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Abstract: Non-Line-of-Sight (NLOS) human activity recognition using multipath-assisted radar has significant
potential applications in urban warfare, autonomous driving, and emergency rescue. Existing studies typically
rely on supervised deep learning frameworks, which require large labeled datasets and exhibit limited robustness
to noise. To address these limitations, this study treats different propagation paths as multiview observational
channels. Through path separation and Time-Frequency (T-F) analysis, we construct equivalent multiview T-F
spectrograms of human activities. Furthermore, we propose a multipath physics-embedded contrastive network
(MuPhyCoNet). In this framework, multiview spectrograms from different propagation paths serve as inherent
positive pairs for contrastive learning, enabling the model to extract discriminative features without extensive
manual labeling. Moreover, we introduce two categories of physical constraints—observational and predictive,
together with a physical consistency loss. The observational constraints compute physical divergence directly
from the raw spectrograms, while the predictive constraints align the physical parameters regressed by the
projection head with their observed counterparts to verify the learned physical characteristics. The integration
of both constraints enhances the model’s robustness to noise and modeling errors while preserving high
discriminative capability. We evaluate the proposed method on a self-collected NLOS human activity dataset
(comprising 6 action classes and 19,500 spectrograms) acquired using an ultrawideband stepped-frequency
continuous wave radar, following a “self-supervised pretraining + downstream classifier” strategy. Experimental
results demonstrate that MuPhyCoNet achieves a classification accuracy of 94.32% with only 10% labeling data,
outperforming MoCo v2 (72.19%) by 22.13 percentage points while exhibiting superior noise robustness.
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Fig. 1 Framework schematic of multipath-effect-based contrastive learning for radar activity recognition
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(2) Fiik JSHLEE B2k, % Jensen-Shannonfi
JE 2 20 3t B G o3 A (R AEALME «

Lspee = JS(P1[| P2)

sim(q, k) =

1 Py (i) Py(i)
zja o P
M(i) = Py (1) ;L Py (1) (10)
Horr, Py(i), P (i) NI IEREARLIE A — L 2 3

EJ%JE AT, M(i) HIME: IS(Pr | P) A Jensen-
Shannon & (H ARXT 4L

(3) I IA)- AP PR AR R, A 5 AE I [H] 4
AR E S

T
1
Lamooth =3 ; (centroid; ¢ — centroidlyt_1)2
T
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oA, centroid; 7 5 oL B AR RE AR AR 5
(4) W T8 — B, BRI IEAE AL
I 0 A 98 P ORF — B

Esprcad = 61(0—170—2) = ‘0—1 - 0—2‘,

> (fx — centroid)* W ( fx)
k
> W(fr)
k

g = B

W (fx) = |S(fi)l? (12)
Hrb, o PG R R, H TR R A
1(a,b) = |a — b AL1FAE
(5) ZHERRIERIS, 293 2 A ) 1k
B TR <
1

Lom=3 {Z $1(/) = Si(=1)]
f

+ Y 182(f) - Sz(—f)|] (13)
7

v, S1(f), Sa(f) 9 PR I FRY IR S i 2 o B (2
WA —4L), ARLAI2 7> il 7R 55 1AL AN 5 240
PR N
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FT1E:
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% wl (tobs,la tprcd,l) + él (tobs,Qa tprcd,Z)] (16)
ﬁ\: [:P ’ tobsa tpred ﬁ%‘] y‘j@_‘u‘{mﬂ 5 ?ﬁ j}ﬂ” E(J HTJ_ I‘}ﬂ }_Dfi ‘[:1‘ H
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35—
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(17)

(4) ZHLHEZR RS, BRI AP B 2 K
TEA BTN

1
Lyounds :i {Z HlaX(O, |U| - Umax)

+ Z max(0, —t) + Z max(0,t — Tsweep)}
(18)

Horp, WAHINZRE, patchesF s 7 Hf S Atk 4
&, max(0,-) S T B AR T NI A
B TR v, Toveep KRB TIESE, 40
M NEE RS R K.

IR R A TR A B S 5 T A
i AR, T Ed U 2 5 o 2 X — 2
IR (B B0 453 2% Lons 5 0 BRI A5 2K L prea TR
AR XA BT A B E S50tk A2
TR Bz ARE ST DU E RS A Rt
3.3 BRI

AR E TN RNSE, Al N ES
RYEREVHA RAE T B DRSS B T %%, 78 H w5
HE—ANMWEMLP /LT H IR BN, Zix
THERFEPA S R R A R, J8 AR 4 1 e
WanE 7R AIRIEE 1. WEISETR, PSR
7 2 JZ AL (Multi-Layer Perceptron, MLP)45
¥y, @Ak )H—4k(Batch Normalization, BN), #
MM 0 (Rectified Linear Unit, ReLU)FIF#EAL
K3 (Dropout) (0.5) 583z L e )1, HEIRHA

h, = Dropout, 5 (ReLU (BN (W1 z + by))),
Yy = Wsihi + by (19)
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Fig. 5 Downstream classifier structure schematic diagram
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Hrr, zeRM2, NEHTMEHHE R, W, e
RO12X512 W, ¢ RO EIEFE, CRIEHE
(RXC =6). ZHRITTERFFRERMVFR, @i
AL 1 W 4 5 SR RE T

4  SERIUES SR

A VEM AN HLIG R E: SHENLOSLK 5t
5HEEASH. e E LR R BRI
MW EBBSENE, HRRAENR L R 54 M
AT
4.1 LIIHEIRE

AR SCR R B8 i 20 13 AR A B2 T 1K (Stepped-
Frequency Continuous-Wave, SFCW ) REE£HE,
WHRSHMNIFRL. LI LA @ F P M ix — S 200
Moy s bt AT . TSN BT BRI, H AR
F 55— MR HERLEE (NLOS) X 35k, FFIA R T &
B AT R 1 S S A Re B0k H AR, F R B
W2 RS G5 iR 2 TR TE I, B A I 45
e 1832 Bl AL A il 2 A R AL (O N B e AR )
)W AT X A4y X B 1) T A
B # #H (Radar Cross Section, RCS) A & G #
N, B AR TR TR A R AR
B, AN SO SR B — U SO AT B A R AR
FESE WM 6 s (3 5% i E AL TR IR AE . Py (W
THTERAR) . Pao ORI BRAZ) M1 Py (RTSS- U H &
FEAE) o

NAE T BN “ HARS A Z 8L
KR, AICULEE A 5 Oy A5 IR fU 3 S T
WERR, MERBENLET: FEMT(-0.8,-0.75),
JR IR s 4R 1) H AR B AL T (1.2,2.65) o #EAN, A
Ba AR H AR AALE (AN AR RERKRES

Ry
i1 B 12
Hir 1 Fl b7
& - -1---
o ey

P, R
P AT RO A ER AR

Py, 842

Kl 6 SFCW i ik 13 % 427 7 B
Fig. 6 SFCW radar echo path schematic diagram
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T — M 6K WA IE ST I B AR
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B, $%8:1:1% 5 AIIZREE (156005K) . Wik
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Fig. 7 Radar and target positions in the experimental scenario
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Tab. 3 Action classes and descriptions in the dataset

) i ik
1 JF b VU B SR A B B
2 i IR AR TS B A2
3 uli- AL AL TR EERFL 7 A TR R 5L
4 IR BIETE TERERR, REHEL
5 BT ATFREATERYIRE T, REuE
: K NAELBE AR B L IX 35 e Pl 72 3y »

[ T 12 5)

%, RREANTHEREZS S 8RB HIZ. 1t
Ab, NV PR ER I, BN AT 1% (156K ) AN
100% (156005K ) bRk R X LLs236 . dhabh, ATk
AV BEREHSLEEES S (HmuH:
166~182 cm; fAEJEME: 52~80 kg), HHER
I8 TE AR 3 I AR B E 2

4.3 &MY

A28 3 T PyTorchfPyTorch Light-
ningHEAL LB, HAEFINVIDIA RTX3090 GPUj
ATINIE . YNZRR FH W B B o

SR B(H BB HIIZ:, MuPhyCoNet): {fi
FHBEHLER B R % (Stochastic Gradient Descent,
SGD)fRALZE, HIta% 21 %6 x 1072, 3)&0.9,
BCEZE107Y, RARZIB KR RWE, N
Tonasx VNI KIERIRHEL, 55/ 21 i = max(no
01,107 (no AW UE 2 21 %) s B & &R Him =
0.999; memory bank K/NHN4096; FE REr =
0.1; AT M OMIEHIUE, BTN = 0(¢) - Amax
(Amax = 0.1)FE P B R AL E

oM B (N IRER): IRGE T MERLE,
NZR5r9% . KA Adam(Adaptive Moment Es-
timation) A #s, 2121073, BEFEH1075,
T eR O A2 X . A AR SZR KA BE, 300
epoch N %% ) 2 M UEAE £ A 107C &

HmsgomTyim, 788 B S WE B bE
WLEET (5 T MuPhyCoNet K i,  ZH 3 5 75 44 i
P5 IR AR IEAE AN JE HEAT) o BT A0 K I “ 2
B H A RAR” S ERIFSFCW iR % —
#, DR — SRS S G B VLI

4.4 HIETEESHEEE

TEHERE S5 E M B, WS EU SO AR
B, UREELERSEHNSNE TME S RENL
MLP 7 K88 . &0 AVAE TSR BER 3EAE
T 51 NP BE— BOPE 20 3 4 FH AR Y 1 ] e e
DAL I AN 2 358 i S B 35 28 i AR SR8 - iZMLP 4y
KRS HELN512 x 512+ 512+ 512 x C 4+ C~
0.266 M(C = 6), HitEEAHXE T 28, i
it IR EEHE TR ES . BRI UE
RAFR, VHEREBHMTW N B ANVIDIA
RTX 5080; batch=1; {NGuitHRHEH T (A
BHE N S AL s e AT IR /T R EE
Z UG, k& BME AR MEZE 5P50/P90; GPU
THEEFHCUDA events A S R R 2 .

45 FEREETHMEEERTEL

ROFIH T AR TTVEAE Z AR T 170 3Kk
WA, AIAAE RAE-HT R . N AFxft B &
TRIIZRIAT R, AR SCBREWREL: (1)ResNet-
505 B Il 2, BEEAEVMERE BN ZR5E B M
7, AR E I HTERE: (2)ResNet-18(Im-
ageNet I ZRE T, ¥RE5)+MEMLP. K4 AE
D9k G A 2] O 2R 0OR 1 e (RE“ TR 2545 3L
PR B2k, HARh 7R BB IR R — B
P2 S T A 38 : MoCo v2/PI-MoCo/Mu-
PhyCoNet (43X 75i%), BYOL/PI-BYOL, Sim-
CLR v2/PI-SimCLR. HH, SHELM “IEAmlihi
A7 H5HX M ) — B (Physics-Informed,
PI)ARA” AEZRSH O 20, A4 0] P 38— S 40
ST RO G, T IR B 5N B2 R AL
. 5l ABYOLP’(Bootstrap Your Own Latent,
JEXFFREEF)) AISim CLR“Y (Simple Contrastive
Learning of Representations, JEZhE 5 # A
TG B AERIEX H A SIEASINLOS R ik 3 5t T )
el A R, RIS 2 S B 2 TR AE AN R AR
28 bR FAE . PIRRAS B R el S 708 8 A Sy 1
PI-BY OL4 ) 2 — EU M DU AE H T target I 45 2
%, PI-SimCLR, PI-MoCofIMuPhyCoNet JI| 7£ 3
Rk LS BEZI A (K (8))

* 4 BiFEG ERREMIEI T (UEETTE, ATS0FHTR)

Tab. 4 Inference cost on target hardware (inference only, for architecture overhead comparison)

R | SR (M) FLOPs (Q) SEIR I LR HEZE (ms) P50/P90 (ms)

I : BT (ResNet-18) 11.18 1.819 2.09140.074 2.076 / 2.192
TRUIZREH R B T =k 1.94 0.002 0.51140.073 0.494 / 0.530
TNGEH: T + WEHNEL 13.12 1.820 2.51640.157 2.491 / 2.648
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Tab. 5 Classification accuracy of different methods under various label rates (%)
‘ FEAPRIE R
Jrik
1% 10% 100%
o ResNet-50 (i 29 I 5 ) 32.1540.54 32.12£0.90 31.974+2.87
) ResNet-18(ImageNet AL H )+ 73 4% 26.1940.74 28.26+£1.21 23.69+1.43
MuPhyCoNet 84.2410.26 94.321+0.13 91.284-0.86
PI-MoCo 77.4440.21 84.7540.88 86.68+0.64
MoCo v2 71.7840.08 72.194+1.31 68.9141.00
MRS PI-BYOL 81.98+0.44 86.8540.16 87.5440.58
(BT ResNet-18) ' ' ’ ’ ' '
BYOL 82.1940.41 86.1240.34 87.5940.80
PI-SimCLR 82.024+0.08 88.4840.08 90.5340.36
SimCLR v2 82.3440.03 87.3240.43 87.8140.19

e RAITH BB R FRE AR 2T I R 2

R (%)

-5 %0
== BYOL

= i 21 1 2
== PI-BYOL

10 100

HEARRER (%)
== MuPhyCoNet
== PI-SimCLR

== PI-MoCo == MoCo v2

== SimCLR v2

8 AN FEIFREZ T B2 FHER R (S HAR )

Fig. 8 Classification accuracy under different label rates (grouped bar chart)

B % b 2% ) 5 325 350 a8 i A o 1 I BRI 50
W& . STE AR AR s LT B B T2, Bl
JEUREEE T M, AN FE 2 L brd B A U1 25
3Hk. PANIEGINEM A ) 28 M AbR T & BT
FHIFERAE (A A AT B B TIZR), XAEmE—
78 SR AR TR O AR 2, T B Hh 5 A 7
PRERERAETE T B W 2 Ak v RE AT .

MFSH] LA H DT 4518

(1) fEARSIGE T, Fraxf s ] ik
THEEEL . D0%AnE R N, RINEZERIX
2 2] J71MoCo v2(72.19% ) bb W B I 2T 7% Fk 2%
ResNet-18(ImageNet L # )+ MLP 7} 2545 (28.26%)
43,9340 H 0 . tEResNet-50 R/ 2% b 21 i
5 (32.12%) 5 40,074 43 05 . X segt IR,
X B 27 2 TN 5 RE 8 MK 5 JI0 b 2% F 1 08 v 4
B A BT SURFIE,  BRARKT A AR B AR R A6

(2) V3 — Ml R I 3 28 2 T 1 . X B
MoCo v25PI-MoCo, BYOL5PI-BYOL, Sim-

CLR v25PI-SimCLR, 5 A##—35HEHL)E,
TE10% bR i 2 T #ER 2 2 38 7+ 12.56 %, 0.73%,
1.16%. XLegi R Y], Vsl 4 m 210
M) —stE 5 270, BR324 T BRAA N EAME
B, TS 1 RAL &

(3) B RR R IEFEARMIE W R a5 . ik —2b
X7 “PpE—HMIR” 5 “EBRA IR AR
DTk, ASCHEEZH T PL-MoCo(IN 5] N3 —
HPERUR,  IEFEAAT B s 3 A4 1) 5 MuPhy-
CoNet ( [7] i i Fi %5 1 4% 1E FEAS Wit 5 4 3 — 01
PR S g5 . AT LLE 2], MuPhyCoNet X}
PI-MoCofE1%, 10%, 100%A57EE K 73 5l 716.8,
9.57, 4.60MH T R, RPENLOSZ 125,
PRAR IEREAXT REGE SE 70 FIFH “ IR —shfE. AR
BRI B EAME,  NIE— B3 TH RAE T & .

(4) MuPhyCoNet, PI-MoCo, PI-BYOL5PI-
SimCLRIMNZEE T : DUEIIEAN RS L2 T
VB — AR, HTE “MRbRER W 5 IS



12 KSR (D) F15%

G ERIER. B8 ERFREREA%, 10%)
T, MuPhyCoNet 4 hllik #184.24%594.32%, i
FPI-MoCo(77.44%, 84.75%), PI-BYOL(81.98%,
86.85%) 5 PI-SimCLR(82.02%, 88.48%); H:iX,
FEEAREZF(100%) F, PI-SimCLRAE T34 L
B I MuPhyCoNet (90.53% vs 91.28%), {HIL7E
INPERE RSN T &R AR (WK6): ML
N, PI-BYOLZE#E# %08 X T PI-Sim CLR ] [A]
I, TEREF AN T ORRE AR T PR 2, RIL T
FERT IR R P BR LY R . ol T Pt
X, AR SCAE R T DU R SRR T BT M RE R AT
A

(5) A T HERR B JE 2k (ResNet-50) 7E A H 48 £
RIS T BB SRR AR W, AE AT
EG B ECIFAR-10 3T TI0F. U8 T 53¢
R4 18 $21 (1) Top- 1E I % (£188.5%, 50 epochs),
P I T 3 A HE Bk R RS S B B I i P2 o S 8k
REf I PR PT REE o

(6) HE—BHh, Ao PEHK & T I U1
Wk, AN SCRNFE T ) ER— BUME AR O T 40 R R T
file fEMuPhyCoNetHJIIZ PR, B—HH—7
DAL EEOLLE M RIZA N, HRWERRFEA
B, FEE1%, 10%, 100% 3FhbRTEZR T PTAL IR
WA, SR NAS, W AEMA I E (10%hRE%) T

® 6 FENEIMMEMREK T TR FETHE (%)

Tab. 6 Classification accuracy under different levels of additive noise (%)

Jrik T 0.1 (26.4 dB) 0.2 (20.4 dB) 0.3 (16.9 dB) 0.5 (12.5 dB)
MoCo v2 73.23 56.15 (~23.32%) 57.23 (~21.85%) 58.05 (~20.73%) 58.21 (~20.51%)
PI-MoCo 85.74 82.77 (~3.46%) 80.87 (~5.68%) 79.49 (~7.29%) 80.72 (~5.85%)

MuPhyCoNet 94.31 92.77 (~1.63%) 91.54 (-2.94%) 90.82 (-3.70%) 89.13 (~5.49%)
BYOL 85.74 74.87 (~12.68%) 75.08 (~12.43%) 65.74 (~23.33%) 47.90 (~44.13%)
PI-BYOL 86.97 79.03 (-9.13%) 80.26 (~7.71%) 80.26 (~7.71%) 76.97 (—11.50%)
SimCLR v2 87.59 83.13 (=5.09%) 81.90 (=6.50%) 80.97 (~7.56%) 79.49 (=9.25%)
PI-SimCLR 88.41 81.59 (~7.71%) 76.41 (—13.57%) 69.33 (—21.58%) 60.97 (—31.04%)

e RN BV RIS A R A P T I IR e, 355 WU AR B T T P R R 1 7 2 LA A

% 7 MuPhyCoNet, PI-MoCo, PI-BYOL5PI-SimCLRAY 14 EC 2
Tab. 7 Performance summary of MuPhyCoNet, PI-MoCo, PI-BYOL and PI-SimCLR

vk 10%ARFE 2 (%) 100%FRiEZ (%) BERE0.5 N B2 (%)
MuPhyCoNet 94.32 91.28 5.49
PI-MoCo 84.75 86.68 5.85
PI-BYOL 86.85 87.54 11.50
PL-SimCLR 88.48 90.53 31.04

* 8 YR BB T IR MR RS R (%)

Tab. 8 Fine-grained ablation on the sub-terms of the physics-consistency loss (%)

_ REAbRIEH
TH i (R R TR B 0)

1% 10% 100%

FELR (AT 88.36 94.92 93.28
—Lcentroid (To 0 — ) 87.95 (-0.46%) 94.00 (-0.97%) 93.54 (0.28%)
— Lopec (FEHEISHUE) 87.59 (-0.87%) 92.97 (-2.05%) 91.64 (-1.76%)
—Lmooth (FEIF AT ) 88.77 (0.46%) 91.90 (-3.18%) 92.15 (-1.21%)
— Loprena (TEHE R 58— 1) 88.46 (0.11%) 94.00 (-0.97%) 92.87 (-0.44%)
—Loym (LZ HERTFRME) 88.92 (0.63%) 93.44 (-1.56%) 91.38 (~2.04%)
— Liocal (TLREBAHT) 88.10 (-0.29%) 93.79 (-1.19%) 94.21 (1.00%)
—Laopp (Fo 2 H 5L T 87.79 (-0.65%) 94.56 (~0.38%) 92.87 (-0.44%)
—Lhoundas (LS HIEHLIR) 90.82 (2.78%) 94.77 (-0.16%) 93.23 (-0.05%)
—Lime (JCI 18] —F 1) 90.62 (2.56%) 94.15 (-0.81%) 91.64 (-1.76%)
—Lireq (TEHFEAZE) 87.49 (-0.98%) 93.44 (-1.56%) 91.64 (~1.76%)

e 15T A RBUE AR T BT R A 2t L.
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4.6 FFEZ=E AL
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AT EARSR F 32 B340 # (Principal Component
Analysis, PCA) LA &Gt — it 1L AL 5 (Uniform
Manifold Approximation and Projection, UMAP)
KA PEE: 5018 PCAKHRHIE R 21 [ & 1 £
H(504E), UABERTHHERE, FAHUMAPE S
HERFIERLSS & 42 (). 9k T K HImageNet-
18 E [ ResNet-18F + A 7AXf b 24 2] 77 1% (Mu-
PhyCoNet, MoCo v2, PI-MoCo, SimCLR v2, PI-
SimCLR, BYOL, PI-BYOL) £ Fili)ll 4k J5 $2 B A 45
TR BRAE S 1) 4. ANFEBEACRARAT A
Fl, AR AR SRR B Sk 1R 2y — Bk
(25 2T RE DT, T 2T (1) 73 B R P UMAA I 1 RS 2R ) 1)
il g

IO LAWELR], BPLSimCLRAL, T
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(f) Method: PI-BYOL
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X SR A — B A R 5| AR S ) 3 T
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4.7 ZHEEhS5EEM

AT X S AT R B 7RI b2 2] J7vgs, AR
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Fig. 9 Feature space visualization of different contrastive learning methods (PCA and UMAP dimensionality reduction)
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Tab. 9 Classification accuracy under different visual-level transformations (%)
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