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Confidence Thresholding

Jung-Tak Park”, Hak-Bum Lee”, and Young-Ho Seo™*

1= of
2 =22t AR 71 33 QA7 A FAAA A & o] 4R AAY FAE FAlOl sAstAl, v T|vke] ek
ste JEE 7S At 7€ HHES EE A A5 23E 54‘3}71] FAFeAY, 14" QA 7IELE #8s gH
PO 2N, ATt BAY FEEE FE ) AFA FAo] AstHe TAZE EAlSIATE olo] B =EdAE (1) WA AF
T B 7| AZE 71E 7)d 288 YA A (Soft-Weighted Thresholding), (2) A& 7+ FAR fAlE B4S 83 WA
g Az BAE AT sk 2 edundancy-Aware View Filtering), (3) ¥4 717+ §9 AAE v &8st AlZke @& AA
7k 4334 FX|(Temporal View Consistency) 71'8-& ZAgHated, AgtE AA 4294 A4 7 (wild condition)o] X A3 —§_L 3D B0
S EE Aokt Aote W e tj4y Az 2 e Foll 7]ukste] FAES M, CMU Panoptic Studio Ho|EIAlS &83 29 2

7}
2 7] baseline THH] JJEH 17%9] MPJPE Z4E 24313

Abstract

This paper proposes a non-learning-based lightweight filtering method to simultaneously address the challenges of computational
efficiency and outlier removal in multi-view-based 3D human pose estimation. Existing approaches often treat the predictions from
all viewpoints equally or filter joints using fixed thresholds, leading to a degradation in reconstruction quality due to unreliable or
redundant information. To overcome these limitations, this study introduces (1) Soft-Weighted Thresholding, an adaptive
thresholding method based on the confidence distribution of each joint; (2) Redundancy-Aware View Filtering, which sets a lower
bound to prevent abnormal thresholding by analyzing cosine similarity between views; and (3) Temporal View Consistency, which
ensures inter-view consistency over time by reusing identical viewpoints for a certain duration. The proposed method, implemented
using algebraic triangulation, demonstrates its effectiveness under limited viewpoints and real-world (wild condition) scenarios.
Experimental results using the CMU Panoptic Studio dataset show up to a 17% reduction in MPJPE compared to existing
baselines.
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Fig. 1. Overview of the overall processing procedure for the proposed 3D pose reconstruction Framework
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# of view Method MPJPE
3 AdaFuse 19.5
3 similar 19.6025
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Table 2. Performance comparison according to the application of threshold setting technique

# of view Method MPJPE PA-MPJPE NMPJPE
31 Baseline (full-view) 1.4920 0.0077 1.4985
3 Cos-sim only 3.9812 0.0248 3.9821
3 Ours 3.3225 0.0195 3.3367
4 Cos-sim only 2.5288 0.0154 2.5206
4 Ours 2.5078 0.0142 2.4950
5 Cos-sim only 2.4707 0.0146 24730
5 Ours 2.3976 0.0132 2.3935
6 Cos-sim only 2.3082 0.0134 23131
6 Ours 2.2157 0.0118 2.2055

it

H| W3 A2 MPIPE, PA-MPJPE, NMPJPE A A AN GT A2l A&s] dAsH, gk 71E W2 H ok
t 71" (Ours)©] Cos-sim only 2 H.t} AN Fdo] & Hof Y= & F
Sl

af 7
BH7) B 0AE TR 48 S HITh §3
= Z

2 ] WA A4 Ao GTo] W A4 o S48 mEL Q)
FHE A 7 3L w At 71He MPIPE 71E oF om o]z e 9] QMR oy Q1A FE B Y
16.5%2] 22t ZAE Holw & /id a3E Jekila, & S A At W2 o] fgatths AS BTt Edt &
5 Aol SUshel wEt QA HAAHSR fhde A i FEolAE 71 wolA Aol v E 3A
& Btk 6709 AHE AFEE A5, Al 7'M 2 Full- U ko] Eojzl 797t Kol whA, ARt WA GT<
view(31 views) hH] oF7Fe] & EATHS Ho|HA L 78] BasiA A= glolA] Hrh AAAHY d3E
N AL A5 2 G849 X2 FHo| 75T AS AN F4 AAE AFTE g0 F Stk

sttt ol Axb= At 7ol AE AHAAME A

g Aes LT £ de a9l HAYE Bt

19 103 AREE wA (w7, 715 (s, 1A A V.4 £

A A=(Ground Truth, 74)¢] 3D = A+ 2 H|

St AIZHY dAZ, AQbS Wbl o] e} 2 dIAS 2 =rdAE b A1 719 33k 17 A 4 3
AAA o2 HoFth A A AFARH &, v, 75, Aol A B shs o)A, Al E B, AH T8, A7+
TEA T T8 HES gste vag A3, w7k A3 A g 22 BAE s Sl sk gE
o7 A A A9 B YA iR Bejols  ZHYPAE ATk BEE JHE Lxol 7R

154

T2 10. MQF YAl mE 3D AZIE ATV Z3t H|m
Fig. 10. Comparison of 3D Skeleton Reconstruction Results According to the Proposed Method
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