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Hand Gesture Recognition Based on IASPP-ResNet
Segmentation Algorithm

LEI Yu'?,CUI Zhen-chao'*,CHEN Li-ping', CHEN Xiang-yang', WANG Yu-xiao'
(1. School of Cyber Security and Computer, Hebei University , Baoding , Hebei 071002, China;
2. Hebei Machine Vision Engineering Research Center, Baoding, Hebei 071002, China)

Abstract:  Gesture recognition is an essential research area in the field of computer vision, and it is also a significant
component of the human-computer interaction. Due to its recognition results can be influenced by complex backgrounds,
gesture recognition faces huge challenges. To solve the problem that is affected by the complex background, this paper pro-
poses a new gesture recognition algorithm based on the combined model of dense segmentation and gesture classification.
In the dense segmentation part, this paper shows the Improved Atrous Spatial Pyramid Pooling (IASPP). IASPP is a pooling
layer in a convolution neural network, which can obtain the refine features by connecting cascade model and parallel model
in atrous spatial pyramid pooling. Otherwise, in order to improve the segmentation performance by integrating details and
spatial location information at different levels, the IASPP was embedded in a ResNet with encoder-decoder, and we name
the method the Improved Atrous Spatial Pyramid Pooling-ResNet (IASPP-ResNet) for gesture segmentation. In the part of
gesture recognition, we use the deep convolutional neural network model to obtain a higher recognition rate. The experimen-
tal results show that the IASPP-ResNet segmentation algorithm has a higher accuracy rate on the commonly used public da-
ta sets, compared with the traditional machine learning methods as well as the deep learning-based methods, and the gesture
recognition rate of the combined model of dense segmentation and gesture classification proposed in this paper can reach
98.63% on NUS-II dataset, which is superior to the existing gesture recognition algorithm.

Key words: hand gesture segmentation ; complex background ; encoder-decoder ; atrous convolution ; gesture recog-

nition
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tive Skin-Presence Features, DSPF) , 3 T3 51| =X o i 4
fIE 4y ) & ‘72[3“ (Discriminative Textural Feature, DTF) ,
BT R AR 2 A I 2% Y D0 307 5 352 (Bayesian skin
model , Bayes ) , 3 4= J&y X Hb i 10 4 2 1 ) vk
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Bayes®! 0.6998 0.9297 0.7422 0.7341
RCP? 0.8085 0.8097 0.8087 0.5798
Conaire"’ 0.7858 0.8228 0.7940 0.7034
Ours 0.9948 0.9929 0.9939 0.9982
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Deeplabv3 | 0.7970|0.944210.9943 | 09419 | 0.967 4 | 113.74
Deeplabv3+ | 0.8872(0.9736(0.9904 [ 0.9795 | 0.9849 | 114.66

DUNet[35] | 0.8929]0.9741]0.9906|0.9799| 0.9852 | 82.59
SPNet[36] [0.8931|0.9763[0.9910|0.9813| 09861 | 96.23
TASPP 0.8960 [ 0.9775(0.9907 | 0.9820 | 0.9863 | 121.01
F4 FEHCREUEE ERMIKLEER
Method MloU PA Pr Re F-score
FCN-8s 0.8168 | 0.9376 | 09260 | 09976 | 0.960 5
PSPNet 0.8924 | 09601 | 0.9968 | 09502 | 0.9729
ICNET[34] 0.8854 | 0.9573 | 09948 | 09487 | 0.9712
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DUNet[35] 09611 | 09863 | 0.9950 | 09866 | 0.9908
SPNet[36] 09712 | 09901 | 0.9934 | 09901 | 0.9917
TASPP 09752 | 09909 | 09948 | 0.9929 | 0.9939
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Pr & Re P54 45, IASPP-ResNet 73 135715 1 0.994 8
5 0.992 9 (Y45 34 5 T SPNet (9245 5 . MR b, 7E
HGR E A M b A SO e TR 7
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LR FMENE BT, oAt X bR e A6 SR 38 Hh B0 45 R
55 F- 30 53 BUAR M 22 51K 10 25 240715 A BRAS RS o DL K
I Al T X ek S L AR SC R B TASPP-
ResNet BILIEE R, Qi 745 =5 i, Sedr Ba 4L 1
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FEPRE TR B Ok EA = A T R i A DU Fh Oy
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Method Time In OUTHANDS Accuracy

CHR[25] / 0.946 2

Deeplabv3+3CHk[25] 123.65 0.965 3

DUNet+3Cilik[25] 92.60 0.979 4

SPNet+3CHK[25] 109.26 0.980 9

AL 130.42 0.986 1

R6 FENUS-IIHIRES EHIRAIR 3.4 HEhsCIs

Method Accuracy T S B UE B A AT 55 A B AR L AR
el 09633 YRSV T IASPP LRI BB KA i
Sl 090 BT TASPP-ResNet 4501 51 (0B . 2T e
Zii‘;iifi 2;22 BRI G (1 (2°,21,22, 23,24}, SCH0 40 PR A7 . 45—
5] 09662 2H R TASPP Y SR, i 75 TASPP Hr 28 i AR =
R 0.986 3 FA) i R REAE L L4 B SR AE B DCNN A4 A ik B R

3.3 TREMNEEXLIEERNZMN
R RPEIE TERHER PN TR ZME
A ) B, DT IS ) ) 2 2 5 T 45 B )2 1Y) AR AE i B
RO EN RS B . R T O A Y Ak PR RRCHE AR R
K/NPIAR I R, AR SCR 43 2 F#AE il & (Hierar-
chical Feature Fusion, HFF )15 % (1) L A8 | % IASPP
i 23 A SR E O 5 AR ] B RN Ll 22 AT EE S
B VEECT (20,2',22,23,2% L {2°,21,22,21+ 23, 224 2% |
{20,22,2%,22423 22424 {20.2",2' 222"+ 2%, 24 U 4
SR AR () AR AL G, SR S R AR 7 R 8
FiR .
£7 EHCRHUEE LHMRER

Rate MIoU F-score
{2°,2',22,2%,24 0.9752 0.993 9
{20,2',22,2'+23,2242%) 0.9753 0.993 9
{2°,2%,23,22 423,22 + 2% 0.973 4 0.993 5
{2°,2',2'+ 22,2+ 23,24 0.974 1 0.993 7

*R8 TEOUTHANDS#iE&E FHIMIR 4 R

Rate MIoU F-score
{2°,2',22,2%,24 0.896 0 0.986 3
{2°,2',22,2"+23,22 + 2% 09125 0.989 1
{2°,2%,23,22 423,22+ 2% 0.899 6 0.987 7
{2°,2',2'+ 22,2+ 23,24 0.900 2 0.987 2

P 7 (RS20 25 SR T AT, DO 4 A [] 2 3 SR A 4 ot
HGR Z5 42 AU 52 M 31 K, MIoU A1 F-score 1Y 22 FEARHZ
AN NR BRI LLE Y, YA R Ao 20,21, 28,21 +
23,2242y B, I AP B A ZE OUTHANDS 0¥ 45 B /)
MIoU LA K F-score 3¢ Bl 5 {4 , #1 tb T 25 T R 4 &
{2°,2',22,2°, 2" Vo il Tt T 1.65% .0.28%.

IN—FE A AR S A B R R A b L B AL 3R
112545 IASPP P I GIBASE S R I FA TR i) g o o A3
AT AN ) 23 10 A8 S 4 AR, A Ak 5 i A B AT Y i
fhasrh . 55 =, AT TR B R A, TE AR TS
B Bt i 75 TASPP 9 % 13 47 4iF 5 DCNN H Convolution]
ResGroupl . ResGroup2 . ResGroup4 19 £ 1iF ¢ 18 18 I iF
Frobs . SHIUAU ARSI R B . 29 £ 1013 T A
[7] Y] 245 4844 ) M1oU . PA Fll F-score [REL{HE. .
R9 AREIMAZZEHXT OUTHANDS #iE&EH 200

Rate MIoU PA F-score
DCNN+JFAT . Gppas+ighd 2% 0.8948 | 0.9759 | 0.9853
DCNN+JFATRER | B B+fin4s | 0.8920 | 0.9732 | 0.9833
DCNN+ IASPP-+# i it 0.9029 | 0.9764 | 0.9866
DCNN-+IASPP+A i (7R SCAR D) 0.8960 | 0.9775 | 0.9863

£10 TEMLKZEHIIT HCR 1R &£

Rate MIloU PA F-score
DCNN+IFAT . G X+ i 2% 0.9737 | 0.9878 | 0.9939
DCNN+HATRER | R B R+ 2% | 0.9718 | 0.9849 | 0.993 4
DCNN+ TASPP+37 Y it 2% 0.9750 | 0.9909 | 0.993 8
DCNN-+IASPP+#iS A (A SCHAL) | 09752 | 0.9909 | 0.9939

T 9 10 HIRATAT LI EEH |, Joie /2 £ 5 IASPP
rh 1Y S A AR SR A B 1 S HIPE RE T B T B
£ OUTHANDS 48 48 |, A SO 5555 — A BERYAR L1
TE MIoU ., PA | F-score ¥E 1 48 #5 I 43 42 F+ T 0.4% .
0.43%.0.3%, 7& HGR ¥ 45 48 | 73 542 7+ 1 0.34%.
0.6% .0.05%. X} .29 10 il = PUfTn] A1, ZRlG T
ResGroup2 ¢ ik ]XUEE 19 fiff A £ 1) I 26 P g 0T 150 W
HIHRTE . FELE A H R R A2 )5, 3R i it
1A AR 25 5 Ay AT AT 4.



10 W T

g

i

4 it

h T KA IE R T SR U R R
F- RGN ARG R ARSI T 848 4+ F- a0 2%
WAL RIS . A2 53 BT 55 b, FRATTAE ASPP 9 LAl I
PEATECHESE H T TASPP 7 . 1% 7 IR AE ASPP [T
AP A T RIRAE Tl — P ) 5 A 7 RS
PEMR AR, FEIR AT AR SO HORPAS ) 25 1 %
B 25 3 2 B ITA T AR 6 4 45 AR % 22 I 4% e 4 B AR A 20
Tt R A R R E R E B I BARE R = S
RS N E R R TG BIEME] T R EBRiE
A& RFERI RS, F 5 THRIERE . Bk RE I
B i R B U LUK & 25 B A7 EAE S, Ak B
HI AN . 55K IASPP 0 A i i 2 f b 42 1
IASPP-ResNet T3 #1803 . 2EIRBITESS h  K 4 EI By
B B R E R 6 AR B B A W 45 . SCEGIE
WY T AR SO iRk T I 1Y L DL B AR5 e R
ZMAEE LT P AT B A AR R T RS SRS T
BRI, HAar BB T A A2 T R PL A 24
275 %5 LA Je SPNet %5 55 F IR B 2% ST HE SR 1 43 1 B 1k
PRI 1T AR B AR ST 8 5 10 BB 005 Wi R Ak 1 o D
HITUARR B 3 F A IR %

S0k

(1] £5, £, B3, 5. HET FMCW 8 A 0 AU Al
Mz W2 FHARBNTT L] B F-24 40, 2019, 47(7): 1408-
1415.

WANG Y, WANG S S, TIAN Z S, et al. Two-stream fu-
sion neural network approach for hand gesture recognition
based on FMCW radar[J]. Acta Electronica Sinica, 2019,
47(7): 1408-1415. (in Chinese)

SAYED U, MOFADDEL M A, BAKHEET S, et al. An el-
liptical boundary skin model for hand detection based on
HSV color space[J]. Information Sciences Letters, 2018, 7
(1):13-17.

LIU C, WANG J, ZHANG T, et al. Adaptive threshold ges-
ture segmentation algorithm based on skin color[C]//Pro-
ceedings of 2016 2nd International Conference on Advanc-
es in Mechanical Engineering and Industrial Informatics
(AMEII 2016). Hangzhou: Computer Science and Electron-
ic Technology International Society, 2016: 1602-1605.
ZHENG Y, ZHENG P. Hand segmentation based on im-
proved gaussian mixture model[C]//2015 International
Conference on Computer Science and Applications (CSA).
Wuhan: IEEE, 2015:168-171.

CONAIRE C O, O'CONNOR N E, SMEATON A F. De-

tector adaptation by maximising agreement between inde-

[10]

[11]

[12]

[13]

[14]

[15]

pendent data sources[C]//Conference on Computer Vision
and Pattern Recognition. Minneapolis, MN, USA: IEEE,
2007: 1-6.
WANG X, FANG Y, LI C, et al. Static gesture segmenta-
tion technique based on improved sobel operator[J]. The
Journal of Engineering, 2019, 2019(22).
TOFIGHI G, MONADJEMI S A, GHASEM-AGHAEE N.
Rapid hand posture recognition using adaptive histogram
template of skin and hand edge contour[C]//Iranian Confer-
ence on Machine Vision and Image Processing. Isfahan:
IEEE, 2010: 1-5.
CHEN D, LI G, SUN Y, et al. Fusion hand gesture segmen-
tation and extraction based on CMOS sensor and 3D sensor
[J]. International Journal of Wireless and Mobile Comput-
ing, 2017, 12(3): 305-312.
LONG J, SHELHAMER E, DARRELL T. Fully convolu-
tional networks for semantic segmentation[C]//Proceedings
of the IEEE Conference on Computer Vision and Pattern
Recognition. Boston:IEEE, 2015: 3431-3440.
RONNEBERGER O, FISCHER P, BROX T. U-net: Con-
volutional networks for biomedical image segmentation
[C]//International Conference on Medical Image Comput-
ing and Computer-assisted Intervention. Cham: Springer
International Publishing, 2015: 234-241.
ZHAO H, SHI J, QI X, et al. Pyramid scene parsing net-
work[C]//Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition. Honolulu: IEEE,
2017: 2881-2890.
CHEN L C, PAPANDREOU G, KOKKINOS I, et al.
Deeplab: Semantic image segmentation with deep convo-
lutional nets, atrous convolution, and fully connected crfs
[J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2017, 40(4): 834-848.
CHEN L C, PAPANDREOU G, SCHROFF F, et al. Re-
thinking atrous convolution for semantic image segmenta-
tion[EB/OL]. (2017-12-05)[2020-12-31]. https://arxiv.org/
abs/1706.05587.
CHEN L C, ZHU Y, PAPANDREOU G, et al. Encoder-
decoder with atrous separable convolution for semantic
image segmentation[C]//Proceedings of the European
Conference on Computer Vision. Munich: Springer,
2018: 801-818.
DADASHZADEH A, TARGHI A T, TAHMASBI M, et
al. HGR-Net: A fusion network for hand gesture segmen-
tation and recognition[J]. IET Computer Vision, 2019, 13
(8): 700-707.



5 ST TASPP-ResNet 43 &7k 1) F- 340 5] 11

[16]

[17]

(18]

[20]

(21]

[22]

(23]

[24]

[25]

[26]

BRI, PR 53, X4 B, 45 @G SSD H AR 4 i 1
FHGIEITRI. 55403, 2020, 36(07): 1038-1047.
WEI B G, XU Y, LIU J W, et al. Adaptive gesture seg-
mentation based on SSD object detection[J]. Journal of
Signal Processing, 2020, 36(7): 1038-1047. (in Chinese)
MOHANTY A, RAMBHATLA S S, SAHAY R R. Deep
gesture: Static hand gesture recognition using CNN[C]//
Proceedings of International Conference on Computer Vi-
sion and Image Processing. Singapore: Springer, 2017:
449-461.

YANG H L, XUAN S B, MO Y B. Hand gesture recogni-
tion based on convolution neural network[J]. Cluster
Computing, 2019, 22(2): 2719-2729.

XING K, DING Z, JIANG S, et al. Hand gesture recogni-
tion based on deep learning method[C]//2018 IEEE Third
International Conference on Data Science in Cyberspace
(DSC). Guangzhou: IEEE, 2018: 542-546.

AMEEN S, VADERA S. A convolutional neural network
to classify American Sign Language fingerspelling from
depth and colour images[J]. Expert Systems, 2017, 34(3):
el2197.

YU F, KOLTUN V. Multi-scale context aggregation by
dilated convolutions[EB/OL]. (2016-04-30)[2020-12-31].
https://arxiv.org/abs/1511.07122.

YANG M K, YU K, ZHANG C, et al. Dense ASPP for se-
mantic segmentation in street scenes[C]//2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Salt Lake City: IEEE, 2018. 3684-3692.

AT, PSR, R, BT R M A M 1 HE
XEARFEAT I ST IR [D). HL 24 4, 2019, 47(5):
1058-1064.

LI B Q, HE Y Y, HE L J, et al. Asymmetric parallel se-
mantic segmentation model based on full convolutional
neural network[J]. Acta Electronica Sinica, 2019, 47(5):
1058-1064. (in Chinese)

d Bk, AR, SRR . —FRE T I ) MobileNetv2 [ 2%
TSR EVRE). AR, 2020, 48(9): 1769-1776.
MENG L, XU L, GUO J Y. Semantic segmentation algo-
rithm based on improved MobileNetV2[J]. Acta Electron-
ica Sinica, 2020, 48(9): 1769-1776. (in Chinese)
ADITHYA V, RAJESH R. A deep convolutional neural
network approach for static hand gesture recognition[J].
Procedia Computer Science, 2020, 171:2353-2361.
ZHANG Q, YANG M, KPALMA K, et al. Segmentation
of hand posture against complex backgrounds based on

saliency and skin colour detection[J]. IJAENG Internation-

[27]

[29]

[30]

[31]

[34]

[35]

[36]

[37]

al Journal of Computer Science, 2018, 45(3): 435-444.

B o2t B ST URBE 45 1 EHRIE o #145R 0.
T2, 2019, 47(10): 2211-2220.

LUO H L, ZHANG Y. A survey of image semantic seg-
mentation based on deep network[J]. Acta Electronica Si-
nica, 2019, 47(10): 2211-2220.(in Chinese)

SRPCHE . =25 BT BIREMESE D] 4R 1l
KR, 2018.

ZHANG Q R. Research on Hand Gesture Segmentation
Algorithm with Complex Background[D]. Shan Dong:
Shandong University, 2018. (in Chinese)
GARCIA-GARCIA A, ORTS-ESCOLANO S, OPREA
S, et al. A review on deep learning techniques applied to
semantic segmentation[EB/OL]. (2017-04-22) [2020-12-
31]. https://arxiv.org/abs/1704.06857.

KAWULOK M, KAWULOK J, NALEPA J. Spatial-
based skin detection using discriminative skin-presence
features[J]. Pattern Recognition Letters, 2014, 41: 3-13.
KAWULOK M, KAWULOK J, SMOLKA B. Discrimi-
native textural features for image and video colorization
[J]. IEICE Transactions on Information and Systems,
2012, 95(7): 1722-1730.

JONES M J, REHG J M. Statistical color models with ap-
plication to skin detection[J]. International Journal of
Computer Vision, 2002, 46(1): 81-96.

CHENG M M, MITRA N J, HUANG X, et al. Global
contrast based salient region detection[J]. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 2014,
37(3): 569-582.

ZHAO H, QI X, SHEN X, et al. Icnet for real-time seman-
tic segmentation on high-resolution images[C]//Proceed-
ings of the European Conference on Computer Vision.
Munich: Springer, 2018: 405-420.

TIAN Z, HE T, SHEN C H, et al. Decoders matter for se-
mantic segmentation: Data-dependent decoding enables
flexible feature aggregation[C]//2019 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition
(CVPR). Long Beach: IEEE, 2019: 3126-3135.

HOU Q B, ZHANG L, CHENG M M, et al. Strip pool-
ing: Rethinking spatial pooling for scene parsing[C]//
2020 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR). Seattle: IEEE, 2020: 4002-
4011

SUN J H, JI T T, ZHANG S B, et al. Research on the
hand gesture recognition based on deep learning[C]//2018

12th International Symposium on Antennas, Propagation



12

BT

il

[38]

[39]

[40]

and EM Theory (ISAPE). Hangzhou: IEEE, 2018: 1-4.
ARENAS J O P, MORENO R J, BELENO R D H. Con-
volutional neural network with a DAG architecture for
control of a robotic arm by means of hand gestures[J].
Contemporary Engineering Sciences, 2018, 11(12):
547-557.

TAN Y S, LIM K M, TEE C, et al. Convolutional neural
network with spatial pyramid pooling for hand gesture
recognition[J]. Neural Computing and Applications,
2020: 1-13.

MEHTA S, RASTEGARI M, CASPI A, et al. Espnet: Efi-
cient spatial pyramid of dilated convolutions for semantic
segmentation[C]//Proceedings of the European Confer-
ence on Computer Vision (ECCV). Munich: Springer,
2018: 552-568.

EEEN

FEOE A 19954 vEE N bk
2 W 252 8] 2 A ST AL B AT 5T 2k FSE
J5 8RR 2] MR H AR SN

ERBGBRIEE) 5, 198344, LB
SRR . h BRI 245 51, 2007 4F T3
REEHAFFE AL, 2010 4F F ML K= RAF A
24, 2015 4F TF G IR Tl K 2F AR A 24
BT A KA I 23 i) 22 4 S T FEAILAA e B
FENG AT BE HLEALSE T 10 5T
E-mail: cuizhenchao@gmail.com

FRAESE L, 1974 4E A WAL PR E AL BF
U, 1997 4 TRy R4 2737, 2000 4F
AL . B AL R 2 M 2% 55 ) 4 i
SERLF BN , 2N TR AL 7 RIS

BRIEIBE L, 1977 4F 26 i g =11k A, UF
Uili. 2000 4F- £l T L R 22 3R AT 24 24407, 2007 4F
Lo S R B[ 2 X T = 3 VAN SR 1 N
4625 8] %4 4 SR ML e B0, BF 5807 1l A TR

39

FIELR B, 1997 44w . WAL
e T B =] K 70 (e ) S A S S
TR RUR A2k



