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Using Random Forest for Occlusion Detection Based on Depth Image
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Abstract A novel occlusion detection approach is proposed for depth image by using Random Forest. The occlusion
related features of each pixel in the depth image are extracted, and then the Random Forest classifier is used for
detecting whether each pixel is an occlusion boundary point or not. All the occlusion boundaries in the input depth
image are obtained. This work is distinguished by three contributions. A new occlusion related feature named depth
dispersion is proposed and the Gaussian curvature feature is introduced, and both of them are used for occlusion
detection by combining with other features. All the occlusion related features in depth image are analyzed and
evaluated by using the importance and extraction time as criterion. On this basis, five features such as average depth
difference, maximal depth difference, mean curvature, Gaussian curvature and depth dispersion are selected for
designing the occlusion detection classifier. A new occlusion detection approach takes the Random Forest to solve
occlusion detection problem in depth image. The experimental results show that, compared with the existing
methods, the proposed approach has higher accuracy and better generality.

Key words imaging processing; depth image; occlusion detection; Random Forest; occlusion related feature; depth
dispersion
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Fig. 10 Depth image and its Ground Truth for training. (a) Knot; (b) Rocker; (¢) Plane; (d) Bunny; (e) Turbine

5.2 ZWHBERIH

T AT A S VT T A D 1 A R A D L
HHEAT T PN B SRS - D SR A R RRAE 24 & 5 o
YIS 19 A 7] BE HL AR AR 53 28 v 22 18] 1) 388 124 60 0 % F
SEH 5 2) SR A Sy VA S AN T A Ty vk 2 R R L S
5. SCge B SR IE T I G4 SCHR Y Y BE AL AR AR
PRSI 4> AR P I IE AUREACEE . FEIE AR A
WU FE op 2 pE 3 3 2ok 5 4 1) I SRR AR CE SRR AR
AT A F T RAT P BB 1 BE AL AR AR 23 2 4 i
TR I 2R 4 i 40 3348 NP A AR
HIEFEAER SR 5 SR T B0 B AL R 7 7 1 DI 3
Y 25K 42 st B 3452 AN P i B AR R kR
ARG T BT 2H U 2R A AR 4R R VI 5 B PIL AR AR
S o3 A S VAL B 32 ne B Ground Truth oo 44
5 AR g O TR AGE DU 5 R v B R 3 R
B s, RS 5 R e R T T B Y G B 30 R A AR
HOWAEWER R, =n./ng . BEFE R =n./n,. T3
A UER R, A B8 b Fir A TR 32 TR X iz 119 £
HER I BE - & 438 R, 8ol 5 vh i
TR PE UG O0T I 9 A 4 38 (0 - (R . 1 T 430 45t T
ZHOF T S50 1 45 R B e
5.2.1 FREMALAM S E 0GR

TSR AR ST H R B AR 2 U R AE S A
{14 e ST HE SRR AE 19 A RO {8 IR I R A A 4 Oy
FHET 4 MORFEFRIEA A RN GB 2T 4 4kl
LA AR A> 25 88 RFC, \RFC, \RFC; 1 RFC,, H,
RFC, X B () FEAEZH A 0 { favn s fuop s fue b s REC,
XL A FREE LA R faop s fyoo s fue b U { fee b s RECy
XL B FEAEZH G A { faoo s oo s fue P U { fon ) s REC,
XERE YRR AE A A A favos fuoos fue b U font U
{focbo fE I FEAL b, oK RFC, | RFC,, RFC, I

REFC, e84k B P AR R, P A 42
R, M Fooe AT T HOBL OB ES RN 1 BT,
HH Fiwe=2R,R./(R,+R..
# 1 AFIEEYLARMIT EHH Ry Rue Fl Fone
Table 1 R.,. R., and F.,. for different random

forest classifiers

Classifier name R.,/% R./% Fore
RFC, 93.67 97.14 0.9537
RFC, 93.01 98.05 0. 9546
RFC, 96. 48 96. 54 0. 9651
RFC, 96. 64 97.41 0.9703

H 3% 1 AJ AL RFC, 97 ¥ 7 #E R L F RFC,,
B 2R ) A TR KT, i RFC, 1)
Foo 8% REC, 4 B $& &5 0T W o5 o il 22 R AE 38 2
AR UGE TR 4 KA RE . REC,
B RFC, 1 R, WA BEARARAE P &R H A T
BRIHETH B REC, 1 Fo.. fHE RFC, A THK
R PE P P DL R O R AR S R A
WER D S MR TR A A AR R, SR
Ht REC, %0 45 ik — 20 BT L RFC, 1Y R,
I RFC, WA TR (HE R, HA T8N B EH R
&0 5 RFC, M H, 78 R, Al R, Jy i ¥4 4 Jr $2
s A B REC, X B F o {H /2 DY 5 H 85 85 1Y
FH U AT L 8 [ B 23 6 v S0 i 23 R O 0 R R
BORERRAE AT g — 2P R TH 3 R AR A I R RE . BaAR HE
IR T AR SCT AR TR A O R AR B 5] A s
iy R AR AE (19 ot .

5.2.2  FRREEIED ke iR

HY T RS TR R AR 0 A ) AR R
T 25 VA AR SC T AR S RS I T e R T Ak
RBHESCHEEMPE Yl T TR, SR

0915003-8



TR A 45

e L P BRI R A 52 B A )

RS SCRRC 12— 15 ] vp (g 8 3k 23 0 SE B T e AT %t
O PR R I 7 3 o Herp s SCHR 12 105 3 iy o 3
EAEA ST B 0. 005, TR B {H o 15. 55 SCHR
(13— 1A VAP R B 2 B {6 o 03 A 3l 58 5 STk
[ 15 T 45 1Ry S ) 0 AL P25 6 00 73 2 2 2R B S
FAALRYITEINGRA 2 . A SO ik 2 2675 191 25
FEAS SR YN GRA5 21 T 42 119 BE AL AR M 2545 T 3 2K s
TE A 720 3R Hh 4R b S0 A T ) 5 A
W7kt AT TSR . B 11 A T S I X 4G

(@)

(®)

©
11

(CY)

AN EBTR 5 MO 2 2 B A6 H bR Y 44 FR
4354 Knot, Rocker, Plane, Duck #1 Mole, H i,
11 Cad D B 58 H bn i TR B PR & 11 (b Ol
Ground Truth, |8 11Ce) Ry SCHRL12 ] 75 2 1Y 8 5 45
I 2R T 11 (D g SCHR LT3 77 ¥ £ 38 5 46 0 45

B 11 Ce) Sy SCHRL 14 177 75 o S 2 A6 I 245 2R L 141 11.(D
O SCHRLTS 107 125 9 JHE P A I 245 28 L J&] 11 (@) AR 3¢
JIT 42 75 v Y A T &4

(e) (@

A [ EE P ARG I Ty vk ) SR A R A . () IRIERIE (B) ST S 00 5 (o) SCHRO12107 1255 () SCRL13 05 ¥ 5

(o) CHRL14]77 % 5 (D SCHRLI5]75 5 (@) ACTT ik
Fig. 11 Comparison of occlusion detection results for different methods. (a) Depth image; (b) Ground Truth;

(¢) method in Ref. [12]; (d) method in Ref. [13]; (e) method in Ref. [14]; (f) method in Ref. [15]; (g) proposed
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Fig. 12 Precision ratio and recall ratio for different occlusion detection methods
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Table 2 R,, and R,, for different occlusion

detection methods

Method name R.,/% R./%
Method in Ref. [12] 27.39 26. 38
Method in Ref. [13] 51.91 52.57
Method in Ref. [14] 52.28 55.98
Method in Ref. [15] 95. 48 96. 95

Proposed method 96. 64 97.41
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Table 3 Average time-consumption for different occlusion detection methods (unit: ms)

Time-consumption for feature
Method name P

Time-consumption for occlusion

. Total time-consumption
detection p

extraction
Method in Ref. [12] 20. 94
Method in Ref. [13] 3.73
Method in Ref. [14] 3.73
Method in Ref. [15] 66. 33
Proposed method 32.81

1.25 22.19
0.41 4. 14
0. 40 4.12
16. 83 83.16
131.75 164,55

4 ARG 7 A B

Table 4 Survey for different occlusion detection methods

Occlusion related features

Method name

Method type

f‘/\Dl) fMDI) fVIC \f‘(}(‘ f‘."\ fDI)
Method in Ref. [12] N Threshold segmentation
Method in Ref. [13] N Threshold segmentation
Method in Ref. [14] N Threshold segmentation
Method in Ref. [15] N N Machine learning
Proposed method N N N N N Machine learning
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