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Detail-Enhanced Multi-Scale Exposure Fusion
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Abstract—Multi-scale exposure fusion is an effective image en-
hancement technique for a high dynamic range (HDR) scene.
In this paper, a new multi-scale exposure fusion algorithm is
proposed to merge differently exposed low dynamic range (LDR)
images by using the weighted guided image filter (WGIF) to
smooth the Gaussian pyramids of weight maps for all the LDR
images. Details in the brightest and darkest regions of the HDR
scene are preserved better by the proposed algorithm without
relative brightness change in the fused image. In addition, a new
weighted structure tensor is introduced to the differently exposed
images and it is adopted to design a detail extraction component
for the proposed fusion algorithm such that users are allowed to
manipulate fine details in the enhanced image according to their
preference. The proposed multi-scale exposure fusion algorithm is
also applied to design a simple single image brightening algorithm
for both low-light imaging and back-light imaging.

Index Terms—Exposure fusion, Differently exposed images,
Weighted guided image filter, Low-light imaging, Weighted struc-
ture tensor,

I. INTRODUCTION

Merging multiple differently exposed low dynamic range
(LDR) images into a high dynamic range (HDR) image is
an efficient way to overcome the limited dynamic ranges of
cameras and to reduce noise in photographs [1]. Such an
imaging technique is called HDR imaging. Due to possible
camera movement and moving objects, all the LDR images
are first aligned [2], [3] and all the moving objects are
synchronized according to a pre-defined reference image [4]–
[7]. An HDR image is then synthesized from the corrected
images to include details of all the LDR images. The HDR
image is finally converted into an LDR image by using tone
mapping algorithms [8]–[11] so as to visualize the HDR scene
by a conventional display device.

Besides the HDR imaging, another popular technique is called
exposure fusion. A more informative and perceptually ap-
pealing LDR image is directly synthesized from all the LDR
images without the generation of an intermediate HDR image
as in the HDR imaging. Many exposure fusion algorithms
were proposed, ranging from simple weighted averaging to
sophisticated methods based on advanced statistical image
models. Three quality measures of proper exposure, good
contrast, and high saturation were used in [12] to determine
how much a given pixel will contribute to the final synthe-
sized image. All the LDR images were scaled into several
down-sampled layers by using the Laplacian pyramid [13].
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The multi-resolution blending preserves the global contrast
and ensures that transitions between regions where different
images contribute more heavily are difficult to perceive. The
exposure fusion scheme in [14] was based on an observation
that gradient magnitude becomes larger when a pixel gets
a state of better exposed and it decreases gradually as the
pixel approaches over/under-exposure. Same as the algorithm
in [12], all the LDR images were blended at multiple scales
using the pyramidal image decomposition. A guided image
filter (GIF) based exposure fusion algorithm was proposed in
[15]. An average filter was first utilized to get the two-scale
representation. The base and detail layers are fused through
using a guided filtering based weighted average method. Two
single-scale exposure fusion algorithms were proposed in
[16], [17]. Different optimization problems are formulated
in [16], [17] with optimal variables as pixel values of the
final synthesized LDR image or weights of the LDR images.
The final synthesized image can be obtained by solving these
optimization problems. The exposure fusion neither requires
lighting conditions of all the LDR images to be the same nor
requires knowledge of exposure times as required by the HDR
imaging. However, there is no fine detail extraction component
in the above exposure fusion algorithms while fine details
can be manipulated by the existing tone mapping algorithms
[8]–[10]. Based on such an observation, a detail extraction
component was proposed in [18] to enhance the existing
exposure fusion algorithms. The component is formulated as
a quadratic optimization problem and an iterative method was
provided in [18] to solve the optimization problem. Since
exposure fusion is an active research area, many new exposure
fusion algorithms were proposed in [20]–[24] and their cons
and pros of these algorithms were provided in [19], [25].

Recently, an interesting subjective user study was conducted
in [19] to evaluate the quality of images generated by the
above exposure fusion algorithms. It was found that no single
state-of-the-art exposure fusion algorithm produces the best
quality for all test images. The algorithm in [12] achieves the
best performance on average, and the algorithm in [18] is the
second best on average. Unfortunately, neither the algorithm
in [12] nor the algorithm in [18] can always preserve details
and color in the brightest and/or darkest regions of an HDR
scene well [19]. Even though this problem is overcome by
the algorithm in [26], the relative brightness among regions
is changed if certain regions are not well-exposed in any of
the captured LDR images. Thus, it is desired to design a new
exposure fusion algorithm so as to preserve details and color
in the brightest and/or darkest regions of the HDR scene well.
It was also shown in [19] that the detail extraction component
in [18] is useful to create perceptually appealing results on
some images, but also creates unwanted artifacts in some
other images. The overall performance gain is not always
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guaranteed by the detail extraction component in [18]. One
more issue is the speed of the detail extraction component
in [18]. The quadratic optimization problem is solved via
an iterative method in [18] and its computational cost is
high, especially for mobile devices with limited computational
resources. Therefore, it is also desired to deign a new fast
detail extraction component for an exposure fusion algorithm
such that users can manipulate the fine details according to
their preference.

In this paper, a new multi-scale exposure fusion algorithm is
first introduced to merge all the LDR images by using the
weighted GIF (WGIF) [23] to smooth the Gaussian pyramids
of weighted maps for all the LDR images. The Gaussian
pyramids of the luminance components serve as the guidance
images. Fine details in the brightest and darkest regions of
an HDR scene are preserved better by the proposed algorithm
than the algorithm in [12] and the relative brightness among
regions is preserved better by the proposed algorithm than
the single-scale exposure fusion algorithm in [26]. However,
the proposed fusion algorithm does not provide freedom for
users to manipulate fine details according to their preference.
Furthermore, fine details could be lost by the multi-resolution
blending [18]. Thus, a properly designed detail extraction
component is desired and useful for the proposed exposure
fusion algorithm [19]. Based on this observation, a new
detail extraction component is then proposed by extending
the powerful Di Zenzo structure tensor [27] to the differently
exposed images. Same as the detail extraction component
in [18], the proposed one is also formulated as a quadratic
optimization problem with the input as a vector field. It was
pointed out in [18] that the vector field plays a crucial role
in the detail extraction component. Intuitively, the set of the
LDR images is a natural tensor, and the structure tensors
in [28], [29] could be applied to generate the vector field.
Unfortunately, noise will be amplified in the final image if
the structure tensors in [28], [29] are directly adopted. This is
because that differently exposed images include different level
of noise. A weighted structure tensor is proposed to address the
problem and the vector field is constructed using the weighted
structure tensor. Fine details are extracted from the vector field
through using a fast separate approach [30], [31] to solve
the quadratic optimization problem. The extracted details are
added to an intermediate image which is fused by the multi-
scale exposure fusion algorithm to produce the final image.
Experimental results show that only fine details are extracted
by the new component while large scale components could be
extracted by the one in [18]. As a result, the quality of the
enhanced image is improved.

Due to small sensors and low-cost optics, cameras embedded
in mobile devices have a reduced capacity to capture light.
Setting longer exposure times only has a potential to help
relatively static scenes. A possible solution is to capture
multiple differently exposed images and to fuse them together
to produce an image. However, both camera movement and
moving objects are issues for the fusion of differently exposed
images [7]. Here, a new method is introduce to capture images
in low-lighting and back-lighting conditions, i.e., an image is

captured via a pair of a low ISO value and a short exposure
time [32]. This is different from a conventional method which
captures an image using a pair of a large ISO value and a
low exposure time or a pair of a small ISO value and a long
exposure time. There is negligible motion blur in the captured
image due to the short exposure time. Furthermore, there are
negligible or even no saturated pixels in the captured image
because the product of the ISO value and the exposure time
is small. On the other hand, the captured image is darker
than an image that is captured via the conventional method.
The proposed multi-scale exposure fusion algorithm is applied
to design a simple algorithm for the brightening of such a
dark image. Two virtual differently exposed LDR images are
produced from the captured image and all the three LDR
images are merged together using the proposed multi-scale
exposure fusion algorithm to brighten the captured image.
Experimental results demonstrated that the proposed algorithm
can be applied to brighten dark objects in images that are
captured in both low-lighting and back-lighting conditions.
Overall, four major contributions of this paper are 1) a multi-
scale exposure fusion algorithm using the WGIF. Fine details
in brightest and darkest regions are preserved better using the
new fusion algorithm; 2) a new concept of weighted structure
tensor for the differently exposed images. Amplification of
noise could be an issue for the existing structure tensors in
[28], [29] while it is avoided by the proposed one; 3) a faster
detail extraction component for the differently exposed images.
Only fine details are extracted by the new method while large
scale components could be extracted by the method in [18].
The speed is increased by more than four times; and 4) a
simple single image brightening algorithm. The algorithm is
useful for back-lit imaging and low-lighting imaging.

The rest of paper is organized as follows. A multi-scale
exposure fusion algorithm is proposed in Section II to merge
all the LDR images, and a new detail extraction component is
provided to enhance the proposed algorithm. The proposed
algorithm is applied to design a single image brightening
algorithm in Section III. Finally, concluding remarks are given
in Section IV.

II. DETAIL ENHANCED FUSION OF DIFFERENTLY
EXPOSED LDR IMAGES

In this section, a new multi-scale exposure fusion algorithm is
first proposed using the WGIF in [23]. A fast detail extraction
algorithm is then proposed to enhance the proposed multi-scale
exposure fusion algorithm. For simplicity, the 8-bit images
are focused in this section and the algorithm can be easily
extended to other types of input images.

A. A WGIF Based Multi-Scale Exposure Fusion

Let Zi(1 ≤ i ≤ N) be a set of differently exposed LDR
images with N be the number of the LDR images. Yi is
the luminance component of the image Zi. Let p be a pixel
position. There are three quality measures in [12], Ci(p),
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Si(p), and Ei(p) measure contrast, color saturation, and well-
exposedness of pixel Zi(p), respectively. Ci(p) is obtained by
applying a Laplacian filter to the gray-scale version of each
image. Si(p) is computed as the standard deviation within the
R, G and B channel. Ei(p) is yielded by applying a Gauss
curve to each channel separately and multiplying the results.
Their product is denoted as W̃i(p). The weight map is then
constructed as

Wi(p) =
W̃i(p)∑N
j=1 W̃j(p)

. (1)

G{Yi}(l) and G{Wi}(l) are the Gaussian pyramids of lumi-
nance component Yi and weight map Wi, respectively. The
total number of layers is κ which is defined as

κ = blog2 min(w, h)c − 2, (2)

where bac is the largest integer which is not greater than a. w
and h are the width and hight of the input image. Instead of
using the Gaussian pyramid G{Wi}(l) to fuse the differently
exposed images, a WGIF based pyramid is introduced to fuse
them. G{Wi}(l) is the pyramid to be smoothed and G{Yi}(l)
is the guidance pyramid. The proposed pyramid is based on an
observation, the WGIF can transfer the structure of G{Yi}(l)
to G{Wi}(l). Let the coefficients of the WGIF be denoted
as {āi}(l) and {b̄i}(l). To reduce the computational cost, only
{āi}(κ) and {b̄}(κ)

i as well as {āi}(4) and {b̄}(4)
i are computed

using the method in [23] with the radius ζ and regularization
parameter λ being fixed at 4 and 1/1024, respectively. {āi}(l)
and {b̄i}(l) are interpolated from {ā}(κ)

i and {b̄i}(κ) if the
value of l is larger than 4 and otherwise from {āi}(4) and
{b̄i}(4). The WGIF based pyramid is then given as

{Ŵi}(l) = {āi}(l){Yi}(l) + {b̄i}(l) ; 1 ≤ l ≤ κ. (3)

Let L{Zi,j}(l) be the Laplacian pyramid of component Zi,j .
All the images Zi(1 ≤ i ≤ N) at the different pyramid levels
are blended as

L{Zintj }(l) =

N∑
i=1

[L{Zi,j}(l){Ŵi}(l)] ; j ∈ {r, g, b}, (4)

and the Laplacian pyramid L{Zintj }(l) is collapsed to produce
the intermediate image Zintj .

The proposed WGIF based multi-scale exposure fusion al-
gorithm is compared with the single-scale exposure fusion
algorithm in [26] which also preserves fine details in both
the brightest and darkest regions of HDR scenes well. They
are used to fuse two sets of differently exposed images. It is
demonstrated in Fig. 1 that the relative brightness is changed
by the algorithm in [26] if certain regions of an HDR scene are
not well exposed in any of the LDR images. The problem is
overcome by the proposed algorithm. However, the algorithm
in [26] is simpler than the proposed exposure fusion algorithm.
The complexity of the proposed exposure fusion algorithm is
O(NM) for N differently exposed images with M pixels.

(a) (b) (c)

(d) (e)

(f) (g) (h)

(i) (j)

Fig. 1: Comparison of the proposed WGIF based multi-
scale exposure fusion algorithm with the single-scale exposure
fusion algorithm in [26]. (a)-(c) and (f)-(h) input images; (d,i)
fused images by the algorithm in [26]; (e,j) fused images by
the proposed algorithm. The relative brightness is changed by
the algorithm in [26] while the relative brightness is preserved
by the proposed algorithm.

B. Detail-Enhanced Exposure Fusion

It was shown in [19] that a detail extraction component can be
applied to improve the quality of images fused by an exposure
fusion algorithm. The component also provides users freedom
to manipulate fine details according to their preference [18].
A new detail extraction component is proposed in this sub-
section by introducing a new weighted structure tensor to the
differently exposed images.

The set of the LDR images Zi(1 ≤ i ≤ N) is a natural
tensor. Intuitively, the structure tensors in [28], [29] can be
applied to construct the vector field which contains the fine
details of multiple differently exposed images. However, as
shown in Fig. 2, noise could also be amplified if the structure
tensors in [28], [29] are directly applied to the LDR images
Zi(1 ≤ i ≤ N). To address the problem, a weighted
structure tensor is introduced, and the new concept is based
on an observation that the differently exposed images include
different level of noise [1]. The luminance components of the



4

LDR images Zi(1 ≤ i ≤ N) and the intermediate image Zint

in log domain are computed as

Ŷi(p) = log(Yi(p) + 1) ; Ŷ int(p) = log(Y int(p) + 1). (5)

Define two weights Ŵx,i(p) and Ŵy,i(p) as

Ŵx,i(p) =
f(Yi(p))f(Yi(pr))

maxj{f(Yj(p))f(Yj(pr))}
, (6)

Ŵy,i(p) =
f(Yi(p))f(Yi(pb))

maxj{f(Yj(p))f(Yj(pb))}
, (7)

where pr and pb are the right and bottom pixels of the pixel
p, and f(z) is defined as

f(z) =

{
z + 1; if z ≤ 128
257− z; otherwise . (8)

The weighted gradients of all the LDR images Zi(1 ≤ i ≤ N)
at the pixel p are then given by the following matrix:

∇Ŷ (p) =


Ŵx,1(p)∂Ŷ1(p)

∂x Ŵy,1(p)∂Ŷ1(p)
∂y

...
...

Ŵx,N (p)∂ŶN (p)
∂x Ŵy,N (p)∂ŶN (p)

∂y

 . (9)

Clearly, a large weight is assigned to the gradient ∂Ŷi(p)
∂x

(∂Ŷi(p)
∂y ) if the two pixels Yi(p) and Yi(pr) (Yi(p) and Yi(pb))

are well exposed. A small weighted is assigned otherwise.
As such, the matrix ∇Ŷ (p) includes less noise. The matrix

(a) (b)

(c) (d)

Fig. 2: Comparison of different structure tensors. (a) and (c)
enhanced images by the structure tensor in [28]; (b) and (d)
enhanced images by the proposed one. Noise is amplified by
the structure tensor in [28]. Image courtesy of Martin Cadik
and Erik Reinhard.

∇Ŷ (p) is decomposed via the singular value decomposition
as

∇Ŷ (p) = Uh(p)Λh(p)V Th (p), (10)

where Uh(p) is an N × 2 matrix, Vh(p) = [Vh,1(p), Vh,2(p)]
is a 2 × 2 matrix, and the diagonal matrix Λh =

(a) (b) (c)

(d) (e)

(f) (g)

Fig. 4: Comparison of the proposed detail-enhanced exposure
fusion algorithm with the exposure fusion algorithms in [12],
[15], [18]. (a)-(c): input images; (d)-(g) images fused by
the algorithms in [12], [15], [18], and the proposed one,
respectively. Image courtesy of Jacques Joffre.

diag{λ1(p), λ2(p)} contains the magnitude information for
each of the primary directions.

The first fundamental form 2 × 2 matrix ΦŶ = (∇Ŷ )T∇Ŷ
was introduced in the image processing literature by Di Zenzo
[27] as the structure tensor. With the weighting functions in the
Equations (6)-(8), the matrix ΦŶ is a new weighted structure
tensor. The eigenvalues of the structure tensor provide a rich
and discriminative description of the local geometry of the
image. λ2

1(p) and λ2
2(p) are the large and small eigenvalues
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(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 3: Comparison of the proposed detail-enhanced exposure fusion algorithm with the exposure fusion algorithms in [12],
[15], [18] by testing the two set of differently exposed images in Fig. 1. (a) and (e) results by the algorithm in [12]; (b) and
(f) results by the algorithm in [15]; (c) and (g) results by the algorithm in [18]; (d) and (h) results by the proposed algorithm.

of the structure tensor ΦŶ at the pixel p, respectively. When
both of them are small, the pixel p is located in a homogeneous
region. When λ2

1(p) is large while λ2
2(p) is small, the pixel

p is located close to an image edge. When both of them are
large, the pixel p is close to an image corner. The vector field
in [28] is constructed as λ1(p)V Th,1(p). It is shown in Fig. 2
that amplified noise becomes visible in homogeneous regions
of the enhanced image. To overcome the problem, the desired
vector field V is computed as

V (p) =
Γ1(p)λ1(p)V Th,1(p) + Γ2(p)λ2(p)V Th,2(p)√

(∂Ŷ
int(p)
∂x )2 + (∂Ŷ

int(p)
∂y )2

, (11)

where Γ1(p) and Γ2(p) are defined as

Γ1(p) =

{
∂Ŷ int(p)

∂x ; if |∂Ŷ
int(p)
∂x | > |∂Ŷ

int(p)
∂y |

∂Ŷ int(p)
∂y ; otherwise

,(12)

Γ2(p) =

{
∂Ŷ int(p)

∂y ; if |∂Ŷ
int(p)
∂x | > |∂Ŷ

int(p)
∂y |

∂Ŷ int(p)
∂x ; otherwise

.(13)

The proposed vector field V in Equation (11) is a weighted
average of λ1(p)V Th,1(p) and λ2(p)V Th,2(p) with the weight
being determined by the gradient field of the image Ŷ int.
The proposed vector field is different from the vector field
in [28] for pixels in homogeneous regions and close to image
corners. Since the eigenspace is a line without a preassigned
orientation, the direction of the vector field V is adjusted
as follows: V1(p) is multiplied by the sign of the product
V1(p)∂Ŷ

int(p)
∂x . Similarly, V2(p) is multiplied by the sign of

the product V2(p)∂Ŷ
int(p)
∂y . The objective is to guarantee that

the intermediate image Zint is enhanced by the fine details in
all the LDR images Zi(1 ≤ i ≤ N).

Same as the algorithm in [18], a quadratic optimization
problem is formulated on the extraction of fine details from

the vector field (V1, V2) as follows

min
Ld

[
‖Ld‖22 + λ

(
‖
V1 − ∂Ld

∂x

ψ(V1)
‖22 + ‖

V2 − ∂Ld

∂y

ψ(V2)
‖22

)]
, (14)

where ‖ · ‖2 is the l2 norm. Ld represents fine details to be
extracted. The function ψ(z) is selected as [9]

ψ(z) =
√
|z|γ + ε, (15)

the default values of γ, ε, and λ are 0.75, 10−4 and 0.03125,
respectively.

The solution to the optimization problem (14) is obtained by
solving the following linear equation:

(I + λ(DT
xA(V1)Dx +DT

y A(V2)Dy))Ld

= λ(DT
xA(V1)V1 +DT

y A(V2)V2) (16)

where I is the identity matrix, Dx and Dy are discrete differ-
entiation operators, and A(V1) and A(V2) are diag( 1

ψ2(V1(p)) )

and diag( 1
ψ2(V2(p)) ), respectively.

Instead of using an iterative method to solve the above linear
equation as in [18], a fast method is provided to solve
the above linear equation and the fast method is inspired
by the separate methods in [30], [31]. The matrix (I +
λ(DT

xA(V1)Dx + DT
y A(V2)Dy))−1 can be approximated by

applying sequential 1D edge-preserving smoother a multiple
number of iterations [31]:

(I + λ(DT
xA(V1)Dx +DT

y A(V2)Dy))−1

≈
T∏
k=1

(I + λk(DT
xA(V1)Dx))−1(I + λk(DT

y A(V2)Dy))−1(17)

where T is a constant, and λk is 3∗4T−k

2(4T−1)
λ [31]. This implies

that the optimization problem (14) can be decomposed into
two 1-D optimization problems. For each row of the image, the
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(a) (b) (c) (d) (e) (f) (g)

(h) (i) (j) (k)

(l) (m) (n) (o) (p)

(q) (r) (s) (t)

Fig. 5: Comparison of the proposed detail-enhanced exposure fusion algorithm with the exposure fusion algorithms in [12],
[15], [18]. (a)-(g) and (l)-(p): input images; (h) and (q): images fused by the algorithm in [12]; (i) and (r) images fused by
the algorithm in [15]; (j) and (s): images fused by the algorithm in [18]; (k) and (t): image fused by the proposed one. Image
courtesy of Laurance Meylan and Dani Lischinski.

corresponding cost function along the x dimension is defined
with a 1D guidance vector field V h(x) (x = 0, · · ·, w-1) as

min
Lh

d

w−1∑
x=0

[(Lhd(x))2 + λk(

dLh
d (x)
dx − V1(x)

ψ(V1(x))
)2]. (18)

The solution to the above optimization problem is given in the
Appendix. Similarly, the optimization problem along the y di-
rection can be formulated and solved in a fast way. Clearly, this
approximation can greatly accelerate the processing to solve
the optimization problem (14). However a single iteration often
leads to “streaking artifacts”, the 1D solvers are applied for T
times. The value of T is selected as 3 as suggested in [31].
The speed of the proposed algorithm is almost the same as that
of the fast algorithm in [31] which is comparable to those of
local edge-preserving filters as shown in [31]. The complexity
of the proposed detail extraction component is O(NM) for
the N differently exposed images with M pixels.

Once the detail layer Ld is extracted from the vector field V ,
it is added to the intermediate image. Similar to the tone map-
ping algorithms in [8]–[10], the final image is synthesized by

integrating the intermediate image Zint(p) with the extracted
details Ld(p) as

Zf (p) = Zint(p) expθLd(p), (19)

where θ(≥ 0) is a constant and the default value of θ is
selected as 1 in this paper. It should be pointed out that the
value of θ can be selected by a user according to her/his
preference.

The proposed detail-enhanced exposure fusion algorithm is
compared with three multi-scale exposure fusion algorithms
in [12], [15], [18] by testing six sets of differently exposed
LDR images. The algorithm in [12] is the best exposure fusion
algorithm, the algorithm in [18] is the second best and it also
includes a detail enhancement component, and the algorithm in
[15] is also based on the edge-preserving smoothing technique.
It is shown in Figs. 3-6 that the algorithms in [12], [18]
cannot preserve details in brightest and darkest regions well.
Even though the problem is overcome by the algorithm in
[15], visible halo artifacts are produced by it. The proposed
algorithm can preserve details in brightest and darkest regions
well and avoid halo artifacts from appearing in fused images.
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(a) (b) (c) (d) (e)

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

Fig. 6: Comparison of the proposed detail-enhanced exposure fusion algorithm with the exposure fusion algorithms in [12],
[15], [18]. (a)-(e): input images; (f)-(i): images fused by the algorithms in [12], [15], [18], and the proposed one, respectively.

(a) (b)

Fig. 7: Comparison of detail layers extracted by the com-
ponent in [18] and the proposed component. (a) detail layer
extracted by the algorithm in [18]; (b) detail layer extracted by
the proposed algorithm. Only fine details are extracted by the
proposed component while large scale components are also
extracted by the component in [18].

Due to the detail extraction components, the images fused by
the algorithm in [18] and the proposed algorithm look sharper
than those produced by the algorithms in [12], [15]. However,
the images fused by the algorithm in [18] are over-sharpened.
The problem is overcome by the proposed algorithm. This
is due to the new method for the generation of the vector
field. The four exposure fusion algorithms are also compared
objectively using the quality metric in [19]. As shown in the
Table I, the proposed exposure fusion algorithm outperforms
the algorithms in [12], [15], [18] from the MEF-SSIM point
of view. Clearly, the result of objective evaluation is consistent
with that of the subjective evaluation.

TABLE I: MEF-SSIM of four different algorithms.

Set 1 2 3 4 5 6 Average Rank
[15] 0.955 0.98 0.986 0.956 0.956 0.967 0.967 3
[12] 0.967 0.988 0.986 0.95 0.974 0.968 0.972 2
[18] 0.934 0.97 0.972 0.925 0.952 0.944 0.95 4
Ours 0.971 0.988 0.989 0.957 0.977 0.978 0.977 1

Since both the algorithm in [18] and the proposed algorithm
include a component to simultaneously extract fine details
from a set of differently exposed images. The extracted details

layers are compared in Fig. 7. It can be shown that the detail
layer extracted by the proposed component only include fine
details which is owe to the structure tensor while there are
large scale components in the detail layer extracted by the
component in [18]. In addition, the running times of the
implementation in [18] are reduced by more than four times
by the proposed faster implementation in this paper.

III. SINGLE IMAGE BRIGHTENING

To capture well-posed images under various lighting condi-
tions, the three key parameters, which are the camera aperture,
the exposure time and the ISO value, are carefully tuned
by professional photographers. Among the three available
parameters, the latter two are widely adjusted to capture
images in low-lighting and back-lighting conditions. An image
captured via a pair of a long exposure time and a small
ISO value is clean but blurred [33]. To reduce/avoid the
blurring, a pair of a short exposure time and a large ISO
value is usually chosen instead. Unfortunately, with the new
combination of parameters, the captured image is sharp but
noisy [33]. Meanwhile, both above methods have a limitation
to capture HDR scenes because of the possible saturation [34].
An attractive method for capturing an image for a low-lighting
or back-lighting scene, especially for an HDR scene is to
use a pair of a short exposure time and a small ISO value.
There is negligible motion blur due to the short exposure time.
Furthermore, there are negligible saturated pixels because of
the small ISO value. However, the captured image is darker
than an image that is captured by the conventional method. The
proposed exposure fusion algorithm in Section II is applied to
design a simple algorithm for the brightening of the captured
image. It is worth noting that several interesting single image
brightening algorithms were proposed in [35]–[38].

Three virtual differently exposed LDR images are generated
from the image Z. The first image Ẑ1 is generated by using a
non-decreasing function to brighten the under-exposed regions
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of the image Z. The image Ẑ1 is produced as [32]

Ẑ1,c(p) = Φ(Y (p))Zc(p), (20)

where c is the color channel and Y (p) is the luminance
component of the pixel Z(p). The function Φ(·) is derived
from the conventional S-curve of automatic exposure control
[39] and is empirically defined as

Φ(z) = 1 + exp−14( z
255 )1.6 . (21)

The function can be used to brighten dark regions of the input
image without affecting bright regions of the input image. The
image Ẑ1 can be further brightened by using a global factor to
increase the brightness of the whole image Ẑ1 with negligible
increment on the brightness of the brightest areas.

The second and the third images are generated by multiplying
Ẑ1 by two constants 5υ

8 and υ(> 8
5 ) as follows [32]:

Ẑ2,c(p) =
5υ

8
Ẑ1,c(p) ; Ẑ3,c(p) = υẐ1,c(p), (22)

where the value of υ is empirically given as
√

256−ȳ
4 , ȳ is

the average value of the luminance components of all under-
exposed and well-exposed pixels in the image Z. The value
of ȳ is usually less than 128. The value of υ is thus usually
larger than 2.828 but less than 4. Subsequently, the virtual
exposure value (EV) gap between the images Ẑ1 and Ẑ3 is
about 3-4 EV if the gamma value of the virtual camera is set
at about 0.5. The second and third images are generated using
the golden ratio.

The proposed brightening algorithm is compared with the
brightening algorithm in [35], the brightening algorithm in
[36], and the brightening algorithm in the Photoshop. The
brightness of images is adjusted to the maximal level by
Photoshop CS5. It is illustrated in Fig. 8 that 1) the brightness
of all brightened images is increased; 2) the global contrast
is preserved well by Photoshop CS5 but the brightest regions
of the images produced by Photoshop CS5 are saturated even
though the images are not as bright as those image produced
by the other algorithms; and 3) saturation of the brightest
regions is overcome by the algorithm in [36] while the global
contrast is not preserved as well as the other algorithms. As a
result, the brightened images by the algorithm in [36] look a
bit flattened. As shown in Fig. 8, the brightened images by the
algorithm in [36] are darker than the brightened images by the
proposed method. Color is slightly distorted by the algorithms
in [36], for example the color of the white cloth in Fig. 8(f) is
changed. The algorithm in [35] generally works well except for
slight color distortion and loss of fine details. The brightening
algorithm in the Photoshop is the simplest, and followed by
the proposed algorithm, the brightening algorithm in [36], and
the brightening algorithm in [35]. It should be pointed out
that noise in the under-exposed regions is amplified by all the
brightening algorithms. This is an limitation of the proposed
brightening algorithm. This problem could be addressed by
using the solution provided in [38] if the computational cost
is not an issue.

Despite that modern cameras are equipped with sophisticated
metering techniques, it remains a challenge for users to take

well-exposed images, especially in presence of backlighting.
Dark objects could appear when photos are taken for human
subjects in a scene with the backlit. The proposed brightening
algorithm is applied to brighten dark objects in two images
that are captured at day time. It is shown in Fig. 9 that with
the proposed algorithm, the darkest regions are brightened
while the brightness of the brightest regions almost remains
the same. As a result, the exposedness level of the dark human
subjects is significantly improved in the brightened images.

IV. CONCLUSION REMARKS

A multi-scale exposure fusion algorithm has been proposed to
merge differently exposed low dynamic range (LDR) images
of a high dynamic range (HDR) scene into a more informative
and perceptually appealing LDR image using the weighted
guided image filter. In addition, a new concept of weighted
structure tensor is introduced to the differently exposed images
and it is used to design a detail extraction component to en-
hance the proposed algorithm. The proposed fusion algorithm
is applied to design a single image brightening algorithm for
both low-light imaging and back-light imaging. Experimental
results show that the proposed algorithms can be applied to
produce images with better visual quality.

One interesting problem is to determine the value of θ in
Equation (19) by using the quality metrics in [19]. Another
interesting problem is how to avoid amplifying noise when
an image is brightened. Both problems will be studied in our
future research.

APPENDIX: SOLUTION TO THE OPTIMIZATION PROB-
LEM (18)

Defining dLh
d (x)
dx as (Lhd(x + 1) − Lhd(x)), it can be derived

that the optimal solution is obtained by solving the following
linear equation:

A ∗ Lhd = D, (23)

where the matrices A, Lhd and D are given as

A =


b0 c0 0 · · · 0
a0 b1 c1 · · · 0
...

. . . . . . . . .
...

0 · · · aw−3 bw−2 cw−2

0 · · · 0 aw−2 bw−1

 , (24)

Lhd =
[
Lhd(0) Lhd(1) Lhd(2) · · · Lhd(w − 1)

]T
, (25)

D =
[
d0 d1 d2 · · · dw−1

]T
, (26)

ai, bi, ci and di are computed as

ai = ci = − λk
ψ2(V1(i))

; 0 ≤ i ≤ w − 2,

b0 = 1 +
λk

ψ2(V1(0))
,

bw−1 = 1 +
λk

ψ2(V1(w − 2)
,



9

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

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

Fig. 8: Comparison of different image enhancement algorithms. (a, f) low-lighting images; (b, g) brightened images by the
brightening algorithm [36]; (c, h) brightened images by Photoshop CS5; (d, i) brightened images by the algorithm in [35];
(e, j) brightened images by the proposed algorithm. Fine details in the darkest regions are enhanced better by the proposed
algorithm without causing over-saturation to the brightest regions.

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

Fig. 9: Images with dark objects and their enhanced images. (a, c) images with dark objects; (b, d) brightened images by the
proposed algorithm. The under-exposed human subjects become well-exposed in the brightened images.

bi = 1 +
λk

ψ2(V1(i))
+

λk
ψ2(V1(i− 1))

; 1 ≤ i ≤ w − 2,

d0 = −λk
V1(0)

ψ2(V1(0))
,

dw−1 = λk
V1(w − 2)

ψ2(V1(w − 2))
,

di = λk(
V h(i− 1)

ψ2(V1(i− 1))
− V h(i)

ψ2(V1(i))
) ; 1 ≤ i ≤ w − 2.

For simplicity, define two matrices B and C as

B =


b̃0 0 0 · · · 0

a0 b̃1 0 · · · 0
...

. . . . . . . . .
...

0 · · · aw−3 b̃w−2 0

0 · · · 0 aw−2 b̃w−1

 , (27)

C =



1 c0
b̃0

0 · · · 0

0 1 c1
b̃1
· · · 0

...
. . . . . . . . .

...
0 · · · 0 1 cw−2

b̃w−2

0 · · · 0 0 1

 , (28)

where b̃i(1 ≤ i ≤ w − 1) is

b̃i = bi −
ai−1ci−1

b̃i−1

; 1 ≤ i ≤ w − 1, (29)

and the value of b̃0 is b0. The optimal solution is given as

Lh,∗d = C−1 ∗B−1 ∗D, (30)

where C−1 and B−1 are the inverse matrices of C and B,
respectively.
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