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Fig. 3. An example of pixel matching. (a) is the input target image. (b) is the input reference image. (c) is the reconstructed image by the color transformation
model. (d) is the result reconstructed by pixel matching without neighbor superpixels. (e) is the result of pixel matching with neighbor superpixels. Note that
the color transformation model fails to map the correct color to the regions pointed by the red arrow in (c). These errors are corrected by pixel matching, as

shown in (e).
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Fig. 4. Results of image reconstruction. (a) shows the input target images. (b) depicts the input reference images. (c-e) are the reconstructed images of SIFT
Flow (SF) [19], deformable spatial pyramid method (DSP) [32], and HSP2P, respectively. The regions in red boxes of (e) will be enlarged in Fig. 5.

as huge deformation and large displacement. This may cause
some region features (like SIFT descriptors) to be invalid.
Fortunately, most of them are similar in color. Hence, we only
consider the color feature by setting o; = 1, arg = 0 to reduce
the matching error.

As shown in Fig. 4, five pairs of images are chosen to
demonstrate the effectiveness of our algorithm. It appears that
our reconstructed images have more accurate correspondences
than SF [19] and DSP [32]. The reconstruction results of SF
and DSP have many incorrect corresponding patches in large
displacement regions. The reason may be that the methods
based on spatial pyramid cannot well handle large displace-
ment in the images. The performance between our algorithm
and PM [15] is similar, but our results give more details. To
compare the details, we zoom in the regions in red boxes

in Fig. 4 (e), which is shown in Fig. 5. It indicates that PM
fails to match correct pixels in some regions with details, such
as the places pointed by the red arrows in Fig. 5. And why
HSP2P performs better in these regions may be due to the
exact searching strategy in a small region (the corresponding
superpixels).

In order to quantitatively evaluate the performance of our
algorithm, we compute the reconstruction error of the afore-
mentioned three methods. This error is defined as the Root-
Mean-Square Error (RMSE) between the target image and
the reconstructed image. Denote I4 and Ip as the target
RGB image and the reconstructed one, respectively. Then the
reconstruction error e is formulated as follows:
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Fig. 5. Comparison with PM [13]. The first row is the zoomed regions from Fig. E (e). The second row is the corresponding reconstructed regions using

HSP2P (best viewed in color).
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Fig. 6. Comparison of the reconstruction error by SF [19], DSP [32], PM and our HSP2P on the benchmark VideoPairs dataset [17].

where NV, is the number of pixels in the target image.

The histograms of reconstruction error are shown in Fig.
Twenty pairs of images are randomly selected to calculate
the reconstruction error of SF [19]], DSP [32], PM [13]] and
ours. It is clear that our algorithm achieves the most accurate
correspondence results, since the reconstruction error is lower
than others. The reconstruction error of DSP and SF is much
higher than others. One reason may be the limitation of the
pyramid framework. DSP is based on the grid patch pyramid
including different sizes of patches at several layers. The
matching method may stop at a high layer for some images
with large deformation. For example, in the third row of Fig.
[] the patches at a high pyramid layer (i.e. the big patch) are
similar, such as the patch including the body of the boy, but the

smaller patches at a lower layer are not similar, like the patch
containing the girl’s face. Then this method may only use the
matches at a high layer as the final result. However, the image
reconstruction requires high matching accuracy at the pixel-
level i.e. the lowest level of pyramid. Thus, the reconstruction
error of DSP is higher. Similarly, SF may focus on a high
layer because of the multi-resolution pyramid structure.

In contrast, HSP2P and PM pay more attention to the pixel-
level. So the reconstruction errors are lower. Compared with
PM, HSP2P has better matching correspondences in detail as
shown in Fig. [5] which leads to the lower reconstruction error.
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Fig. 7. Comparative results of the color transfer model. (a) Input target images. (b) Input reference images. (c-e) Transferred images of PatchMatch (PM)

[13], SIFT Flow (SF) [19], and HSP2P (a1 = 1, ao = 5), respectively.

B. Color transfer

As mentioned before, our algorithm can find dense corre-
spondences between two images. This can be used in many
image applications, such as color transfer between image
pairs, exposure fusion from an input exposure sequence of
multiple images, and semantic foreground segmentation by the
dense correspondences. Here, we use it for color transfer. This
application is one of the most common tasks in image and
video processing. The goal of color transfer can be viewed as
borrowing the color feature from another image [30]. In this
application, we increase the weight of SIFT feature by setting
o1 = 1 and ap = 5, since the color feature may not be very

accurate for initial matching.

In this subsection, we compare PM [15], SF [19] and
HSP2P. The results of color transfer are shown in Fig. [7}
Firstly, we match the input image pairs by the above methods.
Then all of these correspondences are used to fit the color
transformation model proposed in Section 2.3, except for
HSP2P, since this process has been contained in our method.
The color transferred images of PM and SF are the mapping
images using the color transformation model. As mentioned
before, Barnes et al. [18] only compute the Euclidean distance
of the color feature, where the dense correspondences between
the input images may be effective in the color space. Thus,
the color transfer results by PM in Fig. [7] (c) are not correct
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(a) Input | (b) PM [I5] (d) HSP2P

Fig. 8. Comparative results of exposure fusion. (a) Input multiple exposure images. Only Two images are listed as examples since the space is limited. In our
experiments, we use three images as input. (b-d) Fusion images of PatchMatch (PM) [13], SIFT Flow (SF) [19], and HSP2P (a1 = 1, aa = 5), respectively.
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in many regions. As shown in Fig. [7|(d), the results by SF are
better than that by PM, since SF has utilized the similarity
measurement with SIFT. However, the large displacements
(such as the fifth row of Fig. [/) between the input images
are not solved by SF, which makes the incorrect results of
color transformation in some texture regions. And the extreme
variation of luminance and exposure may make the SIFT
descriptors invalid and to produce incorrect matching corre-
spondences. In contrast, we find the reliable correspondences
and successfully transfer the color characteristics between the
two input images. Thus, our approach obtains much more
pleasing color transformation results (See Fig. [/| (e)).

C. Exposure fusion

Another application of multimedia using our method is
exposure fusion. The goal of this task is to achieve a full
dynamic range of a scene which can preserve details and
color appearances by fusing multiple exposure images. The
most challenging problem is how to process the moving
objects in the scene. A common solution is to align multiple
exposure images (with moving objects) as registered images
and then to fuse them. How to align these images is the most
difficult and critical step for exposure fusion. This step usually
is solved by searching accurate dense correspondences with
moving objects among the input images taken under different
exposure settings. Here, we use our method to find the dense
correspondences between images and then align them as in [7].
Given these registered images, we fuse them using generalized
random walk [33]], [34]], [35]. In summary, the exposure fusion
procedures include the following four steps. The first step is
to select the target image. Here, we use the normal-exposure
image from the input sequence as the target image since more
well-exposed and useful regions are in the normal-exposure
image. Then the proposed method is applied to find the dense
correspondences between the target image and other exposure
images. In the third step, we respectively reconstruct this
target image using the other exposure images to achieve the
registered images. Finally, both the images that contain the
reconstructed registered images and the target image are fused
using the generalized random walk fusion method.

It is worth mentioning that the image color varies greatly
among different exposure images, which leads to the color
feature to be inaccurate. Thus, we reduce the weight of
the color feature by setting oy = 1 and as = 5 in the
proposed method. We compare the proposed method with
other methods of dense correspondences PM [15] and SF [19]
to evaluate its performance in this application. The comparison
results are shown in Fig. |8} where the input image sequences
are taken from [36], [37], [38], [39]. It indicates that our
approach achieves better performance with more details and
well-exposed color, which is shown in Fig. [§] (d). All fusion
results of PM (Fig. [§] (b)) seem to be blurred, especially
the top two images in Fig. [§| (b), while our results contain
more details for better visual performance because of the local
search strategy. Some of them are with underexposure, such
as the fourth image. Some images contain incorrect colors
or textures, such as the regions indicated by red arrows. The

reason for unsatisfactory performance may be that the PM
method only matches the correspondences in the color space
so that it fails to match the regions with high variation of
colors. The fused images of SF (Fig. [§] (c)) have more normal
exposure and contain more details than PM, especially the
third image. However, there are many ghost artifacts in the
regions with moving objects that have been indicated by the
red arrows in fused results. This may be due to the limitation
of large displacement in the SF method. What is more, SF
fails to find the right correspondences in some flat regions,
such as the cloud in the first image, which may be caused by
the invalid SIFT features in these regions. While our method
performs well in not only the regions with moving objects
but also the flat regions. Since we use the global search to
overcome the large displacement problem and combine the
color and SIFT features to get more robust performance.

IV. CONCLUSION

We presented a novel SuperMatch method which finds the
dense correspondences between two images in superpixel-
pixel levels. The correspondence procedure is constructed with
a new hierarchical superpixel to pixel (HSP2P) framework.
The HSP2P framework first estimates the correspondences
of the superpixels in the two images, and then matches
the image pixels under the guidance of the corresponding
superpixels. Color transfer is employed to design a color
correction technique to rectify the color of the images, such
that we can ignore the color of illumination variations during
the matching procedure. Experimental results demonstrated
that our HSP2P framework outperforms the state-of-the-art
dense matching algorithms.
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