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Abstract
classification action recognition method of upper limb rehabilitation training for the Brunnstrom 4 ~5 stage patients

An SODDAG-SVM (structure-optimized decision directed acyclic graph-support vector machine) multi-

is proposed to solve the core problem of action recognition of the rehabilitation training evaluation method. First, the
multi-classification problem is decomposed into a set of binary classification problems, support vector machine (SVM)
method is used to construct each binary classifier, in which the SVM kernel function parameters and feature subsets of
each binary classifiers are optimized by genetic algorithm and the feature subsets discrimination criterion, respectively.
Then, the generalization errors of each SVM binary classifier are used to measure the separable degree of this class pair,
and the upper triangulation matrix of generalization errors is built. Finally, from the root node, according to the gen-
eralization error matrix of each node, an SODDAG-SVM structure is constructed by choosing the SVM classifier of the
most easily separated class pair as each node. When there are fewer instances to be predicted, a part of the SODDAG-
SVM structure passed by these instances is directly built for predicting the instances. When more instances need to be
predicted, a complete SODDAG-SVM structure is first constructed and then is used to predict all the instances. Action
recognition experiment is performed on the upper limb routine rehabilitation training samples of the Brunnstrom 4 ~5
stage, acquired using human body sensing technology. Results show that the accuracy reaches 95.49 % which is higher
than those of conventional decision directed acyceic graph (DDAG) and MaxWins methods. It is proved that the proposed
method can effectively improve the accuracy of rehabilitation training action recognition.
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PIIME L PRifEZE . ISR DA K I (E R D A B I S
BAENREAFRE. “FII(E mean FAF I A R EHR
HIIE AL, bRfEZE std FAEA B H R d O o5 1
BHPFERE, IR ppv FRAES I BHE 22 1k
JEE, ARG IS R above Mean 43 313K H

mean = % Z x (1) (8)

1 < L e
Stddnlz(m(z)x) (9)

i=1

(10)

ppv = maxx; — minx;
K2 K2

aboveMean = Z I(z; > )

i=1

Hor, T() 2R R, 44855 R L R UE N
1.

(11)

AT B RATHOREAN L DT BEVRA, 2ol K
TR . BER A, AR AT . WA, BER A,
A AR R A, BEERR A AT . AU
BERMIUY, A1 3] 13 #7405, W PR
(AL [

x = [meanl, stdl, ppvl, aboveMeanl, - - - |

meanl3, std13, ppvl3, aboveMeanl13] (12)
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2) TOr IR SHOE R

i 5 H B 2802 2+ FE AR RBF A% s 81
g SVM 43 88 A% 4. LA RBF iy SVM
SHERW I C, g WASEFRIRE, Hd C R
23 (2) TETIE T C, g XFRH v, BRI (5)
HH oy 4L

B EREARSE Y m1, m2, -, m6 NFEHE
Wk BRI L, 262, .-+, 26, RH OVO Km
Or RN Zar A, W] AR B R PR 15 A
SVM —/p2se:

1v2,1v3,1v4, 1v5, 1v6, 2v3, 2v4, - - - , 5v6

A 15 A~ SVM 43 88 il ] 15 4% J vk
(Genetic algorithm, GA) %t H C, g Z2HHTF1L,
WA AT ) o 8. GA B ] DA
FE ST P9 HO ol [ A S 805 i O $
A AL

3) KRR RHIE T AR ISR

XZEC, g HATFIE] PARETE SVM 4325481
PEfE, (H SVM {43 B REFIZ AL RE 130 232 3 i 4t
FEAEAS ) B 1Y 52 . RRAE R T 3 ] DA R R U
AL, WA R, EE e A IR, AR
S, PR SRR AL o R RERZ ALRE /). DARE
A m2 KEER ma FERB, % o AR TERE
AR FR N [R] A AR A B RR AR 4R i) . 1
SVM 432588 W4 JSUERf R NE 7 Fis. W AR
3, RAS R FHESE A A 52 MR-, I
IR SVM 23 JEuERf 3 83.88 %, HARfRAL
PEBE. SRR G R JEEf R 527 2 100 %,
HARFRHIE T4 PR R PR AR E] 6 4, A Rihde
= SVM 32250 HERE, RS 482

2v4 FEIT IR IR

o S R AR 6, 5T 100

e
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Fig.7 Effect of feature selection on the accuracy of

SVM binary classifier
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SVM Z5r 26485, RIR1 3 2SR5 XA R A ZE X RN AN 7]
IR, XA AR R BUSRE S8 AN TA], ORs BN 4%
A SVM 40285 53 BT FRAE IR 5, SR IRAS W4T
FFRFAE e PR

FRAEIEFE 7 VR O FR R AE T S 8 2 R I AR AIE T
BV B PP A v DU A 5 A B8 AR SR I i
M1 (Sequential forward search, SFS) JriEfEHR
FHIE AR RENE, (] Filter Al Wrapper 5354
G IR G TEOHE N R AR TSR TR RE VRN HE . 72
Filter J5 ¥ v FH AR AE 5 DX 43 BEVEA ] (Dis-
cernibility of feature subsets, DFS)34 s fii 44k
TP RX 68 1, b & 45 T 4o ny
FHIET4E; #E Wrapper JEH i [l SVM /0245
et — 20 VAL A L FE R AR AE TR RCR, IS
B B AW S L RRAE 5.

AR RHE IR B A T SVM
Gy AR MR A AR I T ST g, B AR
WEA Kt C, g ZEGT I, RETERHE
TERE Y X 225, W] DATE AF A0 25 — 0 254N,
IRB T3 AR

4) “HBBMME N Z L

W AR =AS IR, WEIE AL T A2
8. ZJamak (6) 15314 ez iRz, B
X (7) Wiz biRzE F =AM Me. 4757
I S50 8 D, S B 2 A R oy 22 4 S S5 i O
RESLGIEAT P AR SL e 2 i, N H B 3,
SeryEse ) SODDAG-SVM Z5#4), P % 56 %
SEREDOT A RPN S 451 A TR

4 SEW5SHh

AR S 3.2 4y frid ) SODDAG-SVM
Lo R B TYE, HEA4 SVM 2881 C,
9 SEFRHE T4 TG R SAT - A e, T
SODDAG-SVM £ 4y 228 1y M g8 5 DDAG-SVM
7 MaxWins-SVM AR PEBEREA T X LL.

AT SR LA FEALE, SRR AR 1200 4>
FEAR )3 BEAILFTEL, B — RARRBAEINE] 5 A28
PIFEASE A, KRG A RIS 2] 2 B 5 )
PA 4 I FEANVERINSE, 55— AV RINHALE, M
S EASTE IR, HORAE IR, HAAE A I 2R
£, SERL D IRELES, X5 URESLR AY HERR SR BT,
PAZEAT 5 H722 LBk
4.1 ZHEBHC, g BHIM

gl GA ik, FERREER AN S
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AeE R BT LAY DDAG-SVM LB RER N ZRsh VR 51 vk 557

e SVM - KER R C, g ZHAG. BT
GA RBEPLLLRIE, Bod4~ SVM 0 Redeiltfr
10 K GA, (RN Brxt B YT 2R v i P AL
EEREARS, R LUBIRERL 2 5 4L, RRAORIGHY

SEAE 5 ISR Lo RUER R, hRikTr
fif, 3% 2 fppaX (12) AR SE S I 200 20 5

#1 C, g ZRIMER

&N EERTE AR b 5 PEAE SLURAIE AR5 i 43 S e Table 1  Optimization results of the parameters of C, g
?Vf/i ?i;ig%i§§;07 9 ZHHGIEIIXI B Atk C &AL g FAHERIFE (%)
X]ﬁlﬂ[l%%iﬂ’ﬂ%:ﬁ%’é%&é’é GA ﬂa"ﬁﬁ}a, 1%,: 1v2 0.009793572 0.0022394 100
SUREE C, o (AR, (URF A HERREA 19 080T Losa 109
HIRL % 1 S0 T8 1 KGRI La ks v 1 0.73x10° 95,3517
B AT o0 R 22 DA RO Y B e S 40 v 0.613049119  0.001941097 89.6552
4.9 :ﬁ%%ﬁ*#ﬁE%%%ﬁt 1v6 1.10x10¢ 0.00721982 95.4371
;%\%Hﬂ% 3.9 %‘EPE]":IJ:%E/‘J DFS %:‘?i, ;‘JFé:p'fé 2v3 1 0.000019687 88.6836
SFS jj‘\ﬁ, Xﬂ- 15 /I\ SVM :ﬁj\%%&ﬁj\%uiﬁﬁ?q:%?ﬁﬁ 2v4 0.023029107 0.019702158 83.8836
?%7 %%%%&%ﬁ)ﬂ\”ﬁﬁﬁ L_%qjjfg.ﬁllgﬁﬁif% 2vd 0.967574582 0.003192183 100
SIS S BRI O, g B30 T Wrapper )7 2v6 | 7.00x10'3 100
VB o R AR A 20 JEMERA SR PP RFALE T 3va 0.5 0.000033106 90
RIVERE, WO RE R S50 BB RF I SR A SR 12 3v5 0.25 6.03x10° 96.6689
SIHLOY LS Ay, TR LT A SRR B ) a2 36 L 0.000047963 86,6545
%Yﬁﬁﬁﬁﬂéﬂzfﬁﬂ‘iﬁtﬂﬁﬁﬂ EI/‘JCF#?EE%% ; %’\ig{ﬁ 4v5 0.26493253 0.008829793 83.3582
F, MIINZRER_Eat th i) e DEARFAE 7SR AT R], (ELER G o
fﬁ%%ﬂ%ﬁ%% %% 92 {Ez%’\Té%ﬁ 15 /l\ SVM :’ﬁj\ 4v6 0.825159853 0.020969172 88.6883
SR LU GE T AT LS RORHE, IASRAFAE T 50 3209 0000016 866667
%2 AFETHEAILR
Table 2  Feature subset selection results
B AL T4 kR (%)
1v2 EaitERis 100
1v3 ERRERE 100
1v4 16, 1, 38, 25, 29, 7, 11,20, 33, 50, 17, 30, 47 100
1vH 26, 39, 1 95.4767
1v6 26, 37 95
2v3 37, 24, 46 100
2v4 16, 29, 47, 37, 24, 21 100
2v5 21, 16, 29, 47, 34, 50, 37, 24, 46, 39, 26, 43, 13, 1, 52, 25, 32, 38, 45, 19, 4, 11, 41, 20, 28, 100
15, 42
2v6 39, 37, 24, 47, 50, 26, 21 100
3v4 37, 46, 42 94.6536
3v5 27, 14, 46, 42, 39, 26, 21, 17, 41, 13, 51, 30, 50, 16, 8, 7, 32, 19, 45 95.3467
3v6 13, 39, 26, 46, 17, 30, 42 100
4v5 29, 16, 39, 26, 19 100
4v6 39, 16, 26, 13, 29, 24 100
5v6 16 100
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MRAESE 4.1 55 4.2 iR sln &l ghsk
£ SVM 432w h it C, g SEO S MRHIE
T4, iS4 Bl grdg—A oy 258%, DAL
B3N L Mp SR

BT R g R SRR A R 2, Oh RE AT H
] SODDAG-SVM 2544 () {1 a5, Wi B m] 452 55
3.4 TR, mANGSEL My RN FH A 3, /B
18552 # ) SODDAG-SVM £ #y, B AR I 5
BIREAT T, N4 B M S & R BUE
FoA AR, (HRR N 2201z AL B 1 9 HE P A TR,
JirPA, HE 5 IR SEE Il 254 B A EE ) SODDAG-
SVM 250 #f—FE.

Y24y 25008, ;1T DDAG WSSHWETELE %
Fhul gE2E, BT PAFRATE ) DDAG-SVM %t %1l 43474
5 133 5 BEHIREASFEAT 1000 ¥k 5 HrA8 EGIE 5256,
A e R s RAE . B MECPYIE. BT
AR SODDAG-SVM 1 MaxWins-SVM 5
VENEZR G A R ALY, PR AR R T —Ik 5 rse
IRIE.

= 3 4 HHH T SODDAG-SVM., DDAG-
SVM Fil MaxWins-SVM J5¥ER - B8R, BT
SODDAG-SVM F1 MaxWins-SVM 4y 2558 i e 4%
RME—, R AR A B KA/ IME. 3% 3 W] L,
MaxWins-SVM 1) ¥ 2246 5 5K W b DDAG-SVM
w/NERR E 1.21 %, 543 DDAG (%) °F- 3 HE T
%, 1 SODDAG [y4r FifEwi % Lk DDAG P33R
5 3.4%, I DDAG 1y e/ MERH 5 5.66%. W[
UL, %F Brunnstrom 4 ~5 [ Bt FRHREE I ZR8h1E
Mo 2L, ASCHE ) SODDAG-SVM J5 ik
RHRE A AT R

23 FRUERRRT L (%)

Table 3  Comparison of classification accuracy (%)
DDAG SODDAG MaxWins
A 92.09 95.49 91.04
BioN ! 96.89 / /
F/MH 89.83 / /

R4 N AR 3 B R R IS AL Bl RA
%I, SODDAG-SVM #1 DDAG-SVM 5 17 it ]
F4539/0F MaxWins-SVM J73%E, SODDAG-SVM
Mg %2+ DDAG-SVM 5.

SEm A NGREE B Mp FERE 0t — a2

v 46 %
Rz AR TR AR ], FOW A
KA ETFHRSLL (s)
Table 4 Comparison of time cost (s)
DDAG SODDAG MaxWins
FisJ 1] 0.7459 1.0167 1.5723

3v6 > 4v6 > 2v3 > 4vh > 1v3 >
1v2 > 1v4d > 2v4 > 2v6 > 2vh >
5v6 > 1vH > 1v6 > 3vH > 3v4
it Ui SODDAG-SVM Z5H R i1, &
5~9 2355 H T SODDAG-SVM, PA K £ H Pl
A3 1vh. 1v6. 3va. 3vh 2ENF 4% TR IE 14,
Kl 8 firn ) SODDAG-SVM SE#E 451 .

%5 SODDAG-SVM JREHEFE

Table 5 SODDAG-SVM confusion matrix
ES 1 2 3 4 5 6
1 180 0 0 0 12 8
2 0 200 0 0 0 0
3 0 0 182 9 9 0
4 0 0 6 194 0 0
5 3 0 4 0 193 0
6 3 0 0 0 0 197
6 FR Lvs WA
Table 6  1v5 class pair confusion matrix
1 1 5
1 186 14
5 4 196
2T PN 1v6 IRVE MR
Table 7 1v6 class pair confusion matrix
25 1 6
1 187 13
6 7 193
#8 Al sv4 WA
Table 8 3v4 class pair confusion matrix
5 3 4
3 191 9
4 12 188
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Fig.8 Complete structure of SODDAG-SVM
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Fig.9 Inseparable region elimination diagram
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Table 9  3v5 class pair confusion matrix
251 3 5
3 190 10
5 9 191

XPHR T K 5 W AF L, FER T Fran 2R
Iv6 Y73 LR, 2K 6 FEARBER 72228 1 BT oL
256 BREEAREER 3.595 %. 141t SODDAG-
SVM Z 432885, B3R 5 W UE H, 1 0
K6 BEARLCEAY LE R 7 1.5 %. mE 8 B
/~ SODDAG-SVM &5yl A% I, 26 6 HekeA2eid
AR L, AT S T RS AR SOk B P 8 1A 3
EARS AR, ZE8 v2 pRA T, &
id 5v6 JpRegn i 2v6 73 IeARin Ak E] 1v6 ol
5v6 IRl 1v2 S RERIFAR > S 1v6 233k
AR HIVFEAR TP N T 56 Sr ey, PRk TR,
K9 Brm o Kl d k. | e T 1v2 Ay

2K, 13EIE 9 (a) KIFRESR, H4sd 2v6 J 1v6
A5 248, 21 9 (b) M9 (c) PR, WLAFR
H, AR I 2 6 FEASOE R 202128 6 .
HHZALRE TR ZEN) 1v2 I3 JS Mz AL BE JI B Y
1v6 7p i, WIS 7> A ICTAPE K.

MIBE, R 7 W2 1 AR AEK 6, £ 8 K4
FEARIT AZE 3. 3R 9 W5 HEARR N NI 3 41
UL, #8323 SODDAG-SVM £5#4 g I 245 s 32
51, B FEAREEIT T2 AL RE ) I 4 284,
MM FRAR T B3R5 .

5 ZEFRIE

ARSCE IR NG R GG B L
FER AR, $24 T —F SODDAG-SVM £ /432
Bk, R 1ZEEAE Brunnstrom 4 ~ 5 BrE: 6 4~
AR IS N GRa R A EadbAT 7740 2555 0%,
R, SR A SO YA 2 40 B8R S5 1 7] A
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