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One-shot Learning Classification and Recognition of Gesture Expression From

the Egocentric Viewpoint in Intelligent Human-computer Interaction
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Abstract In intelligent human-computer interaction (HCI), the expression of gestures with the perspective of the
interactive person as the egocentric viewpoint plays an important role, while gesture recognition from the egocen-
tric viewpoint becomes the most important technical link. In this paper, one-shot learning hand gesture recognition
(OSLHGR) algorithm under the egocentric viewpoint in complex application scenarios is studied through the cascade
combination of deep convolutional neural networks (CNN). Considering the convenience and applicability of practic-
al applications, the improved lightweight SSD (single shot multibox detector) detection network was utilized to
achieve rapid and accurate gesture object detection. Furthermore, the improved lightweight U-Net network is used
as the main tool to perform pixel-level efficient and accurate segmentation of gesture targets in complex back-
grounds. On the basis of U-Net results, a networked algorithm for OSLHGR from the egocentric viewpoint is pro-
posed by using the combined 3D deep neural network. A series of experimental results on the Pascal VOC 2012
dataset and the gesture dataset collected by SoftKinetic DS325 show that the proposed networked algorithm has
significant advantages in gesture target detection and segmentation precision, classification accuracy and real-time
performance. It can provide reliable technical support for the realization of convenient and high-performance intelli-
gent HCI in complex application environment.

Key words Intelligent human-computer interaction, egocentric viewpoint, deep convolutional neural network, ob-
ject detection and segmentation, one-shot learning hand gesture recognition (OSLHGR)
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Fig.1 HCI demonstration of gestures from the

egocentric viewpoint in different scenarios
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ATESTFAERPEGTY, 3 KH Labellmg
FRE AR T B F THIEN MR AL, 78 3
fitth b, I % 2 2] 1 SR m A 1 R %) et i %
I SSD WS FEAT R, TSN 28— A T F
S B AR I i REORAG B A
321 HARMRESHEE

T, XA T T B ARAEAE AT I
R, FRATTAE 8 i B R R SRR & ERET
600 Wi (3£ 10 KFH) &FHFH HIREEIE,
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F1 BEZHBENREEE VOC 2007 MIl4E E R 45

fARXSEE (2R 51 ST [34] T SEER 45 R )

Table 1  Comparison of detection results of lightweight target detection model on VOC 2007 test set
(T represents the experimental results in [34])

H bkl 5k LIPNEL UNAN LEEeiES R CE mAP (%) TR (M) ZHE (M)
Tiny YOLO t 416 x 416 2007 + 2012 2007 57.1 6970 15.12
Tiny SSD¥ 300 x 300 2007 + 2012 2007 61.3 571 1.13
SqueezeNet-SSD 1 300 x 300 2007 + 2012 2007 64.3 1180 5.50
MobileNet-SSD 300 x 300 2007 + 2012 2007 68.0 1140 5.50
Fire SSD® 300 x 300 2007 + 2012 2007 70.5 2670 7.13
Pelee®! 300 x 300 2007 + 2012 2007 70.9 1210 5.98
Tiny DSODP! 300 x 300 2007 + 2012 2007 72.1 1060 0.95
SSD 300 x 300 2007 + 2012 2007 74.3 34360 34.30
Bk SSD 300 x 300 2007 + 2012 2007 73.6 710 1.64

BRI 6 WA 6 1. 285, (TR bR E
T H Labellmg X E& T 1467 B AT N TARVE,
I B B O B ) XML ARSEEE SO bR Al
FHTHHERREEALE 4 Fros. W iEEG T
UG, BrFANES A BONE LRI 5, Wi

7 BE SR AR S, DL BLE 5 — LA R IRIRS

JUEE 53 (0T H AR 20 T RS W A e ok —
FITHE. BEdh, FEAREREARR T T 280, I Mot
ZITI. X BRI B T A7 A R S Al B, 7R
B RATRE A 7> B = T RN AER R

ﬁ&h—tﬂ

a) JRIG G

Orlglnal images

m&&-&m

b) FLhRvE
Manual annotation
K4 50T P AREARLER RbRESS R
Fig.4 Annotation results of gesture samples from
the egocentric viewpoint

ETAHEARKFEENRUINGESHEETH
AT T TARER 600 18 LS F35 B AR
P15 B X S ) SSD H b I o) 5% 338 479 2 1)
ZRAAR, Herp IR E AR A 4% 1 5:1 HEATREML
K73 BT T bR O 5 T0 18 2 75 B FE AN
H b0 E#TIEM Pascal VOC 2012 AH$Z I8,
BB T UIZRA SR 1 H bRl X 28 18580 7778
IERA I RS, % T 78 R M 45 _F IR iR 2
PLGERAE, il %k, S, SRS S5haEr T35
H bR E i 45 2 (B A7 E R R AR AL . PR, R FH 26
3.1.3 AR R IUBL A PE 4R b B 4 S BN 4545 2 1 T

3.2.2

WIZRIERL, {3 HTIE A% 2% 2T 1 SR T 2R A
FHE) T35 H ARSI B4R 55 oh, AT 50 e T AR 4
P, SEBLE — AN T35 B bR i s 2o .
W 5 Pios, XFE T R TSR E RS AT He S50
AEZS 73 P A AN R 4 28 S o0 aa A 5 T, H AR
R RIS AR AR AL i 2. N AT DA, 2T
TR 5 ST (R AR I ZRATL R AT LAASE 19 25 £ 453 2K R 23 A

B BR A T R WA SR AR A A, ST S v ) A
AN FET PRI 1 e

25+ i < IR AR IR
:. - BEHLRIAAR 1L
20+ |
= |
K {
X151
b
®
= 10 g =
5 -
0 50 100 150 200 250 300
AR X
K5 SRR GRIBENRIA L B R T AT
PR bR R A i 20 B
Fig.5 Comparison of loss function change curves

between transfer reinforcement training and
random initialization

323 H—NATFELEFNRERNELRLER
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FEARAT R, H iz HIE 3.1.3 T X el SSD
WA 28 AT A% s AL I R T FRAT A AT AR AE 100 o
T B BB AT T35 B AN, BATTHAS I 45 A
BEMLIZEH 5 MRIEHR, dnl&l 6 Fros. W ATEAE H, A
SR R S SSD R — LA N RN B E T
IR, Joil 2 RIEE AN BIARPLESZ o RSHBM R F
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(a) Original images
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Fig.6  The detection results of improved SSD target

b) a5
(b) Detection results

detection network from the egocentric viewpoint

HHR, EREEZEIERZTILRS AN THH
bR, BIRER AR I HEAT A U AN SE L. X ONEE — AR
RS e R P TR S B P A AE PSR A T E
ORI, )5 S RE R T35 TR BE 1 2R,

N T A BTEA SR I H I R R 5
PG E S LA PR RE, FRATIEFAETHZ (Preci-
sion) FIH A1 % (Recall) 104 H bn 004 B 1 1FA
FEAR. Horb KGR RS BT A I 2 H xR sk
T H bn LA A UKL o5 O L], T A [m] RO
HSEF 5 H AR IO A S P 335 B b 8 50H 1
buf. 5 RIS 5N

T,

P=—"r_ 6
TP
= F (7)

H, T, RoRPEmR A T3 BARmiE, F, &
IR RSN T HAREI MR, F, R iR
IPSEEpai il i@

H 100 Mg I BB A N VIR 1T (1) X 2 A5 0, 0ok
PG b T35 B AREAT Rl IR0 e 25 3. 4B 4
EH PR TN A S HE AT AR ARV ) T34 H ARid SHAE
HI7Z -t (Intersection over union, IoU) KT 15 &
BRI, Aorill 25 A 2. A SCBRE BIE N 0.5, FF4
T A T A O GRS A AR A A BE LRI 464K
PR D0 FORE A - el e A fh i 2, il 7 i
A BT RARKERR, $mAP AP FI{EAF H
Y120 il 2T 77 RS AR A il B ] DX s P T AR
] DU A IS R AR R R A A A ) SR AL I 2R
UG 7 S v Rl M . A SCHE PRI ZRAEE T AT 4R 4k
WK 28 2> JUR BB WL 6 A I 28 2 B0 P 26 A R iE
mAP {53 73179 96.3% 1 94.9%, 1% 3 I ik i)
SSD [ 48X 55 —HL A T35 B AR ks il B AR 18
e AR B

1.0
0.8
ol 0.6
=
Eo4
0.2 | o TN BRI BE AL,
- BENIHILR L
O = 1 1 1 1 1 1
0 0.2 0.4 0.6 0.8 1.0
AR
K7 F—WAT T BN A B R-
it AR AL 2k

Fig.7 Recall and precision curves of gesture target
detection results from the egocentric viewpoint

4 BT 4t U-Net MEEHFHE BIRIR
R 5 E S E

FESR 3 7 PRI B F 35 HARAFAE T AHP L 2 B
Ja, ARATE U-Net i (- HIBA A SLAE e 17—
ol (10 3 1 5 (1 0 4 284, SKBLEL R 57 T3 H
PREGETERE D Y, JERRTE IR H AR T3R5 45 R
S Dk U-Net B S5 RO BETH S8 E L
TR JEE 10X 2 A58 R PR I R AE S 482 /I8 715 v 23 0 0 1 4 1)
B B a R 2 AN E S IR R R AR R M 4 b
(¥ 73 B 5E RBEAT R LE, BOAE 1 AR SCHR HY 0 43 B
e R

4.1 HitHIEEER U-Net EIRE

BE VRS2 T BB I R R, BE T IR B M A
WA 2% (1K) PS40 5 3%, in FONP, U-Net F1 SegNet!*"
& TG o B EEAE B LIS T R
HHBR T, SR, 1K 2 W 48 AR i A7 E 6 S 5%
PIAE T RER 1 1), TGN T3k R sl ik & b
AR SCAELE R AT v PEREBE N S HH 1) U-Net #5231 524tk
b, B R RSN AE U BN TE
Fs N FHEARR S SR £H5F U-Net
TEAER ) A, A SRR T = S it 1) K g it v
R ESHUNRFEFEHUN 25 48 F 5 & 24 1) Mobile-
NetV2 #r#fe; 2) 56 it ity ARG v Xof L 2 2 R AIE
K BB 2 N 77 AT REAFAE T S VA ) 0] B, AR 3C
% MultiResUNet Hff FH (] Res path HEAR, £
Bk BRI 2 1 S bl ik 3 IS AU HR IR AR 2 Ik
LR ERBURERERIGE /15 3) TEARG b, X BH 2
SINPFIE RS R 1 1 BRI TR E R &, it 5
) U-Net P25 45/ 1P 8 i, Hrh 78 gmiidh 4% 358 4
% e BRI S HOR N AT 7 FH S5 R R IR B8 FH Mobi-
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Stride = 2 bottleneck block

—» Bilinear interpolation upsampling

Concatenate

—» Stride = 1 (residual) bottleneck block

32 16

224x224

— Depthwise conv

Conv 3x3, C=16 —

1
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24 24
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32
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56 %56

Conv 1x1, C=24 —*
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Fig.8

1eNetV2 HIRT 14 2 THRAESREL, [FINF 25 B Age 4%
WX 25 oo B 7R 26 1 4 /B R A (Bilinear interpola-
tion upsampling) IBH G 1] 2x 2 HERE, HEHZ
B DR R b Z B (Inverted residual
block) 44 N & Bk, DLk — 2% 2% 34T
4. oo T Bk BRI B v Al FH PR 22 o B H 2 AR S
MR AE R — EERIEH R AT T =0T KA,
PRI G A = 2% Bk R 0% 2 3 it R MV 2 BITR 2 0 O3l 3
TN 32 Fil 1 ANFRZEHLIT

MO R B U-Net WS BIRR A 1 by 21 3
(R0 B2 X % 5 R e v, BT A A v A AR S FH IR B T
Iy EANIE SRR, O PR T N S 8=
HTNAETHFE. 7R R 1) MR B 5 b X o) 2 A5 3 3k
TR INER G, MNEE — R AR T R AR SR 4G B
AR T i A LR N R R A R R T L T R
TR RV RE I T T R B BRI 2% A T
REE ISR 2 Ml SCor B T35 H AR 0 7 B 45
RIEAT X LL A #7.

Conv 3x3, C=16 —

Conv 1x1, C =16

Conv (k= 3x3, s = 2), ReLU6

16 44 30

Conv 3x3, C=16 —

A E Conv 1x1, C=16 —*

A
24 64 44

Conv 3x3, C=24 —

Cor

v ix1, C=24 —*

32 96

Conv 3x3, =32 ——

Conv 1x1, C=32 —*

96
——

OB ¥ 5 2 U-Net [ 45 4544
Improved lightweight U-Net network architecture

4.2 FHHEXRYEENIREMNER B AR E I

N TG U-Net WX 2545 B 1 47 B9 28 5 B
Y2k, FATTCAEE 3 5 Ad Y 600 1iE EHRAE A M 2%
N, HMEH LabelMe XX & 546 B G F (1 FH H
PR T N TARVE. B9 TR RE = T+
HE PRI ARy S RANAE B T34 H AR X 3 EAE
Aol B 9(a) & REREIE R, 2 0 AT 128
FRAHFEVEFEN —REEE. B 9(b) X Eg+HF
BHRN LAREFER. B 9(c) FreE LA X
WA N 5, TC RS DA XA T35 B bR IEFE
ARk, X etk # U-Net WS 3EAT I 45 2 /1, F.A1T
N LHRVER) 600 i B 5r PR 23 500 i@ B4
YERUNZREE, 100 M8 BAGH T D0 aCA0 PEA 2o A A
A RE.

TR S HOE AT A RO EE T AL, AL
i — 6% XJ# (Binary cross entropy) {E A4k
BR H50FH T A TR N e 0B B i 1 LA
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1 2 3 4 ) 5 — 2R
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( ) R —y R BB HARA I
a) Original images Aggg;@ | MBS HEH
an :-#--I--l---\---[--J--1--—1—-*--.
“hﬁ‘d‘ il N |
b) FLAREE e s MMM N M MEEB
Manual annotation UG CES . .
1

) F HARXIIEREA

Posmve sample of hand target area

Ko 55— T3 AR N TARESS
Fig.9 Manual annotation results of gesture target
contours from the egocentric viewpoint

JE. R, {8 H & M FE A T (Adaptive moment
estimation, Adam) FiEXT W4 S Hlt AT B 8T, &2
SRR IR

Ny,

L==" [y n(h(z) + (1 -y

i=1

@) In(1 — n(z'))

(®)

Hr, N, ROREGAGEER S, O RRE MR
Z R, h(-) 1 Sigmoid #E A%

R WM B AE LR it R b, Aot B G
A7 TRT BRI ) AP R TR AR M e A R
ARTBL ST 15 U I ZRFE AR SEBREH (1) 7] B 38
INBE 2 BT, 4511 2545 3 R Ry (kv g
UF. R T AR 9 28 BB g 43 B 4 SRR AT AP L L
5, BAMERIE L T 500 e HIEACIIZR, PLFR il
b 28 254

4.3  ETE# U-Net RGN FEERRESES

REEE

FER R 5, A T REN T3 H AR E
BATRZLRNERTI, E0+aEd )k
F 2 S R BT R B BT 2 R EBOK
PRk A SCHE BT IR S S BAe, AR B Mo-
bileNet V2 [ 28 F Jy 2 i i ) 4 AL S BB IR, 95
N ) B 22 B e B ARG AR R R A\ s E . 4t
M A A BRI 1 S SN [ H R ZE AR R
EE A 2 A2 0 i X 7 2% R AR A [ 9 S i) . 7
fifi b, FATBE T VR RE AU AT H AR B 2%
B AT CLSEILR 20 5 T T BRI R R 0 H.
AL I U-Net 0 2880805008 & b 595 H

RS
‘.i; Sy
MG GrIgs
10 T U-Net T35 Hbrbed 4 il
YRS R G

Fig.10
extraction algorithm of gesture targets

Architecture of fast segmentation and

based on improved U-Net

P4 B R R G AR W 10 Fios.

EE 10 B 1 S ) ST Bl R SR SR T
G KA T YN GRIR FE & 2% BT 735 I T 3R A, I
H LabelMe FFE bR T EX REM A S FAH IR
PGP BT N TRRVE. K I 20 Bm B2 AR 5 1)
PG S N X 4% R B — 7638 SO 5 2 R0 H B )
8% &8 SR AN by 20 Tm) ()R 22 (8. AR5 Al
Adam SRR EE W 4 S HO T UL, BEERIRK
RELE T B BIA A N 1R, 78 58 o F 45 B b
Gy BN W AR U G2 e, S BRI 3R B T
A H b G S N B ZRI IR ] T 4y A
LPNESEEAEE Y NANIE SNSRI o

4.4 SEWERSIESH

9 7P R 1 o B 25 A EAENR, 3K
TS 4.2 F9 73 20 I SR A6 100 M il 1A
G AT T, I B 25 R BEALBRIE 5 8 S
WK 11 Fros. B 11(a) ZEERERERE, B 11(b)
F A8 P Sk () 3% B 4% U-Net W28 20145 5. b
A A HY, AR SCHR HH 1] I 8 4 780 R s I A 4 ) 1
G SR B AR AT A R o BRI EL

T GEA VAN A STHE I X 25 5 TR (1) 4y )
fe, AT AT UG F) U-Net M 2%, MultiResUN-
et W48 AR B 2 1) M2U-Net 2% 76 bR 1 B 4
AT I AN 2R, FE53 Rk B N B 2R AT
AR . AR FE S (9), THE 100 & EUE 1
BIAZ L.
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Fig.11  The segmentation results of improved U-Net 093 094 095 096 097 098 099 1.00
network model from the egocentric viewpoint HEx
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Fig.12  Recall and precision curves of gesture target

Horh ) Rolp FonA[RIE X 4 BR8] i 46 EHE
FHHBRDENGE R, Rolg Fom N TARER T3
HAR IEFEARIX L. ToU MR MR, Ui IR 2 1 40 )
PERERRLT . AN [F) X 4 A5 200 11 1) 2 SR H 55t 45
Wik 2 Pron. [FIEE, AT 20 A 4h T AT
SRR VR A AN i R A A S [H]. AR 2
R DVE H, SO B U-Net S T8R0T
JRGA 1K) U-Net W 2%, #EL T3 8 201 M2U-Net, 4
SCHE H I X 2 AR DA 0 e/ PR E BEARAN S R A A
Iy EIKE FE RS TE. BLAN, X B AN [F) AR 2R A T A 1]
GFE TR AT 1], AT DA R 2R (R O T 5 52 2% B AT
SEBR 32 B [A) AN A2 A 1) IR AR 5%, 36 5 X 4% 45
IR A IR RIR R,

F 2 ARG 5 E0 25 HOMBIR SO0 L
Table 2 Comparison of segmentation results and
model parameters of different network models

ﬁ}ﬁg% iﬁﬁi% ToU (%) ;ﬁji) S M) ﬁ;%;ﬁ;‘fl)ﬂ
U-Net 224 x224  94.29 41.84 31.03 67.50
MultiResUNet 224 x 224  94.01 13.23 6.24 119.50
M2U-Net 224 %224 93.94 0.38 0.55 36.25
MOEU-Net 224224 94.53 0.52 0.61 53.75

B0 (6) A (7), BATTor BITHE T AN [E] X 25 A
RIZE 100 TRIMARE G L F 35 B bs o B14s B0 A Rl R
FURS R AR 28, i 12 B, B 12 A 5 3%

segmentation results from the egocentric viewpoint

LA RN A [ 22 AR SRR ) 20t U-Net
W 2 A 0 o B 5 SR FEAS B A28 5 AR bl A
] DX 3 TR A P e b 1Y) 4 AN S48 i R B T LR
H AR ST HY X 2% G5 R0 55— AL A T T3 B AR 70

H 25 R BT I T A U o 2% A Y
TR 3 W S AR R E % SSD+

U-Net 4 & 2R F2: 8L 1) Mask R-CNN v31* 771k
TETF 34 H AR I AN 23810 75 TH PR BE, A8 A e v
R 5 A THI R P S R e . FRAT 14
SCHR [41] H 0 J7 350 AR SCAR 3 I B a3 AT SR
Mask R-CNN v3 & fH He Z*' 7 Faster R-
CNN® X £ R [ FE Rl 38800 7 H s 5 17 fR &%,
TESZIAT 28R H A 1 ) B i v v 5 1 E b 205
g ONT SRS TR AT AP LR, SEEG
fﬁ¢%@%mmﬁ@%ﬁﬁﬂ%%ﬁﬂA%um
M ] A5 G A AR PR ARG 0 43 ) B R AT VR AR, b
Rk 3 fron. WK 3l s, A SCHRE N FHE
PRASTIN 5 73 B SR A LE T 28 JL ) Mask R-CNN v3
JIAEAECRRRRS IR B2 JC B A5 S I 1 Ol R AR TR
E I EIPERE. A, W% S H 0 KR R PR A
A PR MR FE 1S 2] T B 3, 10 2 S G
WAT55 TR RN B EE T T 8 e ALEE B I 7
N

BAL, T 2D s M A AR SR v

® 3 OAHRME H AR 7 F1T7%5 Mask R-CNN v3 fIPEREXT LE
Table 3  Performance comparison of the proposed object detection and segmentation method and Mask R-CNN v3
forill 5 4y Bk LIPNEIONGN ZHE (M) mAP (%) ToU (%) H A4S RS []) (ms/f)
Mask R-CNN v3 (ResNet-101) 300 x 300 21.20 98.00 83.45 219.73
2 1SSD+U-Net (MobileNetV2) 300 x 300 2.25 96.30 94.53 31.04
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Al Mask R-CNN v3 7EF# H Az 5 #2455 -
PIrERe, K13 g T WA iR R AR SR EE
Bt A BRI 5 o ) p iR as . N 13 Har
DUE th, PR 1B RexT 55 H bR AT R i ks il
A SCHE 7 VAAE &8 T3 H AR ER B 2315
R BT Mask R-CNN v3. K, 83 %} szi:
SiRM e E R, 7R AR E R R
2% SSD-+U-Net J5 ¥ 7RG AN 43 ()38 B 505 1
B REARFFET B K.

(a) Mask R-CNN v3 M£8E IS5 R (b) Mask R-CNN v3 P25 73 #1455
(a) Detection results of (b) Segmentation results of
Mask R-CNN v3 Mask R-CNN v3

(c) BUESSD A 45 A il 5 5
(c) Detection results of
improved SSD

(d) Bk U-Net 945 5 %145 5
(d) Segmentation results of
improved U-Net

Bl 13 ASCEEHA SSD + U-Net A& 7155
Mask R-CNN v3 i1 73 F1 45 5% be
Fig.13  Comparison of detection and segmentation
results between SSD + U-Net and Mask R-CNN v3
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FAREHE AT 5256
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WU I RER S BURT D FEA AT 20338 %R AEI
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5-way 1-shot 3D X RHFLE M4 KRG
5-way 1-shot 3D relation neural network system architecture
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gy o, BN IR B R AR R AR — AT
KEHZL S 3 WA 4 150 H 5 /0T HBA00, 1
YIERE s 2K H SR [42) T IITZRM 4511 19 28
FAHARLE, FA PR AT B 5 2 (8] 3% 5 AH B E
B, T UINGRAI R ) 25 452 1Y Bfr FH 008 1) 29 1
U AESE 5.2 TR VEANAGE . B A RFAE B U B
5 55 TARAL R 25 1 5k 22 9 28 25 40, AR Sk %
ResNet9, FH45 5 — 245 SO b 3R AT 1 5 N 1]
3D B IE EH T FEEUN SRR, FRAE AR 2
B2 HH AT B AR A AR AIE S B 1 N % (PR
3D BREMAERE) Ak W25 & —ME
1E [0, 1] X [AI N FIER, 0 R B WAE AR SCHERE AT
WAL, 1 W F7R5E 4 AH ).

3D REL &R ISR TS ML

R TAETRUR, A SCE Jext H T W25 Il 2R A
R — DAy, Bk b, JATE =B £
£ YIIZREE (Training set). X ¥4 (Support set) Fll
MHASE (Testing set). i SCHEEAE xS He 2 2 (1)
FEM, R0 3L S AH R B FR 25 10 I ZR AR B AR 28
W5 FARE 4 48 58 4 AN [F]. AR Hm Ik i 1) 24t 4 4
XI5y, A B A REFREANINZ4E (Training
set) X7 FEALE (Sample set) A HLE (Query
set) W73 ARSI T 1 S AR AN AR . A
TCAMNAREIME, FEA K DRSNS
£, BN C-way K-shot (R HFEE K =1 &)
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Table 4

Comparison of classification results and model performance of OSLHGR algorithms
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