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Summary

The objective of this report is to study several global motion compensation algorithms
that can stabilize a video sequence for motion detection. Firstly, we introduce the
automatic gain control (AGC) correction that is used to automatically equalize the
image intensity level. Then, we introduce the camera motion models which are the
basis of image realignment. Then we study phase correlation and block matching
algorithms, both of which are based on the translation model. We also describe the
gradient descent algorithm that can find the optimal solution by solving a non-linear
optimization problem. In order to compare the performances among different meth-
ods, we propose a global metric that can measure the stability of the compensated
video sequence. Simulation results indicate that both phase correlation and block
matching have the same performance at the same pixel accuracy; while the compu-
tational complexity of phase correlation is usually much lower than block matching.
Sub-pixel accuracy motion compensation can contribute to more stable videos which
in turn lead to better motion detection performance. However, the gains of using
quarter-pixel or higher accuracy motion compensation turns out to be quite limited.






Contents

Introduction
Automatic gain control correction
Camera motion model

Global motion compensation based on phase correlation

4.1 Full pixel phase correlation . . . . . . .. ... ... ...
4.2  Sub-pixel phase correlation . . . . . .. ...

Global motion compensation based on block matching

5.1 Exhaustive block matching . . . . .. ... ... ..o
5.2 Fast block matching based on hierarchical search . . . . . . . . ..
5.3 Consistency between BM and phase correlation . . . .. ... ..

Global motion compensation based on gradient descent

Simulation results

7.1 AGC correction results . . . . . . . . . ...
7.2 Global motion compensation results . . . . . . ... ... ... ..

il

10
11

13
13
14
16

18






List of Figures

1.1

1.2
3.1

5.1

5.2

7.1
7.2
7.3
7.4
7.5
7.6
7.7

7.8

7.9

7.10

7.11

One Axis 213 PTZ camera mounted on the top roof of the Photonics
building . . . . . . ..
Network setup of Axis 213 PTZ and Axis 207W . . . . . . . ... ..

Typical camera motions . . . . . . . . ... ...

Hierarchical search method. Large circle: level 1 (coarsest level),
square: level 2, small circle: level 3. The filled-in markers denote
the best-matched candidate at each level. . . . . . .. ... .. ...
Diagram of magnitude normalization. Input: correlation function be-
tween Iy and Ij; Output: ¢ function . . . . . . .. ... .. ... ...

Six consecutive frames in which there is global illumination change . .
Motion detection mask of Fig. 7.1 . . . . .. ... ... .. ... ...
AGC corrected frames of Fig. 7.1 . . . . . .. .. ... .. ... ...
Motion detection mask of Fig. 7.3 . . . . . . ... ... ... ...
A fixed-position pixel intensity versus time before AGC correction . .
A fixed-position pixel intensity versus time after AGC correction . . .
Motion detection masks based on different stabilized videos.Top row: a
video frame and ground truth mask; Second row: no MC and full-pixel
MC; Third row: half-pixel MC and quarter-pixel MC; Bottom row:

21
21
22
22

23

gradient descent 2-parameter MC and gradient descent 4-parameter MC 27

Original video: reference frame 1, frame 64, absolute difference between
these two frames . . . . . . .. ...
Motion compensation using phase correlation with full-pixel accuracy:
reference frame 1, compensated frame 64, absolute difference of these
two frames . . . . . ...
Motion compensation using phase correlation with quarter-pixel accu-
racy: reference frame 1, compensated frame 64, absolute difference of
these two frames . . . . . . . ...
Motion compensation using block matching with full-pixel accuracy:
reference frame 1, compensated frame 64, absolute difference of these
two frames . . . . . ...

28

29

29



7.12

7.13

7.14

7.15

7.16

7.17

7.18

7.19

7.20
7.21
7.22

7.23

Motion compensation using block matching with quarter-pixel accu-
racy: reference frame 1, compensated frame 64, absolute difference of
these two frames . . . . . . . ..o 29
Motion compensation using gradient descent with translational model:
reference frame 1, compensated frame 64, absolute difference of these
two frames . . . . . .. 30
Original video: reference frame 1, frame 64, absolute difference between
these two frames . . . . . . . ..o 30
Motion compensation using phase correlation with full-pixel accuracy:
reference frame 1, compensated frame 64, absolute difference of these
two frames . . . . . .. L 30
Motion compensation using phase correlation with quarter-pixel accu-
racy: reference frame 1, compensated frame 64, absolute difference of
these two frames . . . . . . ... 30
Motion compensation using block matching with full-pixel accuracy:
reference frame 1, compensated frame 64, absolute difference of these
two frames . . . . . ... L 31
Motion compensation using block matching with quarter-pixel accu-
racy: reference frame 1, compensated frame 64, absolute difference of
these two frames . . . . . . . . . ... 31

Motion compensation using gradient descent with translational model:
reference frame 1, compensated frame 64, absolute difference of these
two frames . . . . . ... 31
Horizontal motion vector comparison between PC and BM . . . . . . 33
Vertical motion vector comparison between PC and BM . . . . . . .. 34
Motion detection masks based on different stabilized videos. Top row:

a video frame and no MC; Second row: full-pixel MC and half-pixel
MC; Third row: quarter-pixel MC and eighth-pixel MC; Bottom row:
gradient descent 2-parameter MC and gradient descent 4-parameter MC 35
Motion detection masks based on different stabilized videos. Top row:
a video frame and no MC; Second row: full-pixel MC and half-pixel
MC; Third row: quarter-pixel MC and eighth-pixel MC; Bottom row:
gradient descent 2-parameter MC and gradient descent 4-parameter MC 36

vi



List of Tables

7.1

7.2

7.3

7.4

7.5

Performance and computational complexity comparison of different
motion compensation methods at different pixel accuracy for synthetic
video . . ...
MSE and PSNR comparison of different motion compensation methods
at different pixel accuracy for synthetic video. . . . . . . .. ... ..
FPR,FNR and TER of different motion compensation methods . . . .
Performance and computational complexity comparison of different
motion compensation methods at different pixel accuracy for Chapel
video . . .. L
Performance and computational complexity comparison of different
motion compensation methods at different pixel accuracy for PTZ2
video . . ...

vil



Chapter 1

Introduction

Video cameras are being more and more widely located at airports, along highways
and in office buildings for security and surveillance application. Advances in CMOS
manufacture make it possible to integrate imaging, processing and communication in
a small and low-power camera. The embedding of communication hardware leads to
the camera network that is superior to a single camera, because the camera network
has wider field of view (FOV) and is more robust to camera failure. Additionally,
network cameras are equipped with the capacity needed for video coding, manipula-
tion by the user (pan, tilt, zoom-in/zoom-out).

Cameras used in this report are Axis 213 PTZ and Axis 207W network cameras,
which are capable of providing live video stream in Motion JPEG and MPEG-4 for-
mats. These Cameras contain a built-in web server, which allows viewers to observe
live video via a web browser and control the camera (pan-tilt-zoom for Axis 213
PTZ). Inside the Photonics building, there is another group of network camera Axis
207W which are located on the fourth floor in the faculty offices. All of them monitor
interstate [-90 and share partially overlapping field of view. The network setup of the
Axis 213 PTZ and Axis 207W network cameras is illustrated in Fig. 1.2.

The network cameras are very rich sources of visual information, looking at typical
urban environment. From the network cameras we can tell what objects are moving,
how they are moving, and discover some suspicious or unusual behavior of objects.
However, most of the current video cameras do not serve in an automatic manner.
They need human intervention to trigger an alert; however, human are easily bored
and absent-minded when staring at the monitor for a long time. Therefore, it is
helpful to develop a surveillance system that can automatically detect the abnormal
behaviors and trigger an alert.

Motion detection is critical for this task, because unusual behavior is reflected by
unusual motion. Many of the motion detection algorithms are based on background
subtraction, which aims to separate the moving foreground objects from a relatively
stationary background. Background subtraction is widely used because the back-
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Figure 1.1: One Axis 213 PTZ camera mounted on the top roof of the Photonics
building
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Figure 1.2: Network setup of Axis 213 PTZ and Axis 207W
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ground is relatively stationary ! and easier to model than the foreground. One of
the most successful background modeling method was proposed by Elgammal et al.
[1], who use a non-parametric approach to estimate the probability density function
(PDF) of the background. This method requires a stable video sequence. If there is
camera jitter, both background and foreground are moving, and hence some parts of
background might be erroneously declared as foreground. In order to achieve a good
motion detection performance, we need to use stable video sequences, which have
static background. Thus, many global motion compensation methods were proposed
to stabilize the shaky video sequences.

Another factor that affects motion detection is global illumination change. Even
if there is no camera jitter, global illumination change also leads to the variation of
background intensity. Since the background subtraction requires an approximately
static background, we need to compensate for the fluctuation of global illumination,
which is achieved by AGC correction that is specified in Chapter 2.

The organization of this report is as follows. Chapter 2 describes the AGC cor-
rection technique that can compensate for the global illumination change. Chapter3
introduces the camera motion model that is the basis of all the global motion compen-
sation methods. Chapters 4, 5, 6 describe three different global motion compensation
methods. Chapter 7 shows the simulation results and the conclusion is presented in
Chapter 8.

Lunder the assumption of a stationary camera



Chapter 2

Automatic gain control correction

Automatic gain control (AGC) is commonly used to describe a function in the camera
that automatically adjusts camera’s exposure time and white balance (WB). AGC
induces some difficulty to the background subtraction and some other high-level video
processing, because it gradually changes global intensity. Since the background sub-
traction used in this report requires an approximately constant background, it is
necessary to compensate the effect of AGC by using AGC correction so that the
global image intensity maintains a stable level. One application of AGC correction is
to equalize images from two different cameras in the stereoscopic system. When the
mean and variance differ significantly from each other, motion detection will be ex-
tremely difficult. AGC correction can be used to maintain the signal levels from these
various cameras at a common level so that subsequent processing operates on signals
within a specified dynamic range. AGC correction also helps if there is global illumi-
nation change in the video sequence, in which case many motion detection methods
have poor performances. By using AGC correction, the global luminance fluctuation
is suppressed and better motion detection performance can be achieved. However,
AGC is a complicated non-linear function which behaves differently at different time.
Therefore, it is hard to simply reverse AGC for AGC correction. Since we know the
goal of AGC correction is to reduce the global intensity fluctuation over time, we can
design a linear function whose output video has much more stable global intensity
than input video.

Suppose there are two images /;(x) and I»(x) that need to be equalized in terms
of mean and variance. The goal is to find an affine operation I(x) = aly(x) + 3 so
that the mean and variance of I5(x) equal those of I;(x).

Mean and variance of fg(X)I can be expressed as follows:

iz = E{(x)} = E{ab(x) + f} = apz + (2.1)
6; = Var{l,(x)} = Var{aly(x) + g} = a’03,

where ji3, 02 are mean and variance of I5(x).
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In order to accomplish compensation, it is required that:

p = 2=+

ol = 03 =d%0;. (2.4)
Thus,
01

= = 2.5
0= 2 29

o
B = = aps = — —po. (2.6)

02

Then, the overall AGC correction is summerized as follows:

L(x) = al(x)+p
g o
= LX)+ — — 2
g9 (o)
ﬁ

= ZBx) — o) + . (2.7)

1. Choose the first frame as I;, the frame to which we will equalize subsequent
frames I5. Calculate the mean and variance of I.

2. Calculate the mean and variance of I5.

3. Calculate fg(x) by applying the linear transform to I5(x) as shown in (2.7).

The AGC correction algorithm is based on an affine transform, so the computa-
tional complexity is very low. It can compensate image intensity variation due to
camera malfunction, global illumination change and white balance in the camera.
As a time-efficient post-processing step, AGC correction can provide a better video
sequence for motion detection.



Chapter 3

Camera motion model

When the camera is moving, the images projected from a static scene will change.
In order to realign the consecutive images, we need to know how the camera moves.

Fig. 3.1 shows the typical cases of camera motion [5].

Pan and tilt refer to the rotation of the camera around the Y- and X-axis, re-
spectively. Let 6, and 6, denote the corresponding rotation angles. The new 3-D X'

coordinate after pan and tilt is related to the old coordinate X by:
X' =R,R/X,
where R, and R, are defined as:

1 0 0
R,=1|0 cosf, —sinb,
0 sinf, cosb,

cost, 0 sinb,
R, = 0 1 0
—sind, 0 cosb,

Tilt up

Boom up s
Pan right

Dolly
backward

Track right
R

Dolly

forward Track left

Boom down Roll Tilt down

Figure 3.1: Typical camera motions
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Since the rotation angles ¢, and 0, are usually very small, the following approxi-
mation is often used:

1 0 0,
R.R,=| 0 1 -0,
—0, 0, 1

Yy x

Using perspective projection, one can relate 3-D world coordinates (X,Y) and
2-D image coordinates (z,y):

(3.3)

N| >

o
S

ol &

Using relationship (3.1) with approximate R,R,, (3.2), and perspective projection
equations (3.3), we arrive at:

L] o4

Thus, the pan and tilt can be approximated by a translation when the rotation
angles are small.

The previous 2-D motion model does not cover all possible 3-D motions of the
camera. An arbitrary camera motion in 3-D space can be decomposed into a 3-D
rotation and a 3-D translation. The 3-D coordinate (X', Y”’, Z') after motion can be
related to the old coordinates (XY, Z) as follows:

/

X T T9o T3 X Tm
Y' | =17y r5 76 Y | +| T, |, (3.5)
Zl 7 Trg Tg A4 Tz

where 7 — rg are 3-D rotation parameters and 73,7, T, are 3-D translation pa-
rameters.

Using relationship (3.5) and perspective projection equation (3.3), after some ma-
nipulations, one can obtain the relation between 2-D coordinates before and after
motion:

o = F(7”1917+7"2§U+7”3F)Z+T1F
(rew + 18y +roF)Z + T, F
J = F(mx +rsy + 16l Z + T, F (3.6)

(rex + 13y +roF)Z + T, F
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This relation includes the depth Z. If the object surface is spatially varying, Z
is always changing, and thus the mapping function (3.6) changes from point to point
and cannot be specified by a small number of parameters.

When the scene is far away from the camera or the object surface is planar, the
depth Z can be approximately considered constant. In this case, it can be shown that
(3.6) can be simplified into the following 8-parameter projective mapping:

r agt+ax+ay o+ bg+ bix + by
T = Yy = ————, (3.7)
1+cx+cy 1+ cx+ ey

Apparently, the projective model does not rely on the depth Z.
Some widely used motion models are the special cases of the projective model:

1. Affine model (6-parameter): ¢; = ¢y = 0;

2. Geometric model (4-parameter): a; = by, ag = —by, ¢1 = ¢3 = 0;

3. Translation model (2-parameter):a; = by =1, ay = by = ¢; = ¢ = 0.

In the following sections, we study the global motion compensation based on phase
correlation, exhaustive block matching, and the gradient search method. The first
two methods are based on the camera translational motion model; while the gradient
descent method is based on the perspective, affine, geometric or translational motion
models.



Chapter 4

Global motion compensation based
on phase correlation

Phase correlation has been widely used for global motion compensation due to its
computational efficiency and accuracy. It mitigates an exhaustive search for an opti-
mal global translational motion vector by using the correlation criterion between two
images [6]. The correlation between two images is defined as:

= > Iin]hn —d], (4.1)

neA

where A is the spatial lattice, n is the spatial coordinate and d is the displacement
vector. If d € A, then n —d € A, and hence Ihin —d] = Irn —d]. If d ¢ A, then
n—d ¢ A, and hence I1[n — d] is not defined. In this case, imaeg interpolation is
required. Therefore, I [n — d] denotes the interpolated image.

Taking the Fourier Transform of the correlation, we have:

C(u) = DSFT{C[d ]}

- DSFT{ZA n]l[—(d - n)]}

— DSFT{L[d]* L,[-d]}

= (). (4.2)

where C'(u) denotes the 2-D Fourier Transform of C[d] and the star superscript
denotes the complex conjugate.
Normalizing C'(u) by its magnitude and taking the inverse 2D Discrete Space
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Fourier Transform (IDSFT), we get the normalized correlation function given by:

Uy ,d = IDSFT{ C}“) }

= IDSFT{[Al(u)Zj(u)}. (4.3)
(u)

If there is purely global translational motion between the two images and boundary
effect and noise are ignored then,

]1[1’1] = ]NQ[H — do] (44)

In this case, the normalized magnitude in the transform domain becomes:

B 5wl sl lep((£h[u) = 2Dfu))
o] T3 ] o] | o)

= eap(j(/11[u] - uig[u]))
= 6.7}])(]([[1{11] - ZIl[u] - 27Tqu0))
= cap(—j2mu"dy). (45)

Therefore, Wy in this case equals 6[d — do]. Since there is local movement in
the scene which is not due to the camera motion, less dominant peaks will arise in
the correlation surface. Additionally, boundary effects will also introduce distortion
in the correlation surface. Therefore, the correlation surface usually has many peaks
which correspond to the local maximum of correlation. Under some conditions, the
global displacement may not correspond to the maximum correlation, but to a less
dominant peak. Thus, it may not be adequate to take the motion vector of the
maximum correlation as the global motion vector. In practice, we pick up a set of
candidate motion vectors which are likely to describe global motion, and then decide
which motion vector leads to the minimum mean square error (MSE). According to
the accuracy requirement, phase correlation can be categorized into full pixel phase
correlation (FP-PC) and sub-pixel phase correlation (SP-PC). There are some differ-
ences between them in terms of practical implementation. In the following sections,
we will introduce them separately.

4.1 Full pixel phase correlation

The phase correlation algorithm for full pixel accuracy motion compensation is sum-
marized as follows:
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1. Choose the reference frame I,. All the following frames will be realigned to Ij.
2. Take the 2-D FFT of the two images: [y and [j.
3. Compute the correlation surface Wg using 2-D inverse FFT as in (4.3).

4. Find N local maximum peaks in W ;. For each motion vector d; that corre-
sponds to one of the N local maximum peaks, compute the MSE between I, and
the motion compensated image I;(n) = Ix(n — d;). Select the motion vector
with minimum MSE as the global motion vector d.

So far we have discussed the full-pixel image realignment, which requires that the
minimum movement of the global motion is one pixel. However, in practical cases
the camera can randomly jitter and vibrate so that the global motion vector can have
sub-pixel accuracy. Therefore, sub-pixel phase correlation is described in the next
section.

4.2 Sub-pixel phase correlation

In order to stabilize the captured video sequences more precisely, the phase correla-
tion algorithm needs to be extended fr(lm full pixel to sub-pixel image registration.
This can be achieved by zero padding U before taking the inverse 2-D FFT. The

sub-pixel image realignment algorithm based on phase correlation is described as be-
low:

1. Choose the reference frame I,. All the following frames will be realigned to Ij.

2. Take the 2-D FFT of two images: [y and I.

3. If the sub-pixel accuracy is 1/s"-pixel, we need to pad {I}O,k with zeros to s X s
times its original size before taking the inverse 2-D FFT.

4. Compute the correlation surface ¥y, by inverse 2-D FFT.

5. Find N local maximum peaks in W, and decide on a global motion vector d
that leads to the minimum MSE.



Post-processing of Streaming Video for Reliable Background Subtraction

12

6. Compute the compensated image I, (n) by interpolating the image I;(n) with

the global motion vector dg. I, (n) = Ix(n — do)

Compared to the full-pixel image alignment, sub-pixel image alignment requires
more computation due to interpolation. Additionally, interpolation introduces a low-
pass filtering effect in the compensated image; high frequency components are sup-
pressed and the image looks somewhat blurred.



Chapter 5

Global motion compensation based
on block matching

In the previous chapter, we have discussed the phase correlation method that is
based on two-parameter translational model and the Fourier transform. In this chap-
ter, block matching (BM) is employed to determine the global motion vector in the
spatial domain. It is also based on the translation model. In this approach, motion
compensated image for various candidate motion vectors are compared with the ref-
erence image within the region of support [3]. The candidate yielding the best match
for a given criterion becomes the optimal global motion vector. The goal of BM is to
solve the optimization problem as below:

d, = argmdin]b > (Ioln] - Iyn —d))% (5.1)

neA

where A is the spatial lattice, n is the spatial coordinate and d is the displacement
vector. If d € A, then n —d € A, and hence Iy[n —d] = I[n —d]. If d ¢ A, then
n—d ¢ A, and hence I;[n — d] is not defined on the sampling grid A. In this case
I.[n — d] must be recovered by a suitable interpolation.

The simplest block matching is based on the exhaustive search, which examines
all possible motion vectors in the rectangular region of support. Since the exhaustive
search is usually time-consuming, many fast BM algorithms were proposed to reduce
the computational complexity. In the following sections, we introduce the exhaustive
BM and a fast BM based on hierarchical, and then analyze the consistency between
BM and phase correlation.

5.1 Exhaustive block matching

The block matching algorithm with exhaustive search is implemented as follows:
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1. Choose the reference frame Iy. All the following frames will be realigned to Ij.

2. For each possible displacement d = [d,, d,], compute the compensated image
I,[n] = I;[n —d]. If d is not an integer, interpolation is needed to obtain I, [n].

3. Calculate the MSE between Iy and I, :

MSE = ]1[ > (fo] ~ T — )" (5.2)

4. Select the motion vector which corresponds to the minimum MSE as the global
motion vector dg.

In the block matching algorithm, the whole image is considered as a large block.
Due to the fact that the camera jitter always results in a small global translation
between frames, it is adequate to set a small search range for the motion vector,
which can efficiently reduce the computational complexity. Generally speaking, the
exhaustive search is quite time-consuming because each motion vector inside the
search range is examined by using the interpolation to get Iy, [n — d] and computing
the MSE of the error image. The number of motion vectors in the search range is:

L.,
m = (—
()
where L is the 1-D search range and A is the search step size. A = 1 means full-pixel
accuracy. By choosing suitable A one can trade computational complexity for motion

compensation accuracy.

5.2 Fast block matching based on hierarchical search

Exhaustive search that can give the best result is computationally intensive. An
alternative search, whereby only the more likely motion vectors are examined, can
lead to a substantial reduction of candidates. The search procedure is hierarchically
divided from coarse level to refined level. In each level, we find a best-matched motion
vector that provides the initial candidate for the next level. Only the neighboring
eight candidates as well as the initial candidate are examined at each level. The search
continues until the accuracy is satisfied at certain level. This fast BM algorithm is
illustrated in Fig. 5.1.
The hierarchical approach is described as follows:

1. Find the global motion vector d° with full-pixel accuracy by using exhaustive
search.
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Figure 5.1: Hierarchical search method. Large circle: level 1 (coarsest level), square:
level 2, small circle: level 3. The filled-in markers denote the best-matched candidate
at each level.
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2. Define a new search range: d, € (d2 — 1,d2 + 1), d, € (dg -1, dg +1).
Find the best-matched motion vector d* at this level (half-pixel accuracy).

3. In the k-th stage, define the new search range: d, € (d* — 27F+1 gk 4 27k+1)
dy € (df —27FH db 4 2k,
Find the best-matched candidate d¥ with 2% pixel accuracy at k-th level.

4. k=k+1 and GOTO step 3, until MV accuracy is satisfied.

5.3 Consistency between BM and phase correla-
tion

We have introduced phase correlation and block matching algorithms. Seemingly,
they are quite different. The phase correlation aims to find dominant peaks in the
correlation surface; while the block matching aims to find the motion vector that min-
imizes the MSE. However, we can show that they are equivalent, if two assumptions
are true:

1. Images have infinite size.

2. There is only global translation between the two images.

Assumption 1 indicates that g4 I2(d) = >q I7(d).
Assumptions 1 and 2 indicate that [o(d) = Ix(d — do).
Taking the Fourier Transform of Iy(d) and Ix(d — do) we can arrive at:

To(u) = I(d)e 7%, (5.3)
The target of the block matching method is to minimize the cost function:
d, = arg mdin Zn:(fo(n) — Ii(n — d))?
= argmdinZ[g(n)%—Z[,f(n—d) — 2> Iy(n)I(n —d)
= arg mgxx;o(d) * Ik(—r(li) "
= arg rnczllx/u Iy(w)I} (u)e"4du
= arg m&ax/u |Ip(u)|2e/u(d=d0) gy

= argmgx/ | Io(u) || Io(u) e D du. (5.4)
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Figure 5.2: Diagram of magnitude normalization. Input: correlation function between
Iy and I;; Output: ¢ function

According to the Cauchy-Schwarz inequality, we have:

| ol Tyl < ([ [fow)Pdu | (o) du)?

[ o(w)du. (5.5)

Equality holds if and only if d = dg, thus,

argméix/ |I:)(U)|€jud\ﬂ)(u)|€*j“d0du = argmczllx/ej“de*j“dodu
u u

= argmax d(d —dy). (5.6)

Under the two assumptions above, we can derive the phase correlation algorithm
by minimizing the cost function of the exhaustive block matching, which demonstrates
that these two methods are based on the same criterion. One of the most critical step
in phase correlation is the normalization of magnitude, shown in (4.3). Actually the
normalization can be considered as a whitening filter that decorrelates Ry, (d) =
In(d) * Ix(—d),as shown in Fig. 5.2.

From the diagram we can easily find that all the other ripples in Ry, (d) are
suppressed except the dominant peak which corresponds to dy. By using magnitude
normalization in the frequency domain, the correlation surface Ry, (d) is whitened
and hence the normalized correlation surface is more robust to noise.



Chapter 6

Global motion compensation based
on gradient descent

We have discussed the phase correlation and exhaustive block matching methods for
global motion compensation. Both methods are based on the translation model which
ignores camera rotation. Additionally, the performance of global motion compensa-
tion is flexible, according to the practical requirement and computation time that one
can pay.

In this section, an alternative method is employed to estimate the optimal pa-
rameters in the camera motion model. This method is based on the gradient descent
algorithm that can find the optimal solution given a cost function [2] [7]. In this
report, the cost function is MSE between Io(n) and I, (n), as defined in (5.1). I,(n)
is the function of Ix(n) and camera motion parameters a.

It is clear that MSE is a non-linear function of camera motion parameters a, so
gradient descent algorithm can be used to solve this non-linear optimization problem.
This is given by the iterative procedure:

alth —al t H1b. (6.1)

where a*1) and a® denote motion parameters in the camera motion model, at iter-
ations (¢ + 1) and t, respectively. H is an n X n matrix equal to one-half times the
Hessian matrix of E and is usually referred to as the curvature matrix, b is a vector
equal to minus one-half times the gradient of E, and n is the number of parameters
of the camera motion model.

In this iterative loop, H™'b is the "updating term” and in each interaction it
is used for renewing the latest updated motion parameters. The iterative procedure
starts with an initial guess and a good guess is beneficial to the final solution, because
the gradient search algorithm does not guarantee the global minima. If the initial
value is far from the global minima, it is likely that we will end up with the local
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minimum of the cost function. For the translational camera model, one reasonable
initial guess can come from the solution of phase correlation or exhaustive block
matching. The gradient descent can refine the initial value and reach a more precise
solution.



Chapter 7

Simulation results

7.1 AGC correction results

In this section, we firstly show the effect of the AGC correction algorithm that can effi-
ciently improve motion detection performance. Fig. 7.1 shows six consecutive frames
in which there is a global illumination fluctuation. Fig. 7.2 shows motion detection
masks for these frames obtained by background subtraction method. Fig. 7.3 shows
the intensity equalized frames whose motion detection masks are given in Fig. 7.4.
Fig. 7.5 and Fig. 7.6 compare the intensity variation along time for a fixed-position
pixel before using AGC correction and after using AGC correction. The comparison
indicates that AGC correction can smooth out the background pixel intensity, while
maintaining large peaks which come from foreground objects.

After comparing the motion detection masks before and after using AGC correc-
tion, we find that there are fewer false positive errors in the 6th frame when AGC
correction is used. The reason is that the 6th frame has a distinct global luminance
change compared with the preceding frames. Since the motion detection approach
used here is based on image intensity, the global luminance change will lead to a large
number of false positive errors. After using the AGC correction, we can equalize the
mean and variance of the 6th frame so that it does not deviate from the normal inten-
sity level. In addition, the motion masks indicate that AGC correction can reduce the
missing points of the foreground objects. It makes sense because an equalized video
sequence can provide more accurate background model which can help distinguish the
background and foreground. Therefore, the AGC correction algorithm is a beneficial
post-processing tool that can effectively reduce the probability of false positives and
misses.

7.2 Global motion compensation results

We also compared the global motion compensation performance of the three methods:
phase correlation, exhaustive block matching and gradient descent. The simulation
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Figure 7.1: Six consecutive frames in which there is global illumination change

Figure 7.2: Motion detection mask of Fig. 7.1



Post-processing of Streaming Video for Reliable Background Subtraction 22

Figure 7.3: AGC corrected frames of Fig. 7.1

Figure 7.4: Motion detection mask of Fig. 7.3
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Figure 7.5: A fixed-position pixel intensity versus time before AGC correction
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Figure 7.6: A fixed-position pixel intensity versus time after AGC correction
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results are based on both synthetic video sequence and real video sequences that are
captured from the cameras on the roof of the Photonics building. In this report, we
propose a global metric that can measure the stabilization of the motion compensated
videos. This global metric is defined as follows:

1 1 ,

Vs Sy, 3 (k) ) (7.)

Hw) = s T (w) (12
k€T (n)

T(n) = {kLx(n) =0} (73

where I;(n) is the motion compensated video sequence. p is the mean value of I;(n)
along the temporal axis. T is the set of background pixels in the temporal direction
for a given n. Li(n) is motion detection mask which is composed of 0 and 1. 0
represents background and 1 represents foreground. M (n) is the number of pixels in
the set T'. N is the number of pixels in a frame.

This global metric V' is essentially the average of temporal variances, which mea-
sures the stabilization of the compensated video. It selectively calculates the variance
of the background pixels only, because the foreground pixels do not measure stabi-
lization and can contaminate the background variance. In order to declare the back-
ground and foreground pixels, we use background subtraction to obtain the detection
mask. For different motion compensation methods, we have different detection masks.
In order to fairly compare them, we generate one mask which is the intersection of
all the masks:

L(n) = Lay(n) O Ly(n) 0=+ - N Ligny (1). (7.4)

where L(1y(n), Lo)(n), - - -, Loy (n) are masks that correspond to m different motion
compensation methods. L(n) is the mask used in (7.3). The method that leads to the
minimum V is considered as the best one that achieves the most stable video sequence.

The first simulation is based on a synthetic video. The background of the syn-
thetic video comes from one static image, while the foreground objects are extracted
from the real video and embedded into a synthetic video. This synthetic video is
perfectly stable, because its background remains the same. In order to simulate the
effect of shaky cameras, a uniformly-distributed translation is added to each frame
of the video. Then, we use different motion compensation methods to stabilize the
shaky video and compare the stabilized videos with the original stable video.

Table 7.1 shows the performance in terms of the global metric V' as well as the
computational complexity, based on the synthetic video. Table 7.2 shows the MSE
and PSNR between the stabilized videos and the original video. From the simulation
results we find that the MSE is very large without using global motion compensa-
tion. When motion compensation with full-pixel accuracy is employed, the MSE falls
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down significantly. Higher-pixel accuracy compensation results in smaller difference
between the stabilized video and original video, which implies that higher accuracy
leads to more stable video sequence. From Tables 7.1 and 7.2, we can draw the
following conclusions:

1. There is a significant improvement by using global motion compensation algo-
rithms.

2. For phase correlation and block matching methods, higher pixel accuracy leads
to more stable compensated video, at the expense of more intensive computa-
tion.

3. For the same pixel accuracy, phase correlation and block matching achieve the
same performance, which is consistent with the theoretical analysis above. How-
ever, phase correlation requires much less computation time compared with
block matching, of pixel accuracy less than quarter-pixel accuracy.

4. Quarter-pixel accuracy can bring some improvement; the gain to use 1/8 or
higher pixel accuracy seems to be quite limited.

5. The gradient descent algorithm, as expected, has the best performance.

We have compared the performances of different global motion compensation
methods in terms of MSE and the global metric V. Since our ultimate goal is to
improve the motion detection via stabilizing the video sequence, it is necessary to
find out which compensation method leads to the best motion detection result. In
order to compare the motion detection performance, the ground truth of the motion
detection mask is required. It is very difficult to obtain the ground truth of an arbi-
trary video captured from the camera; while the ground truth of synthetic video is
available.

We can perceptually compare motion detection performances based on different
motion compensation methods, as shown in Fig. 7.7. The simulation result indi-
cates that global motion compensation leads to the improvement in motion detection
performance. It is clear that there are a great number of false positive errors in the
second row, which corresponds to the shaky video and stabilized video with full-pixel
accuracy. When the half-pixel or higher accuracy motion compensation is used, the
detection masks are quite similar to the ground truth.

In order to quantitatively measure the motion detection performance, we calculate
the false positive rate (FPR), false negative rate (FNR) and total error rate (TER)
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Table 7.1: Performance and computational complexity comparison of different motion
compensation methods at different pixel accuracy for synthetic video

Motion compensation methods \%4 Computation time
(sec/200 frames)
Without global MC 113.4301 -
Full-pixel translation - PC 48.2915 41.2
Half-pixel translation - PC 29.5111 128.2
Quarter-pixel translation - PC 22.1094 298.4
1/8-pixel translation - PC 19.2428 927.0
Full-pixel translation - Global BM 48.2915 403.8
Half-pixel translation - Global BM 29.5111 503.3
Quarter-pixel translation - Global BM | 22.1094 572.6
0.05-pixel translation - Global BM 18.0049 1723.0
Translation - Gradient Descent 12.4154 ~ 3600
4-parameter affine - Gradient Descent | 12.2793 ~ 6000

Table 7.2: MSE and PSNR comparison of different motion compensation methods at
different pixel accuracy for synthetic video

Motion compensation methods MSE PSNR
Without global MC 1048.4 | 17.9255
Full-pixel translation - PC 83.6583 | 28.9057
Half-pixel translation - PC 71.5651 | 29.5838
Quarter-pixel translation - PC 67.0935 | 29.8640
1/8-pixel translation - PC 65.5632 | 29.9642

Full-pixel translation - Global BM 83.6583 | 28.9057
Half-pixel translation - Global BM 71.5651 | 29.5838
Quarter-pixel translation - Global BM | 67.0935 | 29.8640
0.05-pixel translation - Global BM 65.2463 | 29.9852
Translation - Gradient Descent 70.2079 | 29.6669
4-parameter affine - Gradient Descent | 68.8047 | 29.7546
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Figure 7.7: Motion detection masks based on different stabilized videos.Top row: a
video frame and ground truth mask; Second row: no MC and full-pixel MC; Third
row: half-pixel MC and quarter-pixel MC; Bottom row: gradient descent 2-parameter
MC and gradient descent 4-parameter MC
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Table 7.3: FPR,FNR and TER of different motion compensation methods

Motion compensation methods FPR | FNR | TER
Without global MC 0.0264 | 0.0054 | 0.0318
Full-pixel translation - PC 0.0152 | 0.0013 | 0.0165
Half-pixel translation - PC 0.0028 | 0.0008 | 0.0036
Quarter-pixel translation - PC 0.0032 | 0.0008 | 0.0040
1/8-pixel translation - PC 0.0034 | 0.0008 | 0.0042

Full-pixel translation - Global BM 0.0152 | 0.0013 | 0.0165
Half-pixel translation - Global BM 0.0028 | 0.0008 | 0.0036
Quarter-pixel translation - Global BM | 0.0032 | 0.0008 | 0.0041
0.05-pixel translation - Global BM 0.0034 | 0.0008 | 0.0042
Translation - Gradient Descent 0.0038 | 0.0007 | 0.0045
4-parameter affine - Gradient Descent | 0.0038 | 0.0007 | 0.0045

Figure 7.8: Original video: reference frame 1, frame 64, absolute difference between
these two frames

of different compensation methods, as shown in Table 7.3. The table indicates that
the shaky video corresponds to the worst motion detection mask that has over 3%
detection error. By using full-pixel MC, the detection error reduces to 1.65%, which
is still considerable. All the other MC methods have much smaller detection errors;
therefore, for this synthetic video, the half-pixel accuracy suffices to provide a stable
video sequence for motion detection.

The previous simulation results are based on the synthetic video sequence, which
perfectly obeys the translational motion model. In order to test global motion com-
pensation methods in a real condition, we use a few videos captured from the cameras
mounted outside on the roof of Photonics building. Figs. 7.8-7.19 show the compar-
ison between the reference frame and motion compensated frame, based on phase
correlation, block matching and gradient descent method, at different pixel accuracy.

The simulation results indicate that global motion compensation can effectively
stabilize the videos. The phase correlation and block matching methods with sub-
pixel accuracy slightly outperform full-pixel accuracy. Since the human eye cannot
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Figure 7.9: Motion compensation using phase correlation with full-pixel accuracy:
reference frame 1, compensated frame 64, absolute difference of these two frames

Figure 7.10: Motion compensation using phase correlation with quarter-pixel ac-
curacy: reference frame 1, compensated frame 64, absolute difference of these two
frames

Figure 7.11: Motion compensation using block matching with full-pixel accuracy:
reference frame 1, compensated frame 64, absolute difference of these two frames

Figure 7.12: Motion compensation using block matching with quarter-pixel accuracy:
reference frame 1, compensated frame 64, absolute difference of these two frames
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Figure 7.13: Motion compensation using gradient descent with translational model:
reference frame 1, compensated frame 64, absolute difference of these two frames

Figure 7.14: Original video: reference frame 1, frame 64, absolute difference between
these two frames

Figure 7.15: Motion compensation using phase correlation with full-pixel accuracy:
reference frame 1, compensated frame 64, absolute difference of these two frames

Figure 7.16: Motion compensation using phase correlation with quarter-pixel ac-
curacy: reference frame 1, compensated frame 64, absolute difference of these two
frames
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Figure 7.17: Motion compensation using block matching with full-pixel accuracy:
reference frame 1, compensated frame 64, absolute difference of these two frames

Figure 7.18: Motion compensation using block matching with quarter-pixel accuracy:
reference frame 1, compensated frame 64, absolute difference of these two frames

Figure 7.19: Motion compensation using gradient descent with translational model:

reference frame 1, compensated frame 64, absolute difference of these two frames
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Table 7.4: Performance and computational complexity comparison of different motion
compensation methods at different pixel accuracy for Chapel video

Motion compensation methods V Computation time
(sec/200 frames)
Without global MC 113.4301 -

Full-pixel translation - PC 67.8213 46.2s
Half-pixel translation - PC 38.1950 155.6s
Quarter-pixel translation - PC 23.4760 314.8s
1/8-pixel translation - PC 22.2647 969.3s
Full-pixel translation - Global BM 67.7766 425.9s
Half-pixel translation - Global BM 38.1950 518.2s
Quarter-pixel translation - Global BM | 23.4760 600.6s
0.05-pixel translation - Global BM 21.5447 1800.0s

Translation - Gradient Descent 20.5214 ~ 3600s

4-parameter affine - Gradient Descent | 21.6605 ~ 6000s

distinguish the subtle differences among different methods, we compare their perfor-
mances quantitatively using the proposed global metric. Tables 7.4 and 7.5 show the
performance comparison as well as the computational complexity, based on two video
sequences (200 frames) respectively. Fig. 7.20 and 7.21 compare the global motion
vectors obtained from phase correlation and block matching methods in the half-pixel
accuracy.

The simulation results indicate that higher-pixel accuracy compensation leads to
more stable video sequences, which is consistent with the conclusion we draw from
the synthetic video. Figs. 7.22 and 7.23 show the motion detection masks based on
different motion compensation methods.

The simulation result implies that global motion compensation effectively im-
proves the motion detection performance. When the half-pixel or higher accuracy
motion compensation is used, the improvement is quite limited.
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Horizontal MV based on PC at half pixel accuracy
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Figure 7.20: Horizontal motion vector comparison between PC and BM
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Vertical MV based on PC at half pixel accuracy
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Figure 7.21: Vertical motion vector comparison between PC and BM



Post-processing of Streaming Video for Reliable Background Subtraction

35

L'Q-Lu__'_' . _.._ . — “H-L-_.l

Figure 7.22: Motion detection masks based on different stabilized videos. Top row:
a video frame and no MC; Second row: full-pixel MC and half-pixel MC; Third row:
quarter-pixel MC and eighth-pixel MC; Bottom row: gradient descent 2-parameter
MC and gradient descent 4-parameter MC
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Figure 7.23: Motion detection masks based on different stabilized videos. Top row:
a video frame and no MC; Second row: full-pixel MC and half-pixel MC; Third row:
quarter-pixel MC and eighth-pixel MC; Bottom row: gradient descent 2-parameter
MC and gradient descent 4-parameter MC
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Table 7.5: Performance and computational complexity comparison of different motion
compensation methods at different pixel accuracy for PTZ2 video

Motion compensation methods % Computation time
(sec/200 frames)
Without global MC 273.3934 -

Full-pixel translation - PC 101.6652 48.8s
Half-pixel translation - PC 46.6869 170.7s
Quarter-pixel translation - PC 27.6109 335.1s
1/8-pixel translation - PC 25.1027 1008.7s
Full-pixel translation - Global BM 101.6682 451.7s
Half-pixel translation - Global BM 46.6869 536.8s
Quarter-pixel translation - Global BM | 27.6109 641.2s
0.05-pixel translation - Global BM 24.1211 1904.3s
Translation - Gradient Descent 22.7966 ~ 3600s
4-parameter affine - Gradient Descent | 22.8794 ~ 6000s




Conclusion

In this report, we mainly focused on the AGC correction algorithm and several global
motion compensation algorithms that can provide more stable video sequences for
background subtraction. We described the algorithms of phase correlation, block
matching and gradient descent search. Then, we performed experiments to compare
their differences based on both real videos and synthetic videos. The simulation
results indicate that the phase correlation and block matching have the same perfor-
mance at the same pixel accuracy. In addition, the higher pixel accuracy can lead
to more stable videos, at the expense of more computational load. However, global
motion compensation based on quarter or higher pixel accuracy provide very similar
motion detection results in terms of TER. Therefore, global motion compensation
based on half-pixel accuracy is arguably a good tradeoff between computational com-
plexity and the background subtraction performance.
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