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Abstract

In gait recognition tasks, spatial and temporal information are crucial for distinguishing different
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gait patterns. However, existing methods primarily rely on spatial information in open-environ-
ment datasets (e.g., GREW) and fail to fully utilize temporal information. Moreover, noise in open-
environment datasets (e.g., occlusions and motion pauses) can disrupt the temporal information of
gait sequences, interfere with temporal feature extraction, and degrade model performance. To ad-
dress these issues, this paper proposes the TFIE-Gait model, which introduces a Time-Frequency
Information Enhancement (TFIE) module and a Denoising and Sampling (DAS) module. The TFIE
module integrates time-domain and frequency-domain information, leveraging multi-scale convo-
lution and self-attention mechanisms to extract joint temporal features and inter-joint dependen-
cies, while utilizing Fourier transform to extract discriminative features in the frequency domain.
The DAS module jointly analyzes the differences between sequences before and after frequency-
domain denoising to identify and remove abnormal data frames, and employs a cross-correlation
algorithm to stitch subsequences, thereby restoring the periodic temporal information of gait se-
quences. Experimental results demonstrate that TFIE-Gait significantly outperforms baseline mod-
els on open-environment datasets.
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Figure 1. The visualization of the magnitude spectra from different sequences of the same individual
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Figure 2. The visualization of the magnitude spectra across different individuals
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Figure 3. TFIE-Gait architecture
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Figure 4. Time domain information module
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%1 RO TSR 5k 5 EELOTVEAE A AN B TEREXT EL . BT R ATV E B
GaitSet [9]. GaitPart [16]. GaitGL [11]. GaitBase [23]. DeepGait\V2-2D [10]LA & SwimGait-2D [10]. AL
L DeepGaitV2-2D HI SwimGait-2D £ 475 (A5 B4R HL A, 456 TFIE 585 DAS B 7585, M1
K Hi £E (Grew 1 Gait3D) [, ASCHEH T EA BT R LIS | — e R E e R s Tt .

Table 1. The comparison of effectiveness with baseline methods. Ours(*) denotes the results of the baseline model *combined
with the TFIE and DAS modules

%= 1. SEZFENMRILL. Ours(*)RRELIFR*EES T TFIE 1 DAS #RHAILER

Grew Gait3D
Method
R-1 R-5 R-10 R-1 R-5 mAP
GaitSet 47.4 64.9 711 36.9 58.7 30.4
GaitPart 44.1 60.4 68.8 27.8 46.9 21.1
GaitGL 50.8 66.4 72.7 295 48.8 22.4
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GaitBase 59.7 75.7 80.4 63.8 77.3 52.9
DeepGaitV2-2D 67.7 81.3 86.0 67.5 84.2 60.6
swimGait-2D 69.9 82.5 86.1 68.8 84.1 60.9
Ours (DeepGaitV2-2D) 72.9 84.7 89.2 70.1 85.9 62.1
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FIPERESE T, Hk, @i DeepGaitV2-2D 5 Ours (DeepGaitV2-2D) L Iz SwimGait-2D 5 Ours (Swim-
Gait-2D) [ S50 45 SR v LUR I, M E 28 s 3R IR 745 B v 2 (RIS J2. 138 5 2 — Fiog A 2D AR AE 21 51
Re ST FEINEERE b, AR ITNEAEA SR EME BT, BB RS S T —%
FEEE 3T

3.4. jHRYSCIS

FEA/NTI R, {E Grew H1 Gait3D Kiate BT 17— RIE EAEVEH BT T, Lo TRIEGait &3
LHRRHB 23 1A

3.4.1. BMEREIRNT

% 2 JR/R T TFIE iS5 DAS BLAE N AT LR & S 28 7 ik 18R . R P — 1 23 i Bt 7 2
LRITIRAR B HR LR T VRS A TRIE B, B2k 777k 456 DAS B LR LR Tk 45 4 BT iR i M e R I
MEHTTLAE H, SVATT S, ASCR M P BER A G BT T S 3L 710 EAAY MRS . BAATN S,
7E Grew ##i 4k I, GaitGL i) Rank-1 #Effi i 1271 1 5.5%: fE Gait3D ##lifE I, GaitPart [¥] Rank-1
R F iR T 1 7.5%.

Table 2. The impact of the TFIE module and the DAS module on various baseline models. ALL represents TFIE + DAS
7z 2. TFIE fR3RH0 DAS 15X & E LR R AIF M. ALL 57~ TFIE 5 DAS 45 &

Grew Gait3D

Method
R-1 R-5 R-10 R-1 R-5 mAP
GaitSet 47.4 64.9 71.1 36.9 58.7 30.4
GaitSet + TFIE 48.11 65.41 72.51 37.71 59.51 31.67
GaitSet + DAS 48.61 66.81 73.21 37.91 60.61 3111
GaitSet + ALL 51.2 68.9 74.8 40.1 62.5 32.2
GaitPart 441 60.4 68.8 27.8 46.9 21.1
GaitPart + TFIE 43.6] 60.1] 67.4] 29.21 45.5] 23.41
GaitPart + DAS 45.31 61.41 68.91 3171 49.01 24.91
GaitPart + ALL 46.6 65.6 71.2 353 52 30.4
GaitGL 50.8 66.4 72.7 29.5 48.8 22.4
GaitGL + TFIE 5221 65.51 74.11 32.31 50.21 2421
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GaitGL + DAS 53.71 67.21 75.61 32.91 52.91 26.51
GaitGL + ALL 56.3 68.9 773 36.3 55.2 31.2
GaitBase 59.7 75.7 80.4 63.8 773 52.9
GaitBase + TFIE 61.81 76.61 81.81 65.01 79.21 55.91
GaitBase + DAS 60.71 75.91 81.41 64.31 76.91 54.01
GaitBase + ALL 64.7 78.2 84.5 67 81.2 57.3
SwimGait-2D 69.9 825 86.1 68.8 84.1 60.9
SwimGait-2D + TFIE 71.41 84.21 88.21 70.11 85.91 61.91
SwimGait-2D + DAS 71.11 84.71 87.91 70.81 85.11 62.51
SwimGait-2D + ALL 74.1 86.4 89.0 72.4 86.1 62.7

MBI BORKE , SRS, TFIE BURAEFELA R tha] DURBURFE/ER], RWIILREE A %42
BB A5 BAE NS M BAAh 78, AR FHE AL RE . DAS HLELFEIRE: ReA% A R & SR 1 e .
SR, B WEE DAS BEEAE A [F) B LAY b R (3R THIR B v] LUK B, DAS #EHU0) GaitSet. GaitPart Fl
GaitGL Rk RESRTF B35, T GaitBase F1 SwimGait 4R THSCRMIR S5 & Rix — LR AT AE 5
D2, o & AR EC T A B SEBR E e . DAS A5 22 i 57 5 50 il 1) 4 FH X e PR Bt (1 A
BURTREIFAOCHE, R0 T B i PR 55 RO R U Be 8 A+ AR .

AR, @R Baseline + TFIE #H%% T Baseline (1€ 7+ £ 15 Baseline + ALL (H[! Baseline + DAS +
TFIE)MH# T Baseline + DAS (32 FHlEE T LUK I,  TFIE ALH X A (13 50 U R AE A8 DAS At 48
Jr 3 0 S5 2 T EAEAE A A B T 0 . X R E] DAS BT R 25 Bk 7B T g RE S, JRAE—ERR
JE EVRE T R g by P S A PR AL

3.4.2. TFIE #3RAVHE— L7 #7

EESTASCHR ) TRIE REER, #E—2DHET TIHRSESS, 2Rk 3 for. Hrb, 47 hRER a1
g5, DL SwimGait fENIEZEIEAL . 55 PUAT TR SR AR I SR FIN N DAS R P Sl kAT 2308 f5 1) 45
R, B CAE B E RS A SO RS AS T AR MR, IRE— e FEIE LR T H A SR I AR AE
AT S AT BONTEFE AR B A I N AT 4y 3 5 Iy S g R, AT DU O S — S .
AT 5 NAT o BIONTE S VAT W RRE (3 ik i AN AT 43 S S 4y S 45 S, T LUK AR 28 —
AR

Table 3. The impact of the TDI and the FDI submodules in TFIE module on model performance
= 3. TFIE #&3Reh TDI FHEHRFN FDI FHERIHER M e A 2200

Grew Gait3D
Baseline DAS FDI TDI
R-1 R-5 R-10 R-1 R-5 mAP
1 N 69.9 825 86.1 68.8 84.1 60.9
2 N N 68.2] 80.6] 85.8] 69.61 83.2] 61.51
3 N Y 70.41 82.71 87.41 70.21 84.91 61.71
4 v v 71.1 84.7 87.9 69.8 85.1 62.1
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5 \/ \/ \/ 71.61 83.61 87.91 70.81 85.51 61.91
6 \ \ \/ 73.41 84.91 88.71 71.5% 85.91 62.21
7 \ \ \ V 74.1 86.4 89.0 72.4 86.1 62.7

TSt s 2H S0 (1 45 AT DU, AR SCHE T DAS RRH et il N R B %, 7E Gait3D
BPigE BAUE Rank-1 (RL)UEFAZFRIETF T 0.8%, 7F Grew HiEdk FEEMHEMHZR FF T 1.7%. MIEMA
DAS #HL 5, HIs 7 ST AN B 4 20 JIAE Rank-1 AERTRIRTT T 1.7% 5 2.0%. X% H] FDI FHEHUK
TR R ) R SRR S PR o [RIRE i WS A T UE tH, TDI FBORAE A M DAS
R BRI P IR A P P AR IS O T, AEPR AN EE S Bl R1 HEFZESE T T 05%5 1.4%.
IMTEMA DAS Bk j5, $ETHEE AR T 3.5% 5 2.7%. X ULH] TDI PR R RE S 52 B0 s 5 A 1
I P AFAE A REM o RIS, IX SRR 1 A SCHE RS B i LR 561 AU AR AR (R AR OC 2R AT
B — T R I P RRAE AR 7V o T VEAMN BRI HE 5N OGN RO PRI, 38 BB 25 8 1T ST
FPARFAIE ] AR G 58 DL B AN [ 2 40 0615 2 R] R 3 A o6 2R

4. #hig

AR T AN AU SR ER(TRIE BH), 25 ISR AR P 1 S 0D 25 FP A RFALE -
AR PS5 ) 2T ) FH A RRUR 20 00 248 A5 25 1 41 (1 ARl P52 o R B ) PEARFAE s T i 52 ) 55 Ak
BN AT BRI AR DA R O B TR BB AR OC R IBEAT SRS . Bk 2 A, ARSCESR Y T Ao 2
N 10 7 ¥ AN 58 SRR SR (R A 73 o T R Y W 7 A AU P R N s A R, B AR AT 5 W I
W JE BN, B SIS 53T 2 A T SRR AR A ok AR L R R B s R R S 2 IR 22 A
TN M 5 BT P AEAT B 3, ITIFE — B FERE LK A0 78 7 2 B R B VE I A AE . SRR 45 TR 3R B,
TFIE-Gait MR T IR LA R I R 47, $&HY TFIE BIHURI DAS BEHL R A SR FH BRI RE . 7EAR R T
VER, FRATHGE— 20 MATUHS A BRI DA ARAE,  DUTSE A RS- OD A I P RRAE, 38 5 A R AE 1) 4
BIRETT, FRIRTHEY ERR .

EHEUmHE

AWFRAAR] T EKARFIEFE S (I H S : 61772342 F1 62203304) ) ¥ Bl .
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