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Abstract

We explore the potential of applying a particular shape match-

ing algorithm[2] to the domain of video stabilization. This method

is a natural fit for finding the point correspondences between subse-

quent frames in a video. By using global contextual information, this

method out performs methods which only consider local features in

cases where the shapes involved have high degrees of self-similarity.

Though computationally-intensive, we found it to provide better re-

sults than existing methods without significantly increasing computa-

tional costs.

1 Introduction

Video stabilization is a process with numerous applications, as many cam-

era movements tend to only distract the viewer from the subject matter.
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Numerous methods have been studied and implemented to achieve automa-

tion in this process. This remains a computationally difficult task of image

recognition and interpretation. Many methods look at key points and de-

rive information about each point through their immediate neighborhood

through local features in each frame. We have borrowed the global contex-

tual descriptor outlined by Belongie, Malik and Puzicha[2] to account for

each point’s context in the overall point distribution. Originally described

and applied for the task of recognizing shapes against a library of templates,

this method has been transplanted to find correspondences between the point

distributions across consecutive frames of a video.

2 Problem Statement

Our research focuses on the viability of using this shape matching algorithm

for video processing. Numerous methods for stabilizing video exist; we are

not investigating the overall possibility of algorithmically aligning a video.

Instead, we explore the potential usefulness of a different method. To our

knowledge, the application of this contextual descriptor to videos is novel. It

has been used effectively in other image processing tasks, such as inpainting

from multiple views[3]. We have examined its efficacy and compared it to

already extant video stabilization methods.

The general method for video stabilization is to find point correspon-

dences across the frames, and use these correspondences to determine a

simple parametrized transformation between the frames. How the points

are found, as well as their correspondences are found differ from method to

method. One prominent video stabilization method uses corner detectors to

find the points, local features to find point matches, and RANSAC to remove

matches that aren’t consistent with a simple transformation. This method

is computationally intensive and is non-deterministic due to the random na-

ture of RANSAC. It does not utilize rich contextual local information to a
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significant degree; it looks only at the very close neighborhood around each

point to generate numerous matches. In our approach, instead of RANSAC,

we use the contextual and local information to find matches to a high degree

of accuracy so that no random selection process is necessary to filter out

inconsistencies. This approach reduces the randomness of the solution and

yields a more sophisticated result. We provide a comparison between our

results against the results of this existing method later in section 5.

3 Input Data

Figure 1: Sea Shell Input Data Set [4]

We have a sequence of sea shell sketches (Fig.1) that were taken at dif-

ferent stages of the drawing. The frames were taken at different camera

3



positions and at different scales. The goal is to stabilize these frames to get

a video that, at each frame, shows only the added details to the drawing.

In this case, the video stabilization offers a helpful means of creating a

smooth time-lapse of a drawing that can help artists view and analyze the

process more clearly. Besides aligning a sequence of progressive snapshots

of a drawing, this method is general and can also be applied to aligning

videos of other subject matter. We have found our method to be effective

on other examples, including natural time-lapses of star movements and the

blossoming of a flower.

For the purpose of this paper, we focus on the application to progressive

sea shell sketches since this concise data set demonstrates several interesting

challenges not found in many videos:

• The early images are done in faint pencil, and the contrast differs

sharply from the dark ink present in the later images. This incon-

sistency forces the method to be highly robust to changes in aspects

other than shape.

• The sea shell displays a high degree of self-similarity due to its spiral

shape. Enlarging or rotating the basic spiral shape results in another

spiral very similar to the original. This provides a significant hurdle

to shape-matching for alignment, and forces our method to take into

account all the detail of the sketches to find the aspects which uniquely

determine the overall sketch orientation.

• The content of the image sequence changes dramatically. New details

are added with every subsequent frame, and the amount added be-

tween images varies. This poses a major challenge, as we consider

each points context in the overall point distribution. The distribution

changes between frames, but our method is still very robust under such

aberrations.
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4 Details

4.1 Method

Our method is broken into a few main steps. For every frame in the video,

the same repeating process is used.

1. Find key points in the image.

2. For each point, compute descriptors that represent important charac-

teristics of that point.

3. For each point, find the key point in the previous frame with the best

matching descriptors.

4. Use the resulting matches to compute a transformation to align the

two frames.

To find the key points in each frame, we apply an existing corner detec-

tor supplied by Rosten and Drummond[5, 6]. We won’t go into detail about

this method, as the scope of our research is limited to finding point corre-

spondences rather than the points themselves. However, we do apply some

preliminary image processing to add robustness to our method, as described

later in section 4.4.

The various descriptors that are computed compose the core of this re-

search, and they are described in greater detail in sections 4.2 and 4.3.

The matching is done through a naive, but effective, strategy in which a

matching cost is computed for each pair of points across the two frames, and

the minimal values are found to find each points match. More detail on this

selection process is given in section 4.5.

The transformation is computed simply from the point correspondences

by solving for a best-fit non-reflective similarity transform. This model allows

for rotation, scaling, and translation. These three elements cover almost all

expected changes between subsequent frames of a video; large changes in
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skew, perspective deformations or reflections are unlikely. This model is

always over-determined, and we utilize a least-squares optimization to define

the best-fit transform.

4.2 Global Contextual Descriptor

The global contextual descriptor is the most fundamental descriptor for our

method. It is the novel aspect of our research, and it underlies many aspects

of our method. As mentioned in the previous section, we use a corner detector

to select our points. For the global contextual descriptor, we compute a

matrix that represents the relative distribution of the other points. Thus a

point is characterized not by the values of the image at or near the point

itself, but rather where the point stands in the overall picture. This global

context provides a powerful and rich descriptor for finding correspondences.

This descriptor is taken from Belongie, Malik and Puzicha[2]. It is based

on the notion of creating a 2D matrix that represents a histogram of the

relative positions of the other points. To create this histogram for a given

reference point, we create several concentric circles around this point and

slice them radially. This creates a set of bins around the reference point,

and they are constructed to be uniform in log-polar space. On the left of

Figure 2 is a visualization of the bins. On the right of Figure 2 is the

histogram that is generated. Each bin on the circle to the left is mapped to

a box on the histogram to the right where each row represents a concentric

ring (with the largest at the bottom row) and each column represents an

angular slice (starting at 0 degrees in the leftmost column, and proceeding

counter-clockwise). The histogram is displayed in gray-scale, in which the

bin with the most points is represented as white, and empty bins are black.

Now that we have a histogram for each point, we need to define a metric

to compare two histograms. This metric function given by Belongie et al. [2]

is defined for two histograms hi and hj as follows:
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Figure 2: A Visualization of Contextual Descriptor

Cost(hi, hj) =
∑
k

(hi(k)− hj(k))2

hi(k) + hj(k)
(1)

where hi(k) is the value of the kth bin of hi, along with a similar definition

for hj(k).

The denominator balances out bins with many points to keep them from

dominating the comparison. Instead, only relative differences are considered.

Figure 3 demonstrates the alignment of two consecutive frames. On the

bottom left is the overlay of the original images; on the bottom right is the

overlay of the images after the alignment.

The global contextual descriptor does fairly well when the change between

consecutive frames is subtle. However, it is not robust when large amount

of detail is added between frames, which results in a miscalculation of the

transformation.

For instance in the sequence of sea shell sketches, when the light pencil

sketch is first replaced by the heavy ink work, many more points are de-

tected. This changes the overall point distribution, and skews the contextual

information.
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Figure 3: A Visualization of Two Frame Alignment

4.3 Local Descriptors

By also considering other descriptors, the matching can be improved. Mul-

tiple independent sources of information give the algorithm better chances

at finding good point matches. For each additional descriptor, a new metric

is applied between every pair of points. A linear combination of the metrics

for each descriptor then results in an overall metric, as shown in equation 2.

The coefficients, w1 ... wn, for this linear combination were experimentally

optimized.

Costtotal =
n∑

i=1

wiCosti (2)
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The two local descriptors we choose to include are colour and edge infor-

mation. However, other local features may be useful. Adding more indepen-

dent sources of information tends to lead only to improvements.

4.3.1 Colour

At each selected point, we use the RGB values at that point to compute the

colour cost according an Euclidean distance metric:

Cost(~ri, ~rj) = (
~ri
||~ri||

− ~rj
||~rj||

)2 (3)

~ri and ~rj are the 3D vectors with the red, green, and blue values at

the points as independent components. Normalization adds robustness to

illumination changes; if one frame is dimmer than the other, this change will

be cancelled out.

The colour descriptor utilizes the colour of the point in the image. It

depends only on the point itself, not the overall point distribution. Thus, it

is independent of the global contextual descriptor. This descriptor is useful,

but it is not too effective alone. Many different points in an image will

have the same RGB values; this cannot provide unique matches. This is

particularly true in our case, where the image is almost entirely shades of

white, gray, and black. However, since the different metrics are weighted

accordingly, this information helps without hindering.

4.3.2 Edge

Another local descriptor we utilized is the local edge information. The pro-

cess to compute this descriptor for a given reference point is as follows:
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1. Apply a Prewitt operator to the image:

Prewittfilter =


1 1 1

0 0 0

−1 −1 −1



2. Find the resulting points with the maximum intensity.

3. Compute a log-polar histogram of the distribution of high-intensity

edge points nearby the reference point.

4. Apply the same histogram metric (Eq. 1)

Figure 4 shows the result of applying the Prewitt operator to an early

stage of the sea shell sketch. On the right is the original light blue sketch

that is very faint. On the right is the same image after we apply the filter.

The filter separates out a clear set of high-intensity edge points that we can

use.

Figure 4: Applying Edge Filter

In contrast to the global contextual descriptor, this one uses the distri-

bution of high-intensity edge points rather than the distribution of the other

reference points (which were found as the corners in the frame). Also, this

descriptor considers only the distribution close to the reference point; the
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radius of the farthest bin in the histogram is significantly smaller than in

the global context histogram. Only the local edge features of the image are

considered.

4.4 Preprocessed Frames

Before passing the frame to the corner detector, we apply some basic image

processing to help provide consistent detection.

1. Apply a basic edge emphasis filter, with the given kernel.

kernel =


0 10 0

−10 0 10

0 −10 0


2. Convert the RGB result to gray-scale.

3. Apply an equalization function to stretch the intensities to take up the

whole 0-255 range.

4. Apply a median filter to remove the numerous specks of noise.

This results in an image with dramatic changes of intensity at the edges

present in the image, with much of the noise removed. Only major structural

elements remain. This quick process vastly increases the consistency of the

corner detector. In our sample data, these transformations allow the method

to successfully align the early faint pencil sketches as well as the later dark

ink stages.

4.5 Improve Matching

For every point selected in one frame, we find its best match in the next frame,

defined as the point in the next frame with the smallest value from our overall

metric. However, not every point has a valid match. Sometimes a point in
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one frame may not have an equivalent point in the other frame; and trying

to use the best match for it will only harm the resulting transformation. An

accurate transformation depends on having accurate point correspondences.

4.5.1 Eliminate Bad Matches

We try to remove matches that do more harm that benefit. This process has

four main steps:

1. Use all the matches to compute a transformation.

2. Apply the transformation to the reference points in one frame and

compare their positions to their presumed matches in the other frame.

3. Throw away the 20% of matches with the farthest distance after the

transformation.

4. Recompute the transformation with the remaining matches.

Points which remain far from their corresponding points after a trans-

formation are likely incorrectly matched. The initial transformation is good

enough for this to be reliable; the inaccurate transformation should still map

the correct matches significantly closer than the invalid matches. Just run-

ning one pass of this refinement algorithm provides effective results.

4.5.2 Forcing Uniqueness

One naive way for matching is to consider each point in one frame, and find

the point in the next frame with the smallest value from our metric. This

selection process is simple, and fairly effective. However, it does lead to a

high amount of shared matches, where two or more points in one frame map

to a single point in the next frame. In cases where the earlier frame has more

points, this is guaranteed to happen.
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Consider two points in one frame being mapped to a single point in the

second frame, where one match is correct and the other is wrong. Our trans-

formation calculation uses a least-squares optimization, which will try to

appease both matches, and thus will fully realize neither. A good match is

almost completely neutralized by a bad shared match. In cases where a point

has no true matching point in the other frame, it is very likely to match up

with a completely unrelated point and lead to unsatisfactory transformations.

Instead, we apply a simple greedy algorithm to find the best one-to-one

matches. This process is also very simple, but provides better results.

1. Find the pair of points between the frames that are closest as defined

by our metric.

2. Declare those two points a match and remove them from future con-

sideration.

3. Repeat the above steps until we run out of points in either frame.

Now the best matches are protected from the influence of the others. Points

with no good match will be saved for later, and at worst will get matched

with other bad points. Combining this with the work of section 4.5.1 will

leave only the best matches.

5 Related Work

As a test of our method, we compare it to a prominent video stabilization

method using local features to find point matches and RANSAC ( RANdom

SAmple Consensus) [7] to find the best transformation. The local features

provide numerous point matches, many of which are incorrect. The basic

idea of RANSAC is to pare down the matches by taking random samples

of the point correspondences and finding inliers. Point correspondences that

do not appear to fit with the same transformation as most of the group are
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labelled outliers and removed. This provides good results when given point

correspondences that are mostly correct, but it relies on random chance. The

non-deterministic nature of this method can be undesirable. One cannot

always depend on RANSAC to give the same exact result each time.

Our method finds much more meaningful point matches. The ratio of

correct matches to incorrect matches is high enough that reliable frame

alignment can be achieved without needing to resort to the probabilistic

techniques of RANSAC. This method is completely deterministic; the same

input data and parameters will always return the same alignment.

To compare the two methods, we provided both the same preprocessed

frames and examined their respective outputs. This was done with a pre-

existing implementation of RANSAC video stabilization [1]. The comparison

yields some pleasing results:

• RANSAC’s stabilized video result isn’t consistent. For every run, we

get a different alignment of the video.

• Most of the runs of RANSAC failed significantly. Incorrect transfor-

mations were common, often translating the image completely out of

the frame or zooming in on a small portion of the sketch.

• For RANSAC, although the last few frames done in ink were often

aligned correctly, the alignment of the first few frames done in the light

blue pencil sketch failed completely. They were not aligned at all.

• The run time for RANSAC is very long, considering the amount of

repeated random iterations it uses.

Although this is only a single comparison, we can confidently say our

method performs consistently better than RANSAC; and it is robust to a

variety of special properties such as the ones mentioned in Section 3.

The biggest obstacle in utilizing contextual information in video stabiliza-

tion is the high computational expense required. However, after comparing
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our method to RANSAC, it is clear that the computational cost of RANSAC

is about as high as our method. Therefore it is not impractical to use con-

textual information to improve existing video stabilization methods, if not

replace them entirely by our method. This method is promising, and worthy

of further investigation.

6 Conclusion and Future Work

Figure 5: Comparison of Average Frames

The result of our video stabilization method is very encouraging. In

Figure 5, we show the average frames comparison. On the left of Figure 5 is

the average frames of the original sketch sequence; on the right, is the average

frames of the aligned sketch sequence. Although slightly blurry, most of the

shifts and rotations have been eliminated from the aligned average frames.

As a comparison to the original average frames, it is a huge improvement.

As shown through our method, use of contextual information is beneficial

in video stabilization. As we demonstrate through our specific data set,

utilizing the contextual information can help increase the robustness of video

alignment, especially when used on videos with properties that may confuse

other algorithms. While we need further investigation to determine whether
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this method can completely replace the existing video stabilization methods,

we have successfully demonstrated that this technique of using contextual

information is viable for video stabilization, even in a situation where other

methods falter.

There are directions left for future work. First, although this method

proves to be less computationally expensive than we originally thought, it

still takes quite some time, especially when the amount of points selected

increases drastically. Therefore looking into reducing the runtime cost is

definitely a good idea. Second, our method as it stands currently reduces

almost all the camera movement; however, there are still very small shifts

left between frames. To eliminate this remaining inaccuracy and have a

perfect alignment, we need to look further into how to find matches. One

avenue would be to integrate these contextual descriptors into other existing

methods. Other potential improvements include considering more than two

frames at a time to create smoother and more consistent transformations, and

exploring new means of finding key points in each frame. Trying to cluster

points based on groups which appear to move together can lead to more

flexibility. For example, in a video containing both a moving foreground and

a moving background, being able to choose which movements are stabilized

could be useful.

Furthermore, we want to try our method on other data sets and test

its robustness on videos that have other special properties that challenge

the conventional stabilization approaches. By testing our method on those

videos, we hope to further improve our method and eventually develops a

robust algorithm that achieves perfect alignment on numerous types of videos

without requiring intervention and fine-tuning by the user.
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