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Research on Multiplayer Pose Estimation in Complex Sports Scenes
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Abstract In terms of the problems such as mutual occlusion, self-occlusion, sports equipment occlusion and
complex background interference among athletes in motion scenes, a high-resolution feature generation recovery
network is proposed in this paper. The attention fusion mechanism is introduced to screen the useful feature
information channels. The deconvolution and multi-scale feature fusion modules are added to deal with the pose
estimation tasks for small target portraits and large and medium-sized target portraits in a hierarchical manner. The
adversarial module is designed and generated to complete and predict the missing parts to obtain the keypoint heat
map, the keypoint connection mode is determined through the pose skeleton and the optimal matching algorithm,
and the visual pose estimation results are output. Experimental results on MSCOCO and Crowd Pose datasets have

showed that the pose estimation method is more effective in complex motion scenes.
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J¥ . SCHR [14] 2 Lite-HRNet f T %2 & 1 HRNet
(IR 2% 25 44, ¥4 ShuffleNet 1 1) 5 2% Shuffle it
T HRNet, $i& Fh % £ 14 G I 1 3] 42 B R i 280 1) 248
AT . SCHR [15] $2 H DEKR (Disentangled
Keypoint Regression) 5%, RHZ 7> 458, 7
SCH R RO, SR I N A RO 55T R
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BZHOE, BRI IxCHE. Sk 1x1xCRUE
H5HxWxCRALEIFHE, 1330108 A& s 2
WIB LR, KANAHXWXC. RIF4EEHEIZ
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AT DK, 2 1T AR J2 P 308 1 R O B RS
HeR, 20— DU RRREE R, KR sh o
I PRI DRAT R S A xR B T i B R RS T AR
R EBRAR A, T AR, W T BER
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2.1 ZLEBIBESIFNIERR

MSCOCO ##f 8 7E N LAk THE 55 h b
RPN 3 17 2890, HdiRgeaT 200 000
gk S, fEIX S G bRl 3R Tt 250 000 A ()
IVENYN S S P=1
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1) FEEESAEUE (Object Key-point Similarity,
OKS) , THH EAEF TR ARSI i A AL :
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OKS, = — (6)
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X, pRRZAGFETEGTH NIRRT iR
NN S 55 dy BZos 5 p DRI MR
TR OB A S5 AR O ) S B a5 TR T A )L R
S S, R p DMK T, HUE N
ROMHET AR PR o R ER 1 N OSBRI —
R 7, ARGRER i A OB w00 B A 1) 52w 72
v RS p NI | DREE S APIRES, I 3
R, v,=2 AT, v,=0 AT, v, =1 N
WY 6() 2P N R, R IR B R R
IHEN 1, A2 SR IME S 0.

2) IEMECHEFTH 43P (Percentage of Correct
Key-points, PCK) , %5 7E 14 FHAE N I 5% X 38060 2
JRUG B AL PR B, 2 IR 45 G AR B B AN [F)
Tiffy 28 R ) W T O 1 A A B, ARSI R A
=0.5,

3) PN (Average Precision, AP) .

E:&OKsp>n
P
21
p

A, % E OKS B, A Sk s {5
0.5 F10.755 TR vHE A 2% e R EE BTl B A A9
(1) OKSHE A5 i1 S 15 2] s UM% = 1 /N T 32%x32
i, DL AP® %R BARHERTIS I AP fH; S8R
T 32x32~64x64 I, F APY KR AP (1)l &
fB; G R T 96%x96 ] AP & N A AP,
22 XWEE

S5 {8 H PyTorch AE 42347 JF &, GPU it H
GTX 1080Ti, Epoch ¥ & K 2005 Il gk ¥54EH
MSCOCO Dataset #1 Crowd Pose Dataset, i A\ K%
KN E N 256x192, Batch Size N 32; LAk 28k
] Adam 4L %% learning rate=0.001; [F]H 3E4T %L
PR T B R B AT B LA BT, A
JE VU B B —450~45°, B RENLR FEAR e, A
e u A 0.65~1.35; BENLEN % 77 M43 8 X s
YL Z B3 M RO MBI TE 0~25% Bl AL
HHL, A W2 # N BENLWT R IR A I 25,
FERZSuR ]2
2.3 ERRSCIS

£ HRNet W 25 5y 3 T ZE 0 Z iy it 1
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TR SZEG, DL UE & AN R 2 R ) 1 BE . BT
Crowd Pose Z0#i4E, JHmAhSLIG R H 32 BIE % EIE N
HTMWLE, TR, LR R IK 1.

=1 B WEEREERSCIE
BV
R PR rEOR AR
B

v 88.2
v 88.4

\ 88.4

v v 88.5
v v 89.1
v v 89.6

\ \ \ 90.3

P AN BB T 2 )5, BRI
AT 190 28t ) DAAS 3K /N E AR AR AT 2
ERSSI w7 Stk TP I e PN Y SR PN
%, BREEILAR, modF RGN TN H AR

FEOR B AR AT s by 2 ML U e i 5 AR B
SR RUE FTEE, A RS TR R 5 2 55 R
IR TR AT 2005 2 AR O PUBE RO T i 7 0 2%
A S R AT PRI, B A MG AR HE VI ik
TR P 25 2] SRR AR S50 23 IR D4 s A H s R A 1
T, R G A R AR A 2] 90.3%.
24 LIWLERSHT

T BRSO RPE . AR SO B TE
MSCOCO train Y 214 b X 72> PEEFE AR il 5 TR WA
AT INGR, 985 57 WAE MSCOCO val 5 iF £5 Al
MSCOCO test-dev WA Xt o gk 0 25 55 356 28 WX 4%
PIPEREREAT MR o 38 2 A S0 W 4% 5 56 28 ) 4% 71
MSCOCO val s iiF 5 FMEREELIRSE R, % 3 AR
M 2% 15 FE 2% ) 4% #E MSCOCO test-dev IR 4 E
MITERE LSS . Hh, SHEFRIRN G (1)K
/N, GFLOPs | T &M 4% vH SR .

2 AXNMEESHELEWLEE MSCOCO val I HFE _F M BEELES

I} 24 A 70 #Params/M GFLOPs LIP NNy AP AP® AP” APM AP*
HRNet-W32 28.5 7.1 256%192 65.9 86.4 70.6 66.5 57.9
HRNet-W48 63.6 14.6 256%192 66.8 86.7 71.1 66.7 58.4

Ours(HRNet-W32) 28.8 48.1 256x192 69.9 90.8 76.5 66.9 76.9
R3 AWK SELEMEKEE MSCOCO test-dev Uit & A BELL L

DX 285 A 1Y #Params/M GFLOPs LD AP APY AP” APY AP"
HRNet-W32 28.5 7.1 256%192 64.8 87.2 71.5 65.5 56.8
HRNet-W48 63.6 14.6 256%192 66.2 87.8 72.4 66.0 57.6

Ours(HRNet-W32) 28.8 48.1 256%192 69.4 91.0 77.2 65.7 76.2

MR 2. R 3 PR ATLUEH, ARSCMZH
BT R 26 M 2% HRNet-W32 i i % 5 £ ) HRNet-
W48, FERLAZE 8715 HRNet-W32 fHiT, /)
T HRNet-W48, A THHA & GFLOPs B§ K T3 28
k9 2% HRNet-W32 A1 HRNet-W48, {H7E#% 2 iiF 4
) AP. AP, AP”. APY. AP" I AR[FEIFE LY
A, FBFER 3T LA, 7RIS B AP,
AP, AP”. AP" EXHRTE, £ APV iEIR B
HRNet-W48 [ 45 B4z .

NT VAR SN S E R A5t T YRR R I,
A LAE Crowd Pose F i 52 FXF N 28 1 1 REEAT 1
MEk. B, FET Crowd Pose Yl 254 X 35 fR 4 4
W28 AT ISR, SR )5, %X Crowd Pose Ml i £E
AF S T I EUE AT LA THERENNR . Crowd
Pose 4 F 1k 415 25 S F8 40K G 3 5t R 4

B BRI S 3 AR, AR VRS A A
AP®. AP R AP" K730 %37 50N I P S5 RS A 2
AT RN . RSN 2 5 B 28 N 25 /£ Crowd Pose ¥l
A ERIPERE LIRSS W 4 R

RYEE 4 S5 RTUUEH, AR SCE AR T34
I 26 HRNet-W32 F1IEE £ 5 % () HRNet-W48, 7E
R 240 B 77 TH 5 HRNet-W32 #Hilt, /T HRNet-
W48, HIRITHE GFLOPs B A T-JE4 k2% HRNet-
W32 F1HRNet-W48, {HZ{E AP, AP, AP”. AP“.\
AP" LT, #F AP® fihr 5 HRNet-W48 )
ARG i, B E 2. K 3 K 4 2645 Bal
Hl, B HERE R N g 3 R 7 T O AU A T
FER R, 72— Ea DA 800 A 2435 5 10
Tk

T BUEAR S 2 () ettt 43 HE MSCOCO
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val I&E4E Al MSCOCO test-dev MR 4 I % A S
2% 5 M 2 i e gt 47 K, /£ MSCOCO val

I&IF 4E Fl1 MSCOCO test-dev Ml %45 _F 1) 14 i b 8¢
GERAMINER 5. £ 6 .

T4 AXMBSELMEE Crowd Pose K & A4 BELL %

R 245 7R #Params/M GFLOPs LD NNy AP AP* AP” AP* AP APH
HRNet-W32 28.5 7.1 256%192 65.2 85.7 70.2 72.9 67.3 58.8
HRNet-W48 63.6 14.6 256%192 65.7 86.1 71.0 73.7 68.0 59.3

Ours(HRNet-W32) 28.8 48.1 256X192 65.9 86.5 71.3 73.5 68.8 59.5
K5 AXMESERMLIE MSCOCO val IiFE FHIMEEELLER
) 5 A 7Y LD AP AP® AP” APV AP"
HigherHRNet-W48 256X192 69.7 87.1 76.0 65.3 77.0
DEKR-W32 256%x192 65.7 85.7 70.4 66.4 57.5
LiteHRNet-18 256%x192 67.4 89.6 75.6 63.9 74.0
LiteHRNet-30 256%x192 69.7 90.7 715 66.6 75.0
DiteHRNet-18 256%x192 67.4 87.2 73.0 63.8 74.2
DiteHRNet-30 256%x192 69.0 88.0 76.0 65.5 75.5
Ours(HRNet-W32) 256192 69.9 90.8 77.3 66.9 76.9
R 6 AXMESERMLEAE MSCOCO test-dev MK & LA EEELEE
IRH) 5 A 7Y N AP AP® AP” APM AP*
HigherHRNet-W48 256%192 68.8 87.9 76.3 62.5 76.1
DEKR-W32 256%192 65.0 86.4 70.6 65.5 57.0
LiteHRNet-18 256%192 66.5 89.9 74.4 62.7 73.1
LiteHRNet-30 256%192 67.6 88.7 76.9 64.8 74.4
DiteHRNet-18 256%192 67.1 88.0 73.5 61.9 73.5
DiteHRNet-30 256%192 68.3 89.4 77.4 64.9 75.2
Ours(HRNet-W32) 256192 69.4 91.0 772 65.7 76.2

Y52 5 B 45 R AT LA A SO 25 A BT
HigherHRNet-W48. DEKR-W32. LiteHRNet-18.
LiteHRNet-30. DiteHRNet-18. DiteHRNet-30, f1F
AP. AP*. AP L¥yFH—E#RTt, £ AP”. AP
TiAR bR b5 A X 2 () S A 45 R+ o i . MR
6 45 W] LLE H A SN 4% £ MSCOCO test-dev
MR 4E A% T HigherHRNet-W48, DEKR-W32.
LiteHRNet-18. LiteHRNet-30. DiteHRNet-18-
DiteHRNet-30 7£ AP. AP*. APY. AP b¥fH —
ERTE, 16 AP” FEAr b5 HoAh W 4% i i R 45 R
SR . KA EAR NGRS s ER HER, Y

JE P B BEAREE RRE, ART KT AT
WAL T, 2282 AP A1 AP" PR T 48 A (1) A2 4k 5
/N B AR AR GG BN, SZER AL ER L 2
Ja s B ERE A, m AP, AP, APMIX 3 Il
TRVR IV EUEAR A o T A SO IR 3 3L A AR
X OB B R 8% T T DX 24 FI0 AN A= s R IR R RE T, R
o ) 1) H A D) 28 Ao AN B OGS R, AEIERS 1R L
T IR AU 2K 0] R BEAK SE AR NPT B gk AT B
i, AEH/NY H R AR B AT AR AR

AW 45 5 E R4S LE Crowd Pose MR 4E
HIPERE L Es RNk 7 P

RT KAXMBSETRMEAE Crowd Pose it 8 A REEL 5
) 245 5L 7Y N AP AP” AP” AP® APM AP
HigherHRNet-W48 256x192 65.6 86.4 70.6 733 68.1 58.9
DEKR-W32 256x192 65.7 85.7 70.4 73.0 66.4 575
LiteHRNet-18 256192 64.4 83.0 69.8 72.8 67.2 58.5
LiteHRNet-30 256192 65.7 85.8 70.3 73.1 68.5 58.7
DiteHRNet-18 256192 64.6 84.8 69.0 712 67.6 55.9
DiteHRNet-30 256192 65.8 86.0 70.5 732 68.7 58.8
Ours(HRNet-W32) 256x192 65.9 86.5 713 73.5 68.8 59.5
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