (11)

with l denoting the level of the pyramid.
Based on the observation that the improper smoothing

brings the halo artifacts, the weighting maps and the LDR
images are fused by adopting the proposed algorithm at the
n − th layer instead of all layers [22]. First, the Gaussian
smoothing filter is employed to smooth the n − th layer of
the weighting maps to ensure the consistency and eliminate

the halo artifacts. The G
′

2{Gn{W (k)}} is the decomposition
of the Gn{W (k)}, in the experiment, a Gaussian smoothing
filter is employed to smooth Gn{W (k)}. Being smoothed by
a Gaussian smoothing filter, for under-exposed LDR images,
the weights of the properly exposed areas (light areas) around
the edge decrease. This is one reason why detail information
is not preserved well in the light area. For over-exposed LDR
images, the weighting of the improperly exposed area (light
area in the scene but over-exposed) will increase, which is
another reason for the loss of detail in the light area. To
address this problem, |L1{Ln{I(k)}}| is introduced to refine
the weighting maps. |L1{Ln{I(k)}}| contains high-frequency
information—the edge between the improperly and properly
exposed areas, which can be adopted to correct the improper
weighting brought by the Gaussian smoothing as shown in
Fig. 3(d)-3(g).

Whereas, adding |L1{Ln{I(k)}}| directly to the smoothed
weighting maps for all the LDR images is not always a good
solution since the operation increases the weights of the light
areas in the over-exposed LDR images as shown in Fig.3(j)-
(l). To preserve the detail information in the light areas, it is
supposed to increase the weights of well-exposed light areas.
It is mentioned that the detail information in the light areas
is well preserved in the under-exposed LDR images in [21]
and [33]. Even though Eq.(10) guarantees the weighting of
properly exposed area is not affected by smoothing. It has
slight influence on the improperly-exposed area. Therefore,
Eq.(10) is only adopted to optimize the weighting maps
of the under-exposed images. For over-exposed images, the
basic Gaussian smoothing filter is adopted to smooth the
n − th layer of the weighting maps. To get more consistent
brightness distribution, the same Gaussian filter is used to
smooth the |L1{Ln{I(k)}}|. In this course, the smoothed
|L1{Ln{I(k)}}| is added to the weighting maps, which
properly increases the weights of the well-exposed areas in
the under-exposed images as shown in Fig. 3(d)-3(g). After
normalization, the light areas in the under-exposed images
will be assigned with higher weighting, which is conducive
for preserving the detail information in the light area.

The standard variation σ and width w of the Gaussian kernel
used to smooth the Gn{W (k)} and |L1{Ln{I(k)}}| are set to
1 and 3. Parameter α controls the intensity of high-frequency
signal which represents edges. In the experiment, α is set
to 1.5. Increasing the α in the certain range is helpful for
preserving details, especially in the light area.

As shown in Fig. 4(a), halo artifacts exist in the fused
results if standard variation σ is small. Fortunately, a large
standard variation is conducive for suppressing halo artifacts.
The Gaussian filter with a small standard variation σ cannot
effectively smooth the n− th layer, which reflects the overall
brightness feature of the image. Generally, the Gaussian kernel
w is 6 times of standard variation to include as much valuable
information as possible. But in the experiment, it is found that
the large width results in detail loss in the bright area, so the
width of the Gaussian kernel w is set to 3.

The final fusion image R is generated by reconstructing the
Laplacian pyramid made up by Rl. Each layer of the final
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(a) [12] (b) [25] (c) [22] (d) [31] (e) proposed

(f) zoom in of (a) (g) zoom in of (b) (h) zoom in of (c) (i) zoom in of (d) (j) zoom in of (e)

(k) [12] (l) [25] (m) [22] (n) [31] (o) proposed

(p) zoom in of (k) (q) zoom in of (l) (r) zoom in of (m) (s) zoom in of (n) (t) zoom in of (o)

(u) [12] (v) [25] (w) [22] (x) [31] (y) proposed

Fig. 5: Comparison of results of proposed multi-scale fusion algorithm and several fusion algorithms [12], [22], [25] and [31].

(a) [12] (b) [25] (c) [22] (d) [31] (e) proposed

Fig. 6: Comparison of results of five fusion algorithms on one LDR image sets with noise.

Laplacian pyramid is yielded by:

Rl =
N∑
k=1

Rkl , l = 1, 2, ..., n (12)

The proposed exposure fusion is carried out in Y channel,
while the Gaussian pyramid [12] based fusion algorithm is
adopted in U and V channels. The reason is that the Y channel
is key for the contrast and the perception. U, V channels store

color information, which has limited influence on structure
information. It is worth noting that the numbers of pyramid
layers are same for the three channels.

In the proposed algorithm, the weighting maps are opti-
mized with a simple addition instead of the complex guided
image filter. By adopting the refined weighting when fusing
the Y channels, the halo artifacts are removed effectively, with
the detail information preserved well.
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(a) input 1 (b) input 2 (c) input 3

(d) ω1:ω2:ω3=1:1:1 (e) ω1:ω2:ω3=1:2:3

(f) ω1:ω2:ω3=1:3:5 (g) ω1:ω2:ω3=1:4:7

(h) zoom in of (d) (i) zoom in of (e) (j) zoom in of (f) (k) zoom in of (g)

Fig. 7: Comparison of results of ROI exposure fusion. (The
third input image is selected as dominant image. The nor-
malized weights of the third weighting map in four cases are
1/3, 1/2, 5/9, 7/12 )

C. ROI exposure fusion

The proposed exposure fusion can be enhanced by incorpo-
rating the concept of region of interest (ROI). The weighting
maps decide the contribution of each pixel to the final fused
image. In the LDR image set, differently exposed LDR images
include different well-exposed regions in one HDR scene.
The LDR image in which ROI is well exposed is selected
as the dominant image. Higher weights are assigned to the
weighting map of this image, while relatively lower weights
to the weighting maps of the others. Thus, after normalization,
the ROI will be highlighted in the final fused image. Overall,
the weighting map is constructed as follows:

Wij,k = ωk × CωCij,k × S
ωS
ij,k × E

ωE
ij,k ×B

ωB
k (13)

where ωk is the weight of the kth weighting map. × is
dot product, which limits influence on the under/over-exposed
area considering the weights of under/over-exposed regions are
small. ROI in LDR image with larger ωk will be highlighted
in the final results.

III. DETAIL ENHANCEMENT OF EXPOSURE FUSION IMAGE

In the process of pyramid decomposition and reconstruction,
more details are lost as the total number of pyramid layers

increases, since Gaussian low-passing filters are employed in
the decomposition. However, smoothing the weighting maps
is an essential role of the Gaussian filter in exposure fusion.
Simply decreasing the total number of pyramid layers is
not a solution considering the resultant unpleasing halo and
inconsistency in result [25]. To compensate for the detail lost
in the fusion process, a detail extraction, and enhancement
algorithm are proposed in this section.

A. Vector field construction

The LDR images store all valuable detail information, there-
fore, to compensate for the lost detail information, detail must
be extracted from these LDR images directly. Considering the
nonlinear feature of the human visual system [34], Y channel
is converted into the logarithmic domain as follows:

I = log2(Y + 1) (14)

Intuitively, detail is reflected by the variations in intensity
of pixels, which can be represented by a gradient. In this
algorithm, a gradient field is constructed adopting forward
difference in the vertical and horizontal direction.

(Gradh, Gradv) = (Ii+1,j − Ii,j , Ii,j+1 − Ii,j) (15)

where Gradh and Gradv denote gradient in the horizontal
and vertical direction.

In the under-exposed and over-exposed LDR images, the
brightest and darkest regions are exposed properly, respective-
ly. Most details of the darkest and lightest zones are captured
in the darkest region of lightest LDR image and the lightest
region of darkest LDR image, respectively. Furthermore, in the
over-exposed and under-exposed areas, considering low SNR,
a weighting function is needed to suppress the noises, as well.
Two weighting functions for the darkest and brightest LDR
images are constructed as the equation (16). Threshold θ1 and
θN are two adjustable parameters which determine the region
is enhanced. Users can adjust the threshold according to their
preference.

T1 =

{
Y1 + 1, if Y1 < θ1

max{θ1 + 1− 16(Y1 − θ1), 0}. otherwise

TN =

{
256− YN , if YN > θN

max{256− θN + 16(YN − θN ), 0}. otherwise
(16)

For simplification, T1(p), TN (p), Y1(p), and YN (p) are
simplified as T1, TN , Y1 and YN . Here T1(p) and TN (p)
are weights of the gradient in the darkest and brightest
LDR images, respectively. Vector fields are constructed by a
weighted average of gradient field of the under/over-exposed
LDR images. The vector field in the horizontal direction is
constructed as follows:

Vh(p) =


∑

i∈{1,N}
Ti(p)Ti(pr)Gradh(p)∑

i∈{1,N}
Ti(p)Ti(pr)

, if
∑

i∈{1,N}

Ti

′
> 0

0. otherwise
(17)
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Fig. 8: The red solid line and blue solid line represent curves
of ψ(V ) =

√
| V |0.75 +10−4 and ψ(V ) =

√
| V |0.75 +2. In

(b), λ = 0.19 is computed by FWLS in [35].

Here, pr is the right conjunction pixel of pixel p. Ti
′

is
Ti(p)Ti(pr). A similar operation is adopted in the vertical
direction. Clearly, the proposed vector field construction algo-
rithm is much simpler than the structure tensor based algorithm
in [21].

B. Detail extraction

Detail is subtracted from the vector filed by solving a
quadratic optimization problem. The cost function of quadratic
optimization is constructed as follows [28]:

min
Ld
{[‖Ld‖2 + λ(‖

Vh − ∂Ld
∂x

ψ(Vh)
‖
2

2

+ ‖
Vv − ∂Ld

∂y

ψ(Vv)
‖
2

2

])} (18)

The first term is smoothing term which results in detail
layer, whose value is near to 0. The second term is fidelity
term which preserves the detail information. The parameter λ
controls degree the vector field is smoothed. λ is set to 0.5 in
the proposed algorithm while it is 0.03125 in [21]. ψ(Vh) and
ψ(Vv) [3] and [28] are edge-aware regularization terms. The
function ψ(V ) is defined as:

ψ(V ) =
√
| V |γ +ε (19)

The exponent γ determines the sensitivity to the gradients, and
ε is a constant that prevents division by zero error [3].

Different from settings in [3], [21], [28] and [33], the value
of ε is set to 2 rather than 10−4. Such a change is vital
for the improvement of the quality of the detail-enhanced
image (Fig. 8). According to the equations (18) and (19), the
value of λ/ψ(V )

2, at a clear edge, is small while large at the
relatively smooth area. However, a slight variation does exist
in a smooth region. As a matter of fact, it is not desirable that
such little variations being amplified. In [21], a large value
of the λ/ψ(V )

2 is yielded in such an area, which results
in unpleasing rough texture in the detail-enhanced result. To
address this problem, the value of ε is set to 2. In this way,
λ/ψ(V )

2 is small in the case that small variations and noises
exist.

A detail-enhanced image is generated by adding the detail
layer to the result of exposure fusion. Mathematically, the
detail-enhanced image R∗ is generated as follows:

R∗ = R ∗ 2Ld (20)

IV. EXPERIMENTAL RESULTS

In this section, to validate the effectiveness of the proposed
exposure fusion algorithm, the proposed algorithm is evalu-
ated by testing 16 different LDR images sets from several
DataSets. (Link1: http://ivc.uwaterloo.ca/database/MEF/MEF-
Database.php; Link2: http://rit-mcsl.org/fairchild/HDR.html ).
Readers are invited to view the electronic version of the paper
for better appreciation of the difference among images.

A. Evaluation of the proposed multi-scale exposure fusion

The proposed multi-scale exposure fusion algorithm and
detail enhancement component are first compared with three
state-of-the-art exposure fusion algorithms including [12]
which was remarked as the best overall performance by [15],
[22] which was remarked as the best one by [23], and [25]
which is the latest single-scale fusion algorithm. A simplified
GGIF based MEF algorithm [31] is also included in the
experiment. The MEF-SSIM [15] is adopted as an image
quality assessment metric of the experiment results. The scores
are listed in Table I. It can be found that the proposed
algorithm has better overall performance than that in [12] on
these different LDR images sets. The computational time of
the four exposure fusion algorithms are given in Table II. All
of the experiments are carried out on MATLAB 2016, [intel
core i7-6700, 16GB RAM]. It can be shown that the proposed
algorithm can achieve the comparable MEF-SSIM to the state-
of-the-art algorithm in [22] while the complexity is reduced
by around 50%. Supposing that an image consists of N pixels,
the asymptotic time complexity of constructing the weighting
maps and image pyramids is O(N). The asymptotic time
complexity of the GGIF can be O(N) with the box filter. Thus
the overall time complexity of [22] is O(N). The asymptotic
time complexity of the proposed algorithm is almost O(1)
since the size of the n − th layer is always about 8 ∗ 8 no
matter the size of the input images. Though the overall time
complexity is O(N) as well, the computational time of the
proposed exposure fusion algorithm is much less. Both the
[22] and the proposed algorithm are on top of the algorithm
in [12]. The time consumption comes from two main parts,
the construction of the image pyramids and the optimization
by GGIF or the proposed method. In the proposed method, the
proposed filter is merely employed at the n− th layer of the
weighting pyramids. Also, such an algorithm is only adopted
in the Y channel of part of the LDR images. While the [22] is
employed on all the pyramid layers for all the LDR images.
Though the [22] can also be simplified as the method in [31], it
needs the extra guide image. Building up a pyramid of guided
image filtering leads to extra computational time compared
with the proposed algorithm. Thus, for the same LDR images,
the proposed method spend almost the same time as [12], half
of the time consumed by [22].

From the sample results in Fig. 5 and Fig. 6, it can be
founded that the algorithm in [12] preserves the global contrast
and the color saturation well while it cannot preserve the
details in the darkest and brightest regions. The algorithm
in [25] preserves the color saturation as well as the details
in the darkest and brightest regions while it cannot preserve
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(a) (b) (c) (d) (e)

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

Fig. 9: Comparison of details extracted by different settings for the detail extraction component in the proposed algorithm
on LDR image set ”BelgiumHouse”. (a) (f) and (b) (g) are the darkest and lightest LDR images. For (c)-(e) and (h)-(j) the
value of γ is fixed at 0.75. (c) and (h): ε = 10−4 and λ = 0.5; (e) and (i): the recommended settings in [21]; and (d) (j): the
proposed settings. Image courtesy of Dani Lischinski.

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

(f) (g) (h)

Fig. 10: Comparison of details extracted by different settings for the detail extraction component in [21]. The value of γ is
fixed at 0.75. (a)-(e): input images; (f): the recommended settings in [21]; (g): ε = 10−4 and λ = 0.5; and (h): the proposed
settings.

the global contrast. It sometimes suffers from halo artifacts
as shown in Fig. 5(l) and Fig. 5(q). The algorithm in [22]
can preserve the global contrast as well as the details in the
brightest and darkest regions well but it reduces the color
saturation. For example, grass and leaves of the set “Treeunil”
tend to be gray. The proposed algorithm can preserve all
the global contrast, the details in the brightest and darkest
regions and the color saturation well as shown in Fig. 5(c)
and Fig. 5(e). The grass and leaves tend to be green. Though
the algorithm in [31] preserves the details in both light and
dark areas well, it does not preserve the global contrast as well
as the algorithm [22].

At the end of this subsection, the proposed ROI based
exposure fusion algorithm is tested. The image set and com-
parison results are posted in Fig. 7. Compared with the results

of exposure fusion adopting equivalent weighting for LDR
images, the result of the ROI exposure fusion preserves facial
details better. At the same time, the rest part of the scene is
not affected obviously.

B. Evaluation of the proposed detail enhancement component

In this section, the proposed detail enhancement component
is tested on the top of different MEF algorithms. For each
MEF algorithm, the proposed detail enhancement component
is evaluated by comparing different selections of γ and ε in the
equation (19). In the comparison experiments, six sets of LDR
images were used to compare the effect of different selections
of γ, ε and λ.

The first two selections of ε and λ are 10−4, 0.5 and 2, 0.5.
One more selection of ε and λ (10−4, 0.03125) recommended
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Fig. 11: Comparison of details extracted by different settings for the detail extraction component in [33]. (a), (d) and (g): final
extracted detail layer, detail layer of lightest and darkest LDR images for setting λ

′
= 0.0001, θ = 0.3. (d), (e) and (h): setting

λ
′

= 0.0001, θ = 0.5. (c), (f) and (i): setting λ
′

= 0.01, θ = 1.375.

TABLE I: MEF-SSIM scores of different algorithms.

LDR sets [25] [12] [22] [31] proposed
Treeunil 0.9083 0.9500 0.9613 0.9590 0.9606
Tower 0.9810 0.9860 0.9892 0.9899 0.9893

Sportcenter 0.9765 0.9710 0.9732 0.9788 0.9784
Mask 0.9838 0.9922 0.9894 0.9883 0.9910
Lady4 0.9918 0.9970 0.9960 0.9958 0.9961
Lady1 0.9805 0.9880 0.9922 0.9909 0.9914
Tree 0.9887 0.9800 0.9836 0.9817 0.9830

Streetlight 0.9821 0.9830 0.9837 0.9856 0.9862
Preschool 0.9840 0.9901 0.9913 0.9921 0.9908

Seveneleven 0.9689 0.9691 0.9785 0.9725 0.9720
Cafe 0.9575 0.9820 0.9840 0.9830 0.9847

Venice 0.9514 0.9661 0.9570 0.9512 0.9631
Cemetery Tree 0.9793 0.9855 0.9890 0.9875 0.9865
BelgiumHouse 0.9571 0.9740 0.9775 0.9764 0.9783

Slide 0.9749 0.9797 0.9827 0.9811 0.9831
Sunrise 0.9855 0.9934 0.9962 0.9958 0.9946
average 0.9734 0.9804 0.9823 0.9817 0.9831

in [21] is tested on the proposed MEF algorithm. Correspond-
ingly, the value of γ in the equation (19) is fixed at 0.75. The
MEF-SSIM scores of six sets of LDR images are listed in
Table III. It is clear that the MEF-SSIM drops significantly
with the selections of ε and λ being 10−4 and 0.5. However,
compared with the MEF-SSIM of the proposed exposure

TABLE II: Computation time of 5 MEF algorithms (seconds)

Image Size [25] [12] [22] [31] proposed
512*341*3 0.1292 0.0915 0.1496 0.1085 0.1026
795*530*3 0.2778 0.2060 0.3496 0.2405 0.2085

1200*800*3 0.6037 0.5300 0.8987 0.5731 0.4678
2144*1424*3 2.0666 1.7889 3.4092 2.1058 1.7399
4288*2848*3 8.8248 7.6243 15.2065 9.2475 7.8910

fusion, the MEF-SSIM increases slightly with selections of
ε and λ being 2 and 0.5. In other words, the proposed detail
extraction component can be used to improve the MEF-SSIM
value even though the extracted fine details are visible. New
parameter settings avoid improper selection of fine details. As
a result, detail lost in the fusion process is made up while
much fewer noises are amplified in this process. Such an
improvement can be detected quantitatively as shown in Table
III. The corresponding extracted detail layers are posted in
Fig. 9.

Different settings are then compared based on the MEF al-
gorithm in [21]. Both the MEF-SSIM and the extracted details
are adopted to compare these settings. It is shown in the Table
IV that the recommended settings can be adopted to improve
the MEF-SSIM for the multi-scale exposure fusion algorithm
in [21]. It is demonstrated in Fig. 10 that the extracted details
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TABLE III: MEF-SSIM of three different settings of ε, λ based
on the proposed MEF algorithm.

set
[ε, λ] proposed MEF [21] [10−4, 0.5] [2, 0.5]

SevenEleven 0.9720 0.9719 0.9713 0.9720
preschool 0.9908 0.9907 0.9863 0.9909

tower 0.9893 0.9895 0.9850 0.9894
treeunil 0.9606 0.9607 0.9596 0.9607

BelgiumHouse 0.9783 0.9783 0.9780 0.9783
sportscenter 0.9784 0.9786 0.9783 0.9786

average 0.9782 0.9783 0.9764 0.9783
rank 3 2 4 1

are visible by the proposed settings and the settings of ε and
λ as 10−4 and 0.5. Therefore, the proposed settings can also
be adopted to improve the MEF-SSIM and to extract visible
details for the multi-scale exposure fusion algorithm in [21].
This indicates that it is important to exclude noise from the
detail layer for detail enhancement of multi-scale exposure
fusion algorithms. A similar testing is performed on the MEF
[33] and the detail extraction component in [33]. Three groups
of settings of parameters λ

′
, θ are tested based on the MEF

in [33]. In Table V, λ
′

is a regularization coefficient in the
cost function, recommended as 0.01, in [33] similar to the λ
in equation (18). In [33], extracted detail layer is added to the
intermediate fusion image. The coefficient of that detail layer
is θ, recommended as 1.375 in [33]. The same conclusion
can be obtained from Table V and Fig. 11. Therefore, the
proposed detail enhancement component is indeed able to
improve the MEF-SSIM values when visible fine details are
added to intermediate fused images.

TABLE IV: MEF-SSIM of three different settings of ε, λ based
on the MEF algorithm in [21].

set MEF [21] [21] ε,λ = 10−4,0.5 proposed
SevenEleven 0.9779 0.9742 0.9743 0.9780

preschool 0.9903 0.9892 0.9825 0.9891
tower 0.9893 0.9892 0.9835 0.9892

treeunil 0.9561 0.9573 0.9576 0.9583
BelgiumHouse 0.9762 0.9767 0.9733 0.9770

sportscenter 0.9742 0.9742 0.9708 0.9743
average 0.9773 0.9768 0.9737 0.9777

rank 2 3 4 1

TABLE V: MEF-SSIM of three different settings of λ
′
, θ based

on the MEF algorithm in [33].

set
λ
′
, θ MEF [33] 0.01, 1.375 10−4, 0.5 10−4, 0.3

SevenEleven 0.9785 0.9282 0.9783 0.9785
preschool 0.9913 0.9282 0.9911 0.9912

tower 0.9892 0.9404 0.9891 0.9893
treeunil 0.9613 0.9452 0.9615 0.9615

BelgiumHouse 0.9775 0.9374 0.9776 0.9776
sportscenter 0.9732 0.9555 0.9731 0.9732

average 0.9785 0.9392 0.9785 0.9786

V. CONCLUSION

A simpler multi-scale exposure fusion algorithm has been
introduced to fuse differently exposed images in the YUV

color space in this paper. With the new weighting in YUV
color space and the efficient implementation of smoothing
pyramids, the proposed algorithm can preserve details in the
brightest and darkest regions of high dynamic range scenes
with low noise and color distortion. Both qualitative and
quantitative evaluations illustrate that the proposed algorithm
can produce comparable or even better fusion results while
significantly reducing the computational complexity. Thus, the
proposed fusion algorithm is friendlier to the smartphones
than the state-of-the-art multi-scale exposure fusion algorithms
which are based on edge-preserving smoothing filters. In
addition, a simple detail enhancement algorithm is proposed
for the multi-scale exposure fusion algorithm. The proposed
detail enhancement component can be used to produce images
with higher MEF-SSIM values and visible fine details. The
component is thus very attractive for PC based applications.
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