


15T ITERATION




3fD ITERATION




6™ ITERATION




WHEN (U,v) FLow MAKES SENSE?

8I 6I 8I 0 X'=X+U

5X @y at y’:y_|_v

a Side view

camera 4|

Constant distance

Constant object size  1(t')




GENERAL OBJECT MoTioN

8I 6I 8I 0 X"#X+U

x 5)’ Tt V' # Y4V

a Side view

camera —l
camera —l e
(')

Different depth/orientation




PARAMETRIC TRANSFORMATION

a Unknowns:; P
I (t)

Different depth/orientation




RECALL: PARAMETRIC TRANSFORMATIONS

Euclidean (3 dof) Similarity (4 dof) Affine (6 dof) Projective (8 dof)
» Length * Length ratio * Parallelism * (Cross ratio
» Angle » Angle * Ratio of area « Concurrency
» Area « Ratio of length * Colinearity

cos@ -sin@ t, acos@ -—asinb L, dyy 4 Ay hﬂ hwz h13

sin@  cos® ¢ {asine acos6 ty} ay 8, ay h, h, hy

1 1 0 0 1 hy hy, 1



RECALL: PARAMETRIC TRANSFORMATIONS

Euclidean (3 dof) Similarity (4 dof) Affine (6 dof) Projective (8 dof)

» Length * Length ratio * Parallelism * (Cross ratio
» Angle » Angle * Ratio of area « Concurrency
» Area « Ratio of length * Colinearity

Ex) Aerial images Change of depth Far objects Planar objects



OPTICAL FLowW

Brightness constancy
| (X + AX) ~ T (X)

Template Target image
T(x) 1(x)



IMAGE ALIGNMENT

Brightness constancy

| (W(x;p))=T(x)

ex) affine transform
pw+pw+pﬂ
p,U+ PV + P

g W W(x p):[
Template Target image
T(x) 1(x)



IMAGE ALIGNMENT

. Brightness constancy

| (W(x;p))=T(x)

ex) affine transform

- U U+ p,v+
= _ W (x: p) = N U+ p,vV+ P,
Template Target image Vv PU+ PV + Py

T ') B :(p1+1)U+ P,V + pg}

| Pu+(ps +1)v+pg




IMAGE ALIGNMENT

Brightness constancy

| (W(x;p))=T(x)

Objective: to find the optimal warping parameter p
that minimizes warping error.

Template Ta;e image )
T(x) | (X) i = minignizeZ( LW (x; p)—T(x))

Template




IMAGE ALIGNMENT

Brightness constancy

| (W(x;p))=T(x)

Objective: to find the optimal warping parameter p
that minimizes warping error.

Template Ta;e image )
T(x) | (X) i = minignizeZ( LW (x; p)—T(x))

Warped image Template




IMAGE ALIGNMENT

| Brightness constancy

| (W(x;p))=T(x)

Objective: to find the optimal warping parameter p
that minimizes warping error.

Template Taéjef image )
T(x) | (X) i = minignizeZ(l(\N(x; P)-T(x))

Error image




RECALL: LOCAL PATCH TRACKING

. —2.76
_ T ! T X =
x=(ATA) " A'b {1_27}
First order approximation
| (X+Uuot,y +Vvott+ot)

~ | (X, y,t)+ﬂu5t +ﬂv5t +ﬂ5t
OX oy ot

/™
/N

Guass-Newton’s method

NCC: 0.923520; SSD: 3.854872



IMAGE ALIGNMENT OBJECTIVE

W(X;p)

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
: 1.Linearize the obj. function at p

LW (x; p+Ap) ~ 1 W(x; p»+%Ap




IMAGE ALIGNMENT OBJECTIVE

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
1.Linearize the obj. function at p

LW (x; p+Ap) ~ 1 W(x; p»+%Ap

Ex) optical flow (translation)
W (X; p) = X+ AX

/ \ ’ —»ﬂApzﬂAx=Vle
op OX

AU +




IMAGE ALIGNMENT OBJECTIVE

W(X;p)

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
1.Linearize the obj. function at p

LW (x; p+Ap) ~ 1 W(x; p»+%Ap

Ex) affine transform
Wix:p) :H{ P+ P,V + ps}

/\ > \ PU+ PV + P
/ \ —> ﬂAp

What does the gradient image
w.r.t. the affine parameters mean?




IMAGE ALIGNMENT OBJECTIVE

W(X;p)

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
1.Linearize the obj. function at p

LW (x; p+Ap) ~ 1 W(x; p»+%Ap

Ex) affine transform
Wix:p) :H{ P+ P,V + ps}

/\ v PU+ PV + P
/ \ LAl daw

Chain rule

v




IMAGE ALIGNMENT OBJECTIVE

W(X;p)

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
1.Linearize the obj. function at p

LW (x; p+Ap) ~ 1 W(x; p»+%Ap

Ex) affine transform
Wix p)zm{ P+ P,V + ps}

/\ \' P,U+ PV + Pg
/ \ LA AW, W

op oX op L op

v




IMAGE ALIGNMENT OBJECTIVE

W(X;p)

2

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
1.Linearize the obj. function at p

LW (x; p+Ap) ~ 1 W(x; p»+%Ap

Ex) affine transform

/\ W p) = ul, [P+ pv+ps
/ ' \ > V] | pu+pyV+p,

— ﬂApzﬂ%ApzwwAp
op oX op op
ou
e OW | O,
Jacobian: 2 | ov



IMAGE JACOBIAN (STEEPEST DESCENT IMAGE)

W (X; p):{u}{ P+ PV pﬂ —» a—IAp:VI aﬂAp
p,U+ PV + p,

v op op

o o
op, op,
2%X6

W (x: p):|:u:|+|: pU+ p,vV+ p3:|
\' p4u+ p5V+ pG

o ou
op, op,

Am]
Ap6

1x6



IMAGE JACOBIAN (STEEPEST DESCENT IMAGE)

W (X; p) = 1+ PUTPN+Bs | a—IAp:VIaﬂAp
’ V| | pu+pV+p, op op
] uv 1000 Af)l
< 000 uwv1 '
1x2 AP,

1x6




IMAGE JACOBIAN (STEEPEST DESCENT IMAGE)

W (X; p) = 1+ PUTPN+Bs | a—IAp VIMAp
Y, p,U+ PV + P, op op

uv 1000
[IX Iy] {OOOUVJ

1x2 5% 6

VI—

Am]
A%

1x6



IMAGE JACOBIAN (STEEPEST DESCENT IMAGE)

W (X; p) = 1+ PUTPN+Bs | a—IAp VIMAp
Y, p,U+ PV + P, op op

uv 1000
[IX Iy] {OOOUVJ

1x2 5% 6

n

Am]
A%

1x6



IMAGE JACOBIAN (STEEPEST DESCENT IMAGE)

W (X; p) = 1+ PUTPN+Bs | a—IAp VIMAp
Y, p,U+ PV + P, op op

A
] uv 1000 fol
Y 000 uwv1 '
1x2 56 Ap,
1x6

VI—



IMAGE JACOBIAN (STEEPEST DESCENT IMAGE)

W (X; p) = 1+ PUTPN+Bs | a—IAp:VIaﬂAp
’ V| | pu+pV+p, op op
] uv 1000 Af)l
< 000 uwv1 '
1x2 AP,

1x6




IMAGE JACOBIAN (STEEPEST DESCENT IMAGE)

W (X; p) = 1+ PUTPN+Bs | a—IAp VIMAp
Y, p,U+ PV + P, op op

A
] uv 1000 fol
Y 000 uwv1 '
1x2 56 Ap,
1x6

£ I I l
/
VI —



IMAGE JACOBIAN (STEEPEST DESCENT IMAGE)

W (X; p) = 1+ PUTPN+Bs | a—IAp VIMAp
Y, p,U+ PV + P, op op

A
] uv 1000 fol
Y 000 uwv1 '
1x2 56 Ap,
1x6

VI—



IMAGE JACOBIAN (STEEPEST DESCENT IMAGE)

W (X; p) = 1+ PUTPN+Bs | a—IAp VIMAp
Y, p,U+ PV + P, op op

A
] uv 1000 fol
Y 000 uwv1 '
1x2 56 Ap,
1x6

£ l l
/
VI—



IMAGE JACOBIAN (STEEPEST DESCENT IMAGE)

u u+p,v+
W(x;p):{ }+{pl P2 pe’} — a—IAp:VIaﬂAp
\Y; p,U+ PV + P, op op
] uv 1000 Afol
< 000 uwv1 A'
1x2 9%6 Ps
1x6

ow

Vi Y : steepest decent images



IMAGE ALIGNMENT OBJECTIVE

W(X;p)

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
1.Linearize the obj. function at p

|W(x; p) (%) W+ ap)~ 101 g llllll

2. Find Ap that minimizes the
obj. function at p

I(\N(x;p»m%ﬂAp—T() 0 — VI Ap=T-1W(xp)
p op |

v




IMAGE ALIGNMENT OBJECTIVE

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
1.Linearize the obj. function at p

L

2. Find Ap that minimizes the
obj. function at p

I(\N(x;p»maaﬂAp—T() 0 — VI Ap=T-1W(xp)
p op




IMAGE ALIGNMENT OBJECTIVE

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
1.Linearize the obj. function at p

L

2. Find Ap that minimizes the
obj. function at p

I(\N(x;p»maaﬂAp—T() 0 — VI Ap=T-1W(xp)
p op

W
P |, W (x; p)~T(x,)
: Ap=-—

oW W (x,;p)=T(x,)
P |,



IMAGE ALIGNMENT OBJECTIVE

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
1.Linearize the obj. function at p

L

2. Find Ap that minimizes the
obj. function at p

I(\N(x;p»maaﬂAp—T() 0 — VI Ap=T-1W(xp)
p op

W
K\xl I I(W(XB»_T(XW
vy W LW (%, P) =T (x,)
op




IMAGE ALIGNMENT OBJECTIVE

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
1.Linearize the obj. function at p

L

2. Find Ap that minimizes the
obj. function at p

I(\N(x;p»maaﬂAp—T() 0 — VI Ap=Tx- 1W(xp)
p op

Ap=H" Z(vn%j (T (x)— 1W ()
where H = Z(w%} (wﬂ]




IMAGE ALIGNMENT OBJECTIVE

W(X;p)

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
1.Linearize the obj. function at p

T L

2. Find Ap that minimizes the
obj. function at p

Ap=H lz(w%j (T(x)— W (x:p))

v

3. Update p <« p+Ap




OPTICAL FLOW DERIVATION

W(X;p)

AX* = miniAanizeZ( | (%;AX) =T (x))

Guass-Newton’s method

;. it 1.Linearize the obj. function at x
(W (x;p)) 1(x) (X +AX) = 1(X) + VI AX

2. Find Ax that minimizes the
obj. function at x

v

VIAX=T(X)=1(X)==(I(x)-T(x)) 2 LAu+Il Av=-I,




OPTICAL FLOW DERIVATION

W(X;p)

AX* = miniAanizeZ( | (%;AX) =T (x))

Guass-Newton’s method

;. it 1.Linearize the obj. function at x
(W (x;p)) 1(x) (X +AX) = 1(X) + VI AX

2. Find Ax that minimizes the
obj. function at x

v

VIAX=T(X)=1(X)==(I(x)-T(x)) 2 LAu+Il Av=-I,

Ax=H™ (VI (T(x)= W (x; p))

where H=>vI'vi









IMAGE ALIGNMENT

W(X;p)

px=minimize 310/ (x;p) =T (x)

Guass-Newton’s method
1.Linearize the obj. function at p

e

2. Find Ap that minimizes the
obj. function at p

. Ap=H 1Z(VI %} (T(x)— W (x;p)

3. Update p <« p+Ap
4. Goto 1




(X;p))
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0 50 100 150 200 250 300 350 400 450

Iteration












Monkey interest point tracking



LSD-SLAM: Large-Scale Direct Monocular SLAM

Jakob Engel, Thomas Schops, Daniel Cremers
ECCV 2014, Zurich

Computer Vision Group ?‘
Department of Computer Science 4 i !
Technical University of Munich




