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il o 2RISR N IZ B S ARSI A ) 70
ARGAL, IR B3 L DX IEAT EL AT, AT 2%
BRICAME P ABL,  JF N Ja SR 7 B R A1 5
AR -

7k [6,-3] [3,3]
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BB M TS, PRISM-NetRH 724
KEFESWRBENM. B, BIASXHN
% (Cross-Entropy Loss, Leg ) PAPRUEAR R AN [F] £
B AR KA T) . & WAMALH AU (&
FHEB A BN KE, T EAARBEREA
P4 R T S TA) v (1) X 73 AR«

Lop ==Y yiIn(pi) (3)

i=1
Horh, g NFEARFRZE,  py ARSI ) S 2
BT 2R RAG . 50055 5 445 2% 5| R IR IER L
e, FINT ZJoik (Triplet Loss, L) 59
452K (Center Loss, Lo ) BHTECE E &2,
—ICHPRIE I AV A AR . IEFEACR SR
A Z (A PIREAT B ES, f [RI2RFEA 2 (R BE & /N T 57
PR ZBEEES, TP KA 6] b R 46 25
PEES, fEERHERIANEE 1, i E A e SUN:

L= 3 max (| f(a}) — f(2)]3
=1

—lIf () = F@)IE + ., 0) (4)
b, NovHATkR b S 585 K0 SR A S =0
AR 2. b 2t PR ¢ D=
i S FEA (Anchor) IEFEA (Positive) fl i FEA
(Negative); f(-) WML IR BIMFFIERR; oN
= IR A RS 24 (Margin) .
EAEVE TS TiBUR = TN S ¥ N (TS D Ve SIS ARV
AR IR EE S, #E— BN RN B S, &S
IR EMRHE A WA, At SR :0UE -

1 B
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W2 RBURREL Lo 5 XN LB =2 (11101
R H 5
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IR TR L 250 KU, 52 B 6
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NV EVEE LB R s b iz STt
BE 1y, ASCHTMMRGait-1.0%0 95 4 347 S2 56 56
E, [R5 B A B 90 M AR AL M . A EEAL
HRE, SCHR[22) 4 H 90 R A R 1A% [m) 3 4
SAF 2 F I = RS S IR (CT)
B A(BG)EEMEG, IR T I FFE
WG REAR D IEEN 51 R AR e i v . PRIk, 1X—
T B 3 S RA AT A B B TR R A A A 5 A P T DU 3K
B

TESCIS W E 7T, A FAMMRGait-1.0 41
£ it ey SR T B R A 4 €
121 N RTTANEARE R IIZREE, HR4T A
AR NS, RAF RN A224 x 22485
UK FH AdamWARAL 88 AT U S5, TEBGA 102K R £
L9 AT v B A AR AL . IR I R R E N
1x107%, WEERAFOEE NI x 1072, ki
¥ (Epoch) % B 120, IlZidFE F R Px KR FE
Femg, HopP=4, K=4, FIH#LK/N(Batch
Size) N16. LHIIFEPyTorchHESE N 52K, FFAHH
GPUHHTHL R I S 5 HE 2L
3.2 XMHELWHERS SR

T AR PRISM-Net R BIERE, AT
LT 2 PIELE ML R R DL R YR AR B AT
AR M D A U VR AR X L 28 . 7E90°M]
WAL R, &7 Rank- 1HERG R 0 HL 45 B a2
FT7R o
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AZH., HMECAM SR RIS S . T EERIE R
M5ET7 0 Gait Part 78 75 & B 0E R IITRZIR . Sk
Ab, BT F AL 8 7V (A0 GaitPart)
FH TR = X 75 IA o 22 5 0 0 A 1 1 ) S 0
B, TR B 4 1) 75 2 P I AR AE 3R BUSCR A2 TR
CT s FHEMAFRAUNT6.6%

M2, PRISM-NetfE A Bhik 1 HICTH
soP R T e e, HERIRIER85.1%. K1
ML Son, PRISM-Net (b 210 R4
11/3, Hp < 0.001. XA Z0IE B T P38 s AL ]
TEFR T RE G F I 2 &0 R R e v
3.3 JHRLSLIG /iR

T B AEPRISM-Net 4% 5% 8 15 e o #8441
AERE P BARTTER, ASCHAEAR R SLEG B T it I
BT TIHALSRES, VAN T AN R AL AR R TR 25 2K
W IR, SRWEFR.

2 1)V R S50 it — 2 o] B T 5 AR R A AR
RIPERE MR o M — 4 SR R B BN, A
BAECTY 5 F BIHER 2 75 AN T5.5% 573.4%,
e W B — R AE SR I 285 = o B~ g AU 75 (141K
U1 B BURURFAE 7 B P B R A CT 3% % HEAff 26 [m]
F+280.9%, {H T ToikAa R ) FH i I8 e 75 R
g5, AR ZIR . IR & FRAT T AW AMAL I
i, CTYsferfiRidt— PRI 285.1%, Pt
K. T%. XA LAKH, WK EN S H &M
HEREISIMANG S, REAEE BRI T
PRI PR M

£ 2 FRIFGZEE 90° MR A TH) Rank-1 HEFREITLL (%)

JNEAFR IEW (NM) #48 (BG) KK (CT) P (Average)

PIWMW! 55.8 39.5 34.8 43.4
ShuffleNet V2 87.2 61.7 67.0 72.0
MobileNetV2 — 87.2 86.2 66.0 79.8

GaitPar®! 88.3 83.0 76.6 82.6

ResNet-18 89.4 81.9 77.7 83.0

REYNC 91.8 80.2 80.2 84.1

Ding%% A1 92.7 81.9 7.7 84.1

AL T7 95.8 88.2 85.1 89.7

* 3 HERSER(%)

e z3 N xli}
T 1w Ecxah 2R Ty

(NM)  (BG) (CT) (Mean)
Global Stream Only  94.7 84.0 75.5 84.8
PRISM Stream
94.7 87.2 73.4 85.1
Only
No WAM 90.4 84.0 80.9 85.1
PRISM-Net (Ours)  95.7 88.3 85.1 89.7

3.4 BEHHRMEST

N IGAE FIETE LR AR M, e A d
RO FEHGRE B S, TRATN BG40 2R s B 1
FRHBERUE N A AT 7 ARG R 08T, LI 45
WK o

K6 (a) 7R 1 = JCZH 4 R AN AR AL A A P e
M52, = e H B RAE N, 7E[0.8, 1.2] X [A] 4 AR
o, BRI HER R P BN, BRI R,
XKW PRISM-NetfE1ZS 406 H N G — 2 &
Btk TR AL E N, (KI6(D)), Horkfe 2k
SIS ERIES . Y BUER0.0005 B,
2RI BIEAH89.72%; AR E 4k S KA, 15 (1)
L 29 AT RE SR HIRFAE 73 A 3RS Re 77, AT S 5L
BRI AL PERE FI%. SIS SRR, B\, = 0.0005
BT AER AN BB SR 540 2 PR (R S F
1, AT FE T A B R 1 R
35 HEERESMHENH

EZB s 5L G HE KRN s0h, B
VR UE B BT UR T FE 2 U L RR TS 0 Vi b IR 0% i 1
ARE . NG SR TREN W 71, AR
KHVF Si2 5 & (GFLOPs) Ml 24 i (Parameters)
VB 5HEm AR T L 2 VPN Fa AR, T
SERWMBAR.

#3K ), PRISM-NetfEHE 5 & 44 [ HL 15
T RIFPH . 5H4ResNet- 18/, AL LA AN
0.02MZHUFI1.5% 5 1M, - RIRSREFE T
WA R e, A, XK E4E3DE
TR B2 (IDuZ A, 14.0 GFLOPs),
PRISM-Netft ANV B Se5 f5, NFHEL1/20/00H 5
FEASED AT IA B R AP R . XK, (e g
HVEREE, A B TAERR T B A FE I R B T
BRE S 5 IR M.
3.6 FHEZEIRTIAL S

N7 EAMEIEPRISM-Net 78 5 4 5 J4 3 417
S AR AR AR RE 77, AR SCRHE-SNE (t-Dis-
tributed Stochastic Neighbor Embedding) %%,

©
=
T

p<0.001

skksk

©
N

H
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o % ©
> o O

.
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o

ResNet-18 PRISM-Net(Ours)
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‘g 89 L E 88 |
g Z 87t
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ch 87 r ch 85 |
86 L e : 84 L : : :
0.5 0.8 1.0 1.2 1.5 0.000 1 0.000 3 0.000 5 0.001 0
Triplet loss weight () Center loss weight (),)
Stable plateau  —=0— Rank-1 acc -1+ Rank-1 acc
(a) (b)
6 ML
&4 WEEREN X Query 4R (B 7 28 KA 5 5 LB AL AR) Hh R ALk
. B HEEES B 644 52 1 IR BERHIE IR R - AT T 44t
(M) (GFLOPs) WAk, *FECEE R 7R .
PIWMW! 0.9 0.2 BT RFAIE AT AAGIE I S0 T B (R iR RE )
ResNet-18 11.31 0.74 FEARTY (K Ta) RIS Z B, 55 ZRYIES)
MobileNetV2 4.78 0.53 AR TP, SR RIZEAIRHER 2 H2E N K
ShuffleNet V2 2.77 0.25 B, M PRISM_Net(|‘§]7b)?§;ﬁ*§$%}_ﬂg;§z§n};ﬁiﬁﬁﬁ
GaitPart! 2.79 0.58 5 IBLE R AL, A R T s g A [
Dusf A 21.3 14.0 SEAL T AR L« AL 70 A e I H AR A O 2 R
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Physics-Aware Reconstruction for Millimeter-Wave Radar Gait
Recognition Under Complex Wearing Scenarios
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HAN Penglin

Abstract:
Objective Millimeter-wave (MMW) radar gait recognition has demonstrated considerable potential in the
domain of non-contact biometric identification, primarily due to its inherent advantages in privacy preservation
and resilience to variable lighting conditions. However, a significant challenge persists when applying these
systems to unconstrained real-world environments where subjects may wear complex clothing, such as long
coats or carry backpacks. These external covariates introduce non-stationary, high-frequency spectral
components that result in severe spectral aliasing and masking of the intrinsic micro-Doppler (m-D) signatures
of the human body. Traditional deep learning approaches usually treat radar spectrograms as generic image
data and neglect the physical relationship between Doppler frequency shifts and human motion. Consequently,
clothing-induced interference may overlap with motion-related signals, reducing recognition accuracy. Therefore,
it is imperative to develop a framework that integrates radar physics and biomechanical properties to achieve

effective signal decoupling and interference suppression. This study aims to provide a robust solution for radar-
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based gait recognition in complex scenarios by incorporating explicit physical constraints into the neural
network architecture.

Methods To mitigate the adverse effects of clothing-induced interference, this paper introduces PRISM-Net, a
physics-aware reconstruction framework for millimeter-wave radar gait recognition. The framework is grounded
in the biomechanical characteristics of human motion, specifically the observation that the human torso,
representing the primary mass, generates stable and low-frequency Doppler shifts, whereas the movement of
limbs produces higher-frequency, periodically alternating spectral components. (1) Physics-aware Frequency
Structural Reconstruction: The proposed method diverges from conventional uniform processing by
implementing a structural decoupling strategy. Based on the velocity distribution defined by biomechanical
properties, the aliased original m-D spectrogram is partitioned into discrete frequency bands. The low-frequency
band is dedicated to the torso, capturing stable and identity-persistent features, while the high-frequency band
encompasses limb dynamics. This spatial-frequency partitioning enables the network to isolate the spectral
regions most susceptible to clothing-induced clutter at the physical layer, thereby suppressing interference
propagation. (2) Adaptive Weighted Attention Mechanism (WAM): An adaptive WAM module is integrated to
regulate the signal-to-noise ratio (SNR) in the feature space. Given that clothing interference is dynamic and
predominantly occupies high-frequency regions, the WAM adaptively evaluates the reliability of different
frequency-derived features. In cases where the high-frequency limb features are corrupted by non-stationary
noise from swinging garments, the WAM applies soft-thresholding to reduce their response weights.
Simultaneously, the contribution of the more reliable torso-related features is enhanced. (3) Experimental
Configuration and Protocol: The model is evaluated using the MMRGait-1.0 dataset, which provides a
comprehensive set of radar gait signatures under various covariates. To ensure the assessment reflects real-
world generalization, an open-set testing protocol is strictly followed. The training set comprises data from 74
subjects, while 47 entirely unseen subjects are used for evaluation. All radar spectrograms are processed to a
standard resolution of 224 x 224 pixels. The network is optimized using the AdamW algorithm with a joint loss
function consisting of cross-entropy and feature regularization components to ensure both classification accuracy
and feature discriminability.

Results and Discussions The experimental results demonstrate the effectiveness of integrating the
biomechanical characteristics of human motion into the recognition process. As shown in Table 1, PRISM-Net
achieves an average Rank-1 recognition rate of 89.7% in the 90-degree side-view scenario. In the coat (CT)
occlusion scenario, the model maintains an accuracy of 85.1%. This is a 18.1% improvement over traditional
lightweight models such as ShuffleNetV2 and a 7.4% improvement over the standard ResNet-18 baseline. The
stability of the model was verified through ten independent repeated trials. As illustrated in the box plot in
Fig. 1, PRISM-Net shows a low standard deviation of +0.55%, whereas the baseline model exhibits a higher
deviation of +1.75%. An independent samples t-test results in a p-value of less than 0.001, confirming statistical
significance. Ablation studies in Table 2 confirm the contribution of each module. Removing frequency
decoupling reduces accuracy in the CT scenario to 75.5%, proving that physical structural separation is
necessary to prevent feature distortion. The WAM module further provides a 4.2% accuracy gain by adaptively
filtering noise. Regarding computational efficiency, Table 3 shows that PRISM-Net requires 11.33M parameters
and 0.75 GFLOPs. Compared with heavy 3D-convolutional models that require over 10 GFLOPs, the proposed
method achieves superior accuracy with significantly lower resource consumption. Finally, t-SNE visualization
in Fig. 5 shows that PRISM-Net produces more compact intra-class distributions and clearer inter-class margins
demonstrating improved feature discriminability.

Conclusions This research demonstrates that the integration of the biomechanical characteristics of human
motion into deep learning architectures improves the robustness of radar gait recognition. The proposed
PRISM-Net framework effectively decouples motion components and suppresses clothing-induced noise through
physics-aware frequency reconstruction and adaptive weighting. The high recognition accuracy and low
computational complexity observed in the MMRGait-1.0 dataset suggest that this approach is suitable for real-
time security applications on edge-computing devices.

Key words: Millimeter-wave radar; Gait recognition; Micro-Doppler effect; Attention mechanism; Deep

Learning
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