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2.1.1

d

1 tk ∈ R
d

n T ≡ [t1, . . . , tn] ∈ R
d×n

n d .

y ∈ R
d T

y ≈ Ta = a1t1 + a2t2 + · · ·+ antn (1)

a ≡ (a1, a2, . . . , an)
� ∈ R

n

[23] I ∈ R
d×d

y

y = [ T, I ]

[
a

e

]
≡ Bw, s.t. w ≥ 0 (2)
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e ≡ (e1, e2, . . . , ed)
� ∈ R

d

B ≡ [ T, I ] ∈
R
d×(n+d) w� ≡ [ a, e ] ∈ R

n+d w

≥ 0

2.1.2 L1

(2) d < n+ d

w

e

d � n w

w (2)

L1

ŵ ≡ argmin
w

||y −Bw||22 + λ||w||1 (3)

ŵ λ

y

a

e

w

a

e

w

2.1.3

[7]

Markov t xt

t z1:t = {z1, z2, . . . , zt−1, zt}

p(xt−1|z1:t−1) p(xt|z1:t−1)

p(xt|z1:t)
t p(xt|z1:t−1) xt Markov

p(xt|z1:t−1) =

∫
p(xt|xt−1)p(xt−1|z1:t−1)dxt−1 (4)

t− 1 p(xt−1|z1:t−1)

p(xt|xt−1)

z1:t p(xt|z1:t)
Bayes p(zt|xt)

p(xt|z1:t−1)

p(xt|z1:t) = p(zt|xt)p(xt|z1:t−1)

p(zt|z1:t−1)
(5)

p(xt|z1:t) N {xit}i=1,...,N

wit π(xt|x1:t−1, z1:t)

xit wit

wit ∝ wit−1

p(zt|xit)p(xit|xit−1)

π(xt|x1:t−1, z1:t)
(6)

π(xt|x1:t−1, z1:t) = p(xt|xt−1)

wit = p(zt|xit)

3

t

pt ≡ (xt, yt, zt)
� st ≡ (ẋt, ẏt, żt)

�

xt = [p�
t , s

�
t ]

� vt

0 Σ

xt ≡ Gxt−1 + vit (7)

G ≡

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1 0 0 1 0 0

0 1 0 0 1 0

0 0 1 0 0 1

0 0 0 1 0 0

0 0 0 0 1 0

0 0 0 0 0 1

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
, vt ∼ N(0,Σ)

t x̂t wit W i
t

x̂t =

N∑
i=1

W i
tx

i
t (8)
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Fast Point Feature Histogram FPFH

FPFH[20] PFH[22]

p

pi pj ni,nj

αf , φf , θf

11

33

Simplified Point Feature Histogram(SPFH)

pi SPFH hSPFH(pi)

αf ≡ v · nj
φf ≡ u·(pj−pi)

||pj−pi|| (9)

θf ≡ arctan(w · nj ,u · nj)

u ≡ ni v ≡ (pj − pi)× u w ≡ u× v

pq Rf

Kf {pi}i=1,...,Kf
pq pi Kf

hSPFH(pq)

{pi}i=1,...,Kf
hSPFH(pi)

hFPFH(pq)

hFPFH(pq) ≡ hSPFH(pq)+
1

Kf

Kf∑
i=1

1

||pq − pi||
·hSPFH(pi)

(10)

pqpi ||pq − pi||
Rotation-Invariant Feature Transform RIFT

RIFT[15] SIFT 3

pq Rr Kr

{pi}i=1,...,Kr pi

pqpi

dr pq pi

θr

Kr

4 8 32

hRIFT(pq)

3 L1 Tracker

hFPFH(pq) ∈ Z
33 hRIFT(pq) ∈ Z

32

yq ∈ R
65 3

yq ≡
[
hFPFH(pq)

�, δ · hRIFT(pq)
�]� (11)

δ 2

L1 Tracker tq

d = 65 3 yq

2.2 NMF

L1 Tracker

3

d � n

NMF

NMF 2

3 yq ∈ R
d m

Y ≡ [y1, . . . ,ym] ∈ R
d×m

D ≡ [d1, . . . ,dn] ∈ R
d×n H ∈ R

n×m

D dk ∈ R
d

3

elastic net Y ≈ DH

min
D,H≥0

1

2
||Y −DH||2F + αγ||D||�1 + αγ||H||�1

+
α(1− γ)

2
||D||2F +

α(1− γ)

2
||H||2F

(12)

|| · ||�1 L1 || · ||F
α γ L1

L2

NNDSVD[4]

greedy coordinate descent [8]

T D B̌ ≡
[ D, I ] ∈ R

d×(n+d) (3)

2.3 VCCS 3

Voxel Cloud Connectivity Segmentation VCCS [18]

3

(supervoxel)

( 4)

VCCS

3
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4 VCCS

VCCS

VCCS 3 Rvoxel

3

Rseed

D

k-means

region growing 3

D RGB

Dc Rseed

Ds Dn ≡ 1−pj ·pi

D ≡
√
ηD2

c + μ
D2
s

3R2
seed

+ ξD2
n (13)

η μ ξ

VCCS

1 x̂t−1

p̂t−1 ŝt−1 1

p̃t Rv ≡ ζ · lmax

5

lmax

ζ

2.4 FISTA L1

3

(3)

F (w) = f(w) + g(w)

f(w) = ||y − B̌w||22
prox g(w) = λ||w||1

p
− 1 − 2 − 3

5

FISTA[2]

1 3

VCCS

ŵ

S

5

yq

y

y ≡
S∑
q=1

yq (14)

y

2.5

L ≡ p(zt|xit)
3

3

xit

pit Rl = ν · lmax/2

xit

ν
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6

3

ŵ

â r

r ≡ ||y −Dâ||2 (15)

3

lmax Rl

s

Ns o

s ≡ o

Ns
(16)

RGB HSV

21 7 Nh = 147

c̄ ≡ (c̄1, . . . , c̄Nh
)�

c ≡ (c1, . . . , cNh
)� Bhattacharyya

h

h ≡
Nh∑
h=1

√
c̄hch (17)

3

pit Rl Np

1 b

= 0.91= 0.77= 311.3 = 1.0= 0.85= 524.3 = 1.0= 0.81= 331.4= 0.82= 0.66= 220.8

6 Rl

b ≡
Np∑
p=1

{
1

rφp
· sψp · hp

}
(18)

φ ψ 3

b

L

L ≡ 1

1 + κ · exp(−τ · b) (19)

κ τ

x̂t p̂t Rl

s > σ c > χ

σ χ
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3.1

Point Cloud Library PCL [21]

RGB-D
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alSense SR300 640×240

320× 180

Core i7-3770 CPU PC

3.2

N = 500 n = 8

NMF α = 0.3 L1 L2

γ = 0.2 FISTA

λ = 1.7× 10−5

S = 20 3 δ = 50.0 VCCS

Rvoxel = 15[cm] Rseed = 1.2[cm]

η = 0.1 μ = 0.5 ξ = 1.2

ζ = 1.1

ν = 0.9 3

φ = 0.5 ψ = 1.3

κ = 1000 τ = 10.5

σ = 0.7 χ = 0.55

3.3

1

1

1.5[mm]

3
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1 (Mean±SD)

[ms]

1284.1± 11.6 823.6± 12.4

1709.2± 50.1 1102.1± 45.3
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