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ABSTRACT

In this paper, we propose a method to align multiple images
of the same category. Images with large variations are
aligned via a smooth transition formed by some intermediate
images. These intermediate images are found by shortest
warping path algorithm on a directed complete graph.
Moreover, the common regions in the images are discovered
to further improve alignment performance. The experimental
results show that our method is effective to map and align
images of the same category but with large variations of
appearance, shape and view.

Index Terms— Object alignment, SIFT flow, shortest
warping path

1. INTRODUCTION

Image alignment is a fundamental problem in many
computer vision applications, such as image stitching, face
recognition and stereo matching. Image alignment is to find
the correspondence between images, where these images are
with variations caused by the change of motion, viewpoint or
different instances of the same category etc.

Early stage alignment algorithms can only handle images
with small variations. For instance, optical flow estimation
[1] is based on the assumption that the same pixel is shared
between two images with different coordinates. Therefore,
optical flow is suitable to find the correspondence between
two adjacent frames in a video, where pixels are shifted by
the motion. However, the shared pixels constraint is too
strict for more general alignment problems.

The correspondence between images of the same
category is far more complex than the situation considered
in optical flow. Various methods are proposed to align the
images of the same object category by using some invariant
local descriptors [2, 3]. Nevertheless, the descriptors in these
methods cannot locate the objects accurately unless the
objects are salient and similar with limited background
clutter.

Aligning the same scene with different viewpoints is
successfully solved based on interest point detector and
SIFT descriptor [5, 6]. The invariance property of interests
point detector ensures that the same point can be detected in
images with viewpoint changes, while the invariance

978-1-4799-2341-0/13/$31.00 ©2013 IEEE 765

property of SIFT descriptor gives the same point with
similar measurements. Unfortunately, interests point detector
is not invariant to the variations in the same category, and
cannot be reliably applied to visually similar scenes.

To address this issue, Liu et.al. [4] proposed SIFT flow
to use dense sampling instead of interests point detector and
optimize a similar objective function with optical flow. The
objective function favors SIFT descriptors along the flow
vector to be similar, small flow vectors and adjacent flow
vectors to be similar. Images of similar scenes satisfy all the
three conditions and can be well aligned by SIFT flow, as
shown in Fig. 1(d) and Fig. 1(e). However, the
corresponding points in images of the same category may be
with more variations in terms of SIFT descriptors and have
large flow vectors, which do not satisfy the conditions of
SIFT flow. Besides, images of the same category only share
some common regions but with different background regions,
it is not reasonable to require the flow vectors in all regions
satisfy the same conditions. In Fig. 1(f), we illustrate a
failure case of SIFT flow.
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Fig. 1 Alignment results of different image pairs. (d), (e), ()
are the warping results along the black solid arrow. (g) is the
warp result by the sum flow vector fields, (c)—(b) and
(b)—(a), here (b) is an intermediate image to align (c)—(a).

To align images in the same category, we propose to
align images with large variations via some intermediate
images. The method is illustrated in Fig. 1, to align (¢) to (a),
we first find an intermediate image (b), and align (c) to (b),
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then align (b) to (a), and obtain the flow vector of (c)—(a)
by summing the flow vectors of (c)—(b) and (b)—(a), and
achieve the final warp result (g), which is much better than
directly align (c) to (a).

Based on the alignment results, we proposed a common
region discovery algorithm, and define a new objective
function to put more weights on the common region.

After briefly reviewing SIFT flow in Sec. 2, we
introduce the proposed algorithm in Sec. 3. In Sec. 4, we
present the experimental results.

2. BRIEF REVIEW FOR SIFT FLOW

SIFT flow adopts dense sampling based SIFT, i.e., for every
pixel in an image, a 128-dimensional SIFT descriptor is
extracted from the patch around the pixel, and the processed
image is called a SIFT image [4].

SIFT flow based image alignment tries to match the
SIFT features in different SIFT images, and generate a flow
field similar to optical flow which describes the
correspondence between the SIFT features. The energy
function for SIFT flow contains three terms: data term, small
displacement term and spatial regularization term, and is
formulated as:

E(Ii - Ij;wi,j) = ZEData(p)
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where image /; is warped to [;, p = (x, y) is the coordinate of
image /;, € means p’s spatial neighborhoods.
And the three terms are defined as:

Epi (D) =|s:(p)=5,(p+w,(p))], @
EDisplacement (p) = (|u(p)| + |V(p)|) (3)
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where w; ;(p) = (u(p), v(p)) is the flow vector warping /; to /;
at the p coordinate, u(p) and v(p) are the horizontal flow and
vertical flow respectively.

The data term tries to match the SIFT feature along the
flow vector, the displacement term constrains the flow
vectors to be as small as possible when no other matching is
available, and the spatial regularization term tries to make
sure the flow vectors of neighbors to be similar. The energy
value can be used to measure the quality of alignment.

3. ALIGN MULTIPLE IMAGES OF THE SAME
CATEGORY

3.1. The shortest warping path discovery
Given a set of images {I;}"; from the same category, we
formulate the multi-image alignment problem as:
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where E(I—1; w’;;) is defined by Eq. (1). w’;; is the flow
vector field from /; to ;.

It is clear that minimizing Eq. (5) can be decomposed
to minimize the energy between every image pair. We first
use SIFT flow to minimize the energy between every image
pair. However, some image pairs with large variations
cannot be reliably aligned by directly using SIFT flow as
illustrated in Fig. 1(f). For an image pair /,—I; with large
variations, we further minimize its energy by finding a
warping path via some intermediate images. The flow vector
field of /;—1; obtained via intermediate images is defined as
the summarization of flow vector fields along the path, and
the energy of the flow vector filed is defined as the distance
of the path. Thus, finding the shortest warping path is
equivalent to minimizing the energy via every possible
warping path.

To find the shortest warping path between every image
pair, we first construct a directed complete graph, the
directed edge represent the warping relationship between
two images, as shown in Fig. 2.

E(I,I,,...

Fig. 2 The directed complete graph for multi-image. The red
dash line illustrated a warping path.

The weight of every edge is initialized as the energy

calculated by SIFT flow:

dist(1,,1,)=E(, > 1;;w,;) 6)
where the flow vector field w;; is produced by SIFT flow
directly. Then, the energy between image pairs via some
intermediate images should be optimized further. That is
solving the shortest path problem.

According to Eq. (1), directly adding the weights of
connected edges as the weight of sum flow vector is not
reasonable. In fact, the sum of arbitrary two edges’ weight is
greater than one edge’s. Thus, directly utilizing the shortest
path algorithm will find no shorter path than direct image
pairs.



3.2. Sum principle of warping
Based on the consideration in Section 3.1, we proposed a
novel sum principle, so that the shortest path algorithm can
be utilized. According to the description that how to obtain
optimize flow vector field in Section 3.1, the flow field w’;;
of I;/—1; via intermediate image /; is defined as w;; + wy;.
Thus, the novel sum principle is proposed based on the flow
vector field. For two connected edges, the sum of weights is
defined as:

dist(1,,1,,1,)=E, > 1w, +w, ;) (6)

Wi T wy; means the SIFT descriptors in /; are matched to

I; via the SIFT descriptors in /;. If the flow vector field meet
the condition:

dist(li,lk,lj) < dist(ll.,lj)

then warping path is a shorter warping path.

With the novel sum principle, seeking the shortest
warping path can be transformed into the shortest path
searching problem in a directed complete graph. This
problem can be effectively solved using some classical
approaches, here we use Dijkstra’s algorithm.
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3.3. Common region discovery
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Fig. 3 Warping a pixel of common region along arbitrary
two warping paths.

To align images of the same category, we focus more on the
alignment quality of category-common image regions rather
than image-specific image regions. Thus, discovering the
common image regions will benefit the alignment.

From the above section, the optimized flow vector field
for arbitrary image pair can be obtained by adding the flow
vector fields along the warping path. By observing the flow
vector fields, we find a fact: in multiple-image alignment,
the flow vector field of the common part is stable while
other part is littery. Based on this fact, we propose a method
to discover the common regions in multiple images by using
the optimized flow vector fields.

For warping image /; to [;, several suboptimal warping
paths can be found whose weights are larger than the weight
generated by the optimal warping path. In our experiment,
we choose 3 suboptimal warping paths. Every pixel in /;
could be warped to /; along arbitrary two warping paths.
Intuitively, along these flow vector paths, the warped
locations of pixels in common object stable, while the
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uncommon part has low possibility to be warped to the
stable locations, as shown in Fig. 3.

Base on the fact, we can obtain the common region for
arbitrary two warping paths from /; to /; using the follow
criterion:

W(p)r+ =0 st Wy, (P)ENMW, (D)) (B
where Wi(p) is weight of coordinate p in image I;, Geons 1S @
constant, w;,;and w;, ;are the summation flow vectors along
the corresponding warping path respectively, N is the
neighborhood whose size is 7%7 in our experiment.

As the weight accumulating, a heat map can be generated
when multiple images are warped to same image along
several warping paths. Some images’ heat maps are shown
in Fig. 4.

(a)
F. 4 Heat map for common region. Column (a) is the
original image; column (b) is the corresponding heat map,
the light part are with large weight; column (c) is the
processed image wiping off low-weight pixels.

3.4. Heat map based image alignment
The heap map generated by the method in Section 3.3 has
ability to mark the common region roughly. Fortunately,
heap map could wipe off the messy background while
highlighting the common region.

According to the heap map, we can redefine the Eq. (1)
as:

E'([i51j) = ZVVi(p)EDam(p)

pel;
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where W(p) is the weight of pixel p. This change is
motivated by trying to match the common object more
accurately.

4. EXPERIMENT

In our experiments, we collected a dataset including 123
images from car-side image set in Caltech 101. To build the



directed complete graph, original SIFT flow is utilized to
compute flow vector field for all image pairs, 123x122 pairs
in total. The weights of these directed edges are assigned as
energy computed by SIFT flow. For the purpose of
facilitating comparison, we randomly pick up an image and
align the other 122 images to the image.
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Fig. 5 The evaluation of shortest warping path. The blue
curve: the energy computed by original flow vector for every
image pair. The red curve: the energy computed along the
shortest warping path for corresponding image pair.
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Fig. 5 shows the comparison of the energy value of the
method of shortest path and SIFT flow on all 122 image
pairs. The method of shortest warping path is with the same
energy as SIFT flow on 67 image pairs, i.e. these images are
directly aligned without intermediate images. In the left 55
image pairs, our method achieved lower energy compared to
SIFT flow. To further evaluate the quality of different
alignment methods, we manually labeled 16 points on each
image, which are on the outline of car body, car window and
wheel. Fig. 6 shows an example of our result, and the points
in the red circle are counted as correctly aligned.

Fig. 6 One visual example of shortest warping path strategy.
The left image shows the location of 16 labeled points. The
lines show the flow vectors which generate the
corresponding warping points in the right image.

Fig. 7 shows the mean distance between the warped
points and their corresponding annotation points. Obviously,
SIFT flow could not align annotation point 1 and 2 well
since those are bumper beam and car light which have large
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variations between different cars. Relatively, the shortest
warping path strategy can weaken these variations through
adding some intermediate images, because of fewer
variations between adjacent intermediate images.

On the other hand, shortest warping strategy has much
better performance on the point 11-16 which locate on the
wheels. This result is reasonable, because the wheels are
most apparent common region in the car category just shown
in Fig. 4.

The method using Eq. (9) has improvement compared
with SIFT flow. Although, it does not have better
performance than the shortest warping path strategy, it could
provide more accurate flow vector field initialization instead
of Eq. (6) and promote the shortest warping path strategy’s
performance. Moreover, new adding images can be warped
much better without building the directed graph.
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Fig. 7 The evaluation of different warping categories using
human annotation.
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5. CONCLUSION

With the proposed shortest path and common region
discovery method, the alignment quality of multiple images
in the same category is improved. However, more work
should be done for non-rigid object. Although, the common
region is learnt roughly, the result is reasonable, such as car
and road coexist generally. In the future work, we will focus
on the expected common object learning, and further
improve the warping quality using the common object part.
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