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Survey on 3D Human Pose Estimation of Deep Learning
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Abstract: The purpose of 3D human pose estimation is to predict information such as the 3D coordinate position
and angle of human joint points, and construct human representations (such as human bones) for further analysis of
human posture. With the continuous advancement of deep learning methods, more and more high-performance 3D
human pose estimation methods based on deep learning have been proposed. However, due to the human occlusion
of the picture and the large demand for training scale, there are still challenges in 3D human pose estimation. The
research purpose of this paper is to review a number of research papers in recent years, analyze and compare the
reasoning process and core elements of these methods, and comprehensively elaborate the 3D human pose
estimation methods based on deep learning in recent years. In addition, this paper also introduces the relevant data-
sets and evaluation indicators, compares the experimental data of some models on the Human3.6M dataset, Campus
dataset and Shelf dataset, and analyzes and compares the experimental results. Finally, according to the results of
this survey, the difficulties and challenges faced by the current 3D human pose estimation are discussed, and the
future development of 3D human pose estimation is discussed.

Key words: 3D human pose estimation; deep learning; neural networks; joints detection

JEG 00 H KD AT R E R % 0 (kh2103016) .
This work was supported by the Major Special Projects of Changsha Science and Technology Plan (kh2103016).
WORS F491:2022-05-19  #& M1 H 191:2022-09-07



IR F: BREEIN=ZHANEESML TSR

75

MR SATHFETH AL SRS 2 Tz
AT ST, B B 3] DA A% s R B o A B840 b A it
NARTEAL AT B A AR AEIB 3 4 Bt i 42
PR BT A B RS R AR A I A L
FHTT R o ANRZEAG T XA 55, 55 2 1 1) 1) fiff
I 55 2 X U A S B A S A Ak R i L 2 B
BN —FERRE I N 4 Bl 52 e BRI L SR T S 3 ke >k
o S A 7, DAL O T B ) AR 401 7 S - DB
EHE R A AR, B R ZE 28 . K
PG AAIAT B B 4 2SR 1 4 IR
RAS T S, 3 T IR 2 2 1 B N R A T4
RO LR BNR = PEGE

AR BE A TR BE 2 ) P R FE BHR 4y
25 SCATFEVR B AR A AT 55 v, TR B 2 o il
T BN BTG T o REEF I NS
THZ 5 BT U 2 ) i AR A Al 7 ik nT DL
SURE VA LIRS R ROV €Tl b | E2 I S S
FEAT BB A AU RAEJT 3, HoAZ O SR TR FE M 22 M 4%
F2 BRI TR 22 ) 45 DG B B LE N TR AR 1
SR B R T O v R L M A BB R
fiE, I L 25 155 184 (%) 3R 38 e 7 23 DX I 4% ME & B3 1)
T 248 BOE A, IR B TR B vk T DLk —
AR ZR R 0 AR AN TH A BE A i

Y AR SAR ) FETAL 55 R AE = A (A
T s AR = 425 R {5 S Ry 2 R A
A LA A R 0y ml B EIREAR R . i TIRE
FRBTIA, =40 NIRRT TR R AREDS
DL BRI ARAT Ry 55 05 1, bb 4 2 A Al 1T A
e P S R E . AT 0T =48 Ak
LRI RUL, IR MR ) — 4 LR 1 2 L 4
NRZSAGTTRMES 2 W2 2 78 R84k
55 iy N 2 As 1T 5 25 0k i SR TR £y
TR B BRI RN I 25 504 A 2 45 Pk R AT 2R 2 M D) e i
). XFFIHT RGB BE I =4 AL A T, 3 H
i A B Pk AR AE T RGB BUR [ A B TR EE AR, i 2 B
i A PR AE T e] 7E 220 [R] 9 i A # v DS
IERf A . RS S 4 3R 48 T LATE 32 45 1Y 55 5
T PR BT AR B UE A Y = RS A R SR T AE BT b
BTk 2338 R . A A — S T AR BE Rl
RGB-D £ 14 3k A5 P I i 57T (inertial measurement
unit, IMU) &5 15 554 R i A LA, SR 17 3% 2815 45 38
WA A BA R RE T BT =4 ARRES
T W R O N O X S0 5 2 N & N AN [ A L)

WFoE it

A SORE X = 2 AR S AG T IR AN 1A 1 AT 25
H o MEET RGB#i A B = 4 i 285 3k T Hofb i A Y
YRR ME TN A, T RGB B =R
BN H T2 H 2R T e i . WK, ¥F Human
3.6M il AR 6 43 T A TR L 43 B AN [
A AR [ (1 2 S5 0 AR ME RE AT SR B B2 . B e L AR
T T BEXT = g AR LA T B0 52 JF AN 46 A
HEAT RGN AR, I ELAS SO X 24 /i I 5 18T I 1 7]
R R A R 11 2 R B4t AT AR 3R | SRy a3 A 4R 1 F
RERMESH

TN
RGB-D

SRR YN 273 (N e S

Fig.1 Classification of 3D human pose estimation
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Table 2 Protocol #1 result of 3D human pose estimation on Human3.6M A7 i mm

i 1 Direction Discussion Eat Greet Phone Call Pose Purchase Sit
[79] 99.0 100.1 86.1 101.8 101.3 96.7 94.9 125.3
[791(GT) 57.5 68.6 59.6 67.3 78.1 56.9 69.1 100.0
[15] 69.5 80.2 78.2 87.0 100.8 76.0 69.6 104.7
[14] 71.6 66.6 74.7 79.1 70.1 67.6 89.3 90.7
[14](GT) 533 46.8 58.6 61.2 56.0 58.1 48.9 55.6
[19] 62.8 69.2 79.6 78.8 80.8 72.5 73.9 96.1
[9] 67.4 72.0 66.7 69.1 72.0 77.0 65.0 68.3
[17] 54.2 61.4 60.2 61.2 79.4 63.1 81.6 70.1
[49] 58.2 67.3 65.7 75.8 62.2 64.6 82.0 93.0
[52] 55.8 61.4 58.4 71.9 67.6 65.2 67.7 86.7
[40] 55.9 60.0 64.5 56.3 67.4 71.8 55.1 553
[16] 51.8 56.2 58.1 59.0 69.5 78.4 55.2 58.1
[16](GT) 37.7 44 .4 40.3 42.1 48.2 54.9 44 .4 42.1
[44] 49.4 46.6 51.2 51.8 60.3 55.7 56.1 81.9
[8] 48.5 54.4 54.4 52.0 59.4 65.3 49.9 52.9
[61] 41.2 49.2 42.8 43.4 55.6 46.9 40.3 63.7
[20] 44.7 48.9 47.0 49.0 56.4 67.7 48.7 47.0
[25] 44.8 50.4 44.7 49.0 52.9 43.5 45.5 63.1
[24] 442 46.7 52.3 493 59.9 59.4 47.5 46.2
[24](GT) 35.2 40.8 37.2 37.4 43.2 44.0 38.9 35.6
[26] 44.6 47.4 45.6 48.8 50.8 59.0 47.2 439
[53] 41.1 44.2 449 45.9 46.5 39.3 41.6 54.8
[87] 37.4 435 42.7 42.7 46.6 59.7 41.3 45.1
[27] 41.4 435 40.1 42.9 46.6 51.9 41.7 42.3
[22] 36.3 42.8 39.5 40.0 43.9 48.8 36.7 44.0
[18] 34.4 42.4 36.6 42.1 38.2 39.8 34.7 40.2
[29] 36.7 39.0 36.5 39.4 40.2 449 39.8 36.9
[29](GT) 21.6 22.0 20.4 21.0 20.8 24.3 24.7 21.9
[42] 32,5 31.5 41.5 36.7 36.3 31.9 33.2 36.5
[42] (GT) 31.0 30.6 39.9 35.5 34.8 30.2 32.1 35.0
[11] 31.2 35.7 31.4 33.6 35.0 37.5 37.2 30.9
[58] 28.9 32.5 26.6 28.1 28.3 29.3 28.0 36.8
[58](GT) 24.0 26.7 23.2 24.3 24.8 22.8 24.1 28.6
[64] 27.3 32.1 25.0 26.5 29.3 35.4 28.8 31.6
[77] 18.7 20.7 22.5 24.5 28.3 40.1 22.7 23.1
fé%F 17.8 19.5 17.6 20.7 19.3 16.8 18.9 20.2

i Sit Down Smoke Take Phone Wait Walk Walk Dog ~ Walk Together Avg
[79] 158.3 100.2 112.5 99.6 83.4 109.6 95.8 104.3
[791(GT) 117.5 69.4 82.4 68.0 55.2 76.5 61.4 72.5
[15] 113.9 89.7 102.7 98.5 79.2 82.4 77.2 87.3
[14] 195.6 83.5 93.3 71.2 55.7 85.9 62.5 83.8
[14](GT) 73.4 60.3 76.1 62.2 35.8 61.9 51.1 57.3
[19] 106.9 88.0 86.9 70.7 71.9 76.5 73.2 79.2
[9] 83.7 96.5 71.7 65.8 74.9 59.1 63.2 71.5
[17] 107.3 69.3 78.3 70.3 51.8 74.3 63.2 69.7
[49] 68.8 84.5 65.1 57.6 62.2 72.0 63.6 69.5
[52] 84.3 68.3 78.9 67.9 51.8 77.9 55.2 67.9
[40] 84.8 90.7 67.9 57.5 47.8 63.3 54.6 63.5
[16] 74.0 94.6 62.3 59.1 59.1 65.1 52.4 62.9
[16](GT) 54.6 58.0 45.1 46.4 47.6 36.4 40.4 45.5
[44] 94.0 64.4 68.6 61.2 47.8 66.3 48.7 60.0
[8] 65.8 71.1 56.6 52.9 60.9 44.7 47.8 56.2
[61] 97.6 119.9 52.1 42.7 51.9 41.8 394 55.2
[20] 63.0 78.1 51.1 50.1 54.5 40.1 43.0 52.6
[25] 87.3 51.7 61.4 48.5 37.6 52.2 41.9 52.1
[24] 59.9 65.6 55.8 50.4 52.3 43.5 45.1 51.9
[24](GT) 423 44.6 39.7 39.7 40.2 32.8 355 39.2
[26] 57.9 61.9 49.7 46.6 51.3 37.1 394 48.8
[53] 73.2 46.2 48.7 42.1 35.8 46.6 38.5 46.3
[87] 52.7 60.2 45.8 43.1 47.7 33.7 37.1 45.6
[27] 53.9 60.2 454 41.7 46.0 31.5 32.7 44.1
[22] 51.0 63.1 443 40.6 44 .4 34.9 36.7 43.4
[18] 45.6 60.8 39.0 42.6 42.0 29.8 31.7 39.9
[29] 479 54.8 39.6 37.8 39.3 29.7 30.6 39.8
[29](GT) 26.9 24.9 212 21.5 20.8 14.7 15.7 21.6
[42] 44 .4 36.7 38.7 31.2 25.6 37.1 30.5 352
[42] (GT) 43.8 35.7 37.6 30.1 24.6 35.7 29.3 34.0
[11] 42.5 41.3 34.6 36.5 32.0 27.7 28.9 34.4
[58] 42.0 30.5 35.6 30.0 28.3 30.0 30.5 31.0
[58](GT) 32.1 26.9 31.0 25.6 25.0 28.1 24.4 26.1
[64] 36.4 31.7 31.2 29.9 26.9 33.7 30.4 30.2
[77] 26.0 399 33.8 22.9 35.0 20.9 21.3 26.9
[62] 25.7 20.1 19.2 20.5 17.2 20.5 17.3 19.5

HGT T fli H e LR .
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Table 3 Protocol #2 result of 3D human pose estimation on Human3.6M Hf e mm
Y Direction Discussion Eat Greet Phone Call Pose Purchase Sit
[14] 89.9 97.6 90.0 107.9 107.3 93.6 136.1 133.1
[19] 90.1 88.2 85.7 95.6 103.9 92.4 90.4 117.9
[39] 76.2 80.2 75.8 83.3 92.2 79.0 71.7 105.9
[15] 66.1 77.9 72.6 84.7 99.7 74.8 65.3 934
[42] 51.5 56.8 51.2 52.2 55.2 47.7 50.9 63.3
[42](GT) 50.5 557 50.1 517 53.9 46.8 50.0 61.9
[16] 39.5 432 46.4 47.0 51.0 56.0 414 40.6
[24] 36.9 379 42.8 40.3 46.8 46.7 37.7 36.5
[53] 36.9 39.3 40.5 41.2 42.0 34.9 38.0 51.2
[20] 33.6 38.1 37.6 38.5 43.4 48.8 36.0 35.7
[26] 35.7 37.8 36.9 40.7 39.6 452 37.4 34.5
[77] 26.8 32.0 25.6 52.1 33.3 42.3 25.8 25.9
[25] 28.0 30.7 39.1 34.4 37.1 28.9 31.2 39.3
[87] 37.4 435 42.7 42.7 46.6 59.7 413 45.1
[27] 32.6 35.1 32.8 354 36.3 40.4 32.4 32.3
[22] 30.5 34.9 32.0 322 35.0 37.8 28.6 32.6
[18] 29.1 349 29.9 32.6 31.2 32.3 27.0 333
[29] 28.0 30.9 28.6 30.7 304 34.6 28.6 28.1
Y Sit Down Smoke Take Phone Wait Walk Walk Dog ~ Walk Together Avg
[14] 240.1 106.7 139.2 106.2 87.0 114.1 90.6 115.9
[19] 136.4 98.5 103.0 94 .4 86.0 90.6 89.5 97.5
[39] 127.1 88.0 105.7 83.7 64.9 86.6 84.0 87.7
[15] 103.1 85.0 98.5 98.8 78.1 80.1 74.8 83.5
[42] 69.9 54.2 57.4 50.4 42.5 57.5 47.7 54.4
[421(GT) 68.0 52.5 55.9 49.9 41.8 56.1 46.9 533
[16] 56.5 69.4 49.2 45.0 49.5 38.0 43.1 47.7
[24] 48.9 52.6 45.6 39.6 43.5 352 38.5 42.0
[53] 67.5 42.1 42.5 37.5 30.6 40.2 34.2 41.6
[20] 51.1 63.1 41.0 38.6 40.9 30.3 34.1 40.7
[26] 46.9 50.1 40.5 36.1 41.0 29.6 33.2 39.8
[77] 40.5 76.6 39.1 54.5 359 25.1 24.2 37.5
[25] 60.6 39.3 448 31.1 25.3 37.8 28.4 36.3
[87] 52.7 60.2 45.8 43.1 47.7 33.7 37.1 36.2
[27] 42.7 49.0 36.8 32.4 36.0 24.9 26.5 35.0
[22] 40.8 52.0 35.0 31.9 35.6 26.6 28.5 34.6
[18] 37.6 459 32.2 31.5 34.5 22.9 25.9 32.1
[29] 37.1 47.3 30.5 29.7 30.5 21.6 20.0 30.6

TE:GT R — 4k %35 hR

£4 4R EANTHE Campus B4l 55
Shelf (i % Fif &5 R
Table 4 Result of 3D human pose estimation on

Campus and Shelf A7 : mm

. Campus Shelf

Actor I Actor2 Actor3 Actor]l Actor2 Actor3

[1] 91.8 92.7 93.2 99.7 92.8 97.7

[57] 97.6 93.3 98.0 98.8 94.1 97.8

[56] 97.1 94.8 97.4 98.8 96.2 97.2

[63] 97.1 94.1 98.6 99.6 93.2 97.5

[55] 97.6 93.8 98.8 99.3 94.1 97.6
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