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ABSTRACT
A challenging problem for high dynamic range imaging is to re-
construct a ghosting-free HDR image for an HDR scene with mov-
ing objects. In this paper, a new patch match based algorithm is
proposed to synchronize multiple differently exposed images with
moving objects and camera movements according to a selected ref-
erence image. To improve the accuracy of patch match, the con-
cept of superpixel is adopted to divide the reference image into
atomic regions, and a new bilateral weight is introduced for the
computation of matching cost to reduce outliers. A multi-scale
patch match is provided to compute optical flow among the differ-
ently exposed images. All the input images are synchronized by
using the estimated optical flow. The synchronized images are fur-
ther refined via a weighted guided filter with the reference image as
the guidance image. Experimental results show that the proposed
algorithm can remove the scene variations in the presence of mov-
ing objects and camera movements. A ghost-free HDR image can
then be reconstructed for a set of differently exposed images with
moving objects and camera movement.

1. INTRODUCTION

Synthesizing a set of differently exposed images into a high dy-
namic range (HDR) image is an efficient way to overcome the
limited dynamic ranges of cameras [1] [2]. A basic requirement
for the synthesis of an HDR image is that there is neither camera
movements nor moving objects in the differently exposed images.
Otherwise the synthesized HDR image will suffer from artifacts,
such as blurring or ghosting. Unfortunately, this requirement is
often violated in practice. To remove the mismatches among the
differently exposed images, an efficient synchronization algorithm
has to be applied before the synthesis of an HDR image.

The synchronization algorithms can be divided into two cate-
gories. One category is focused on synchronizing moving objects.
It is assumed that the differently exposed images are captured by a
stationary camera or aligned well by an image alignment algorithm
[3]. Through exploring the similarity of corresponding pixels, the
inconsistent pixels can be detected and corrected. All the input
images are then synchronized. But as the exposures of the input
images are different, the pixel intensities vary even without mov-
ing objects. To address this challenging problem, Zhang et al. [4]
used gradient directions to detect inconsistent pixels, as the gra-
dient directions of stationary regions are invariant with exposure.
Jacob et al. [5] proposed an entropy based method. The entropy
of each pixel is computed based on a local window. The pixel that
has significant entropy variation is detected as inconsistent pixel.
The concept of median threshold bitmap in [5] was adopted in [6],
in which a binary mask is computed from each of the differently-
exposed images. If a position in a sum of binary masks is neither

0 nor the total number of images, the pixel is detected as inconsis-
tent one. The results of this algorithm are generally good, except
the moving objects are in over/under-exposed areas. In [4], [5]
and [6], all the inconsistent pixels are eliminated from the syn-
thesis of an HDR image. The moving objects in the HDR image
are only contributed by the reference image. This degrades the
quality of the final image. An intensity mapping function (IMF)
based algorithm was proposed in [7]. Bidirectional IMF mapping
is proposed to normalize the intensity difference between images.
The method of [7] can efficiently detect the moving objects in
over/under-exposed areas. The detected moving objects are syn-
chronized through the IMFs from the reference image to all the
images to be corrected. The HDR image synthesized by the al-
gorithm in [7] usually presents more information on the moving
objects. Based on the detection method in [7], an image patch-
ing scheme was proposed in [8] to reconstruct moving objects in
over/under-exposed areas.

Besides the above algorithms that only align the scene changes
resulted from moving objects, another category of algorithms syn-
chronizes scene changes caused by both camera movements and
moving objects. Optical flow was adopted in [9] [10] to align
differently exposed images captured by hand-held cameras. The
aligned pixels can be correctly combined into an HDR image. Hu
et al. [11] proposed to use image warping to synchronize exposure
stack according to a reference image. Robust patch match algo-
rithms were proposed in [12] [13] that use nearest neighbor field
(NNF) to estimate the displacement among the differently exposed
images. The patches closed to the reference one are selected for
merging. An optimization problem is formulated on the HDR im-
age reconstruction to refine the selected patches. The computa-
tional cost of the patch match algorithms are very high, as they
require iteration to solve the global optimization problem.

In this paper, a new optical flow based method is proposed to
align differently exposed images with moving objects and camera
movements. One of the input images is selected as the reference
image, and all the rest images are synchronized with respect to
the reference image. The optical flow is computed by a multi-
scale patch match approach. To improve the accuracy of the patch
match, the reference image is divided into superpixels [14]. The
superpixels are used as the search unit of the patch match. As
the superpixels contain similar pixels in local areas and adhere to
object boundaries, the superpixel based patch match can be ex-
pected to achieve better edge preserving performance [15] [16].
In addition, a new bilateral weight is introduced for the compu-
tation of matching cost to reduce outliers. The object structures
can be efficiently preserved in the images reconstructed from the
optical flow. With the estimated optical flow, the input images are
synchronized with respect to the reference image. The synchro-
nized images are further refined through the weighted guided im-
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Fig. 1. Three differently-exposed images with moving objects and their aligned images by the proposed scheme. (a-c) three differently
exposed images; (d-e) two synchronized images.
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Fig. 2. Comparison of different anti-ghost algorithms. (a) result of the algorithm in [4]; (b) result of the algorithm in [5]; (c) result of the
algorithm in [6]; (d) result of the proposed algorithm.

age filter (WGIF) in [17] with the reference image as the guidance
image. The proposed algorithm is simpler than the patch match
based algorithms in [12] [13] in the sense that the complex global
optimization problems in [12] [13] are replaced by a simple filter,
in which the refinement is conducted in local windows, and the
proposed algorithm converges faster with the contribution of the
superpixels. Simulation results show that the proposed algorithm
can efficiently synchronize the exposure stack with both camera
movements and moving objects.

The rest of paper is organized as follows. The proposed optical
flow based scheme is presented in Section 2. Experimental results
are provided in Section 3 to show the performance of the proposed
algorithm. Concluding marks are given in Section 4.

2. OPTICAL FLOW BASED IMAGE
SYNCHRONIZATION

In this section, a new optical flow based algorithm is introduced for
aligning differently exposed images with moving objects and cam-
era movements. The proposed algorithm consists of a multi-scale
superpixel based patch match for the estimation of optical flow
among the differently exposed images and a WGIF based method
for the refinement of synchronized images.

2.1. Superpixel Based Multi-Scale Patch Match

Give a set of images (I1 . . . IN ) that are captured with different ex-
posures at different time. An image Ik is selected as the reference
image. The optical flow between the image Ik and the image Ik−1

is estimated via a patch match based method. As the displacements
along the exposure stack are random and probably large, the ran-
dom patch match strategy in [18] is adopted. The basic idea of
the random patch match in [18] is to initial a random correspon-
dence field. The random search is conducted several times for each
pixel. Clearly, search range is no longer a limitation for the patch
match based method. The good guess propagates among neigh-
boring pixels. The patch used in [18] is a regular shape with a

fixed size. It tends to introduce outlier at the object boundaries,
where the motions are discontinuous. To solve this problem, the
reference image Ik is divided into superpixels. The simple linear
iterative clustering (SLIC) algorithm in [14] is selected to com-
pute the superpixels because of its efficiency in computation and
adherence to the object boundaries. The superpixels are used as
the search unit of the patch match.

The matching cost between two units is defined by using the
Euclidean distance as in [18]. To compute the weighted Euclidean
distance, the luminance of two differently exposed images are nor-
malized first. Bidirectional IMFs [7] that are computed from the
accumulated histograms of two differently exposed images are used
to normalize the pixel intensity. The matching cost at the position
p is computed as:

d(p,∆) =
1

W

∑
p′∈Sp

w(p′, p,∆)

(‖Λk,k−1(Ik(p′))− Ik−1(p′ + ∆)‖2

+ ‖Ik(p′)− Λk−1,k(Ik−1(p′ + ∆))‖2),

(1)

where Λk,k−1 is the IMF from Ik to Ik−1 and Λk−1,k is vice versa.
It is worthy noting that the matching cost is computed from a bidi-
rectional IMF mapping. This is to minimize the effects of satu-
rated pixels. ∆ denotes the spatial displacement. Sp is the super-
pixel covering p. w(p′, p,∆) is a bilateral weight that measures
the similarity and distance between pixels, and it is calculated as

w(p′, p,∆) =exp(−‖p− p
′‖2

σ2
1

)

exp(−‖Ik−1(p+ ∆)− Ik−1(p′ + ∆)‖2

σ2
2

).

(2)

The proposed bilateral weight w(p′, p,∆) is computed from the
original image, in order to avoid the possible mapping error intro-
duced by the IMFs. σ1 and σ2 are set as 8 and 20 respectively. W
is a normalization factor that equals to the sum of all w’s within a
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Fig. 3. Image stack with moving objects. The synthesized HDR images by using different anti-ghost schemes are shown here for visual
comparison. (a-f) differently exposed images captured by a stationary camera; (h) the synthesized result of [4]; (i) the synthesized result of
[5]; (j) the synthesized result of [6]; (k) the synthesized result of the proposed scheme.

superpixel.
The patch match that uses superpixels as the search unit can

achieve better performance on edge preserving. Because the su-
perpixels adhere to the object boundaries, the pixels belonging to
different objects will be segmented into different superpixels. Thus
the motion discontinuities within a search unit can be avoided.
Moreover, as each superpixel contains only the similar pixels, the
bias of matching cost can be reduced. The accuracy of the patch
match can be enhanced. It should be pointed out that our new bi-
lateral weight w(p′, p,∆) is similar to the bilateral weight in [16].
Due to the incorporation of the superpixel, our new weight is sim-
pler than the weight in [16].

As the patch match needs to be conducted several times on
each pixel, it would be time-consuming especially for a large size
image. The patch match complexity for an image with N pixels
is O(nN logN) [18], where n is the search unit size. To speed
up the patch match, the input images are downsampled into lower
resolutions to conduct the patch match. To obtain a good tradeoff
between the accuracy and the complexity, the images are down-
sampled twice, and the downsample ratio is 0.5 in each dimension
[16]. The superpixels can be computed from the low resolution
reference image. Unit size is another factor that affects the com-
putational time of patch match. Big unit size contains more tem-
plate information for matching, but it also takes more time to com-
pute the matching cost. Reducing the resolutions of images means
smaller units can be used for patch match. Thus the multi-scale
patch match scheme can reduce both N and n significantly.

The optical flow computed in a lower resolution is upsampled
by the joint bilateral filter in [19]. A local search in 3× 3 window
is adopted to refine the upsampled optical flow. A synchronized
image Ĩk−1 that presents the scene of Ik but with the luminance of
Ik−1 can be reconstructed from the final optical flow.

2.2. Structure Refinement by A Weighted Guided Image Fil-
ter

To further refine the structure of synchronized images, the WGIF
in [17] is applied on the synchronized images. A refined image
Îk−1 is computed as a linear transform of the reference image Ik

in a local window Ω as:

Îk−1(p) = ap′Ik(p) + bp′ , ∀p ∈ Ω(p′), (3)

where ap′ and bp′ are two constants in Ω. They are computed from
a cost function that is defined as:∑

p∈Ω(p′)

[(ap′Ik(p) + bp′ − Ĩk−1(p))2 +
λ

ΦIk (p′)
a2
p′ ], (4)

where λ is a trade-off factor that is set as 1/2. ΦIk is an edge-
aware weight. It is computed by the local variances σ2

Ik
in 3 × 3

windows of all pixels as follows:

Φ(p′) =
1

N

N∑
p=1

σ2
Ik

(p′) + ε

σ2
Ik

(p) + ε
, (5)

where ε is a small constant and its value is selected as (0.001×L)2

while L is the dynamic range of the reference image. All pixels in
the reference image are used in the computation of ΦIk (p′). In
addition, the weight ΦIk (p′) measures the importance of pixel p′

with respect to the whole reference image.
The WGIF refines the edges of Ĩk−1 according to the structure

of Ik. The linear model in Equation (3) guarantees that the refined
image Îk−1 will have an edge only if the reference image has an
edge. If the reference image is flat, then the edge in Ĩk−1 will be
smoothed. The WGIF can efficiently reject the outliers caused by
inaccurate optical flow. Since the correlation between two succes-
sive images is the strongest, the refined image Îk−1 is then used
as the reference image to correct the image Ik−2. The superpixels
computed from the image Ik can be directly used in the multi-scale
patch match between the image Ik−2 and the image Îk−1.

3. SIMULATION RESULTS

Extensive simulations were conducted to test the proposed algo-
rithm. Exposure stacks captured by both stationary and hand-held
cameras are tested. A few examples are shown in this section.
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Fig. 4. Image stack with moving object and camera movement. Image courtesy from [12]. (a-e) differently exposed images captured with
moving object by a hand-held camera; (f) the synchronized result of (e) by using the proposed scheme; (g) the synthesized result of [12];
(h) the synthesized result of proposed scheme.

3.1. Synchronization of Moving Objects in Differently Exposed
Images without Camera Movement

Three differently exposed images that are captured by a stationary
camera are presented in Fig. 1. Human subjects were dancing
during image capturing. The image in Fig. 1(b) is selected as the
reference image. The other two images are aligned according to
Fig. 1(b). The aligned images are illustrated in Figs. 1(d) and 1(e).
It can be seen that the the scenes in Figs. 1(d) and 1(e) are same as
the reference image in Fig. 1(b). Then a ghosting-free HDR image
can be synthesized through the exposure fusion algorithm in [2].

The synthesized HDR images by using different anti-ghost al-
gorithms are displayed in Fig. 2. As shown in Fig. 2, ghosting ar-
tifacts cannot be avoided from appearing in the final images by the
algorithms in [4], [5] and [6]. The image produced by the proposed
algorithm is free from ghosting artifact, as the moving objects are
synchronized well before the synthesis of the final image.

Another set of differently exposed images with moving objects
captured by a stationary camera is presented in Fig. 3. The image
in Fig. 3(d) is selected as the reference image. The proposed algo-
rithm can efficiently synchronize the exposure stack according to
the reference image in Fig. 3(d). Then a high quality HDR image
can be generated as shown in Fig. 3(j).

3.2. Synchronization of Differently Exposed Images with Mov-
ing Objects and Camera Movements

Exposure stacks captured by hand-held cameras may have spatial
displacements as well as local mismatches caused by moving ob-
jects. Such a exposure stack is presented in Fig. 4. There are five
differently-exposed images. From the location of blanket in the
images, it can be seen that the camera had movements during im-
age capturing. The image in Fig. 4(c) is chosen as the reference
image. One of the synchronized images that is reconstructed from
Fig. 4(e) by using the proposed optical flow algorithm is shown
in Fig. 4(f). Obviously, the displacements between Fig. 4(e) and
the reference image has been eliminated in the synchronized im-
age. Furthermore, the moving object is reconstructed in very good
quality. To demonstrate the synchronized image better, the baby’s
face is enlarged in Fig. 5. As shown in Fig. 5(b), the face in the
synchronized image has the same look as the reference image.

The HDR image synthesized by the proposed algorithm is
shown in Fig. 4(h). The result of the patch match algorithm in
[12], which can deal with moving objects and camera movements,
is illustrated in Fig. 4(g). The visual quality of the two images
are comparable. Both the methods can synthesize the differently

(a) (b) (c)

Fig. 5. Enlarged baby face. (a) baby face in reference image (Fig.
4(c)); (b) baby face in synchronized image (Fig. 4(f)); (c) baby
face in original image (Fig. 4(e)).

exposed images that are captured in dynamic scene into ghosting-
free HDR images. The proposed algorithm is simpler than the
algorithm in [12]. On the other hand, the super-pixel based multi-
scale patch match that is used in the proposed algorithm can be
integrated with the global optimization based method in [12]. The
accuracy of the superpixel based multi-scale patch match could
speed up the convergency of the global optimization based method.

4. CONCLUSION AND DISCUSSION

A new optical flow based algorithm is proposed to synchronize a
set of differently exposed images with respect to a selected ref-
erence image. The reference image is divided into superpixels,
which adhere to the object boundaries. The superpixels are then
used as the search unit of a multi-scale patch match to estimate
the optical flow. A new bilateral weight is also introduced for the
computation of matching cost to reduce outliers. Synchronized im-
ages are reconstructed by using the estimated optical flow. They
are further refined by using a WGIF with the reference image as
the guidance image. The simulation results have shown that the
proposed algorithm can remove both the global variations caused
by camera movements and the local variations resulted from mov-
ing objects. Thus a high quality HDR image can be synthesized
through an existing exposure fusion algorithm.

The similar idea can be applied to estimate optical flow be-
tween two images with the same exposure as the algorithm in [16].
A fixed number of Most similar pixels are stored for each pixel by
the algorithm in [16] which might be memory consuming. The
problem can be avoided by the concept of superpixels as in the
proposed algorithm.
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