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Jump Rope Detection and Counting Algorithm Based on Lightweight Pose Estimation
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Abstract: To address the low feasibility of human pose estimation algorithms and low accuraé} of jump rope counting
based on pose estimation, this study proposes a jump rope counting algorithm based on a lightweight human pose
estimation network. The algorithm first inputs a jump rope video, thén extracts keyframe images by inter-frame difference
method, and feeds them into the human pose estimation network for key joint point detection. To improve the detection
accuracy of the lightweight network, the study builds an optimized LitePose detection model, which employs adaptive
perception decoding to optimize the decoding part in the model and reduce quantization errors. Furthermore, a Kalman
filter is adopted to.smooth and &enoise the coordinate data, reducing coordinate jitter errors. Finally, jump rope counting
is determined based on the changes in key-point coordinates. Experimental results demonstrate that, in the same image
resolution and environmental conditions, the proposed algorithm employing the optimized LitePose-S network model
does not increase the parameter size and computational complexity of the model but improves network detection accuracy
by 0.7% compared with other comparison networks. Meanwhile, the average error rate of this algorithm in jump rope
counting can reach a minimum of 1.00%. The algorithm effectively determines the takeoff and landing of the human body
by the results of human pose estimation and yields counting results.
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O HEE&TH: HEARPIEAESNAEIIE (61741109)
ORI ] 2023-05-15; A& B [H]: 2023-06-14; 5K FH IR [A]: 2023-06-28; csa 748 H AR H]: 2023-09-15
CNKI %% & K I ]: 2023-09-18

152 4 AR 5% Software TechniquesAlgorithm

© EREERREST  hup/iwww.c-s-a.org.en


mailto:linjunyu0823@163.com
http://www.c-s-a.org.cn/1003-3254/9308.html
http://www.c-s-a.org.cn/1003-3254/9308.html

20234F 55323 121

http://www.c-s-a.org.cn

i H AR SN A

1 5|5

UEAE SR, NAR A A T R S LA 45 e —
TR LA PR E AT 5 2 30 7 732 60, HEA
PRENVEIR S AT AT RIANLAS HSAT S5 85 7 )

JRFER AR AL, LA ST A\ AR 3 AN Bl A AR HE TF HHE L.
AR TR 2 AU T i ReRt, 75
ST N A A T T T, AT RRA
SR, N et SR OE T — R AR B P, I
Hs s N RS AG T R 5 IRE 2 I FE M S &,
FEFIH f SR HE RO B, I BETHL. B RETIN5E, &
PR 28 T BT 9555 B XA s A A A AT AT RASE In

7 R HEAT 42 B AR, R 52 52 B S Al T BR R

PO R

AT AR R (CNN) I 4519 2B
PRI P UM 5 5400 . AR I3k P4 R e A
Fy 05 b L bk e 0 T M i 4 8, DeepPose'™
ST FH R JE 4 22 0 4 DL ] 9 X 1 A AT, A
— L B T I, L R 2 e S0 P
e, B AL R RS HER. 0 T Bt LR,
Tompson % NI thy T {24 71 Bk 35 4 O 13
8, A R R IR B T A0 B A
RN, S A PR o SR (00 A AT 8 2
R, SR P ) B A A B 7
Bkl T 3T ONN Iy A TP R R
e T 7 D3 4 B L P P, R 207
14 R B TR 2 T 7 3808, Newell A

R HH 2 ISR AT SR HE 2 1M U Hourglass B354 |

IO 245 5 4R R O RUBE 304 2 R AE ST i
T 723 B 4 2 e 1 D A 45 . 2019 48
Sun %5 AJE H ) HRNet " B AETE N2 (i THE 45
H(3 7 SOTA Z MR, M3t —FIET 2 AT
7 240 AT R (0 A PRS2 A o7 325, S AR 7 4
AL R = v P . HigherHRNet!™ 78 3£ T HRNet
122 43 1 2 90 240300 3o 380 11 125 4 SR P (4 o 2
Gif, SINT R % R R AR (S B, L3RI T
Wi SRS A T4 S R R SR AL I A
G T4 1R 4 8 SR SR FHRRAE O 6 8 S RS A
TR E, 75 (R R ROR O I, SCO0 T R, o
Rl ity AR ZS (3

(LR T 0 00 ) A2 BR ), 3 14 0 i A 50

AAGE LB RS, B, H A0S
X 2 3k LS 3072 N . Neff 25 A fE HRNet JEfl F 42
T EfficientHRNet!"", i i 5% FH 4% 5 2% W0 2% 1 FIAL
A T SR SR T 78 o B AR R L 1
107, A AR B 4 A RN, /b T AR
ZHCR RIS 2, A AR G T B AT R 1.
Zhang % N\ EE T — N AL I 70U A 4, A
ST A A A A R 2 5] S 0 B A RO U R AL
N TN <)

T A A A S R T 954 B0 I
— 3 £ L\ HRNet AR 106 T T 10 R4 HESE, 53 41
— 2% 2 L @penPosel LAy f{ 3 11 T - 16 9 £4 HE 42,
o 1 K S S BT RS U, 5 e
O\ BT\ T HE VL 3 34 AT 3, 3505 16 I X 396 14 34
A7 20N M9 A SR AR, DR A 1 7 A A TR HE 1A 3t
AT BRI, BT A28 T AR Z 50 1040, SEuem % 2
Rl G T B HE 2 Hh J5k 1, (LR 2 A A
FEAEAT S ORI, 7 LA 7E 22 A AR S R T, 3L
KRR 2B 2 T . R b S0 I 2 B0
P BRI A N S 4 R SR, TS 26
15 2 I [ D AT PR 19 B AR RS, 1%
IR 3815 T2 R T 20 0 S 48 L e s, (LR 5 %
A AR ZE T4, BT AU BE AR A B4

{0 e 2 M3 T Tk e M O 2 ) sl 5
S e 25 1, R T A IR T 4 L1 S, HAE
SR SR L ) T S AN T A T
A — P L (38 27 2 HL 5 A A1 AT,
G B 48 1 KUV L RS AR T35, IF AL
S IR 2. N T AR ] B, SR 2 (BT 5 T
fty 25 SR P 36 T LR 10 007 0, S By v R
o A4 S B AR U %, AV U R B (IMU) R P
MB35 0 4 T SR 0 A 2 TR A1), Sfe 3 I
PUATENE B, I SR AT TR, AR T IX L6 1 43
i H S T, M DA, ELA R DAL, o] A
T A W, 52 7 FCTT AT AR Sk, R —
ABFFCHE .

SR LA b doc e ] A SR T — PR AR TR,
KR T — AN, EETT B RS ARG
A A T 9 2 S AR HOA A S A AR, 3 LG 4 11
ST 7 VAT T ORAL, SR T —Fh [ 38 S S R B 7
W, WA 7 A PR A5 T A e T JEE R A b 5 B

Software TechniquesAlgorithm #fFHi AR« F% 153

© TEREBIK R

http:/fwww.c-s-a.org.cn



it E RGN

http://www.c-s-a.org.cn

2023 4F 5324 121

BACIRZE, AR5 AR IR 2 UEBCRE N A5G T 9 2% T3
T B0 % B AR RS HEAT T BRI, BeJm PR TR
TR S AR R BT B4R TR SEBLETHL. A
IR D Gt BB o5 b RS DR o iff 52 il 4
THEUE S5, RIS 9 N AR R 2 il v Bk AT B A 9 3t 42
NS ETT.

2 BT ARSI Bk g T B
2.1 BERE

ARSCHRE H T AR AS Al T Bk 4 T B A
SKILRFE W 1 Frow, BRI, S i
DU HHE AL BRI 4 SR L B, F Nk

SRR AT WL IR) 22 939K, RO LR 2 B R,

PR A 0PRSS i T UL A7 5645 1R 4R,
et AR B K A 5 R 8 Sy £
{38 T 5 1, DABRAE AR A (4 A e
) (O At o TS S SR AR AR AT
T, WIS 45 B

N i 7]
Wi Riie
- NS

ety [ NS
i A
skl

RIR 2980

Ptk

PRt

+1

K1 SRR

2.2 HRERKHRM

1] 22 O R — RO 7 A T A

SRPMTIEAT 22 73 18 R IR HUIS B H AR AC 15 1977 1. %
¥

7k BT BhASERBE 1 I B 3 L SN
S LA AL T U A . AR SO 07 VR M 4
SZ B AR T SR SR, (E TRk )
FEtgeb, A SCR T M2 40 . FURSEILA: B e fE
Fil OpenCV i B S HOULA, 46350 H ) 1 R 450
{2 M BGR Hs3REEH A LUV 46 5%; SR 54545 3 Ioep
TGAME 2 10 TR P AT 2 35 5, 418 3010 22 (8
HEAT SO, ) 3 WG I 2 4 B, AR (R R M
SRR 2 5 SR B F R FEBAT BT L
B, STV A8 B 7 AT . SR A S R
B U S LB e T B 4 B 30 £ %
g N0 s O
23 AR SR
231 NARSGHE A IR A

[ THRIT PO BRSSP (B R L5 R
2368 A A8 B0 2% 4 b, BT DA S T
BT EET L R R A % LitePose!™
A R A 1 AR 0 50 AT DA

LitePose &I BIAG AT . PIZg LRy B, B3
SRR 2 ELAE 08 76 T S B 1 2 NS R A
R VLT, LitePose 7E HigherHRNet [ 244l I 587
VELFHH T — AN B B4 S K, HE F ) 2 %,
B T BOH ) MobileNetV2U M 9 % F Il HR
i, B T K 7 10 KT, RN T RN
SRR LR, B3R TR AL RE T, I T (54
4 A, PRI SRPE B O T R,
(LR T TP WS 595 o 10 T A A, R BL #6432
FOTRE AR AT IR RE IS0 10 22 50 WS . Rl TS 11
S 2 S TR TN 1 77 VS £ 43 L 5 1)
SEREH MR,

112 Output2

MobileNetV2

Outputl

224 »
/—”\
MobileNet
Conv3x3 (s=2) V2
448 — + Stagel
Conv3x3 %6

Kl 2 LitePose-S M4% 45 1

154 A4 AR 5% Software TechniquesAlgorithm

© TEREBIK R

http:/fwww.c-s-a.org.cn



20234F #5323 121

http://www.c-s-a.org.cn

i H AR SN A

232 fERSIERE

H AT U0 N AR 3 Ak T 100 285 0 2 SR FH 1) 25 - 34
IR [E1 A 7 7%, A8 308 F ) LitePose /2 25 T #4 & 1]
VA7 2 R S N AR IR AN 15 A BR AR R DAL AR
P R R B 4 v T A ) O BV, F IR ON I 4%
AT IR B, X AR AR R, (BN T BT R
H A2 e AT T R UK 2 H 3R K 78 # Tl 2
J FIRE A 75 B 7 H 2 P A2 T L A PR e 4 Rl 5 s A1
B, B 2 PN Ay o FAT B RO I A B, X —id
T2 R AL BR A . A2 TI0 A2 R R AIG 7 7 22 B ] B3R 3 i
DRI pe P Aot o (] Ji P45 38 DG B A AR BRaxX — MR o
AR AR ZE, N T IX PR ZE, DA AR RS,
TR 2K H Hourglass 5 1 5 V20 B K0T 18 il

2T S5 AR B0, Ah A T 0 M8 A, o B o

B IS 2 KHOERE K7 ), B3 025 NEHAIE
SRR R4 R B

3SR T TR B AR T SRR Bk
WO L B IR 2 R R TR SR S e B, SR
LI AR B L, 5y 0k AR BB T T A 06 %
AT M, ELR JE A R 5 1 T 4 o )
AT S OS4SR A AL b . T LA SR T —
il S R AT 7 0 25 AR 2 T LA AR
Jiidk, I A ] LI A AR R S B
RIS 5O 30 B, T S PR 2 2 o 28 5
it 5 .
233 HAEREAEY

[l o4 0 1 A S 0 RSk 4 8 A A e

(H 2 R UASE TR 00 £ A P AN M S < e A Y,

Lo L 2 W PR, o AL 4k A 1 T R, TRt
TEHEAT AR 2T, B et B A7 P U UL B2 25
FiI 50 45 50080 B AR R 1R 1 s A K RSP 2 ey
AT, FLAHRAE I

p'=Kep (1
Hor, pROR TR A, @Fom BRI H.
A 2 1 PRUEAD R 40 24 B BA AH R 3 HE 22, 38
i I 5 (2) X p" BEAT G, A H B RIS R UE TP
,_ P -min(p)
max (p’) —min(p’)
S I i A PR A AN e B A, R L T
D AR 5 FL R A BT ], LA BT DL R

X max (p) ()

1 1
G= lem{—zu—uﬂr‘%x—uﬂ 3)
m)[2)2

S, T BAE h — MR R, R
BB R AR 0 AT 6, S AT 1 1)
5 3o O, BB R
ot 0
E:[ 0 0_2 ] (4)
99T B BRSSO LA B, FE 2 (3)
HEAT R B A R UG A H, SR H2or
H(x;u,2)=lnf§) ] -
=k ea) S Sin(s) - S-S ()
) 5)
AR R F A2 T M AP 3 A A
B g, Al A 56 T A A B T DA A
0 PR DA S — B SR O, AT LI (6):

OHT
D' () gz = e = (-l =0 (6)

X=p
) P 2 80 B 250 TR0 B T R B R BGS AS R
ZR NP AHAT Fe T AL H (w):
H(u) =H (h)+ D' (h) (u—h)
1
+5(u=n'D" () —h) @
L\
Horb, D7 (h) R TEWAE S h A Z s #h 5X (6) T LATS
BIHAER N ' -
D) =D" (x| _,=-L" (8)

\

SRR R (5)-2 (8) AT LA F I i F A
B AT 25 KA AU 80 1) B TE 5K O KL, 46
HoN:

f=h—(D" (W) "'D (h) ©)

A5 BB AE A 1B BT LB R (10) AT IR S5

1B T 55 2 B 2 1) T (964 A AR, FLFe R T

p=Aap (10)
oo, AT SRR 25

SR 3 BN B B KO A — B G S
— A SRR A 0 B I WAL R B A7, AR
B 13 SR A A (I G4 L, T 25 98
OB AEE S50 B, L2 B T 5 2 UM o 8 (i
0.25 MG Z M EE BAG I LIRS, T ELIX R

Software TechniquesAlgorithm #/FHi AR F% 155

© TEREBIK R

http:/fwww.c-s-a.org.cn



it E RGN

http://www.c-s-a.org.cn

2023 4F 5324 121

77 2R 75 T SRR A TN A I B s o B R — i
fi A0 B 3, JEA G I SRA.
24 FREIEH

R 8 PEPGE I I G DA B RS H
LA AR AR IR 25 3 AT B8 AN T, B AL R T
Ferk S/, R T A S A A R T IR 7 4 (]
AR gt FT LG I _E I 2 PR PR 2 RO =24 i I 2 F) R
ASREAT B AG T AR AEAS ME SR th - A AR SCTY
s AGLINAR 7Y 52 b F WG 75 AN LA B 1k g BR 1) 55— R 51 A
AT e BRI A A 3 AR A R T 0%
TR AR AN B IF S L B RIS B R AR A A
TR B 5717 s AR AR 10 A AR A R 3R 4T T 5, e DA
Y AR TN SR R 56 B i ALA B SE IO A, AR SR

FE T R AR S R R R 1 A BRHEAT AN

AR, TR R BT8R, A A ) ) PR, Sk
ﬁ%ﬁﬂﬁ&%%ﬂﬁﬁ%%%ﬁ%¢kw%%ﬁm
— b AL
2.5 FBTITE

S5 BN A 25 i S 7R T LA v T e 5 B
AR 5 PG A B B, T 17 S35 S B
BRI (W 3 BR). 45 & 56 s R 15 B AT AR Bk
URIB AP R S A RRBE A ARG V5 A b
ST IE 52 08 B FE 10 A S e 30 A 1, A Sk
BT MR BRI, E AR, O
P2 L7 R b — i S A I8 B T & A ) B ARk, R
AGEILT 54 64 12, 113X 4 D AL ARr
(A 28 T i1 O A5 5 e B — R h 4 aE Bl Lok

SR RN AR — RE ST S BT T BRI R AR A,

PRk R 0T 24 i SR T ) S B AR 55— OB ot
5 i AR AR HEAT ST ELH BB, ﬁﬂ%?ﬁéé%#‘, lsi oy
THEC B W RR A 4 B

K3 COCO e Nk si4h 4h

156 4 AR 5% Software TechniquesAlgorithm

| Ak s |

ETIPNGS S = G vl YN S
FNALRR Y, FRBbR AT flag, THEUN. count

s

7E
| count+1, flag Uz |

Ly
//%§>\E-

Y=Y,
flag = false

R
L )
[ = B
\ 1 Begv=count2 |
- 4 BhaE AW BORARAE B

3 SEISRSE R 50T
3.1 IRMESHE
3.1 SEERHURE

ASCRERLAR AL S8 I MR SR8 COCO Hid 48, Bk
ZRTH AL IR SR 50 ANASF g 5 T DA R ik 48 1 3 A
[F) ) B R A AT IERf 2RI, 6 N AN R IR
S B 2 A A AT R 22 26K, KA COCO Bl fE
THENAL AT 2 F EUER) 2, ARSCR T COC02017
AT AEAN 2 45 ] E‘J%#FX#%J\@‘J%%@%%%E,
Ho I e i 7 118287 3K IE fv, BikEsEh 8 7
5000 3K FELF, AR IAT 17 A B ARRIE RO
SR, PR SO0 I3 (1rain2017) SexFIRI 7
WS AERAE S (val2017) B A SEAT 9 AY, 3R H 5
AR BEAT T LK.
3.1.2  VEAhbRAE

o AR RAR AL S 56 1 3640, YA R AN AR O
FAHALEE (object keypoint similarity, OKS) it 5 AR Y
TIOI BN AR ST 5 B AR 5 FLSAE (BREEAE) Ah A5 2 [8]
AR 22, P e 8 B AN [R) (4 4B SR A e TIN5 45 pii 11
BEE AT

2

_d‘
Z exp(ﬁ)&(vi >0)
zﬁm>m

Horh, iR S5 5 d TIN5 s A AR5 L
BRI AR AR A RR RGBS v IZ KT R AR I s H

OKS =

(11)

© TEREBIK R

http:/fwww.c-s-a.org.cn



20234F #5323 121

http://www.c-s-a.org.cn

i H AR SN A

B RST; ko 18 0 Rt B kAT b vt 22 11 545 B A B A
ST R AR DG4 1 S 9 . BTN ) OKS 394k T
[0, 1VE A, e85 5N 1 I3 % AR 58 8 T
RAT L G5 0 B RS T s S AR SR ZE IR R
3.1.3  BERIIZR DL K SEE6 40T

SEIG 4 E Ubuntu 20.04 #:/E &40, i9-10940X
3.3 GHz [ CPU. L\ A —~ NVIDIA 3080 10 GB GPU
H RIS 2% L 5E . SR A2 PyTorch 1.8.1 ¥R %%
STHEZE. IIZRAE T2 ADAM AL 2%, 455780 1 25
KL 500 AN, HEKCK /N A 40, 9165 21 %8 0.001,
7E 28 350 F1 480 > Epoch 43 A5 H BT 2 0.000 1 1
0.000 01. A7 SR FH 35 75 7 SR vk 50 9G4 R Tt 451 2K Al 5%

HRRIRIRA SR 25 M B P . LR RIS ASUATR:

L= /lpreLpre + Leis (12)
o1, Apre FH Lpre 73 501 29 55195 000 B F 5 HORN 452K,
L SRS SNSRI, SRSk T

[}
Leis = ApushLpush_loss + Apuit Lpull_loss (13)

Forbr, Apush A Apun ABUE R, Loush 10ss KT AU ]
RIRL IR, Lpun 10ss 9K 1L A BOHE 3450 5% ZEI|
S5 3 B Apre TN 1.0, Apre FlApun 54 0.001 A
0.001. ALY Zrad 72 o (1451 25 s H 1 5 o, e £
IO A P A e S5t A A 1) B A% R P 3 S R A )
T30 e o i A B B R ) B 2 K R RS
1/4 1)F TAME I IEBEAT fRAD,

FE B4 s i rhy, FRATIE T, AN R AT R Bk 4 (1) B
IEVRHGAT T bRiE, S 30 o Bk 28 T 5 v % X s A

PEAT TH AU 5 L Se B AT EUX, AR SOR B ik i e

;,, / i\ e
i g

LN BTSSR MR ZE N TS T ATy T I
To, RZAE T I, it A S, = To/ Ty o 5EHET
FURARP, = PSSR, R,
W R ME TR, ] S

0.003
E 0.002 F
B
0.001 | ™M s |
¥ P Py et
0 ‘ - L 1 rl L L
\ 0 7100 200 300 400 500
4 Epoch

Kl s YIgRdi s i 28

32 EEWUSISIR

N T BB AR BRI R, A SR =
ST R EL. BT B 1Ny 25,
HURET T3 K, 2 S8 4 BUGSF oA 3 B s 3, %
5 ¥ R RS B AR 2 T B 13k SR 4
FEL 55 F I 75 3 400 A 7 SO ORE, 2830 5200
B, AT B 124 25 (I I 20 i, T Bk T
25 AR T O AR A S 7551 S 2
T EL 4 0 AT — 2 0 A 400 3K AN Ky
448448 13 {505 N A\ 35 A IR Pl AT 3
FAI. 33 AR T ARG 7 Bleahe B INF 1) AN Sk 21 2 P A
4 PR TR ST L e 5 2 ) it T A
A R e S B B 2. OBk B R
YRR SN 6 B

6 PRI REEWIT

3.3 AU ER

ATTHE COCO Bl AR s it RS R 5 H Ay At
B HEAT X0F L S 56 SR 6 UF AR 2R 1) 7R A P AT RT S,
SRR R 1 R, AR WAL LitePose #5241 5 HoAth
Je sk BRI B AR LS AATH AR H, RS
D 2 B R N is B A2 B SR AR Bl AT AREAS T L
BT R RE, WX PersonLab 1 Hourglass A & Higher-

HRNet 1X 2% 2 HUBLR I 52 4% I 4%, LitePose-M 15
SR LK 3, BARTEREE LA MG R T BE, (2
KIEFERRAR T M EMSHE, RV — mOW FE ik
KM I T SRR VA b P AT Sl P, AR TR
U1 OpenPose, LitePose-S 751578 x4 /& flis 5 5 44 &
ErRIBEAR T 34.1% F1 44.4%, [F] I} 7 256 D00k FE
mAP EH 5T T 32%. XT8N 5E1E 1) EfficientHRNet-

Software TechniquesAlgorithm #fF4 AR F%: 157

© TEREBIK R

http://www.c-s-a.org.cn



i E R %N

http://www.c-s-a.org.cn

2023 4F 5324 121

H-2 FE2Y, A1 [R R PE AR 20 2 4 a5 0T 2 B 3l B A1
T 67.5% F136.7% (3RS mAP {EHEm T 7.4%. BT
PAEH I TT LA BH LitePose 1 25 5143 32 45 ¥4 g % T 4T
b 2 0 BT VBRI SR s ERX— 7K.

F 1 COCO val2017 FHIRI %] L 45

Model Input size Params (M) MACs (G) mAP (%)
PersonLab 1401x1401 68.7 405.5 66.5
Hourglass 512x512 277.8 206.9 66.9

HigherHRNet-W48  640x640 63.8 155.1 69.9
LitePose-M 448%448 3.53 7.85 59.9
Lightweight OpenPose  368%368 4.1 9.0 42.8
EfficientHRNet-H-2 ~ 448x448 8.3 7.9 52.9
LitePose-S 448%448 2.7 5.0 56.8
Ours 448x448 2.7 5.0 57.2
EfficientHRNet-H-4 ~ 384x384 2.8 22 35.7
LitePose-XS 256%256 1.7 1.2 40.6
Ours 256x256 1.7 1.2 412 '

7 7E LitePose H LRI R e ] 13 1K
RIARHD, AU LiteRose-S MBERE % 1 0.7%, % T4
RS HE 10 XS BT P RS 1 4R 8 T 1.5%, T
L HC AR A 2 3 o L B A . RISy 7 T
2R AR [ AT S M AR SCHE NVIDIA Jetson Nano b il
AT 3 KM AERS, 45 B0 7 FiR. 7T A A
AL HOBLRIE ST T PERE G BT SLAE R L P35 K
KAFAY. T30 45 5 DA, 3 I A 1 AT 7 455
SRt 5 0 AR ot PP AR R S DA B8R R R 2
SR B A A A I — . R
B3R [ 05 KO O, AT 9> s PR R i
T PP AR IR 9 4 56 R R T S8 00 R AL AR 22, TR AL

[y LitePose LA B [FIFE/E A IR SER AT F &I
HIBE N, 1A BT H e R S AL A TR FE, REs T 4

ﬂﬁ%ﬂ%iﬂﬁﬁﬁﬁ%ﬂ@@%&%%; ] A SRR
2 KL LitePose-S BEURIEAT N A S8 A .
3.4 BREITESCINER

ARSCAEEIER _ECEE T 40 N2 R ST B4R
KT 10 AN 23 i 8 Bk b 28 1) Bk 48 WU AT R X /R 2
JEPE AR HEAT T I RS 56 A Kot A SR I M R
A7 —ANPRA, SEIG 4 BN 2 Fion. SARIEAE L3RG R
B ARALAT, HAR 2258 0 BYRHE G n R /R 2 58 Af
R ERRIE R T 30 N E A, JF BB R 2
(3K, 0T R 2R 2 I 1 BV T A AR R A L R
AR E RN, FRARTERZEN 5 BRI T+
IR 2R B IR 2 A 95% LU R IR SR &

158 4 AR H % Software TechniquesAlgorithm

27.5 NG AL RN AR R A — AN OB (5
6+ 11, 12 DU {A) Y ERER A28 10 DL R R /R 298
W2 JE I EE kAT T AR 2 8, AT LLE TR
ZId KRR BUEW 2 G, FHE AL bR AR 1T B R AH AR
AINT T AR, LTI AL AR A SRR, TR A
PR 5 BRI DG B AT AL R I ) Y B 2 46 /N, I Hod i
I AT DL B — SR TR 1R 1 R (R AR bR, AT
PN R 22, BT DA B 38 I R R 2 B AT ST e P
i PR S e (B N Bk AR R iﬁ(\ﬁ’]\

60 " (97,56.8)
101, 57.2
ss b ( ) 171,529
% 50 |
v
a, 45 H
E
40 KX (28,412)
(50, 35.7) - EfficientHRNet
35 | —== LitePose
—*= Qurs
30 ' '

20 40 60 80 100 120 140 160 180
Latency on NVIDIA Jetson Nano (ms)

B 7 AT SR L
K2 RIRBIEFNEHEEIEREN LR

BRI RZEVEEA USSR BUNIEBIT.  IEHEP (%)

0 40 7 17.5
LitePose.S 1 40 21 525
e 5 40 v 67.5
5 .50 27" 54.0
0\ S 400 D 475
o LNl T 31 715
-— 40 38 95.0
4 5 50 39 78.0
340 |
335 |
l’)é
4 330 t
5
By
w305 |
K
320 |
315 — Data — Kalman_datal
0 50 100 150 200 250
FPS

8 RIRZUEBATJE 1O AL FRAR X LR

FETHES R FA TR BN 10 A — 73 Pis Bk bh
T, TC 18R UG SFEIE R AT, I HR

© TEREBIK R

http://www.c-s-a.org.cn



20234F 55324 121

http://www.c-s-a.org.cn

i H AR SN A

A ERERE IR B, X2 B — 7 Bl Bk LE 3R (112 3
UFEBRERIN, Dy IR B AR L, 2 RWTRE ik SR A
KA RIEFEBEER, 3 BONAR IS AR AL AR /S, #)
KRR R T 5 AR BRI B B0 RIS, 52 9 B s
TR GRS, T AR A B3R P A e, DR G i AR A
ARAL O T PR IE R4 L FE 22 AR RURIR 22,

[ BF 9 1 R I SR RO e, A SCHEAS [ PR B T ik
177 5:5, U ENMES. BRESIMKU S RE
IRAFIE L. SRUR S5 RANER 3 PR, FEBCER E NI,
BER I 5 SR AR I 45 R, IR 72 AN 0, (HAERFEAL
RELH SR E R (2 A F) WG T, B2
R SR NP IR ZE TR, XN 1.00%. £
FANAEE, T 52 SRR 1T PR S A

RS J2F 52 S S, TR A 2 M6 T 2 0 5 T 4 5

RAEHZ NISIRB ST, IRERTNE 4%, @=50F

[OEAZR!

(b) =K 2 (©) =N 3

PR ENAN 2.67%, &9 JEIR T 6 Fhilg st TG
TR R T A IR, R B RS DL N AR AR
Kol 2K, [\ S UK 3% 3 T AR
KT LI AS A RO L. (R SRIR S5 R B IR, ACH.
BB E NI ESMIIAE T, HRIL B 1k
fE, RZEFRARF AR, R AR AEE WP T A, 7
PR ZEFALNY 1%, BIUIEASTIR H R T i REEHRA
IR THM 2% F Bk 48 T HUO R R T AT Y.

#3 AR AR R

PUBEM BSTRBM BN, R R (%) TIRER (%)

EHN1 100‘ 100 0.00
E=W2 . 100 & 799 1.00 1.00
=W3 100 102 2.00
EC 100 99 1.00
L)) 100 97 3.00 2.67
=3 100 104 4.00

(d) Z4h 1 (e) =4k 2

RN A S () -

4 #igHRE
N T D R R RN LS THE L & i

BRI, ASSCER T AT B4R AT A il D

T R T R S A G B
i T B R BRIOA RS A 2 LitePose
PO RS 75 V0 47 OO A P T 25 T 1556 R SR 7
VR J7 2, ORI T ) A 1 SR
KA AL, BT ARG TR ARE Iy v, 7E A
PRS2 RO L, 9 — B 4R T S R
FE, H R AR A SR MO B8 T B, BB TEA
VR R LS ST SO . %
L Y, I A A TR T 1 T A
S SR R V0L T A 1R T (OB, O Ll i %
FFI R T B R 2 A8 (G, A0 i 7 4 MU
P A AR B E AT 8, SR — R R

%

PR, et i S G0 s 00 3 3 e 2
BV, T B SIS 0 R B 9 A R
[ A S R R S % B R
W 2 SE N I T, LR BRI R Tk
LS ERILSE (VR) SO BRBLS: (AR) %4, Gl
58 A 0 B B ek R, AT AT LA R e
S 0 P 5 L AT 4 B2 1,
S5 HUA AT S5 RIS TR,

25 o AT RUA A W7 40 BT T LA 1, A SC A7 7 6
R RIS TR R R
S N TR 1, 2 Hh T 6 R R R
TR R, 5B TR 2, — R A
Bh48 LU IE I, i T ARSI EEA N, S 8O0 BT
FT A ELR A SRV (A B8 ), T4 s
SRR RE, B HEAT 2 N SR R 2 T — A B

Software TechniquesAlgorithm #fF4 AR 5%: 159

© ERSEBIK T

http://www.c-s-a.org.cn



i E RSN

http://www.c-s-a.org.cn

20234F 55323 5121

FEH T

SE Rk

XIEAR, AT, £, 5. 2D ARESAMA it gt e,

THECHLHT 7 ip 2 W 2% S P 23 25 2021 4255 25 i 0 2% 8 4%

ARERAFE0CE. b AR BE RZIL T E B IR

% TREEE 800 3, 2021, 255-258.

2 AR T RO I N ARSI R Al 53 28 T VA U7 iR
Fo [ 2 3], P2 R R (R R
VH 2202 K LR 5T ), 2020.

3 Chen YC, Tian YL, He MY. Monocular human pose

estimation: A survey of deep learning-based methods.

—_

Computer Vision and Image Understanding, 2020, 192:
102897. [doi: 10.1016/j.cviu.2019.102897]

4 Toshev A, Szegedy C. DeepPose: Human pose estimation via
deep neural networks. Proceedings of the 2014 IEEE
Conference on Computer Vision and Pattern Recognition.
Columbus: IEEE, 2014. 1653-1660. '

5 Tompson J, Jain {\, ‘LeCuI; Y, et al. Joint training of a
convolutional network and a graphical model for human pose
estimation. Proceedings of the 27th International Conference
on Neural Information Processing Systems. Montreal: MIT
Press, 2014. 1799-1807.

6 Newell A, Yang KY, Deng J. Stacked hourglass networks for
human pose estimation. Proceedings of the 14th European
Conference on Computer Vision. Amsterdam: Springer,
2016. 483-499.

7 Sun K, Xiao B, Liu D, et al. Deep high-resolution
representation estimation.
Proceedings of the 2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Long Beach: IEEE, 2019.
5686—-5696.

8 Cheng BW, Xiao B, Wang ID, et al. HigherHRNet: Scale-
aware representation learning for bottom-up human pose
estimation. Proceedings of the 2020 IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Seattle: IEEE,
2020. 5385-5394.

9 BIENE, BT, TR, AF B E R A MR SRR, AT
24, 2020, 31(9): 2625-2653. [doi: 10.13328/j.cnki.jos.00
5942]

learning for human pose

160 4 ARH % Software TechniquesAlgorithm

10

11

13

16

20

21

Neff C, Sheth A, Furgurson S, et al. EfficientHRNet:
Efficient scaling for lightweight high-resolution multi-person
pose estimation. arXiv:2007.08090, 2020.

Zhang F, Zhu XT, Ye M. Fast human pose estimation.
Proceedings of the 2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Long Beach: IEEE, 2019.
3512-3521.

Cao Z, Simon T, Wei SE, ef al. Realtime multi-person 2D
pose estimation using part affinity fields. Proceedings of the
2017 IEEE Conference on Computer \Vision and Pattern
Recognition. Honolulu: IEEE, 2017. 130221310.

R, RO, TR A, S R Sh B4R L S50 5 T
A it ML R, 2013, 36(4): 57-59.

LT, EEAG, £, 55 iR — B R HBkaE. B H
R, 2014, (33): 46.

T, B, 37K 1B e g i 4 Ik b {5 5 7R H
TS E RN . Ber AR 5 R, 2012, (8): 60-61.
FARIL, & Bk, — ik T i (8] 22 2> MO B S5 & )i
) 7 B A WO R R T R L T LR A S B, 2012,
29(5): 117-120, 129.

HEATH, XUR, TR, SE. TR AR S S A I 5 7
HMHERAR. BhigmfEsi 154847, 2019, (9): 127-129.
Wang YH, Li MY, Cai H, er al. Lite pose: Efficient
architecture estimation.
Proceedings of the 2022 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Nev‘;l erleans: 1IEEE, 2022.
13116-13126. 3

Sandler M, Hc‘zward A, Zhu "ML, et al. MobileNetV2:
Inverted residuals and*linear bottlenecks. Proceedings of the
2018 IEEE/CVF Conference on Computer Vision and Pattern
Rec'ognition. Salt Lake City: IEEE, 2018. 4510-4520.

Xiao B, Wu HP, Wei YC. Simple baselines for human pose

estimation and tracking. Proceedings of the 15th European

design for 2D human pose

Conference on Computer Vision. Munich: Springer, 2018.
472-487.

Kalman RE. A new approach to linear filtering and
prediction problems. Journal of Basic Engineering, 1960,
82(1): 35-45. [doi: 10.1115/1.3662552]

(B e FhEHE)

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.1016/j.cviu.2019.102897
http://dx.doi.org/10.13328/j.cnki.jos.005942
http://dx.doi.org/10.13328/j.cnki.jos.005942
http://dx.doi.org/10.1115/1.3662552

	1 引言
	2 基于人体姿态估计的跳绳计数算法
	2.1 算法流程
	2.2 提取关键帧
	2.3 人体关键点检测
	2.3.1 人体关键点检测模型
	2.3.2 解码过程
	2.3.3 自适应感知解码

	2.4 卡尔曼滤波
	2.5 判断计数

	3 实验结果与分析
	3.1 实验环境与配置
	3.1.1 实验数据
	3.1.2 评估标准
	3.1.3 模型训练以及实验细节

	3.2 关键帧提取实验
	3.3 模型优化实验结果
	3.4 跳绳计数实验结果

	4 结论与展望
	参考文献

