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(FEAR B TR 2AHUMS 8l ) TR 24 0%, 1, 200237)

W OE.: BRI IA G IF (Mechanomyography, MMG )12 5 B 3R L B 3R 3k e JE &M 3 5 5269 15 A
WAL B REM R > ASANAHIEE FEAFLF KoM EZRFRELRZT BRI RS 2
(Principal component analysis, PCA) M 4 422, 5 B Tk E B R BAFR T . 25 KA L&HFd
% #L (Support vector machine, SVM) . K i 4¢ (K -nearest neighbor, KNN) #= £ % #] | % # (Linear
discriminant analysis, LDA)3# 5% 35 , 23 6 #F Kk shAF (MK 36k A£3B K FE K A4 kA L)
HMMGAE 5 dtfra k. FREREN, AN H- AR EERH A FHIEREGF X, AR
SVMAE A 4 £ 35, Tk & K Sh Ak 0 &5 A5 2 38 2] 80%0 vh b, Ay 3R AT A8 x4 % 09 e o 5

KR : MFET; LKA HFIEL S

FESES: TP391 XERFRERD : A

Comparative Study of Features and Classification Algorithms in Mechanomyogra-

phy Based Head Movement Classification

ZHANG Yue, XIA Chunming, XIE Jiazhi, LIU Shuang
(School of Mechanical and Power Engineering, East China University of Science and Technology, Shanghai, 200237, China)

Abstract: Fifteen typical features in time domain, time-frequency domain and non-linear dynamic are
extracted from the mechanomyogarphy (MMG) signals in neck muscles. They are divided into five feature
sets according to their nature, and part of them are constructed to high-dimension feature vectors before
reducing the dimension by principal component analysis (PCA) , which are applied in the pattern research
for head movements. The MMG of six head movements (forward, backward, swing to left, swing to
right, turn to light, turn to right) are classified by adopting three sorts of classifiers, which are support
vector machine (SVM) , K nearest neighbor (KNN) and linear discriminant analysis (LDA).
Experimental results show that selecting the method of combining features in time domain, time-frequency
and non-linear dynamic, and adopting SVM as the classifier can improve the classification accuracy up to
higher than 80% in each movement, thus acquiring relatively higher rate.

Key words: mechanomyography signal; support vector machine; pattern recognition; feature combination
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L& 1% 5 (Mechanomyogarphy , MMG ) J& —F A= W B8 2% 05 5, FH T 10 S5 ILER - W4 B 10 0 27 3R 3
PEN AR T B AL Tz W T A ERGR BB . AH LT MMG, Z BT 7E g VR A 5% op i  BE &2
1y FE R L L5 5 (Surface electromography, SEMG) . HRAEWFFE AR FRIAFIE , 5T SEMG A9 sh/ER L
LAY I o R e Y N 0 o VT 8 0 o AN 1 183 i 3 | B | B2 R ) I = < T 1 B 5 i 5 WO (=i T
e, T HEHU 7 #E (Root mean square, RMS) . J5 2 (Variance, VAR) (i % % (Zero crossing, ZC) %5 4F
fiko fian, & IE AR AEELE X SEMG $2 U RMS 25 S5 9 S il 112 FI 220 51 20 7 (Linear discriminant
analysis, LDA), SEHUA 6 B T2 A R0 51, HAR B2 w35 94 % LA b B4 B & 38 2 Fourier 284655 77
K I S8 A 5 e A Ry LA 5 DT X A 5 B A 4 IBCREAE , G- 2 T e 45 % (Mean power frequency ,
MPF) FHE S (Middle frequency , MF) S5, B0 558 43 B 2 445 of 358 5 000058 0 2 235 5 e ke ) 7 0, T AE I
FEA b BEICRRAE , ) AN AE /N A AR He 1) SE A b BRI L RR B NI RL A R R B A S E A . Hu SR
T AR B VR 4 3 25 v A8 FH SEMG (8 A /NI A B8 S SRy REAIE , S 30T 17 R DA A0 T 2 AR e B P 2%
SNPEMIBLTEN o ARZME Bl 72 3 B R X T/ B2 k1% B — I ) ) S SO A RGERY 3 ) 2L LA
KA Lyapunov $8 BURI S 22 BE 45 9 sk e A AP YE B A1 4 $50RN 3 fBL ( A pproximate entropy, Ap-
En) AR ZEPE 2l 07 FRe Ak 0 Bl [ 38 1 — b HAT 3 2 2) BB U 19 KO 4B (K-nearest neighbor, KNN)#
TR 2 ) S AE R U ) 4 25 8%, SEBNT 4 28 F Wi s/ i U, RO R IK £ 92.5 % .

BT MMG R4 L sSEMG B J5 (8, SC7E — SE0F 58 v m] 4R Sy EMG A 4l Bl sl A T L7 B 3 A B
SRR TE I F 5 T A — W B T MMG 1 i T 4 1 D T F 5 © BORS — 1 i RO, Zeng
LN MMG #8 B4 % MAV S5 B 385 88 AF DL & MF, 76 3 8% 43 43 B (Principal component analysis,
PCA) F& 4k /9 L a4 [ 4 F v 1 5043 M (Quadratic discriminant analysis, QDA) & ¥, SE PN} 4 25 T3 3h
PERI BRG] . Xie SEU7E BT MMG 018 T4 H0F 52 v, 4 FH /0N i A8 e 47 S5 08 0 A DA R BE T 6 0F
Al Y DU A R AE R B R S 4 R T B AR B S SUN . Ding SR B MMG 971Nk 445 e 2R 50 P A
JIN A 4 R ROCRUR & A AE 3 28R A4 | fiff S ) 1t L (Support vector machine, SVM) Ik J5 X 5
AFAESVER PN TTE ] 91% DL o Wa SE M T ) A28 80 BB g L A sl Bl T FRE A e 7y R
SRR ARSI 28 b, B — Pl B LR 22 W 2% (Convolutional neural network, CNN) 5 SVM M 454 1)
WAL F AL PR 458 18 MMG , Xt F 6 F sh/E rT 3k 5] 94 96 09343 205 B

FENG IR I, 1 22 VU RSOGE 0 R0 38 (490 G v o7 80 1) 7 6 00 43 S8 280 ) 1) DU Rz 20 D g o 2 e 2 L (EL il
10 STUME 32 20 T e AE 11 DR AF L3R S8 3%, T L SE A — 26 15 B 1) Sk 3005 2 o SRAEFHRALA 1 MMG, $2 U/
WAL FFAE T 32 T SVMAVE R 43 2 2 T 52 XS T 22 28 L A s VR i U e S 1 i — 2B 58 MMG %
FRFIE B A3 24 305 5 3 3B 42 ) 1Y 43 FEMERf 2R 2Z IR 1Y OQ FR |, AR SC I8 JROAS ol e dal e -4 4R A 2k P B )
SEERAE ST B R AR RRAE Qi DL R E ] SVML, KNN A LDA X 3 76 2 F MMG g sEMG A9 =8 51 o
Bw UL L I AR HE 28 BRIE (Crossing verification, CV) 45 458 58 A R4S IE 4 A ol 43 2648 5 3k 3h
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1 HERREASE
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BRRC, T A I AR S BT AT AR S Y S G AR AE . AR SCEE T RMS, VAR, ZC, Bt i - 2 46 X
(Modified mean absolute value, MMAYV), I & £ & (Wave length, WL)Hl log detector (LOG){E Ay i 3§
FEAELS,
1.2 BH-Sisi4F1E

A A5 S AR A 35 FH 1) 2 /N A (W aavelet packet, WP) 45 55 GE &, BDXT (5 5 U647 2 ROBE /NI AL 43, 75
TR — SR B SR BLTH A 25 B . ZEARIFR T, MMG B R EESIR R 1 000 Hz, B 15 5 2 g 2056 2,
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BEBUTE 52 T sSEMG {5 5 09 BRI B 5 v, A £k 3l I 2% 43 A b 45 31007 B AR B 4 1 30 AL
(ApEn) P AR I (Fuzzy En) 'S FE AL 45 (SampEn)3 AN R AE R S A< SC b i JE et 8l 1 24 4% 1iE . ApEn
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Ak B Rt 2 A2 2 R A3 N T 38 K . SampEn f& X% ApEn (9 3#F — 5 itk 72T B R 8 A B BE B L
A T 2 SR IO A 3 91 8 AR L2 B T DC L o A 455 DEC i+ 1A S PRI ABE 3R 22 9 XT84 . FuzzyEn
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IR N T BN R R AE 22 ] B B 495 T X
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A5 A0 DLk AR AR 1+ 5 061 K 5D 2 MMAV, WL, LOG I 543 B
F 3CEEA AR A 3AFRAE ) X 2(FFfiE4E 1+ 3 WP(6,1), WP(6,3), WP(6.2) I =5 358, 43 7
4
5

®1 BHEEXS

Table 1 Division of feature sets

415 e 4 i 2 5

5) X AGHIEANHL) =24 HEFEIE WP(6,6), WP(6,7), WP(6,5) IS5 47
1.5 HF{EFE4E ApEn, FuzzyEn, SampEn e 2L 3 7124 50 7
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PCAPONTERAEAE 2 kb B X U3 — 1k 5 09 R A5 8 F 7 22 78 R 5 b 5 B A A0 (8 19 87 22 0 1 A
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2.1 THEEMN
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Fig.1 Color block diagram of cross validation classification when using SVM
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Fig.2  Color block diagram of cross validation classification when using KNN
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Fig.3 Color block diagram of cross validation classification when using LDA
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Fig.4 Average classfication accracy by using the combination of three feature sets
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