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3D Human Pose Estimation Based on Random Forest Misclassification

Processing Mechanism

CAI Yi-Heng! WANG Xue-Yan! MA Jiet KONG Xin-Ran'

Abstract This paper proposed an improved method which can reduce the misclassification in human pose estimation
based on random forest and increase the accuracy, included adaptive fusion feature extraction and misclassification pro-
cessing mechanism. Firstly, we improved the method of feature extraction to adaptive extract deep fusion feature with
adaptive feature fusion extractive method, so that, both distance information and part information could enhance fea-
ture expression. Furthermore, owing to inspiration from error cluster analysis and iteration thought, the misclassification
processing mechanism is proposed to handle misclassi-fication appearance. Finally, we achieved accurate human pose
estimation from single depth images by applying the principal direction vector based on the improved principal direction
analysis (PDA) algorithm. The experimental results demonstrated that this algorithm can efficiently eliminate several

misclassifications and improve the accuracy of the 3D pose estimation.
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Fig.1 Synthetic depth image dataset
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Fig.2 Overview of proposed technique

WRIEHHRRHAL d; () R IEEE T AP A4
WAERF S © LIRS, MGoDJL , , (x) 24
SR MGoDy_ () () BRIE 8 BB 2
éj\tl:#ﬁ]z, /E\:EP MGODQZ(,,“,) (.’L’) E‘J’H‘ﬁﬁihj"j

MGOD@Z(,_,,/U) (ac) = d[ (iU + .’l:u) — d] (.T + .’L',,) (2)

0 = (u,v) 4 RARE B, 2, = ug A
z, = vg WIRE IR, g W, AP
% Ea 8 M I, KT 44 R 1 R 36
19, 25k [24] D73k, S 28 X R
AT VAR B 2 SRR SR 1 3 R (L o
{5 % PURRS 1 R R

MG0Dy(y ) () 7S B 1 5 SLHE SR
7]

4= oo (3)



1460 H ]|

=3 {1

46 %

MGoDy—u ) () BIREER g %1 T A RBER
R E PR 19210 B A/ X A B 8 0 L 0 8
T B A2 0 1, (L2200 T 6 3 o AP % 3 P
RS 6 0 AT SR A B2 T R
2 )t 2 R 03 . Sk [19] TR T PR R
R BRI BOR 7 i, 18 RS R 4 15 I b A
g B IR R AT 2 0 P L e
P4 RSO SRR, WP 4 ARy, LISCAR
[19] 747 R ERH B JO £ L, 758 0 A 1 7
BIB9S
PP E 5 7 5 21 H PR 10 350 £

3 AmAE TR
Fig.3 Offset vector pair

\

(a) (b)
4 BREGEA RS R EE
Fig.4 Part size of the synthetic image

DRI A SCAE SCHR [19] JEh b, X Al R e v i
Bf JE 22 03 R A EAT Ok, St 1 O 17 R 5 o 22 )
FEE MGoDyL, ) (2), BEREAE AT £33 4 B B
{5 R, B3 N T2 A [5] PR 7 A2 R AIE 32 DU £ i 7%
SE. T Tk e A% O I AR L AL )
TR I PR ALE s B AL, DRI T B0 A 27 o SR
PN FR 3R A OB AR R, S50 T T 3R AR (3%
kg

MGoDyL (@) KA S a4
FIEHERT R, K B /N TEHE 23S0l £ 55 5 4 25 A

VLI NI TR 11 (1), AR B ik ¢
TR R S ¢ AR R

(€1) — %(53771 (2<1_)’ G=1,2,---m (4

GRS T A5 m B, ¢ £R5E ¢
AN SRR N RS BEA], m (G) WA G DM
HAL ) d5e /N R
212 SEHJ[%

A SCAE S I 3E Y R B Rl A R AE e, R BE AL
ARMRUNZRER AL 73 28, FEHAT AR R 7025, BEAL
AR T AR 2k, BRSO 43 280 HAN
RO, 5 f 1) 73 R 45 St T PSR PSR T
2.1.3 BMIRS

PE AT SR AZ 3 3 0, XT38 A 4 /N A
(F EF55) S, BT UIZRE N X LN Ay
(A8 = E B P LE AR D AT 2 40 /N A7 1) 1 iR
BIREEEAN R DR, AR T 37 il 16 AR
W AR R B IFB AL I 53 2 JLAS RSF RS /N
HRAL, AU B o5 BB A IR = EH B AT, B
S B R S R KR 55 o N AR ) A B R R 5
AL RO RAME B, 5 NS F i 15 AN SCHEEA,
WE 1 PR, N ZRE AT o SRR, bl s eI
BB, PR R TR 15 ANEBA A (R AR Y A7
BN, oy A e AT SRR NE R JE R
TR SR — A BRI

K FH AT fil G () JEABCAS A AT gt R AS [R] A7 45 3%
EEAG BT o AH 22 K KR ) j8E, - [) I 3 A7 R &6
T TP R AR A Ak B e AR AR A 2 ) LT 231y ik
A — e R L b AR AT 15253 2 1 i
2.2 RO ELCIZHH

Rl I (R A 40 A2 O 45 RAE ey J7 1) B
W 5(al) Fros, o2 mUR JAEAHAR AL, 388
HECER AR T IE A 40 28 R [, L rp DR 43 s i) /NS
| 2N P 1 NV A = R i o N VA
MEREAE DL, CLRCSZSCHR [12] RaEARIR1E AR E &,
g3 $E H Kmeans 732 R R FEFN 2 9 bR HLARAM L
B L P AR 7> AL AR

Hr, Kmeans 75 90 I EILE XA 73 K 4
NS R ER A L, DA 7 3K, A R R AR
RERR; Z HBENURMEE S FIE R A 2 9 m it &
(772, 23 AT BENLARAR 732K, IR1G 2 M BENLAR AR
W oy A B, B 5 1 AH LA 73 28 45 A v (1) 4 (7]
IR PHNEE S ZBRANR] 4 S8 A, TR B AR
papsviols kAR
2.2.1 Kmeans 9REBE

ARSCHG BEALARIR 73 243 201 5 A58 467 B 3D £



73] SCRRHTAE: ST REHUARMR > R B 3D A AZEAN T 1461

R ETR, Hh B 5 (a) S ik R AR
MAE xy 7B, Kmeans 732U KRB IH
SR Hh TEAff o0 S SR AR p e K T 1R SR AR IR
R OH SRR SR D IS 2B, B S R AR AR
R BRI BRI, B R B R R R
e, RIS AR 4y 2R

B 5 R AT A= A Kmeans S50, 1F
ANFLR R NS SR. KB 5 (a)~(d) h
BEHLARAR U0 B NAEAT NEAE 2y J7 ) BB 45
R, B 5(e)~(h) 73l 2R skl 4~T 2K
] Kmeans 7325 28 A0 B 5 (3R #5245 0.
5(e)~ (h) AIEH, PLEVE T R L BRERAL R 4 1,
{ELF) I AR S SRR A /D I, Al R B 22 B 1 380 40 1IE 1 40
Fri, WE 5 (e); MAEKE 5 (f) ~ (h) H, =L
AR S SRR AR . DR A SORE R A 2R
5 2K, B 5 () P, ISR R EE, 2B
TR HI DI, R RR BB Z R, U
[ RV N VAT et -5 S N NI S £
poR RO AVVHI EAE

N f < "~ J’ ’ LY
(a) (b) (c) (d)

/ /s & /¢
(e) (0 (2) (h)

5 %T Kmeans BVETEARLE RSN BIFA R 45 R
Fig.5 Part recognition results based on
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Fig.6 The flowchart of the multi-level random forest

integration algorithm
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Table 1  Average recognition accuracy results for

different classifiers

Ik YIZRIF T (s) SFERI R R (%)
Ababoost 2377.93 52.58
KNN 977.46 66.62
RF 187.97 70.29
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Table 2 Classification accuracy results for

different feature methods

ik SERIER A
IRPE BRI 25 57 AL 0.7046
SCHR [19] Sk RREE 0.8245
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AR SRR 0.8603

A SCLASCHR [20] FCN J5 ik B AL R 45 RAE
NFLEB R B, 2IEE R R T 5 IR
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Fig.7 Results of different feature extraction methods in

part classification
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VT FIHERf .

# # ¢

yd Vd 4
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K8 AR AT AL S I FA7 20 2845 R ((a) b
BEHLARMAI LG UM + IZIKRETR (b) AR + K
R (c) AZHBENLRMEES + IZIKIIER)

Fig.8 Part classification result based on misclassification
processing mechanism ((a) ~ (c) representing the results
of random forest, Kmeans, and multi-level random forest

integration algorithm, respectively)

r
2
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19 AUl PDA SEVER PDA SEVA M LR 45 L1
((a) ZHBEHUARMEE S FERIVUNETIR; (b) PDA SJ4b2E
+ RIS R (o) ki) PDA SELL AL + KR
VIEE )
Fig.9 Contrast recognition results for improved PDA
algorithm and PDA algorithm ((a) multi-level random
forest integration algorithm, (b) ~ (c) representing the
results of PDA algorithms, and improved PDA

algorithms, respectively)
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Fig.10 Pose estimation on the synthetic dataset ((a)
depth image, (b) ~ (d) representing the results of random
forest, Kmeans, multi-level random forest integration

algorithm, respectively, (e) ground truth)
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Table 3  Elbow angle error results on synthetic depth images

(= R7R eI A R 22 A I A R 22
RIEBEERFE + PDA (3K [6]) 14.5575° 13.5241°
HIER (A3) + PDA (3C#k [6]) 12.7654° 13.3342°
Hi& N + k) PDA (A3X) 12.2893° 13.1284°
AAHFIE 4+ SO PDA (AX) 11.8462° 12.0331°
&N + Kmeans + S0 PDA (430) 11.9879° 12.7443°
fl A4 + Kmeans+ il PDA (432) 10.2546° 10.6436°
HIGN 4+ Z908A + Skl PDA (AX) 9.9637° 9.6216°
A ARHE + 29084 + Sl PDA (AX) 8.4581° 8.6824°
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Fig.11 Pose estimation on the ITOP dataset ((a)~ (d)
same as Fig. 10 (a) ~ (d))
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Fig. 12 Pose estimation on the actual captured depth

image ((a) ~ (d) same as Fig. 10 (a) ~ (d))
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