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Abstract: The process of motion segmentation and measurement of mechanical swing based on traditional
block shape optical flow trajectory group clustering exhibits limitations in terms of over-segmentation and
fragmentation due to the partial occlusion, interruption, and uneven velocity distribution of the optical flow

trajectory. To overcome these limitations, we herein propose an arc-shaped trajectory clustering algorithm
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that uses curvature as a similarity metric and combines it with point cloud registration to perform mechani-
cal swing measurement. The algorithm first performs sparse Gaussian regression of the active subset to
learn the average trajectory of the arc-shaped trajectory group. Subsequently, the average trajectory is
used as the seed sample of the sparse subspace clustering to complete the motion segmentation at one
time. Finally, the non-seed sample is reclassified into its surrogate seed sample cluster to obtain the point
set of each frame. Through conditional expectation point cloud registration, the rotation component is ex-
tracted to complete the swing angle measurement. The proposed algorithm is used for a vehicle windshield
wiper under the four-link wiper assembly model and six different environment illuminances, as part of a vi-
sual automation system project targeting the daily safety inspection of passenger station vehicles, and com-
pared with other algorithms. The experimental results show that the proposed algorithm can fully learn the
blocked trajectory, and the mean square error with an artificially calibrated value is less than 10%. Fur-
thermore, the computational complexity is only equivalent to that in the case of a single iteration of the al-
ternating direction method of multipliers (ADMMs) , Therefore, the proposed algorithm can be used for
mechanical vision motion measurement in industrial intelligent manufacturing and automatic control sys-
tems.
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T RS ) A 2% X BB RE AR B
HFre AKX RI, S TEEREE, AN HE
BN K, 3R, X HLR F X K i Cholesky 43+ A
K, = LL" W&k ARSI T .
1.L = cholesky (K + 61 );
2.a=L"\(L\y);
3.E[ f1=Fa
4.v=1\k.;

Sovar [ f]=k(x,x.)— v v;
6. log p( 31X =— = y"a— Slog L,—  log (2r)
logp(y g ¥'a— 2logLy— 5 log (2n).
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He . K, H m A5 5 4 (Inducing Point) #4 1%, 7%
B4 I(Active Set) XF I 1y 3 HUH B, 0 28 558 SVD
53 J5 SRR A% Gram 5 FE K a] R 55 R m A
AF B B AR RO 5 AIF ) 12 A4) B am Y 6 R 6 B K 30T
o, e LanF .
K=K, K,.K,, (17)
AR, A2 (17) 1% e ?&Eﬂ(ﬂ]lﬁﬁ'ﬁ%ﬁﬁ
A AZ bR B LM 21 A L TR h

(x,»,x) ~ Ec,] (1'j,1') N k(xl,

Horpej 51 T, o, W EMER IR R A, FA A
P C (19 Bl E -

— ;H/e(x,x) — /%(1;5)”2 =

1‘), (18)

. (19)

SUEN B
Cope = K K 50 BT T 41 L 04 17 0 F
L R T

V[ fala)] = ok () (Ko K, +

o’ K,,) b (z) '

30 BE 3400 B 1] 52 2 BE W 9 O O ), 50 1L 0L

m B R WTES, I 43 3 %) T34 48 A~ 8 U R AT A bR
A 1B 05, mTAS LSS B 0 T R dn P 14 s .

?z§ A

50 100 150 200 250 300
Column raster/pixel

P14 I 3R A0 [ U S S

Fig. 14  Gaussian regression of Superfloxel

6 }IK"’ M AR Pb

K b 1A 050 A R B T RE AR (R B
KB Ry F i, B0 Hh N R 0 A AR B 4
HE Sl B A B 5 2 A AR U HE B S E B Y 1Y
— 3,

W) SSCE & F H br e
ZEUH I X

miny gl E | 2+ Al X[, s.t.diag( X )= 0,

Y=YX+F
E=Y— YX:{SM €2, 83, ",

BOR ek A £i5

e JER™ N

(22)
Hp . EhFlEHiRzE, [EI?HREEN
Frobenius y %5, 4 5 a2 5 44 15 22 2 151 307 43 A5 B 1t
TR 1 22 ARAN , A B 2800, A e R 2
5 fifk B R PR Sz R PR A AR SO G [l
VA A a0 SR 2 ka5 25 A LE AR 0 T i Bk
K, B A B K (E 0. 1 LA v AR 81 03 3 ok Y
Wl

LA KA F A T A€ RN RAET R



5 53]

KRR, 45 32 o5 (0] U0 A2 K 2% 11 309 B2 C v 1) L R 422 5l )

1163
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Fig. 15 SSC clustering result of the surrogate trajectories
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