F146 5 1M IR AR (P ) Vol. 14No. 1
20252 H Journal of Radars Feb. 2025

ETR&ESHARESMHITGRE

“mEC kY 2rAY  wsRY meae® 2’
EZa® kAR o 30
O BHEHARARFRE TN ZEEE A6 230026)
ClegmAFRA LIt EMNIEFER BEA  98195)

E: ANLSMHEANZ I S E S AL e S U B A T Z M BT, — B RN 7 Y 2
Tl SR, BTG R RS T IR S IR TG F AR . It I AT 2 Aol IR R T
15, HEARBRIVENTLSE T NMRESM TG T EZ KT MRISTL(E S0 TIESE, AR
NEIHEAEITiE, BARRE SR ARG 5 SR s AL BRITR 5 2 > BB 25 U T34
IR 2SO LK TR IL . FRERIEMWIFIE 5 90, RUBCHAE N i 2245 5 70 vh it e AN AR L
1B, & RE SRR MA SRR, FEXNEERT FOfE R LA R K S AT 1 R

REIE: AMESMT oA WS KRS, FEEL; WiFi

hES%S: TNI57.51 XEAFRIRES: A NEHS: 2095-283X(2025)01-0229-19
DOI: 10.12000/JR24189 CSTR: 32380.14.JR24189

SIRHER: Wiz, ki, FWAR, 55 BT RLESIHANRLEM ISR [T]. FEZFM(FHRI), 2025, 14(1):
229-247. doi: 10.12000/JR24189.

Reference format: CHEN Yan, ZHANG Rui, LI Yadong, et al. An overview of human pose estimation based on
wireless signals[J]. Journal of Radars, 2025, 14(1): 229-247. doi: 10.12000/JR24189.

An Overview of Human Pose Estimation Based on Wireless Signals

CHEN Yan*®  ZHANG Rui® LI Yadong®  SONG Ruiyuan®  GENG Ruixu®
GONG Hangin® WANG Binquan® ZHANG Dongheng® HU Yang®

®(School of Cyber Science and Technology, University of Science and Technology of China,
Hefei 230026, China)
®(Department of Electrical and Computer Engineering, University of Washington, Seattle 98195, United States)

Abstract: Human pose estimation holds tremendous potential in fields such as human-computer interaction,
motion capture, and virtual reality, making it a focus in human perception research. However, optical image-
based pose estimation methods are often limited by lighting conditions and privacy concerns. Therefore, the use
of wireless signals that can operate under various lighting conditions and obstructions while ensuring privacy is
gaining increasing attention for human pose estimation. Wireless signal-based pose estimation technologies can
be categorized into high-frequency and low-frequency methods. These methods differ in their hardware systems,
signal characteristics, noise processing, and deep learning algorithm design based on the signal frequency used.
This paper highlights research advancements and notable works in human pose reconstruction using millimeter-
wave radar, through-wall radar, and WiFi. It analyzes the advantages and limitations of each signal type and

explores potential research challenges and future developments in the field.
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Tab. 1 Summary of research status on pose estimation based on wireless signals
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Fig. 3 Radar imaging-based human pose estimation methods



236 TR (P IEX)

14

i BhTR FE 2 ST R L AR S o RF-Posek H i
BUESLW IS, BL& KRR B XUCRLREY], ARk
XE N7 R e, BT R AU E S S
Wi, fEZ @A Z MR IRGEE, WRIX—RR.
W ARG SRS ED, FRRPRZEN
T7 ms, NELE SRR E . IZHBALEH
PLRAE EARE RO AL, B IES . 78
W& ZRE G, REREAUKIREHIE 5t A
RILEAS, TR .

1% X 28543 S 00T R 2488 0 2 A2 IR 48 8 43 43 )
MR HAZ S TS S o I 20T X 2% S A4S
B, AU T B ARSI (1) 1) . B0 2R
DA 2T AL RS THE AL, @ AL $E
BAgRRE S EGEERE, WEFEAEMER L. 5
A2 X 2% G i 2% AN D 28 20, MRIFAE 5 A $2 HE
MRESE R . BACkRE, AN &AL
FIRFYmbdas, 23 nlab Bk 5 3 B UK R 25
I B Y 2800 22 2 G AR 8 X 28 92>
[ 4ERE, KR N NS R R, IR N
ETCARFILR RSB S . BJE, XL /KA B A RHIE
FREIEE 4 T PR IR 4 e 28 . MRS ERss &
BB E RAGHIEAE, M gERFAE AR AR
B,

HTRFES 20 PFRMARDEEAR, HA
PRR I 2 = A B H [ S U8, RF-Pose 5 #i H 2 il
BT, BEMNMREIMEFER. X—K
T8 75 0 2% BE 8 o FE A IR I T8) 0 A AAR 35842, e
JIR S A0 50 20 % 26 AR THD e S I 8, A el AR R
(PSTI=N R

MHRBE, RF-Poselllid BERAS 2], HIRSL
T AERFAE 5 10N AR SR i . RIS 7R 3 1 Bl
BERETHRR IS OL T, R RERCN AR HL A T A
B, SR, RF-PosefNPRT 48545 1t, Tk
AT RS TO, BRE) T HE . NI —
i@, [ BABE S T RF-Pose 3DEY,

4.1.2 FEFIETRISDESEIT: RF-Pose 3D

Zhao%5 NPt — 000G — 4 LSl ih o e o =4
RAAGTE, R TRF-Pose 3D, H XL LL E
FIRBBD R T HEFHGE . ZRGKRHZ R
RARHELP TIE, E A& /KT BCE R 2R
5, TAESBAT5.46~7.24 GHz, BARMAHRAE
HERBAF 27 ERRSGEE J1. AENLR S 12448
WL R, st AR A2 DEMG, d@id
OpenPose ™ 2D 48, FERIH 2 WA LA %
F2DE BE N 3DE EFRAE . MHL R G AAE U SR

B B TR bR 2 8, MBI Un, REGiRE
AR IR TG 265 5 SE 3D T pi A .

W 25 30 43 B B 3 AR L AR B . RRAE X 4% (Fea-
ture Network, FN). X & /%% (Region Pro-
posal Network, RPN)MIZ &AL 1+ % (PEN). FN
T LB ARG B . FIAE S A L
— NP ks, B T4D CNNSHH S SR A 7
Kigm HE R, W WIIRE S S HESE (W Py Torch,
TensorFlow) MASCRFAD & AR, 38 84 Y
YERE gk B BT A 4Rk R, it e3DE
FUERAE, SEMRMITE A . RPNEH B 1E4E i
BEASAAR 5 E X, AR 5 8T AN R R RRALE
PENFHZ KRG 20845y, IWRPNAE B i ik
DX 35 gk — 5 HE T AR (1 144N OB 05 (0 sk 38 R
B FA. BEEEE) . PENIELE S AN R4 7E 25 [a) Al
B[R] 2 B b SRS KR, AN AHE Tt 4 e £ 1) DG B
B R RA R RS IR EE NS SARAL, AR Rk
HEEHI3DE 4L

RF-Pose 3Dil i 52 % (4D 4 AR 1) B &40
DB, FI TANEMEY, DRI 2 NS
FIREE T AR TIPRAR . FNAE B £ 57 A 46 Ak
G P PRI 4ERFAE, RPNBEBRALEE 2 N 37 5
HIES T, PENBIHUN L T R A& LA 4G
ite WA ZIREIAHEE, RF-Pose 3DRISEIL T
TER R T2 A3DL&A .

4.2 EF3DRGEHENZESMIT
4.2.1 ETBRWMIDAZENZESMEIT: MIMDSN

BT 38005 5 B PE . BB o FER AR
BRI AN, 2T REMERESM T REEA & ENA
WM. ZhengZe NPT T —Fh iR 5] S04
BG4, RO EAS S e KA R BT B W 4%
(MIMDSN), FF M IA3D UG & it Ak
LA . 5RF-PoseMRF-Pose 3DAE, MIMD-
SN F) 5 A5 25 W B AN AE WX 28 i HE 3R AT, 18 8
TR 2 RIS, M T F R IA(TWR)
UG B 46y — 4 NARE R (AN 38 58 P 1) . MM
D SN i 4 % 8 YA 11 — 24 ~F- il B B4 3R = 4 25 [l
B, TAESiR .01 GHz, #7951 GHz. 186 4E
JE R E R N3 FPS, PR [a) 45 5 i R RN
16 GHz, [FIK, BEEIFRE (Red, Green, Blue-
Depth, RGB-D) fHHLIR 144 225G 8 ) 3D AL
BER.

MIMDSN M 2% it 78 73 % & 1 5 I8 AR 114
PRRF A > FE B ) . HAART S, MIMDSNI# it
B 2 AN BRZ B IR IUE 1A BAG T s 0E SUE



14

Ve 255 ETELMESMARESMtERE 237

B MZHIERZEE. SRR/ BRI LR
P 3D G A 2R 1) 23 (8] o FR R b AT PR R, DARA IR AE
AR B bR B A B, RERE B EUE RURFE .

ot R E I X 40, MIMDSNB| A T 3T
HAF B KA IR FE W B 2 20 a . IR AN
TEH H Z 0 T 2 SR AT I, I TERREUZ kAL
FRIES hAr 2 2 MR EAS B, AT 9 25 BE S 7 %%
JELR b S BTN A B SUREE, STk
HERE. tbAh, MIMDSN#HEH 7 —F H i& W 4 2k #
OAUSERS, T sh & R BGRZE RA E, B
I 285 75 I Sind it o i B s 2k R SR B R IX
BRI & T IR e M, iR T 4% Bk
SUHE .

T 85 B PR 5 SIRHESREL, TR B
I UL K IS N 45 O BOINACK RS, MIMDSN A 24l
IWTTWRAG FR AR B L B E 4
st R, EEERR T T 3D AR E S AN T
W e AR

4.2.2 ETZW3DEEMNESMIT: ST*W-AP

T WHLES 52 21 °F & (W Py Torchfl Tensor-
Flow ) FF3D B, IIAT 2 GUil H K 2 il — 4 4%
5PN R R = 2 SR AR IR A RN . SR, XA
77 2T [F I M P AEAT D 1R ) v %2 9% 32 1) 22 it It
BAB R, CARAEAIRL B 23S T b SR B i = 4k )
FR. KB ANPIREH T ST W- AP 25 fill & I 2%,
WL 78 455 ZMBDIR RN BEE, fEREA=
il BT EUSY= i Gl ey iV RN 2 L e A RS P s )
TR TERERTT .

ST?*W-APH &) £ K Z W (Multiple Input
Multiple Output, MIMO)HIE RFA B — M RE
WREZE BT 12 RS REEF 2 OR 26, R4
0.8~2.8 GHzH G REMARIESN, fEHIE RS M
B HRRIA RN AT5 mm. FEAEMCABE . 0 A
W R RS, RGN R & B ) 7 0% RE
71, S TR =S R . KL 12
AL R S TIE RG] L= R FL .

R F, ST?W-APRH T 5256 J5 i
) B R AL SR BOSREM , weit 7 — M fhaDBZE S,
AD R A 93D A 1A 5 AR (T g b 2 )45 U2 ) A
1D [E] A (F TSR IUNHAE ), IR LA B3R
FEFR Z M 2, T MAD AR Z 32 B FHREE,
SCRFZ AT AT I RATESS . tnEApTR, TR
LB AERE TR AL R AT, TS
B B G T BN EER, BEMSC AR iR, H5y
NEERAYERE . ik, ST2W-AP SN T 4R B [l %

AN, AL St R AR, B
BERAER 17 I TR B A

ST*W- AP B IR AE I 4 J8 0 o SEIL 1 2k - 2 i
3SDHRMNALEWME 5T HIRA . Esa=
g a5 B 5 K FINIEE S, Mg KiEiRst 7
ZESMETHAAT IR S HIVERE -

4.2.3 ETZW2DRGAEMEMIDARMES
{&it: Dual-task Net

Dual-task Net® @& —Fhgh & T 2S5 N
PO 3 2 B BE AT S HESE . AE& RIR A H 2
Wi2D ARG RIS DIR 2, RS54
POPAME S B G a3, fEEE P b, HeRH
30 B AR $E 7 BT R B 1 B RS 5 AT TiAd
L, DLEBRERSTSMS. Bk, @id)EmiEse
FAEHAT2D UL, 545 G 18 R 20 3R I A R i
FEE NE B bR, RS SPERRI3DRER, A
LR A E NS EROIMES IR . Dual-task
Net /X 2% 3= 22 FH P AN BRI A Rl . SRS B 8 X 4%
FENE RN . BEEEMNLKIETIDEHR ML
W25, MBI B3 DAR 2R R S BURFAE, T
IR RIBD R AR, L XF A, REEEA
350 MR E N RRES . SR U P 25 TR
ARGy SCEE e — 3o ST 22D g e,
R XA T REHEEMNER 2 W3DEE.
2D G FA ] 43 S8 I 7 SR 2D RS R SR EUN
WRIZ BN RRAE, T 3D 43S 7 S i 1% SR Wl ) S A
FERF IR ARMNIISEE . &5, WA
SiRA, ERERENISEIRMNG R, XFIXUTS
WL AL T TR B, i B2 R 77 5
FETE TP MESS RS B o 24 B AT 45 J ot v 28] o

Aﬁi‘cﬁ’iﬁﬁﬁ b

@ﬁi%w“q

_I_I_I_I_I_Ll_l__._l_l_l_\l_
Rx Tx

Tx KR Rx R4
""" TCHGEIAE LRk — A AR 5L k1T

4 VR REAXT T 15 5 Ak B AR I

Fig. 4 The impact of concrete walls on signal propagation paths
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Tab. 2 Summary of dataset on pose estimation based on wireless signals
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