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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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Table 2 Classification accuracy results for

different feature methods

ik SERIER A
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RS T R R A RE AL 0.8405
AR SRR 0.8603
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TED B GRFEA IR IR T 5 2 AHIE i VU HER
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VAR AT il o 2R e Sy R A f s PR LR 2
A, T AR SOV T8 A 0 00 45 SR A TR
T S8 22 3 RE AE R SCHR [19]) T77.

B R SRR IE

W [19] Sl R AL

# [20] Nishi FCN J5i%

B A IR
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B A AR

BRTBAT
Bl 7 ANRRFE SR BV IR AL 43 S8 45 ST Ll
Fig.7 Results of different feature extraction methods in
part classification
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BEHLARARATAG TR + KRS (b) A 22RE + K
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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)
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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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FEREATRE LY, ABUA SCIR 7 I S AL BV R M2 2
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B 10 ~12 34 T MATA SCRE AR & AL
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AN B, ARG L, AT
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ITOP Hidfa e i eh 4 Ada, wLURBIASCE
R Y A 5 1 7 000 5 P R ) S 2 Al T R AN
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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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