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Abstract: As the application field of 2D human body key point detection expands, higher requirements are put
forward for the detection speed and accuracy of 2D human body key point detection. In order to further analyze 2D
human body key point detection, this paper first introduces 2D human body key point detection models based on
traditional methods and deep learning methods. Then, commonly used datasets and research directions for 2D human
body key point detection are introduced. Finally, it is concluded that 2D human body key point detection based on deep
learning can accurately locate human body key points. In future, 2D human body key point detection can be applied to
more new fields for further in-depth research. At the same time, improving the robustness and generalization ability of
the model, exploring more efficient model architectures, and reducing model complexity will become research focuses.

Keywords: 2D image; key point detection; neural network; deep learning
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BT e ARG &2 s e, 2l PR 2. R
. MEHNZER, g RO SR I AZ 3] F K
PRl o 3 A AR S R I ik RIS, A BTG
NG 2 NS, SE T TRy 12 i G TDRS 2 48  fak 5
FIRTALG L BRI B 5 10 L, 3 TAL Ge A9 AR S5 5
R 5 32 T B TR BN T80 R AE . ASEBCRAE, i
HEfRhKmmAS. Bil, ETREEINEERTZ
i NS S RI BY FE0
2 T4 NEEEE S HMI2D Human body key point

detection)

T N ARG RS DN SURT 43 Ry A B R FUR B T v, AE
TR 2 2 i B T AN OGHE SR 22 i, B N 4 ARG
SRR AE G i T B, TR S FLE SE B T A
SR AN BN A G AN B 22 A G SR B HE)
I ARG BEA TR AAR TE B AR S B R T B 4% 1y
FEEZM 5.,

2.1 EFEREAENZHNE XS

AR SR ARG U ) 2 6y vk 3 B SR A T PR M4 1 [ I 4
FSCELRG I, i) sh A I L f AR L DX S A
BEAh . SET FEBERY Y 5 o g 42 B Bt ML 7 R R A o
PR, 1973 4F, FISCHLER %5 M5 I RR4R 1 1] 45
FYVE L (Matching of Pictorial Structures, PSMD) 3 A6 il 1 7 45
5 . FELZENSZWALB 45775 FISCHLER i 560
XA T T R A AL, (7S PSM L TN s %k
JF BT LAAE B £ i FH AR R . kS, AND

L i XSRS A AT A 4 AR R
W%%ﬁ@mﬁ%m,mwpwkuﬁﬂﬁw%m@Awg
BHOLERREE R . LT PR 19 AV T 55 4 ) AP S e
TR A 507 T S A

T PR 1O PR 25 9 N S B K O 42 = B4 45 1)
A2 N R0 43 T A0 2 3 03 6125 ) 56 R 0 2
VRO, NAEGELI % 4 1% 43 #1 4 A B FH7E AR S 2
Kl o, 25 T AP TR AR 00 45 B R RS 19 T 4.
ACHILLES 45/ $1 1 7 — i 3 T B AT P 5 2 B 0 30457 46 )
5, LR AR B R U F K RS FE . T 2 TR A £
Bk, WANG %0030 T —FrE BB S50, Mok T ALK
Sl RPN . YANG 260 4 ) T R4 TR P
R, SR T2 I 2 £ A

SET AL )7 v = e RS R 5 2T A
EATBRR . BOR B, PR, (HR. T A
PURRITS R A 2 . MO I B M LA T, Tk ik )

HAET AR,
2.2 ETREFENZHEALESGN

Fifi o R BE 4 AT AL s R R . BHRTEZ A
RO SR T B R T IRES Ik, FHCEWET
RAFRROR . J0I8 2 BN G B R I 3 2 22 A G mi A
RIS ) T e L R H5 T RAF IR RE
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TOSHEV % 45 — Y ¥ 25 B 28 9 4% (Convolutional
Neural Networks, CNN) I ) A4 5 g skl b, 3 H 42
TS AL 1T DeepPose 83k, ¥ %6 M Al DNN (Deep
Neural Networles) ¥ & 1 25 5 25 4 0 AG I 1 358 43 A 56 it s
BN, A CHE SR B DNIN [l IS F50 AV B, e (R IE A
PR RS AR R B S ORI R G056 1] 5 4 m]
DIARAT B RS B i AR A S W 7 B . DeepPose J2& A4 56 i

SRR Ty e e VRN T 47
2 024 NN 2 ke — 52 0 i BT
merz iy, QAN s, i, WELS

%tﬂf%ﬁ%%?&?@vo utional Pose Machine, CPM), ¥
REfS E 4 MR B G B AE A 2s (8] L F SCR AR, 15k

CPM e 0 Beftidb it e ARG S i KB, SRR FE S
B AW KEMMALE ., CPM 414 T 24BN LE

I ERAL AR 90 245 v AN Wt ARG A O 2 R DR A e T i
F S ORI i SRy e e (] ] =T

PATE B4 R 5 SR AU B iR )2 BB BRI, X AT RE &

‘(ﬁgﬁ Vay
Q?ﬁ&ﬂz FEEJ, NEWELL 4 48 T —F R 45 R 2 R

Hourglass Net-works, SHN), iZZ5## FH 2 10T M 2443547
REC, DAHE S A RO, FE 40 R T N A SR B A =2 (R 9 A1
P

LIFSHITZ 450 fif i — S48 52 A9 5 30 8 7 56 i 5
P TR R 2E (Deep Consensus Voting, DCV), TE:
TN AR S 257 B O FH 4k 2 (O s 178 7 S gl o o7 4
MR SRR 2 BR T35, AU IROER 4, B nT
DA 53 55 000 BEAGAH OC B I S B s A%

TERE S 20, NRSCHE SR E ZLUE T RNz
fetkfe, (HRICHEAE R R Fiafr, ZHANG %07 17
T —Flbess 28 A6 35558 FPD(Fast Pose Distillation), iX
T—Fpir R A RO SR AR, T 4 AT AR,
REME LA T 52 (A AT . 12 90 45 7 R AT N A S e A
F X 45 52 20 3 O TR AR T B8 R

AR H AT, TR T vk 00 2 AN SR A T A Y
eHEw Ham, SUA PRI 5T 2 48 b 7E 45 = 530 vk e A
A RS VR 2 5 THT
2.2.2 ETREFENZHZ AXEREN

TERR A SCR SR, ABURE M, (HENTFZ A%
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AT 55, 22 N SR SR I ) M B TR SR FIREE iR
LN RN T4y 2 2k —2KEH LRIk, 5
—FJE AT L, BARZnE 1R,
Jg;&gf@fmd s IRE 7] (DeepCut) . R H IR
3% (DeeperCut) %
J L) Sras i as . TP AT (OpenPose) . AY
7%J§;:gﬁ§}\\ [ BBt (PersonLab) %5
R A ta i F: Mo R CNN(Faster RCNND . #6fi R-CNN
(Mask R-CNN) | FFAES: T3 [ 4 (FPN)
B 1 REZ AR KEE ST T &
Fig. 1 Deep 2D human body key point detection method
2.2.2.1 B TmEL
SRRy e P Ly SEC L F S PN T PN S I
SR 54 R — 28 1 T T A5 3] 1) AR S S s 1) o7 B 43 T 24 TR
GRS NNTIEE S| GRS PN S SIS DAL
PISHCHULIN 25" #H1 T DeepCut, S5l J CNN 2 H
AR B X388, K BT s 1 B X ek o — AT s, T Y
DI AT A — SR MR, SRJE T T 5 2 18] B SE B M AL R
¥ HE W ILP(Integer Linear Program) Z& 4 g2 /n) i, Xff)y
Pl S SR, AR AT IR R B, Ak,
BCST R AE RN P4 1 B AR Ay T U T RAFIICR . 78
DeepCut f3ER [, INSAFUTDINOV %1% S T B A% L 9 4%
BIRE, R THREELT A58 22 M 4% DeeperCut, DeepCut Fl

AT
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KR HITEE K,

CAO ST — o w RIOR T 22 A O 5 4080 11
OpenPose, 3818 ML I A0 B PR A0 BR 15 AH B , A
SR B SCHAT RS . AR 3 5 ] USSR 2o AR 1 7 A4
53 SCHRAG 25 2] SR AL B RO M, 5% A6 DK 2 14 )
RN INR CRITE NG L 7 = 08 JpenPose 5 %,
OSOKIN 42 T 4 Ak S&, {E R UE R JE 1 [+
W, 8 m T ARG s A T TN & I U N
# OpenPose, AL T 4 FUN Y EC A TR 2 43 >0, #2507 #l
K.

ST SEHE SR I, NEWELL 452 1  T — Fi i
R 32 7 s VbR 28 0 A G 00 5 ] — 2L v G Al A 00 A
KEE, KRBk A 155D Hourglass 45 4 B 7E — i,
T A SO A AR IR L, SRS K B A AR A 1 B
(LS SEE = E YN NS EPNS S S I5Y o2l 8
2.2.2.2 BEmMT

B R A S A A b ) A A O B S T
ANEBAY s B SRR I A I L AR o R R, 4K
J X e Y R A A T B OSC R R , BRt, B BT Y
J5 5 E BN E T AR S RS, # 0 ARSI 25
Faster R-CNN(Faster Region-Convolutional Neural Networks) ™" |
Mask R-CNN(Mask Region-Convolutional Neural Networks)™? |
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FPN(Feature Pyramid Networks) ™%
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n, RBEPDE MY SN Mask R-CNN J2 76 Mask R-CNN ff
LA EIMAEIEE A, DIRT M PERE, 7607 5K Y R
Ao i g 1 ARSI S

PAPANDREOU %5 iy 17—l [ b 18] T 9 28 A\ 4
M7, B AEFIH Faster R-CNN fh3t 1 Hir ARTEE 4
RO R B, SR 5 AR 6 A6 I i B bR N A 1) % S A0
ResNet fli AN SCHE S WAL B A2 AR, S5 Fm s
YERFES T E 58 i 2 A Sk ki,

CHEN 410 $ iy —Fp 205 42 P15 M 4% (Cascaded Pyramid
Network, CPN), B ¢ H HE NG I A A 56 5 ok, 2% )5 A H
RefineNet [ 2846 M 4 L4 1

(SR AGNE TN
3 B FA#IESR(Common datasets)
TENAR S o5 R & J i B rh oA AR 2 A JF B 4

L AN 2508 7 A AR AE (LSP)PY, BoR —Fh a3 2R A IA
REEA WS, Hp o hsad . PIBBR, AR, MRS

Y

IBNRL p — LA 2 000 SRR HAV A BB =LY%
JE SRR S 3 F B T (G RSB 4 (FLIOPY . 8y

000 sk &G, HAp Ak EGERBARE T 10 A~ L2 551
): SR =[R2 Ty o= W W= = < ) S Tl U e

T (MPIDS?, 5T 410 FOMESIIER B A, A B AL &

25 000 TRIER, b T Hb 40 000 G AT 5 fw
PR PR %K 1T A 1L %) e G T SO Y A B 4R
(MSCOCO)™™ , HHdn b 5 AR % £ 5. MSCOCO #dls 4 2
EEESAIPN S R alll €7 TR A E - €/ e Tk ]|
R . WUEAE 4R, — 3545 330 000 3K A, ARic 9l
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S AT B IR R dE . 3R 1 90 T 6 Al I A
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Tab.1 Datasets of human body key points

Kt eS| BSst e v Pl B /5K
LSP LN 14 2 000
MPII EYNE N 16 25 000

MSCOCO EIN 17 330 000
FLIC A 10 5000
HKD EIN 14 300 000

Al Challenger EIN 14 380 000
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(DBAREAANRE, B AR E P RE 2 A

TROLAE FLBIAE, RfE 2 PR SR p R Y 2 R, XL
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IR B 25,
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) X 4% 235 4 I 1) A AR S B e R o

(3) =4 NAROCHRE s R . =2 ARG S TR BT — 4k
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5 #5i8(Conclusion)
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