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topic
in

im
age
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im
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l
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w
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puter
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In
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e
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com
p
etitive

results
for

real
im
ages.

O
p
tic

a
l
F
lo
w

E
stim

a
tio

n
P
ro
b
le
m
:
F
ind

a
velocity

fi
eld

u
(x
,y
)
=

[u
1 (x

,y
),u

2 (x
,y
)]

T

based
on

the
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intensities
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︷

︸
N
on-L

inear

L
inearise

constraint
by

p
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(i.e.
noisy

conditions).

A
ccuracy:

M
easures:

E
E
=
‖
u−

u
est ‖

22
︸

︷
︷

︸
E
nd-p

oint
E
rror

(in
pixels) ,

and
A
E
=
cos −

1

(
1
+
u

Tu
est

√
1
+
u

Tu √
1
+
u

Test u
est )

︸
︷
︷

︸
A
ngular

E
rror

(in
degrees)

C
om

parison
of

the
L
A
P
algorithm

against
three

state-of-the-art
optical

fl
ow

algorithm
s

C
onstant

F
low

s
S
m
oothly

V
arying

F
low

s
R
eal

F
low

s

A
lgorithm

s
D
=

1
pixel

D
=

15
pixel

D
=

1
pixel

D
=

15
pixel

D
im
etrodon

R
ubb

erW
hale

A
A
E

A
E
E

A
A
E

A
E
E

A
A
E

A
E
E

A
A
E

A
E
E

A
A
E

A
E
E

A
A
E

A
E
E

L
A
P

4×
1
0
−
6
1×

1
0
−
7
0
.0
0
1

0
.0
0
1

0
.1
0
7

0
.0
0
2

0
.7
4
6

0
.1
0
2

1
.7
8
2

0
.0
9
6

3.870
0.116

L
D
O
F
[3]

0.777
0.020

0.169
0.054

2.119
0.043

11.91
1.310

2.104
0.115

4.310
0.129

M
P
O
F
[4]

1.833
0.046

0.094
0.044

2.103
0.041

7.201
0.964

2.976
0.150

2
.6
6
2

0
.0
8
7

H
S
[1,6]

1.293
0.033

0.084
0.039

1.854
0.037

6.010
0.868

4.562
0.219

3.801
0.119

*
A
A
E
-
A
verage

A
ngular

E
rror

and
A
E
E
-
A
verage

E
nd-p

oint
E
rror

**
D

is
the

m
axim

um
displacem

ent
of

the
optical

fl
ow

E
stim

ating
a
sm

oothly
varying

optical
fl
ow

w
ith

L
A
P
algorithm

(m
axim

um
displacem

ent
is
15

pixels)

(e)
Im

age
1,

I
1

(f)
G
rou

n
d
T
ru
th

F
low

,
u

(g)
Im

age
2,

I
2

(h
)
L
A
P
F
low

E
stim

ate,
u
e
s
t

C
om

putation
T
im
e:

C
om

putation
tim

e
for

the
fi
ve

optical
fl
ow

algorithm
s
(im

ages
are

388
by

584
pixels)

L
A
P

L
A
P
w
.
M
edian

F
ilters

L
D
O
F
[3]

M
P
O
F
[4]

H
S
[1,6]

T
im
e
(seconds)

6.23
7.76

29.87
279.00

47.05

#
U
nlike

the
others,

L
A
P
com

putation
tim

es
achieved

using
only

a
M
atlab

im
plem

entation

R
e
fe
re
n
c
e
s

[1
]
B
.
H
orn

an
d
B
.
S
ch
u
n
ck,

“D
eterm

in
in
g
op
tical

fl
ow

,”
A
rtifi

cia
l
In
tell.,

vol.
17,

n
o.

1,
p
p
.
185–203,

1981.

[2
]
B
.
L
u
cas

an
d
T
.
K
an
ad
e,
“A

n
iterative

im
age

registration
tech

n
iq
u
e
w
ith

an
ap
p
lication

to
stereo

vision
,”

in
P
ro
c.

In
t.

J
o
in
t
C
o
n
f.
A
rtifi

cia
l
In
tell.,

V
an
cou

ver,
C
an
ad
a,

1981,
vol.

2,
p
p
.
674–679.

[3
]
T
.
B
rox

an
d
J.

M
alik,

“L
arge

d
isp

lacem
en
t
op
tical

fl
ow

:
D
escrip

tor
m
atch

in
g
in

variation
al

m
otion

estim
ation

,”
IE
E
E
T
ra
n
s.

P
a
ttern

A
n
a
l.
M
a
ch
.
In
tell.,

vol.
33,

n
o.

3,
p
p
.
500–513,

2011.

[4
]
L
.
X
u
,
J.

Jia,
an
d
Y
.
M
atsu

sh
ita,

“M
otion

d
etail

preservin
g
op
tical

fl
ow

estim
ation

,”
IE
E
E
T
ra
n
s.

P
a
ttern

A
n
a
l.
M
a
ch
.
In
tell.,

vol.
34,

n
o.

9,
p
p
.
1744–1757,

2012.

[5
]
S
.
B
aker,

D
.
S
ch
arstein

,
J.

P
.
L
ew

is,
S
.
R
oth

,
M
.
B
lack,

an
d
R
.
S
zeliski,

“A
d
atab

ase
an
d
evalu

ation
m
eth

o
d
ology

for
op
tical

fl
ow

,”
In
t.

J
.
C
o
m
p
u
t.

V
isio

n
,
vol.

92,
n
o.

1,
p
p
.
1–31,

2011.

[6
]
D
.
S
u
n
,
S
.
R
oth

,
an
d
M
.
B
lack,

“A
q
u
an
titative

an
alysis

of
cu
rren

t
practices

in
op
tical

fl
ow

estim
ation

an
d
th
e
prin

cip
les

b
eh
in
d
th
em

,”
In
t.

J
.
C
o
m
p
u
t.

V
isio

n
,
vol.

106,
n
o.

2,
p
p
.
115–137,

2014.


