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Research on Gesture Recognition Based on Pressure-based Mechanomyogram and

Improved Neural Fuzzy Inference System

WANG Lei' HUANG Jian® DUAN Tao' WU Dong-Rui' XIONG Cai-Hua® CUI Yu-Qi

Abstract Gesture recognition, which provides a foundation for amputees to control smart prosthetic hands, is an
important research content in the field of human-robot interaction. One of the current mainstream methods is us-
ing surface electromyogram (EMG) to identify the intention of hand motion, while EMG signals are weak and show
some shortages of being interfered easily by noise, sweat, fatigue, etc. At the same time, there is still large room for
the improvement in the recognition accuracy, especially in the gesture recognition of amputees by using EMG. To
solve these problems, a wearable signal acquisition device based on pressure-based mechanomyogram (pMMG) is de-
signed in this paper, which provides a signal source of high quality for gesture recognition. We proposed an im-
proved multicalss neural fuzzy inference system (IMNFIS) by combining the full connection layer structure, typical
sampling and uniformed regularization techniques in deep neural network, which significantly improved the general-
ization ability compared with the traditional adaptive neural fuzzy inference system (ANFIS). We recruited seven
healthy subjects and an amputee subject, and then conducted an offline experiment in which eight algorithms are
used. The proposed method got the highest average accuracy of 97.25% in the experiment of the disabled, and
98.18% in the experiment of the healthy. Compared with many reported gesture recognition researches in recent
years, the method proposed in this paper achieves the better comprehensive performance.

Key words Gesture recognition, mechanomyogram (MMG), neural fuzzy inference system, adaptive learning al-
gorithm
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(a) The equivalent model of muscle
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(b) The cross section of the device before
and after muscle activation
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Fig.1 The schematic diagram of pMMG
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Table 1  Information of the subjects participating in the gesture recognition experiment
ZIRE ) S 5% (cm) RE (kg) i (cm) fi BEAR L
Subject-1 L] 25 180.4 72.4 18.8 fid
Subject-2 5 24 169.5 58.5 16.5 fid
Subject-3 L] 56 164.6 61.2 15.8 F AR
Subject-4 5 25 172.3 62.8 17.9 fid
Subject-5 5 22 177.5 57.0 16.8 fid
Subject-6 L] 26 166.6 65.7 18.4 fid
Subject-7 5 23 170.1 73.3 19.1 fid
Subject-8 L] 25 175.5 66.9 17.1 fi
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(a) The device that records gesture data
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(b) The position where the device is worn
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Fig.2 The gesture recognition device and it’s
wearing position
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Fig.3 Each round of gesture data acquisition process
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Fig.4  The collected raw gesture data stream
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Fig.6  Structure of MC _ANFIS
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4) M H LG RHE Bs - ar M Bs - (1—ar) A
FERMRARNN Bs BI/MEEFEA B

5) for i = 1:Bg

6) MM EREAR Bro AR ¢ MEA;

7) HRAE (9) ~ 30 (15) TR L AE LA

8) MRHE (24) ~ K (28) THEZFEA B KT F
T ZHNBEE;

9) end

10)  H AdaBound Hi&E N % 3 FRITHE I F IR E
EHARGESE crom, Or.my brom, Urps

11) AR 1;

12) until 2 FTEARREOR T R REARIREL Vs

13) return cr, m, Or,m, br,m, Vrp.

M TS, UR MM A B s oK, T
HEIVERAVUTRE: 1) Bk R LSRR, |
HIRFHNZACRETT; 2) AL RGEEH, AL prA A
R R A R, RO AR 0 AR LF 1 e

3 FHIAFKE

AR IE L TR 2 2 SR U8 UE i B TR
THERIVERE.

3.1 SLENRE

ASLFELE 6 FhFETH S A {2
B2 RGN BE e, i 7 s, #3856 6 Fh
FHX P IIRAE BAER 2 Hes

A FLHF AN T AR S AT 2
AKX ML 6 HLLA SR NS B AR B 46
FRALE, R 8 I B e b U 25 T VA TR
AFREHE. B R VR VENLEE 1.2 7, TIALER
EVELES 1.3 719, & 8 Az il FHRAUE AL, 13
B PCA R4 5 4EE N M = 7. KA FE 5 1 58
T EARZ G R R 5E (80%) FIMREE (20%),
5 1238 XEGHUE 7 201128 IMNFIS LA AR IMNFIS
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Fig.7  Six gestures studied in this paper
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Table 2 Muscles information of the corresponding
six gestures
FH WA 1EH
JE Joi R f JeE L T e it AR (B
2 RREN Faah
JRUA At e fo = UL F s i A4 1A A
i g JRAM g AL T A AR M
it faAL Foafh g
et i e fo ek AL T b e FAR 1)

FIIZRRCR . AR A — G RLEN 16G RAM,
3.2 GHz core i7 8700K ¥ iH ML EHEAT 1.
ERIANE L

AR T AL T UAP & oy RARE, A0SR 1)
AL (Support vector machine, SVM). 1 & 3 5
WM (Gradient boosting decision tree, GBDT)+
2 4 #1 (Linear discriminant analysis,
LDA). —FJEF ANFIS (£ 4 & B R Sith
757 (TSK_GD_LSE), LUK JURHSEET MC_ ANFIS
/N ERA BE T B TSK Bl R4l fb &k (MC.
MC_TS.MC_UR M MC_TS_ UR). R FIE
BB,

1) SVM: £ Python Hi H Scikit-learn F£ b
e, i 5 Hr38 KBRIE M {0.05, 0.1, 1, 10, 20}
L PR R AT obf K%, ‘auto’ B REL, ‘ovr’
TR R S BRI FA S 80 IR Ak 73 9K 4.

2) GBDT: 7 Python Hif§ ] Scikit-learn £ 8
Bl S 5 BT XRUEM {3, 4, 5, 6} Hik#E
RKIRE, HRSHE NI

3.2

3) LDA: £ Python H i Scikit-learn J i
BBl A 5 a8 XIRUEM {0.1, 0.2, 0.3, 0.4,
0.5, 0.6, 0.7, 0.8, 0.9} FFIEFFAEL] I ‘shrinkage’,
fEH ‘eigen’ Kffds, HRSEEE NEIA.

4) TSK_GD_LSE: fi—# ANFIS 145> 258%
B 5@ ‘ovr’ (73 2R HENE, K 2 70 S n) LA
%A~ ANFIS 19 =50 i)l o )5 Ui g — 2k
TR, R &My REIR, LU Ik
GRS RASEEIVIIRI Y 0. TERT AR
P& B AR BN U aRVER S AT S, R IR AR
P R BRRE PR 4SS Ly IE LA & 5 14 S 40
P S HE BB BN BUAUE (A = 0.05).

5) MC: i MC_ANFIS 15 525 R4
SRR 0. 5 T S BEHLA0AE 1R 77 IR
£ AL mini-batch, 285 H Ly IENALZE &
AdaBound ¥ 4. FrA S HE % E NBINEL
FHHAME (N = 0.05, B2 = 0.999 ).

6) MC_TS: il MC_ANFIS [ J5 a8 57
RGEZHAIIN N 0. J6 F # AR 1K) 77 XI5
L FEHLIE I mini-batch, SR L, IENtL 45 &
AdaBound S 2. i ESHIS R E AN BE
HAME (v = 0.8, ap = 0.8, Ay = 0.05, B = 0.999).

7) MC_UR: il MC_ANFIS {143 JE a7
RGESHAIENN 0. J 16 B BT RE 77 20
AP BENLZEEL mini-batch, 285 H UR + L, 1E
W A6455 AdaBound SH S5, 1 5 #7138 XIGHIF
M {0.1, 1, 10, 100} HikFE UR RE N, HARES
HOHBLE NBNEE AU (A = 0.05, B2 = 0.999).

8) MC_TS_UR: I MC_ANFIS K4S 345
. RGSHIIEN 0. 5 TSR3 EE 75 =0
ZrAE T BEALEEN mini-batch, 285 UR + Ly 1IEN
455 AdaBound BEHZH. {E 5 #7538 IR AE A
{0.1, 1, 10, 100} Hi&#E UR RE A, HRHES
B E BN EE BAUE (yr =08, ar =0.8,
Ao = 0.05, B2 =0.999).

AN FEHR

AT T AR REAR A IR I VERE: 1) RIERE
% (Confusion matrix, CM); 2) FIHHEZE (Raw
error rate, RER); 3) ~“F#74i1% % (Balanced error
rate, BER); 4) kappa RE «; 5) LS [a] T,. VF
PR 1) ~ 4) ARAE IR N AR DL IR AR
) CM THEAF R, 2 — o BAR S 10 F b, 1F
Hrdabs 5) F TPl L IS8R

XEEFRAR T AT

1) JRIEHBE CM. JRIE AR — TR L
PR ZAT R o NG O B, TRIEH R 2R i AT

3.3



5 TER A BT U WLl M et e 2 A0 HE 2R 2R S 1) TR BT 7 1229

J AV EUE 1200 AR FLSARZE N 28 i S K dla
FIENE jRMIFEA 5 AR BN S i RV EFEAR
U 7 bl OM X Ay 20 SR 2B

2) JRARHE 1IR3 RER

P
3 F)
RER = [ —— " x 100%  (30)
> T() + > F)
p=1 p=1
Hr,

p NIRRT, BIZE p 2,

P RS R BEL, AR 6 M BT
2K Bl P =6;

TP RFRZE R p RIFEAHE IERf 7R H

F®)NFRZENE p FRIIREAR B AR KI5 H .

3) “Piriki% % BER

P
F®)
IER:<§:ﬂm+F@

p=1

)Plth% (31)

4) k REL — P TIRAN Bt oy RS A
MR 2, H T8 KBRS BL R SR 2 250N
. Z R B, TR gs R

M i Mp,p — i (GpCyp)
p=| = (32)
M? = 3 (GpCh)
p=1

H,

M NFESY FREA AL, BN K

my, p NAREEN G p K H R 8 R84 E N
5 p RITFEALL;

Gy NN p RIIFEAREL

Cyp AT RAHIE N p FRITFEA B

5) WIZRITA] Ty. N ZRIN I L4 a) Hdf B4k
PR2E B M U A Bl S X 0 S KRR I SRR T
W RREHE AL O 7 S A T EL IR SRR B
TRAL BRI A]; b) Kl WAL LG, M7y REHTAR 1L 2]
IR 2R e I AR T 254 B S ST N
I E). T 0N, 2y SIS S FH kA 27 3 R i
& & IR TSR B A 2™ .

PAE bR TP A5 AT 78 o (L8 2 1 7 iR AE
FHB P RIPERE. Horp, CM AT PASE 52425531
WHRAITERE, T, AT DASSIE SR mT S0 bk, HoR4R
AR AT EABGIE 73 S 8 BE AR A TR PR RE.

3.4 BL&ILGER

AR5 X A RN R 5 N 7 Fodox 20 Sl 4
%5 3.2 WA 8 FHLES 2 3] SR B 2 T 35733

SR, IR HIEAT A 51k,

ZREBE R P EHRER K (B ELD
50 J4L%HE) H MATLAB Bet 48 I 424 TR,
B IO B s, 28 WA KRS, [
I, 3% IR AR 10 7T AL 8AR A — AR 4R, H S IRl
5 S AT A RBIM B L5, o BIERAN T3
Pt B R 5 Ira8 XEE R 77 Ik, SR EH 5 AT
B 138 7 AR A N A 32 W i &
By FAR R R

Rl VR AE R 44 52 s 4 b IR VR I o o
Kl 8 o, eIl 8 mr%n, R UL E R F BT 5
BN o f T 35 R0 252 PR TR 5 R B 2 HLAR 5 AR
. X AT RE R R AR A R AR T A s 1 2
HREIEAN R AE T AT ), 75 R AR b T 5 50 i A

Do AR A BRI B4 iR ZE . T RN
FRRME AT 5 5 AT AIRIE, B LR BIRUR
BT, 1R H 4L B L PARIA ) 98.5% DA L.

BGTE 7T HEEANZRE S L, HE
3.2 AR BN 8 PR EVETF A 3.4 4 H IR bR,
F 3 M 4 5305 TR SRR N S5 RS
SEIL iz gt B e AR N PR R T %
TR SO 2k AT/ 3. n] DUE BITE 4 BRI 5L
P4 b, ML T SVM. GBDT 5L 4 bl 25 5 > &
%, ARSI A& SIETE AR AR R 22 A I 5 1)
Wk REW RS, BT ANFIS 1942 25 fg
T SVM L Gebl 48 2% S 5k, 1X 5 30k [23-24]
FRTIR I SE e —E. 4 FiET MC_ANFIS 5%
H 45 BRI T4 % ANFIS ek 77 BN ZRI A T,
A, Y MC  ANFIS F 45 #7EAbBE 2 43 2 )
A SR AR A IR ) 58 48 A0 TR IR FE 26 2.1 5
CL i, f& RN BRI 4y R s B>,
BT R B T A FR B[R] R ST TE]. 4 SRR
U AT RE R RUATE ‘ovr A SRERIE BRI
LR Z A AN G MOT Y, 1 MC_ ANFIS N2 7E
5 EPSGEG T A G, la B IEA
b Fali MC 71k, MR Z BN I N Tl haR 2,
PN GRI (A SR 400 T — - BA b, Ui B R A 5
Bk T MERE L 2 ALBE J15R LLAL, THR ARG
B TR KIS

e N IEHEAE -, AR MC TS
UR & HER I MR RIFEL TS . 7R85 R A
RHIEOL T, AR RIR AR Uk 7 I 2Rt [A]. 53 3 A8
tb, % 4 v 8 FhEVAE CER. BER 54545 A AN
FREEM ETHIT v RBOSA J/> . 1K AT BE A R A E
TN, TR NS LN Th e
ZRAE T BREBURN, FrUBENZ IS NFAE
BIAS IR R, RE Wk, MC_TS_UR @&
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(a) The CM of the fusion algorithm
applied to the datasets of subject-1

wWF EE 0.00 000 000 0.00
WE 96.49 278 000 0.00
HO} 032 077 0.00
HC| 000 000  0.00 0.00
UD | 000 000 000 98.99 [UBD)
RD} 000 000 000 000 030 [0

R

(d) AEFETE subject-4 4L b (VR HERE
(d) The CM of the fusion algorithm
applied to the datasets of subject-4
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SELELL

(g) FASHIELE subject-7 ZH4E L FIVRIEHFE

(g) The CM of the fusion algorithm
applied to the datasets of subject-7

WF
WE
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UD
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WF
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applied to the datasets of subject-2
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493 029  0.00
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(e) The CM of the fusion algorithm
applied to the datasets of subject-5
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(h) The CM of the fusion algorithm
applied to the datasets of subject-8

1.0
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WE
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SETLEFEP

(c) The CM of the fusion algorithm
applied to the datasets of subject-3

LS LELLEL

(f) The CM of the fusion algorithm
applied to the datasets of subject-6

(b) FABLELE subjoct-2 HOAEAE FIIEHNE (o) ASIHATE subject-3 MHEAE I IRIEAE
(b) The CM of the fusion algorithm

1.0
0.00 0.00 1.10 0.00
0.8
EREIN  0.00 0.34 0.38 0.24
0.20 95.06 0.00 0.00 0.6
0.15 0.00 0.00 [EEEN(] 0.10 0.4
0.00 0.00 0.00 99.95
0.2
0.00 0.00 0.00 0.10 0.00 R
0

(e) flABHYEAE subject-5 HARAE FIRTRIEHFE  (f) MG HIETE subject-6 HRAE FIIREHIFE

B2 I FFH AR HER R ZE 0.93%.

B8 MC_TS_ UR A FIEMES A2 R E BIEE LRGN
Fig.8 The CM of the MC_ TS UR fusion algorithm applied to the datasets of every subject
#* 3 8 MhELIAAEME R ANBIESE LB A S g R
Table 3  The offline experiment results of eight algorithms on datasets of the normal

FahR SVM GBDT LDA TSK_GD_LSE MC MC TS MC _UR MC_TS_UR
RER 6.07% 7.82% 5.15% 5.26% 3.16% 2.52% 2.30% 1.82%
BER 6.18% 8.74% 5.21% 5.35% 2.83% 2.41% 2.33% 1.77%

K 0.9258 0.9018 0.9375 0.9358 0.9660 0.9711 0.9720 0.9787

T, 224.6 4.4 0.6 1121.9 796.1 886.5 734.7 310.2

SUEMARIE RN T 97.25% MFHRAIMER%, g 35 DTSR

B OH T 4 M3T MC_ ANFIS HEZEM 432
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Table 4  The offline experiment results of eight algorithms on datasets of the disabled
et SVM GBDT LDA TSK_GD_LSE MC MC_ TS MC_UR MC_TS_UR
RER 5.94% 8.13% 4.46% 5.77% 4.64% 3.83% 3.77% 2.75%
BER 6.10% 8.27% 4.48% 6.11% 4.72% 3.98% 3.65% 2.73%
K 0.9268 0.9008 0.9462 0.9267 0.9434 0.9522 0.9562 0.9672
T: 173.0 5.3 0.7 1006.5 766.8 942.9 768.6 313.1
SRR ZE B I RIS T] AR A b 22 ANl 2k b 25 5

E i, UR MRALS, IR AR K, WSt
AT TS Pk 2> B B in— 43 I Rt a], 2
T MEREIS 2 T 1G58 Ak A SR R R 4
WSS PR AR AR v A TR B, DRI T B 75 31 1 K I 4
. IXATRESE RN TS Al UR BRI AL J7 L AE b &
R T EIRZ RS, i 7 lesioE
FE, AR YIZRB R i AR RIS T AR SCHE I
AU TTIEAR T AL Gebl s 2 SISk, AR T —
MC__ANFIS 5277, REFTE KERIIZR[E], 5
A TR AL LRI R N TF U007 .

AL HIE T AR R TAER i ansk 5 fir
N ATUUE B, 5FEIZEHER TAEM L, 7ERF RSN
@ FENRT, 7EFHARMNEA U E LT, A SCHTiR
1) 38R 1 7 VA 1 23 K B e v T AR AR X
GONFRIRNI ASC T 7 VAR BT AL RS
EMAKTEOLT, AR T e T H)
K. SR B RAG, ARSCHTHE I T34 05 7 VA5 R 5
T AN B S B R, 78 A BRI A\
PR32 LRI T.

4  LEERIE

N AR N B AR BB, Wi BE R AR R A
i 422 52 () F- AR = i, AR T T pMMG
A1 IMNFIS BT3B 0 77k ke 7273

10f

— MC g%

— MC $iFiRzE
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B9 43T MC_ ANFIS (REEEIZT T
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The classification error changes curve of four
MC_ANFIS based algorithms with time
during the training process
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DR T 30 e e e N S A e NS B8:, 40 Sl 96 AE
T AR ST T AR T VAT RN TR N s
£ EA SRR RN, ML T2 in s ERE
SRR TR, ASCHRE R MC_ TS UR @A H
. 6 > pMMG £ I#S T 1 A IMU 4% J8 28 () - 34
WA 6 M F BT A r R AR A
ASLSEIANFE LR T BLRIE Y, T B 4 5256 3]
AL TR N Be % BB I 7 Sl A IR K 2%

Fig.9
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Table 5 Comparison with similar research work literature
SCHR s LI R R RAIHIRE L FHRIGH BRERE
[25] 6 #iE pMMG 6 %A FS Fuzzy logic 6 95.30%
[26] 8 iliE FMG 10 % fEEN & SVM 6 93.00%
[27] 2 j@iE sSEMG (EL 5 IN % SVM 4 95.00%
[28] 4 i@iE sEMG + 1 @i IMU IEAEIN & LDA 8 92.60%
[29] 8 #HiE sEMG 21 AN % LDA 6 94.70%
(30] 8 il sEMG 8 M FEN % Hidden Markov model 6 94.20%
Proposed 6 ifli pMMG + 1 j@iE IMU (E2I = IN w MC_TS_UR 6 98.18%
[31] 8 jiiE sEMG 4 BHRIRN %5 LDA 7 92.00%
[32] 7 J#iE sSEMG BE 7 IN % SVM 5 94.02%
Proposed 6 i#i& pMMG + 1 i@ IMU 1 #BRBEN % MC_TS_UR 6 97.25%
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