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Abstract

In recent years’ uses of hand-held camera, portable camera, firemen’s
head camera, robot camera has increased a lot. However, the videos captured by
these types of cameras are generally unstable, filled with unwanted shaky camera
motions. Therefore, a demand for digital video stabilization has increased. There are
several researches about digital video stabilization based on block-based motion
compensation and feature point based motion compensation for video stabilization.
However, those algorithms are computationally expensive and also cannot handle
uncertain and big motions such as unstable motions generated by firemen’s head
cameras. In this paper, an improved video stabilization method with image stitching
has been proposed. Also, the computational complexity of SIFT (Scale-Invariant
Feature Transform) is reduced and the matching is improved to improve the
accuracy of the stabilization.

Image stitching using SIFT (Scale-Invariant Feature Transform) is done to
perform improved video stabilization. After SIFT feature points are extracted and
matched between two frames of unstable video, the appropriate mathematical model
relating pixel coordinated from one frame to pixel coordinates in other frame is done
by estimating the homography matrix between them. All the pixels of next frame are
transformed according to the current frame with the homography matrix and the
pixel values. Transformed frames in every iteration are stitched together to get the
stitched stabilized frames.

To improve the SIFT feature point matching and improving ‘classification
error’ the searching area of the keypoints are considered. After initial matching with

KNN matcher those matching keypoints are removed from the match list whose



displacement from one frame to other is lager then a threshold value.

To reduce the computational complexity of SIFT feature point the
descriptor vector’s size is reduced to 24 from 128. A restriction also implemented on
the number of SIFT feature points to be extracted. A region based SIFT feature
points extraction is proposed in the paper to reduce the effect of ‘“measurement error’.
Keypoints are extracted in different regions of the frame and then merged together to
the full frames keypoints. This method ensues that the keypoints are well distributed

over the image frame.

KeyWOFdS: Video Stabilization, Image Stitching, SIFT, Image Processing

Student number: 2012-23951
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1. Introduction

1.1. Foreword

Video stabilization is one of the most discussed topics for many years.
Video stabilization is done to remove unwanted shaky motions from videos which
are common in fireman’s helmet camera, hand-held video cameras, robots cameras
etc. Most of the researches concentrate only on shaky videos generated from hand-
held devices. This means very little motions are only considered while stabilizing
videos. However, this research is mainly focused on videos generated from
firemen’s helmet camera. Also, this algorithm can be used to stabilize any kind of
unstable video. The videos generated from firemen’s camera have several motions
and they are very uncertain, which can be removed by the proposed algorithm. In
addition, as the stabilization is done by stitching frames together, it is easy to know
the surroundings of the fireman. The traditional video stabilization algorithms out
puts only the transformed next frame according to the previous frame, but the
proposed algorithm will output the stabilized current frame stitched with all other
previous frames.

The matching procedure is also improved by checking the keypoints frame
wise displacement in this paper to enhance the quality of the video stabilization.
Experimental results show the improvements in matching algorithm in the section 6.
To reduce the computational complexity of the algorithm SIFT descriptor vectors
dimension has been reduced and also the number of keypoints to be extracted in
every iteration have been restricted after performing the matching improvements.

Section 6 also shows comparison between traditional video stabilization algorithms



results and the proposed stabilization approach with image stitching.

1.2. Video Stabilization Problem Definition

Given a video which has several kinds of unwanted shaky motions between
any two consecutive frames, we want to remove those uncomfortable video motions
to make it stable. Those motions may have rations, translation or scale difference
between two consecutive frames. The goal of video stabilization is to get a smooth

video without any visible frame-to-frame jitter.

1.3. Research Material

The Research was done under Computer Architecture and Parallel Processing
lab. All the source codes, test videos, demo videos are present in Computer

Architecture and Parallel Processing lab. A request can be made to capp lab via

website (http://capp.snu.ac.kr) and also can directly email the author

at mostafiz@capp.snu.ac.kr.



http://capp.snu.ac.kr/
mailto:mostafiz@capp.snu.ac.kr

2. Previous Work for Video Stabilization

Video stabilization techniques have been widely studied in several ways with
different issues and weak points. Video Stabilization generally follows 3 main steps
local and global motion estimation, motion filtering and image composition or
image enhancement. Figure 1 shows a general overflow of traditional video

stabilization procedures.

Input Frame Motion Motion
Estimation Filtering
Image Stabilized
Composition frame

Figure 1: Overflow of traditional video stabilization

In order to understand the traditional procedures of video stabilizations a brief
history and discussion is given to understand the whole thing without referring to

many other papers.

2.1. Block Matching Based Video Stabilization

In early days, ‘block matching’ was used to estimate local motion and remove

unwanted motions [1], [2], [3]. These algorithms extract global motion information



from a sequence of images by using block matching and then process those motion
vectors to remove outlier motions to reduce the effect of global motions. They also
use different adaptive filters to refine motion estimation from block local vectors.
Block matching approaches mostly gives good results but sometimes gets misled by
any moving objects presents in the un-stable video. Because of the moving objects
wrong motions are estimated and those wrong estimations results into incorrect
wrong stabilized video and also, any descriptor is not associated to a block to track
the block in consecutive frames. Also Block based stabilization algorithms are

sensitive to illumination; noise and motion blur [11].

2.2. Feature Points Based Video Stabilization

Feature points based video stabilization methods are very popular for their
good performances. Many different methods have been researched in this field.
Some of them uses corner feature points[24] and optical flow to calculated the
motion information, where as other researches are done with Scale Invariant Feature
Transform(SIFT) feature [26] points and many other uses Speeded Up Robust
Features(SURF) feature points [22] to do video stabilization. Most of these feature

based stabilization are done by this steps —

o Feature points are extracted in consecutive frames,

e Motions information are calculated by tracking those feature
points frame by frame,

e Motion filtering is done to distinguish the global and local

motions and



e Motion compensation to remove the unwanted motion from the
unstable videos.
For motion filtering several filters are used in years such as- Kalman filter
[27], particle filter [25], and Gaussian filter [24], Motion Vector Integration (MV1)
[23]. Most of these researches give good results, but the conversion from Cartesian
to log polar coordinates sometimes brings significant re-sampling error. Also they
are computationally very expensive because of the motion filters is done for every

frame.



3. SIFT Feature Points Matching and Homography

Matrix

For working knowledge in this section previous work related to this
researches (SIFT, Homography matrix, RANSAC) is given, so that the reader don’t

need to refer several materials/papers for each topic.

3.1. SIFT Feature Points

The Scale Invariant Feature Transform (SIFT) [4] is an algorithm to find and
describe scale invariant feature points in image. SIFT transforms image data into a
feature vector, each of this vectors are invariant of image rotation, scaling,
translation and also robust to local geometric distortion. SIFT feature points detects
the dominant gradient orientation at every location and records that according to its
orientation to the histogram bin. SIFT point extraction mainly consist of the

following stages-

3.1.1. Scale Space Generation

To detect a keypoint the image is examined in different scales with
Gaussian blurring to find the strong feature which occurs at multiple sizes of
image. To find a scale invariant feature, localization of stable features across
multiple scales is done in a space call scale-space. Laplacian of Gaussian is found

for the image with various ¢ values. LoG detects blobs in various sizes due to



change in sigma (o). SIFT algorithm uses Difference of Gaussians (DoG) which
is an approximation of LoG. Difference of Gaussian is obtained as the difference
of Gaussian blurring of an image with two different sigma’s (o). Which means to
create a Gaussian pyramid. The original image is consecutively blur using a
Gaussian filter, at the end of the level the original image is scaled down and the

process is repeated. The procedure can be represented by the Figure 2.

Scale ﬁ :__::,ta—p
{next ﬁ ‘ﬂ

octave)

Scale
{first
of tave)

Difference of
Gaussian Gaussian (DOG)

Figure 2: Gaussian pyramid

Once these DoGs are found the images are searched for local extrema over
scale and space. If a pixel is extrema that is either minimum or maximum, the

process is repeated in the next space scale level. So the points which are not

Rl T
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extrema are easily rejected and extrema points are considered as potential
keypoint. Because of these local extrema which are found repeatedly in multiple

scales SIFT has the scale-invariant property in it.

3.1.2. Keypoint Localization

Once the potential keypoints are found in the previous step, they are refined
to get more accurate keypoints in this step. This is done by a Taylor series expansion
of scale space to get more accurate location of the extrema. If the intensity of the
etrema is less than a threshold value then the extrema is rejected.

For removing the points in the edges two perpendicular gradient is
calculated for each point. If the ratio is greater than a threshold value the keypoint is
discarded. So, it basically removes those keypoints which are low-contrast or edge

keypoints.

3.1.3. Orientation Assignment

This step assigns a consistent orientations to the keypoints survived after
previous tests. Use the keypoints scale to select the Gaussian smoothed image L,
from above then compute the gradient magnitude, m and 6 by using the equation (1)

and (2).

mx,y)= V(L +1y) - Lx—1,y)* + Ly + D - Ly - D)2 (1)
0(x, y)= tan_l(% —L(x—1,y)) —(2)



An orientation histogram with 36 bins covering 360 degrees is created.
Samples located around the feature are added to the histogram using a Gaussian
weighted circular window with 6=1.5 times the scale of the keypoint. The highest
peak in the histogram is taken and any peak above 80% of it is also considered to
calculate the orientation. It creates keypoints with same location and scale, but

different directions. It contributes to the stability of matching.

3.1.4. Keypoints Descriptors

At this stage the keypoint’s descriptor is created. To create the descriptor of
a keypoint a 16*16 neighborhood is taken and is divided into 16 sub-blocks of 4*4
size. Within each 4x4 window, gradient magnitudes and orientations are calculated.
These orientations are put into an 8 bin histogram. So, a 128 dimensional (4*4*8)
vector is used to put the 128 bin value for each keypoint descriptor. Finally, the
feature vector is further modified to achieve robustness against illumination and

rotation changes.
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Figure 3 shows a 2x2 descriptor array computed from an 8x8 set of samples,
whereas the experiments in this paper [4] use 4x4 descriptors computed from a

16x16.

Figure 4: SIFT feature points

Figure 4 shows an example of detected SIFT feature points after
performing all the previous steps. The image is taken from the reference images

provided by opencv.
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3.1.5. Feature Points Matching

Keypoints between two images are matched by identifying their nearest
neighbors. Feature points matching needs to be done in order to know the
corresponding keypoints in next frame and also to know the new positions of the
feature points from current frame to next frame. Test image scans the feature for best
matches and uses a system to decide the correct object. SIFT feature matching can
be done by Brute-Force [20] matcher with cross checking. The aim is to make the
matching results as good as possible. This method gives better result than the ration
test proposed by D.Lowe [4]. In this method a Knn (k==1) Matching is done in both
the ways i.e KnnMatch(imgl,img2) and KnnMatch(img2,img1) and it returns only
those pairs (i, j) such that for i-th query descriptor, the j-th descriptor is in the

matcher’s collection is the nearest for imgl to img2.

¢ ¢ ¢

knnMatch(greens, reds) knnMatch(reds, greens) crossCheckMatching

Figure 5: Brute-Force matcher with cross checking

Figure 5 [32], shows an example of Brute Force matcher with cross checking

with KNN==1 is considered. Here randomly picked 2D samples data are shown with

11



red and green colors. In the first plot green colored points are the query data set,
which means for the green points nearest neighbor red points are searched and each
arrow represents a correspondence for that green colored point. In the second plot
the query data set and the train data set is changed i.e red colored points are query
data and green colored points are train data set. The arrow from re to green color
data represents that particular point nearest correspondence. Finally in the third plot

a cross checking is done to find bi-directional arrows for good matches.

3.2. Homography Matrix

Homography is a mathematical term for mapping points from one surface
to other. In Computer Vision, homography almost always refers to mapping points
between two image planes that correspond to the same location on a planar object in
the real world [6]. Here, homography is a 3 by 3 matrix, which can give
information’s about image translations and rotation. To find such information
between current frame and next frame a homography matrix is estimated. If F1 and
F2 are points from framel and frame2 correspondingly then the homography matrix

(H) between them can be represented by-

H11 H12 H13
H21 H22 H23
H31 H32 H33

[F1]=H (74 R — 3)

If two images are related by a homography, it is possible to transform image
points from one image to other, once the matrix is estimated. In order to get correct

and stable transformed image, it has to be ensured that the homography matrix is

12



estimated with good matched points only. Otherwise the estimated homography
matrix will be wrong, which will affect the transformed image. However, in practical,
it is difficult to guarantee that the SIFT point matching with descriptor information
will return perfect results. So, to estimate a robust homography matrix RANdom
SAmple Consensus (RANSAC) method had been implemented in the proposed

algorithm, which is described in section 3.2.1.

3.21. RANSAC Algorithm

The RANSAC [6] algorithm aims at estimating a given mathematical entity
from a data set that may contain a number of outliers. The idea is to randomly select
some data points from the whole data set and perform the estimation only with the
randomly selected data points. The number of randomly selected points should be
the minimum number of points requires estimating the mathematical entry [10].

In [6], author shows, how even in a simple two dimensional case, the
extreme outlier (“poisoned point”) fools a highest disagreement elimination iterative
least square method. RANSAC was created to be robust in presence of outliers.
Rather than attempting to operate on as much of data as possible to find an initial
solution, RANSAC begins with the smallest solution set possible for task and keep
on modifying it until the end.

In case of homography matrix we need minimum 4 pairs of points i.e four
SIFT feature points from current frame and 4 feature from the next frame whose
descriptors matches. Initially, homography matrix is estimated with those randomly
selected 4 matches. All the other matches in the match set are tested against the
epipolar constraint that derives from the matrix. The matches who fulfils the

conditions forms the support set (“inliers’) of the homogrpgy matrix. The larger the

13



support set is the probability of getting the homography matrix accurately increases.
If one or more randomly selected matches are wrong, the support set size will
decrease and the estimates homography matrix will also be wrong. The aim is to get

a large set of inliers. RASAC algorithm is summarized in Figure 6.

Select four matches (randomly),

Compute homography H,

Keep largest set of inliers ,

Gotostep 1,

Re-compute H estimate with all the inliers.

ogrwdE

Figure 6: RANSAC algorithm for homography matrix [14]

3.3. Image Stitching

Image stitching is a process to combine or integrate two or more images,
which have some over lapping areas. In general, images are matched with some
feature point information and then images are transformed according to same view
points and stitched together in a bigger image. Image stitching is widely used in
several fields over the years’ such as- Panorama image generation [7] and [17] for
creating wide angle and high resolution images medical image generation [15], for
image mosaics [18] and [19]. For image stitching feature based approaches are
mainly used for example- corner point based image stitching [21], Edge based
stitching[19], SIFT points based[7], SURF points based[16] etc. Corner features and
edge feature based image stitching are sensible to noise, whereas SIFT based image
stitching is more accurate as SIFT points are rotation, translation and scale invariant.

Though SIFT based stitching are computationally high but the quality of stitching is

14



much better with it. In this research paper SIFT based image stitching used for doing

video stabilization.

Figure 7: Example of image stitching

Figure 7 shows an example of image stitching; here two different images
were taken from different point of view. Second image is transforming according to

first image’s view point and then in a larger blank image.

15



4. Improved Matching and Fast SIFT Extraction

To improve the accuracy of the stabilization an improved matching
procedure is proposed to get more correct matches. To reduce the complexity two
things is done, first the keypoints descriptors dimension is reduced, 2™ the number
of keypoints to be extracted is restricted to a certain number. A region based SIFT
feature point extracting is also proposed to ensure that feature points are well

distributed over the frame.

4.1. Modified Matching Approach

Classification errors generally occur when a feature detector incorrectly
identifies a portion of an image as an occurrence of a feature. (e.g. wrong match). To
improve the stabilization accuracy the matching procedure is need to be improved.
Most of the classification errors are removed with the two way Brute-Force
matching procedure. To further remove the matches which are the reasons for the
classification error is removed by reducing the searching area for keypoints in the

next frame detailed description in section 4.1.1.

4.1.1. Searching Area Restriction

For perfect image stitching it is very important to have an accurate
homography matrix. And, the estimation of homography matrix as described in

section 3.2 is directly related to the matched keypoint. So, it is very important that

16



the matching set have correct matches as much as possible. The initial matched
keypoints are found with Brute-Force Matcher as described in section 3.5.1. To
further remove the incorrect matches the area to search the correspondences in the
next frames is restricted with in some specified area. Different researches also have
been done to improve the matching procedure [8], [9], [12].

Suppose the pixel value of a keypoints in the current_frame is (x1,y1) and
correspondence keypoint for that point after initial matching is (x2,y2), then this
matching will be considered as a correct match only if the keypoint in next frame(x2,
y2) is present around the area where it was in the current frame. Which means the
displacement of the matched keypoint in the next frame is checked to get some good
matched keypoints. To do so, at first minimum displacement according to x-axis and
y-axis (x_min_dis, y_min_dist) from current frame to next frame is calculated at
every iteration. Now for every initial matched keypoints the displacement in x axis
(]x1-x2|) and y axis (lyl-y2|) are calculated and checked with the equation (4.a) &
(4.b). Assuming all the keypoints in initial match have minimum displacement then
total average minimum displacement for all initial match would be
(initial_match_size* (min_dist_x+min_dist_y)). Experimental results in section 6.2
shows that [table 2] in any video the frame to frame ratio of displacement for a pixel
with the minimum displacement cannot be more than 50 pixel even if there exist any

moving objects in the frame.

(IX1-x2))+(ly1-y2|)<(initial_match_size*(min_dist_x+min_dist_y))

(x1-x2))+(ly1-y2|)/ initial_match_size<50 - (4.b)

17



(a)Before (b) After

Figure 8: Removing incorrect matching, (a) shows matching results before

improvement, (b) matching results after improvements

Figure 8 shows matching how wrong matches are removes by the proposed
approach. Figure 8(a) shows initial matches result before restricting the keypoints
searching areas in the next frame and Figure 8(b) shows after applying the proposed

approach and removing wrong matches from the same image.

4.2. Modified Keypoint Descritors

Further, to reduce the complexity of the SIFT keypoints a modified SIFT
describtors vector is proposed. In general, the SIFT [4] keypoint descriptors, which
gives unique information about the surroundings is very useful for accurate feature
point matching. The descriptor vector of traditional SIFT is a combination of

orientation histograms. An 8 binhistogram is used and a patch around the feature

18 3 i
S e ik



point is split into separate 4x4 regions. Each has its own orientation histogram, so
the descriptor is a 128 dimensional vector (8x4x4) as described in section 3.1.4.
Rather than using 4*4 window around the pixel a 2*2 window around the pixel is
considered in the modified SIFT. And around every pixel a 6 bin histogram is used
to represent the local gradient for each pixel. So, the modified SIFT descriptors

dimention becomes 24(2*2*6).

K

Figure 9: Modified keypoint descriptor

Figure 9 shows a 2*2 window around the pixel with 6 bins histogram. For
stabilization with stitching, several test have been done with different kind of videos
to check the accuracy of stabilization with the modified SIFT descriptor vector.

Almost every video gives 100% accuracy with the modified SIFT descriptor vector.
4.2.1. Region-Based Keypoints Extraction
The computational complexity of the algorithm is further reduced by
reducing the number of SIFT keypoints to be extracted in every frames in each

iteration. As the computational complexity of SIFT keypoints extraction is very high,

19



reducing the number of keypoints to be extracted will reduce the time complexity
effectively. But when SIFT keypoints are extracted traditionally; they are assigned a
value and arranged in ascending order with their score. Restricting the number of
keypoints results only top most ranked keypoints, but it doesn’t guarantee that the
keypoints will be well distributed in all over the image. Figure 10 shows an example
of extracted traditionally extracted SIFT keypoints when the number is restricted to

60. The keypoints are mainly concentrated in one area.

Figure 10: traditionally extracted SIFT feature points

When keypoints are concentrated in one area there are chances of
Measurement error to occur while transforming the image frame with homography
matrix. Measurement errors generally occur when the feature detector correctly
identifies the feature while matching, but slightly miscalculates one of its parameters
(e.g., its image location). Measurement error can have a huge effect in image
transformation. Let’s consider an example with 1D data. Say we have two points

that are supposed to place at the exact location 0 and 30.8, but instead they are found

20



at 0 and 30. This is around 2.6% error. If those points are used to transform a 1D
image of size 500, some pixels can be off by 13 pixels (2.6% of 500). The
measurement error generally follows a normal distribution, and therefore, smoothing
assumptions is applicable to them.

Now the problem is we need less number of keypoints to be extracted for
reducing the time complexity and also need to guarantee that the extracted keypoints
are well distributed to reduce the effect of Measurement error.

To ensure the SIFT keypoints are well distributed over the image frame,
keypoints extraction is done region wise. The image frame is initially divided into 4
regions or blocks. 4 blocks are chosen because to estimate homography matrix
minimum 4 pairs of keypoints are needed. So, even if every region has at least one
keypoints it is possible to estimate the homography matrix. After keypoints
extraction in every block they are merged together to get well distributed keypoints

all over the frame.

(a): Regionl (b): Region2
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(c): Region3 (d): Region4

(e): All regions Keypoints are merged together

Figure 11: (a), (b), (c), (d) shows extracted keypoints in specific regions. Fig

(e) shows keypoints after merging them together.

22



Figure 11 shows an example of proposed region wise extracted SIFT
keypoints. In every region 15 SIFT keypoints are extracted [Figure 11(a), 11(b),
11(c), and 11(d)] and they are merged in 11(e) to get well distributed keypoints.
Same image and same number of keypoints are extracted in Figure 10 and Figure
11 to compare the traditional and proposed approach of SIFT keypoints

extraction.
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5. Frames Transformation and Stitching for Video

Stabilization

The proposed algorithm presents a method which uses image stitching to
perform video stabilization. SIFT features are extracted in the current and next frame
then they are matched with the next frame to know the new position of the same
points. A homography matrix with RANSAC algorithm is estimated to determine the
translation and rotation of the points more efficiently from current frame to next
frame. The SIFT feature points of next frame is transformed according to the
homography matrix and then the transformed next frame is stitched with the current

frame to get the stabilized frame.

SIFT
Input frame —>» extraction

v

Homography
mafrix

Image
transformatio

v
Stitching

4
Stabilized
frame

Outout buffer

Figure 12: Stabilization with stitching algorithm’s over flow
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The computational complexity of the algorithm is reduced by reducing the
dimension of the SIFT as described in Section 4. Once the homography matrix is
estimated the image points from the next_frame can be transformed according to the
current_frame’s view point. Also, it is possible to transform all the pixels of the
next_frame according to the current_frame, even for those pixels which falls outside
the current_frame’s boundaries. Suppose the next_frame shows a portion of the
scene that is not visible in the current_frame, then it is possible to transform those
parts of the next_frame according to current_frames view point using the
information of homography matrix and the pixels color value of that part of the
image. The whole procedure of stitching for stabilization with some examples are

explained step by step from the next paragraph-

Stepl: SIFT Keypoints in current_frame (Kptl) and next_frame (Kpt2) are
extracted. Keypoints matching is done as described in section 3.1.5 by Brute-force
matches Figure 13. Say, points in current_frame and next_frame after matching are
(Xc,Yc) and (Xn,Yn). A homography matrix H (3x3) is calculated between (Xc,Yc)

and (Xn,Yn) using equation (3).

@ o

o ®

8 -—e
— ®
o -—e

Figure 13: SIFT matching between current_frame and next_frame
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Step2: A new blank output image of size S is created as in Figure 14. At
first the current_frame is copied in the (0, 0) location of the black image to get the

initial output image.

Figure 14: Created initial output image for stabilization

Step3: Next_frame is transformed according to the H matrix. Size of the
transformed image is same as the output image, S. Pixel value of every pixel in the
transformed image can be calculated by the equation (5), where H11, H12, H13, ...,

H33 are the 9 element of the H matrix.

H11+Xi+H12+Yi+H13 H21+Xi+H22+xYi+H23 ) (5)
H31+Xi+H32xYi+1 ' H31+Xi+H32xYi+1

Dest(Xi,Yi)=Source(

For example the pixel value at (1, 2) point in transformed image can be

1 1 2
calculated with the H[2 1 3]. Pixel value at (1, 2) = pixel value at next_frame (5,
0 0 1

6). Figure 15 shows an example of transformed image.
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Step4: P1(X1, Y1), P2’(X2, Y2), P3’(X3,Y3), P4’(X4,Y4) points in the

transformed image[Figure 15] can be similarly calculated by the following

equation(6)-
H11 H12 H13
(X’,Y")= |H21 H22 H23[|*(X,Y) - (6)
H31 H32 H33

Where, (X’, Y’) are the points in transformed image and (X, Y) are the
points in next_frame. For example, if the next _frame is of size 640*360 before
transformation then the corner points of next_frame P1,P2,P3,P4 are (0,0), (640,0),

(640,360), (0,360) accordingly before transformation . Now, if the homography

1 1 2
matrix is H[2 1 3], then the corner points in the transformed image are as
0 0 1

shown in equation (7).

1+0+1x0+2 2+0+1+0+3
0+0+0+0+1" 0%0+0+0+1

P1’( )=P1°(2,3),

1+x640+1+x0+2  2x640+1+x0+3
0%640+0+0+1" 0%x640+0%0+1

P2’ ( ) = P2’ (642, 1283)
1+x640+1+x360+2 2+x640+1+x360+3

P3’
(0*640+0*360+1’ 0+640+0+360+1

) = P3* (1002, 1643) and

1«0+1x360+2  2x0+1+360+3

P4’
(0*0+0*360+1' 0+x0+0+x360+1

) = P4 (362, 363)
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F1-

P4°

P3]

P2

Figure 15: Transformed next_frame according to homography matrix

P

Figure 16(a): Previous output image,
the arrow line shows where the
bounding part of P1’, P2’, P3’, P4’ will
0o in the output imaage

T - &

Figure 16(b): the bounding
part to be copied from

transformed  image to
previous output from Figure
10.

Step5: Now to stitch the transformed next_frame [Figure 15] with the

shown in the Figure 16(a),(b) and (c).
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initial output image[Figure 14], the bounding part of transformed corner points,
P1’(2,3), P2’(642,1283), P3’(1002,1643) and P4’(362,363) , calculated in step4 is

copied from the transformed image to the output image at the same position as

S e ik



Figure 16(c): Created new stabilized output image

Step6: New next _frame is grabbed. Keypoints are only extracted in new
next_frame, as previous Next frame becomes current_frame and Kptl=Kpt2.
Keypoints matching is done, (Xc,Yc) and (Xn,Yn) are the matched point. As
mentioned earlier in equation (2), new position of (Xc,Yc) in the output image are
calculated in similar way. Say, the new position of (Xc,Yc) are (Xt,Yt). Now the
homography matrix will be calculated between (Xt,Yt) and (Xn,Yn), in order to

know the next_frames position according to the output image.

Step7: If current_frame is not last_frame go to step3.

For example, Figure 17(a) and Figure 17(b) shows current frame and next
frame before performing matching and transforming feature points from the test

unstable video. Figure 17(c) shows transformed next frame according to the steps
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described in section 5.

A

(a): Current Frame (b): Next Frame

(c): Transformed next frame

Figure 17: (a) shows current frame, (b) next frame and (c) next

frame after transformation

Now this transformed image is stitched with the initial output as described

in described in step3 to get the stabilized frame from the same view point. For the
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test sequences, a blank frame of size 2*frame_size was created to show the
stabilized output frame. Initially first frame is copied to the blank output image as
described in step2 as the first frame is the reference frame. And from the next
iteration next frames are only grabbed as the previous next from becomes current
frame for the next iteration. In next every iteration transformed frame is estimated.
From the transformed image as shows in Figure 17(C) only the color part removing
the black part is copied to the output image and the output image is saved for next
iteration in the image buffer. The algorithm continues until there is no more
next_frames available in the video. So, stitching is done in every iteration to get the
stitched stabilized frames. Result of the stabilization algorithm is shown in section 6.
Figure 20 and Figure 21 shows experimental results and comparison between

proposed and traditional method of stabilization.
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6. Experimental Results

The performance of the proposed algorithm is evaluated with several
unstable video sequences covering different types of senses to observe the efficiency
and quality of the stabilized frames. Different size of videos was used to measure the
speed and efficiency. The results of proposed stabilization with stitching are
compared with the traditional stabilization algorithms to show the difference
between the traditional and proposed algorithm. Experimental results also shows
how proposed SIFT is computationally faster than the D. Lowe’s Traditional SIFT
[6]. How performance of the matching algorithm is improved by is also shown in

this section.

6.1. Improved Matching

The threshold value to remove some of the wrong matches described in
section 4.2.2 is set to 50 pixels. Several experiments are done with different
videos to justify the threshold value. The experimental results shows that, if the
threshold value is lesser than 50, the percentage of correct matches and the
number of matches decreases which means some of the correct matches are
removed reducing the threshold value. On the other hand, making the threshold
value larger than 50 reduces correct matches’ percentage whereas the average
number of matches increases, which means increasing the threshold value further
more includes some of the wrong matches in the matches set.

Table 1 shows, how the correct matches and the number of matches are

changed with varying the threshold value. All the calculations are done with first
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60 frames of the videos. Threshold value is selected to 50 because, if the
threshold value is reduce the number of total matches increases and the
percentage of correct matches reduces, which means some of the correct matches
are removed in the matches. On the other hand if the threshold value is increased
the number of total matches increases whereas the percentage of correct matches

recues, which means some of the wrong matches are included in the matches

Threshold | Avg. Correct matches | Avg. Number of matches
(%) (%)
Videol | 40 99.51 39.99
45 99.52 40.05
50 99.54 40.18
55 99.35 40.36
60 99.27 40.45
Video2 | 40 99.19 42.25
45 99.21 42.68
50 99.24 42.87
55 99.13 43.13
60 99.01 43.2
Video3 | 40 98.63 27.38
45 98.63 27.46
50 98.14 27.55
55 98.11 27.73
60 98.11 27.73

Table 1: Experimental results with different threshold values

The correctness of the matching procedure is improved a lot with the
proposed approach described in section 4.2.2. Experiments have been done with
different unstable videos and the results shows the proposed approach give more
than 98% correct matches [Table2]. The table shows percentage of correct

matches before and after doing matching improvements. The proposed matching
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results have more than 10% improvements. Related approaches are described in

[8] & [9] but the results cannot be directly compared as, the previous works deals

with still images and the proposed algorithm mainly considers video sequences.

In [11] and [13], they uses video frames for improving matches, their results gives

90% of matching results which is lower than the proposed approach.

Videol | Video2 | Video3 | Video4
Avg. Correct Match before (%) 88.89 91.05 88.02 81.23
Avg. Correct Match (%) 99.54 99.21 98.64 98.42

Table 2: Comparison of correct Matches before and after

6.2. Fast SIFT

The computational complexity is reduced by reducing the number of

keypoints and size of descriptor as described in section 4.2 . The Figure 18 shows

that by reducing the descriptors dimension how the time complexity reduces of the

algorithm. It also shows that by restricting the number of SIFT keypoints to be

extracted by 60 the time complexity can be dramatically reduced. Figure 19 shows

how the computational complexity of the algorithm is affected by after performing

the matching improvements. It shows, even after matching improvements are done,

with 24 dimensional descriptor vector and redirecting the keypoints to 60, takes

lesser time than with 128 dimensional original SIFT without performing any

matching improvements.
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Figure 18: Time complexity comparison after reducing the descriptor size

and restricting the number of keypoints to be extracted

In Zhu Qidan and Li ke proposed algorithm [7] which performs similar
approach, the SIFT computational complexity is reduced by simplifying the
descriptors, but there result shows, still the computational time/frame is around 3.8

sec to 3.9 sec as they do not restrict the number of keypoints to be extracted. But,
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Figure 19: comparison of time complexity after matching improvements

in the proposed algorithm the computational complexity is further reduced by

restricting the number of keypoints and also reducing the descriptors size. The

average time/frame in current approach is 0.389 sec, which means the performance

is improved by almost more than 90%.

Table 3 shows that how the descriptors size affects the accuracy of the

stabilization algorithm. Currently the algorithm uses descriptor size 24 because

further reduction of the descriptor reduces the time complexity of the algorithm but

it also affects the accuracy of the stabilization algorithm. Further reducing the
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descriptor size gives inaccurate results.

Unstable | Accuracy(%) of stabilization with different descriptors size
Videos

128 96 64 32 24 16 8

Videol 100 100 100 100 100 70.74 17.91

Video2 100 100 100 100 100 87.45 19.23

Video3 100 100 100 100 100 87.45 60.36

Table3: Accuracy test with different descriptors size

6.3. Stabilization Results

Proposed algorithm is applied to different unstable videos having different
kinds of shaky motion to test the quality of stabilization of the algorithm. The results
are also compared with the traditional stabilization methods to show that the results
are better with the proposed algorithm. Figure 19a shows framel, frame30 and
frame50 from an unstable video. Figure 19b shows stabilized frames with traditional
methods done by motion estimation and distinguishing between local and global
motions as described in section 2.2. Figure 19c¢ shows stabilized frames with

proposed algorithm by stitching images to get stabilized frames.
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Figure 20(c): Stabilized frames with proposed approach

As in the proposed algorithm SIFT keypoints are used, the stabilization

algorithm is also rotation invariant. This means even though the unstable videos
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have rotational motion, it can be compensated and the video sequence can be
stabilized with the proposed algorithm. Figure 20 shows an example of stabilization
where the unstable video had rotational camera motion. 20(a) shows unstable,

Frames — framel, frame60 and frame 160 from an unstable video.

Framel 60

Figure 21(a): Unstable frames with rotational motion

Figure 21(c): Stabilized frames with proposed approach

The stabilized frames with the proposed approach in Figure 20(c) show that
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it performs much better than the traditional stabilization methods in Figure 20(b). It
not only removes the camera motions but also retains the previous frames data as

stabilization is done by stitching transformed frames together in every iteration.
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7. Conclusions

An improved stabilization method with image stitching is proposed in this
research paper. By following this method the hassle of estimating global, local
motions and distinguishing between them or filtering global motion to do motion
compensation for video stabilization can be easily avoided. The proposed algorithm
not only removes unwanted shaky motions but also removes rotation and translation
which may occur because of camera movements without any prior information of
camera parameters as SIFT (Scale Invariant Feature Transform) feature points are
used for image stitching. Also, as image stitching is done for stabilization, the
stabilized frames shows previous frames data as well and most of the black parts is
removed compared to the traditional approach Experimental results shows that the
proposed algorithm perform have much better results than the traditional motion
based stabilizations.

Restricting the search area for matching keypoints in the corresponding
frames by calculating the frame wise minimum displacement helps improving the
matching results which directly effects on classification error and helps reducing it.
Also, Matching results directly effects on the homography matrix calculation, so it
very important to calculate the correctness corresponding matches to improve the
accuracy of the stabilization. Experimental results shows percentages of correct
matches are more than 98% in all the test videos.

Further, the modified SIFT descriptor vector with smaller size compared to
the traditional SIFT increases the performance of the algorithm. Restricting the
number of SIFT keypoints and by extracted region wise SIFT keypoints helps to

reduce the measurement error. This helps improving the quality of the stabilized
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frames as well as improves the performance of the whole algorithm. Experimental
results show how computational complexity is reduced by reducing the descriptor
size of the SIFT keypoints and restating the number of keypoints to be extracted in
every frame.

The complete algorithm gives a video stabilization method with image
stitching, which is simply but effective, have better performance and takes lesser

time than other existing motion based video stabilization algorithms.
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