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Deep learning gait recognition based on two branch spatiotemporal gait
feature fusion

ZHANG Yun-zuo®, DONG Xu
(School of Information Science and Technology, Shijiazhuang Tiedao University, Shijiazhuang 050043, China)

Abstract: Aiming at the problem that the existing gait recognition methods are easily affected by shooting angle and
clothing changes, this paper proposes a deep learning gait recognition method that fuses 2D shoulderless pose topological
energy maps (SPTEMs) and 3D local skeleton gait features (LSGFs). Firstly, the lightweight BlazePose pose estimation
algorithm is used to extract the human posture topology in the gait video sequence to generate the SPTEM, which improves
the detection speed and reduces the impact of clothing changes. Then, the LSGF is introduced to make up for the low
recognition accuracy deficiency of a single energy map feature in the case of variable viewing angles. Finally, a spatio-
temporal feature extraction network model fused with an attention mechanism is proposed, and the two-stream features are
fused uniformly in the fully connected layer. The proposed algorithm is validated on the CASIA-B dataset and compared
with the current mainstream gait recognition methods. The results show that the gait recognition rate of the proposed
method is significantly improved under cross-view and cl conditions.

Keywords: shoulderless pose topological energy map (SPTEM); local skeleton gait features (LSGF); BlazePose; dual-

stream network; deep learning; gait recognition
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GaitGANV2 J7 ¥EM GaitSet J7 15 FI L A 28 6 14:06)
S8 B 8 7 08 A W B A 8 Mg A A, HE T 3R Y
N BERHIE S, B B0 v] LA A i o FE 5515
B, ML TV AR A AR 55 A AR Ak () s e, AH R
MG A AR e 1, — B A L i AR B
T R ] KA Y 3581 F STDNN J7 75001 25 [t 35 48 25 Al
T ARLB T R, AT S AE = 47 [A] o i g 7 o
AR SR TR X G ) L 0 Liao 26U 2 Y PoseGait
77 1%, F| F OpenPose 8Ll tF AL Z, IR Beih T
P2 H = 2 23S W) 2 REAIE 1R X 28 55 284 Liu S50 1
Kinect ML A= B 3 48 L T /¥ SkeGEL Jf 45 & DA 4§
R AT A5 7 U B 2 A U2 o i @ R A 2R
B J3 0l B BN AR B AR AN 7 R AiE, 6 222 1 A0
FAARAXT A B 2.

AR 4R LA R R R =45
TR E %D SRR S 5N 45 BRI LR (squeeze-and-
excitation networks, SE) [ 7% & I 25 4RFAIE £ H WX £ AH
GG AR TTE, o] DU — B2 AR S ]
YA E KA A A FVRFEAS B A SO 2 5Tk

A: 1) K 4% 5 2% BlazePose B2 HE IR £ &40 4b
P, AT ARl 28 A5 A0 B BORE I 2) 42 Y SPTEM PAJRL
5545 B AR NS TR 45 JRRE IR 3) 51 N LSGF LAf
BRAE R A« IR TR S AL T R ROR,; 4) %
THX 43 S 25 R AE 52 HOBE Y, B R fige o UL A0 7 KR
Ak 4R FE AR B0 AA RA BUR — Bk & (1) 1] 7 5)
FE CNN 43 3 Hs i SE A5k, 42 i T8 P RFAEAS 5 1)
AR OB ARk, DARY 5 SRR

1 ZHRRESHIGEER

AL BlazePose SN 20 T AL %
A R LR 4 A AN 0, I 1R,
P R T AR

!
T; = Xj + Tmid-shoulder — TLleft-shoulders

A
Y = Yi + Ymid-shoulder — Yleft-shoulder

l’; = Zj + Tmid-shoulder — Lright-shoulder, @
Y5 = Y5 + Ymid-shoulder — Yright-shoulder-

o (z, y) KT SR, (2, y) 2R3N 5 I K
T ALER, i € {left-shoulder, left-wrist, left-elbow}, j €
{right-shoulder, right-wrist, right-elbow}.

right-shoulder left-shoulder

right-foot-index
right-heel left-heel

ight-wri -Wri right-wrist left-wrist
right-wrist d-shoulder left-wrist gl
right-elbow left-elbow right-elbow left-elbow
right-hip left-hip right-hip left-hip
mid-hip —
right-knee left-knee right-knee left-knee
right-ankle left-ankle right-ankle left-ankle

left-foot-index right-foot-index

mid-shoulder

left-foot-index
right-heel  left-heel

1 AR RRESHINRE

TR EB MR K, HE SO — AT 5
A A TE R A A AR BB R 1R A
ED 40T R

T
1
SPTEM = E,(q,p) = 7 > " Gi(q,p). (2)
t=1

Hep:t € [1,T), T R—ANTEHLE AN EG T
RIMIEL, Gy (g, p) Fos 55 ¢ WU TC R B30 4 — A &,
(q,p) B AE B R R AR,
2 ZHREERD SRR
N R b B — SPTEM 4775 X #E £ 72 46 K b e
55 IR e, AT 51 N LSGF, RfI
LSGF = F, = {F,,F,, F, F_}. (3)

Horr: Py 2 17 mi i B AURFE, F o 72 A RE AR AR
fiE, F o 2B A LI ARHE, F o 2 N FS 18 LR

A SCAR BT AR RS BEBOR 406 %745
s RIAE N BE B AR AU AE N RFAE Fg, Q1 2() . B
FFAE AT 5 LL dy 90,4

Fd:{d17d29d37d47d57d67d77d8}a (4)

dy = /(@ — a5 )2+ (o — b2 (e - )2,
(5)
o (ah,yh, 25) s (2§71 ™ 250 4 BN K A
55k — LA IR ET A = AL
T 3 () T s, AL F o B P AL 1 55 R A 21
IR 40 M et £ PR AR TS L ay ot A



BAFALGRA0R T 5] AR 1405

*®4¥ KA AT LHES
Fu = foos st i, ©
CECk < OkCk
a; = arccos M ) )
|C3CTICECE|

BT 3(b) T 7%, B4 1 22 ph1 2 B CF,CT, 15 X
PR e . TR VA T AR

CE,CFs x YOZ}

ICECEl

F,, = a = arccos {

®

HhYOZ AYOZFrkm .
i B 2(b) AT s, N AR #2 i 5 R AE 2 S8 i T
mid-hip 73 571 ) 22 fgi 10 A5 JE R 2R 5 e AR 5 3 4y ) 3

A TN 2 BN ER B SR AR A LU A R R AR B R 5K
FoR:
Ok Cck.. . Ok
FC =pu= | mld -hip k” l‘]:ld—hlp ;2 ) (9)
| mid—hipCG ||Cmid—hip011|

(a) S IR

(b) FLLk R

52 BEEMEBEEZEESR

(a) 4XMETNGER

(b) M2 fa

3 XTRAEENER

3 BB M S H

P 4 7 A SR RO RN il XU R AR A
Y B A7 JE T A S P DX 4 AR AR, i 440 “ SE-CLGait” .
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H AR AN R A5 B HAE AR 48— 3 — 1k, 32 5Ck [11]
J& R, AR SCAE FC-3 J2 0} 48 3ok 5k & AR 77 XA 115 2

FURFIE R Bt — 2D Ry, IO v B SRR AR
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TE 45 2 R B F b, AR SCfE S ik [12] i R
L, 1 Softmax 45 2 A~ Wi 46 71N i 5 35 512 9 A 2 1]

PR R KAT N IR 22 57 Sl i Center 53 28 R 46 /N
Al — T AAFPRZS T FHRFAE 70 B0 B 2 451K bR
HoE Lk

L= LSoftmax + Lcenter =

'wy” To+by,

— Z log —— © +
Z b T

T
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LD CNN #5532
- FC-1
— 4 SPTEM Con-1 Maxpooling-1 5,0 Maxpooling-2 Con-3 Maxpooling-3 1 024 units Softmax
7%x7 SE-1 2%2 5x5 SE2 2x2 3x3 SE-3 2x2
stride:1 stride:2 stride:1 stride:2 stride:1 stride:2
AT -
LSTM M543 3¢ FC-3 Center
1 024 units
=4 LSGF LSTM-1 LSTM=2 FC-2
512 units 512 units 1024 units

Bl 4 SE-CLGait M4&EE{AZEH)

B 25 RO B 10 P IS R P KA.

4 W5
4.1 ZWIMEREE

IR FT 4 T VR B A ROV, FE R AE R SRR
N CentOS7+ {2 RAAZY 54 Tesla V100S-PCIE-32
GB. AbFEE% N Intel(R) Xeon(R) Gold 6226R CPU@
2.90 GHz. 17 188 G+ python3.7. Pytorch0.4.1 3453
HATREAR IR AN B 3 B0IE. 52 2] 268 8 0.001, 14K
K Hepoch = 1000. 18 FH H BLHBE 1) CASIA-B 22 254
PR AL, VI ZRER AT SR 1 BAR B B R 1 .
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(b) cURA T 355 He 6 b
5 ARERFEENNMATHEBEITERGRA R
43 BUAKSTRMEE TG

L2 N TAE3IPAEAT & SR AT N, AT
Fo At 4 Foh 77 v 5 AR RN 2R I LU AR 2 Ol T
H1,7E nm. bg M clLIRES T, AR S5 185 00 A1~ 35 1731
RN 68.47 % 51.54 % F143.72 %, B T HAh 5 k. Ji
BRLZE T 1) 75 XU ) 48 A5 8 rh 5] N SE RS, m] DA
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Gallery 0°~180°

S AF mean

Probe 0° 18° 36° 54° 72° 90° 108° 126° 144° 162° 180°
SPAE 54.4 61.88 64.37 66.28 66.86 65.17 65.47 69.21 67.45 58.36 51.54 62.82
GaitGANv2  52.79 65.18 71.19 73.9 69.5 67.74 68.92 72.8 74.2 62.54 50.95 66.34
nm PoseGait 53.89 64.81 69.65 69.43 64 62.46 65.69 64.37 69.94 65.25 52.05 63.78
IcPoseGait ~ 55.57 69.14 69.17 73.12 70.95 74.09 66 66.47 70.08 63.54 54.49 66.62
ours 63.2 72.12 71.52 73.06 70.81 76.55 70 69.26 67.6 63.47 55.63 68.47
SPAE 38.2 42.52 44.65 44.87 42.16 35.78 34.09 43.18 43.84 38.71 36.14 40.38
GaitGANv2  41.5 46.9 49.12 49.03 49.91 44.21 43.38 51.17 511 45.53 35.78 46.15
bg PoseGait 36.36 45.24 48.24 47.51 44.43 44.06 42.52 43.55 45.38 39.81 30.57 42.52
IcPoseGait ~ 38.02 43.43 51.69 46.01 52.93 43.07 49.6 51.06 52.87 40.3 36.12 45.92
ours 44.8 45.69 50.2 50.24 59.62 51.45 54.79 63.11 55.98 48.88 42.15 51.54
SPAE 23.61 27.56 29.03 29.77 28.89 24.04 24.56 27.86 26.25 23.24 21.7 26.05
GaitGANv2  21.85 25.22 28.23 32.04 30.72 24.85 26.32 28.96 25.66 23.61 17.52 2591
cl PoseGait 22.95 26.25 35.7 36 35.04 32.84 38.12 37.83 35.78 30.35 20.89 31.98
IcPoseGait ~ 20.83 259 40.2 37.5 35.84 33.97 40.69 37.04 36.56 33.71 26.16 33.49
ours 38.65 40.22 52.76 43.18 46.31 40.2 48.47 44.5 40.8 48.35 37.47 43.72

N4y B AIE SE A B, SPTEM A1 LSGF 1 A,
AR SCHe T Rl S AR 4y R LR LR HEAT X B A B
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B C B S M —— LSTM 43 32; D: W 37 % LS
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nm-nm nm-bg nm-cl
A 50.15 38.46 33.17
B 53.69 44.10 40.55
C 60.33 41.58 35.88
D 65.38 46.82 40.10
E 63.05 47.50 41.32
F 61.11 43.88 40.78
G 67.12 49.70 41.98
H 68.47 51.54 43.72

HE3IFHASBADSHKX LA LLE H, 4 SE
HBE L FR) B SR R S I 9 455 1Y i MR g T 2R 38 v T
TG SE S BRI X £ 455 7Y 3 BH V8 i1 SE AR Bt T B 4
Wl g R B TR R EERH. HE. Fo GHRIX
Ee T LA, 7 AR AN [ o7 B 5 0 SE AR Ji5 1R 51 2%
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