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Gait recognition using pose features and 2D Fourier transform

Wang Xinnian', Hu Dandan', Zhang Tao’, Bai Guixin'
1. Dalian Maritime University, Dalian 116026, China; 2. Liaoning Normal University, Dalian 116029, China

Abstract: Objective Gait recognition aims to identify and verify individuals on the basis of walking postures. The perform-
ance of existing gait recognition methods is easily influenced by factors such as viewing variances, clothing changes, and
types of objects carried by a person. Furthermore, none of these methods consider that the coordination and periodicity of
human walking are also important features for gait recognition. Therefore, we propose the pose energy map without consider-
ing shoulders (PEMoS) to reduce the effect of clothing changes and 2D Fourier transform magnitude spectrum of gait
parameters (2DFoMS) to enhance the effect of the coordination and periodicity of human movements. As these features

have a close relationship with the human pose, we call them pose features. Moreover, the proposed pose features are fused
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together with other excellent features such as GaitSet to improve the overall performance of gait recognition. Method Cloth-
ing changes can affect the detected positions of body joints, especially the shoulder joints. Therefore, we propose PEMoS,
which ignores the shoulder width, to reduce the effect of clothing changes. The construction process of PEMoS is as follows
First, body joints in each frame are detected by pose estimation methods. Second, six upper limb joints, namely, RShoul-
der (right shoulder) , REIbow (right elbow), RWrist (right wrist) , LShoulder (loft shoulder), LEIbow (left elbow) ,
and LWrist (left wrist) , are horizontally shifted with the displacement between the neck joint and the right or left shoulder
joint, whereas the rest remain unchanged. Third, the pose binary map is formatted by connecting the corrected joints in a
predefined order and width. Then, it is resized to 128 X 88 pixels centering on the MidHip joint. Fourth, PEMoS is com-
puted by averaging pose binary maps within a period that include at least one complete gait cycle. Finally, PEMoS is activa-
ted by gamma transformation to improve the performance. 2DFoMS uses the coordination between human movements and the
periodicity of one single movement to enhance the gait recognition performance. As the lower limbs are less affected by
clothing or bags, three new gait parameters computed from the lower limbs are proposed, which include the area of the tri-
angle formed by MidHip (middle hip) , LKnee (left knee), and RKnee (right knee) ; the area of the triangle formed by
MidHip, LAnkle (left ankle), and RAnkle (right ankle); and the area of the polygon enclosed by all the lower limb
joints. Unlike the existing gait parameters that only consider the relationship between two joints, the proposed area parame-
ters consider the local structural relationship of more than three points, which can enhance the effect of lower limb joints to
the gait. The proposed three parameters are concatenated with the other 16 gait parameters extracted by regular methods to
form a gait parameter column vector in each frame. The gait parameter column vectors of successive frames over time form a
two-dimensional gait parameter matrix. As the gait parameters vary with time, they should be aligned to facilitate training
and matiching. On the basis of the observation that the width between two ankles varies with time much more regularly than
other gait parameters, we propose to use the peak value position of the ankle width curve as base points to align all other
gait parameters. 2DFoMS is computed by applying 2D Fourier transform on the registered gait parameter matrix. To fully
utilize the advantages of the proposed features and the state-of-the-art features, such as GaitSet, two-level score fusion
based on weighted average-max pooling is proposed to compute the matching score. The first level is the weighted average
scores of multiple features. At this level, three groups of weights applicable to three different scenarios are proposed to com-
pute the scores. At the second level, the max pooling of the first level scores is used as the final matching score. Result
We evaluate the proposed method in terms of four aspects: overall performance, performance under different walking condi-
tions, performance under cross-view conditions, and ablation study. In CASIA Gait Database B, the first 62 subjects are
used for training, and the remaining 62 subjects are used for testing. The experimental results show that the proposed method
achieves average accuracies of 99. 56% , 99.23% , and 94. 25% under walking normally, walking with a bag, and walking
with a different coat, respectively, when the views of the probe sequence and its counterpart in the gallery set are the same.
For cross-view recognition, the proposed method achieves average accuracies of 91.32% , 85.34% , and 69.51% under
walking normally, walking with a bag, and walking with a different coat, respectively. Compared with the state-of-the-art
methods, the average accuracy of the proposed method increases by about 6.98% under clothing changing conditions.
Ablation study shows that PEMoS and 2DFoMS are effective in improving the gait recognition accuracy. Conclusion The
proposed PEMoS, which ignores the shoulder width, can increase the robustness and accuracy of gait recognition under
clothing changing conditions. The proposed local structure gait parameters can enhance the effect of lower limb points to the
gait, which are more robust to clothing or bag changes than the upper limb parameters. 2DFoMS can emphasize the effect of
coordination between human movements and the periodicity of one single moment on the performance of gait recognition.
The experimental results show that the proposed algorithm has achieved state-of-the-art performance, especially under cloth-
ing or bag changing conditions.

Key words: gait recognition; pose feature; pose energy map without considering shoulders; coordination and periodicity of

human movement; local structure gait parameters; 2D Fourier transform on gait parameters; two level score fusion
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Fig.7 Tllustration of gait parameters ( (a) joint angle
parameters extracted from upper limbs; (b) joint angle and
distance parameters extracted from lower limbs; (c)the
proposed local structure parameters extracted from three
lower limb joints; (d) the proposed local structure parameters

extracted from six lower limb joints)
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of gait parameters( (a) gait parameters; (b) gait parameters with
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Fig. 9 Ilustration of aligned gait parameters
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(¢)the aligned time series of §' )
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Fig. 10  Tllustration of two-dimensional gait parameters matrix of two persons( (a) gait parameters matrix of sequence #1
from person #001; (b) gait parameters matrix of sequence #2 from person #001 ; (¢ ) gait parameters matrix of sequence #1

from person #002; (d) gait parameters matrix of sequence #2 from person #002 )
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Fig. I1 Time series curves of some gait parameters( (a)curves of joint angle parameters from lower limbs;

(b) curves of joint angle, distance and area parameters )
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Fig. 12 The genuine and imposter matching score distributions

of magnitude spectrums of gait parameters( (a) two-dimensional
Fourier transform magnitude spectrum; (b) one-dimensional

Fourier transform magnitude spectrum )
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Table 1 Experimental setting on CASIA-B dataset
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Table 2 Rank-1 accuracies of our method in normal walking mode on CASIA-B dataset

/%

00 P 15 S0 £ M R B A (2% .05—06)

(IE# :01—04) 0° 18° 36° 540 720 90°  108°  126°  144°  162°  180°
0° 100.00 100.00 99.19 87.10 70.97 66.94 75.81 86.29 95.97 97.58  99.19
18° 98.39 100.00 100.00 99.19 94.35 87.90 84.68 93.55 96.77 99.19  89.52
36° 91.94 100.00 100.00 100.00 99.19 94.35 91.94 95.97 96.77 97.58  80.65
54° 83.06 97.58 97.58 98.39 97.58 97.58 96.77 96.77 95.97 92.74  75.00
720 79.03  95.16 100.00 100.00 100.00 99.19 98.39 98.39 94.35 87.90  61.29
90° 69.35 83.87 95.97 97.58 100.00 99.19 99.19 99.19 95.16 80.65  62.90

108° 72.58  84.68 96.77 100.00 100.00 100.00 100.00 100.00 98.39 94.35  67.74

126° 84.68 91.13 9597 96.77 97.58 97.58 97.58 98.39 98.39 95.97  81.45

144° 80.52  94.35 99.19 97.58 94.35 95.16 99.19 99.19 99.19 100.00 87.10

162° 96.77 97.58 98.39 96.77 89.52 87.10 94.35 98.39 99.19 100.00  97.58

180° 96.77 91.94 85.48 76.61 56.45 55.65 59.68 78.23 84.68 97.58  100.00
SR 92.07
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Table 3 Rank-1 accuracies of our method in carrying variation mode on CASIA-B dataset
/%

IR R A £ MR (5 £2:01—02)

(IEH:01—04) 0° 18° 36° 540 72° 90° 108°  126°  144°  162°  180°
0° 99.60 96.77 85.89 72.98 62.90 50.00 57.26 71.37 84.68 93.95 91.53
18° 96.77 99.19 99.19 93.55 83.06 76.21 80.24 86.69 88.71 92.74  87.90
36° 83.47 98.79 99.19 98.79 97.98 89.11 92.74 94.35 93.55 90.73  75.81
54° 72.18  93.95 97.18 97.98 96.77 93.95 93.15 95.56 93.55 82.26  67.34
720 62.10 88.31 96.77 97.98 100.00 97.98 95.56 97.18 93.15 77.42  57.66
90° 60.48 78.63 93.55 97.18 99.19 98.39 96.77 97.18 91.53 73.39  49.60
108° 62.50 82.26 92.74 95.56 98.39 97.18 99.60 100.00 100.00 84.68  58.06
126° 72.58 84.68 92.34 94.76 94.35 9516 97.58 98.39 98.39 91.94  71.77
144° 82.26 93.55 95.16 92.74 91.94 89.52 93.95 99.19 99.60 97.98  80.65
162° 89.92 90.73 90.73 84.68 72.58 66.94 77.82 91.94 97.58 100.00 93.95
180° 89.11 84.68 79.44 60.89 48.79 44.35 48.79 61.69 81.45 93.95  99.60

SR 86. 60

TE LR (R 20 FRm AR AR U RO 9T

K4 FTAKRIRET CASIA-B L Rank-1 iR 82

Table 4 Rank-1 accuracies of our method in clothing variation mode on CASIA-B dataset

/%

TR P 1 S04 AR EAA (2 RAC:01—02)

(IE7 :01—04) 0° 18° 36° 540 720 90°  108°  126°  144°  162°  180°
0° 90.93 78.02 69.96 61.69 47.38 35.08 35.890 46.17 55.04 66.13  68.55
18° 73.59  97.38  91.53 81.05 65.93 54.44 52.02 60.89 69.76 68.15  57.86
36° 62.30 91.13 96.57 92.14 81.45 71.17 67.74 77.42 73.79 72.38  54.84
54° 57.46  83.67 94.96 93.95 89.11 81.65 80.65 82.06 74.80 63.51  45.97
720 45.56  69.96 87.10 93.15 96.77 91.73 91.13 90.12 80.44 60.28  40.52
90° 42.74  63.51 78.23 86.69 91.33 93.15 90.12 86.69 77.22 S1.21  39.72
108° 45.36  64.52 79.84 85.08 88.71 90.73 97.18 94.56 82.66 67.54  38.71
126° 63.51 71.37 80.85 81.25 80.65 85.48 89.72 94.15 89.52 80.04  49.40
144° 65.93  71.37 79.64 74.40 72.58 74.60 80.65 87.90 92.74 86.29  56.65
162° 7177 77.62 7702 69.15 58.67 49.19 57.46 73.79 85.28 93.15  73.19
180° 65.52 62.10 53.43 47.58 34.68 28.43 33.47 4536 56.45 71.37  90.73

IR 71.76

VE LR U (R AR 2R) Fom A AR SR R IR
AL EEERE T ASOrERIUIRE ST 94.25% L GaitSet $2555 T 9. 39% , i T H Al 5 %

HAT5%k o FEFRACRE T ASONEAE 1A [RIRE, A SCO7 3k B350 SR AE /T A (0°—90°) 1§ L
TR R A R R R B, CF U RS TS A (108°—180°) 500 T B S i, I AE T
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Table 5 Rank-1 accuracies of different methods in carrying variation mode
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Fig. 14 The average accuracies of different methods when the probe data is in different modes

x5 AFREFEELEKETH Rank-1 15]%

/%
‘ AP 54 B
Ji i

0° 18° 36° 54° 72° 90° 108°  126°  144° 162° 180° F1Yy
SPAE( Yu %,2017a) 79.84 81.45 70.16 66.94 74.19 65.32 62.10 75.81 72.58 68.55 74.19 71.92
GaitGANv1 ( Yu % ,2017b) 79.03 76.61 75.81 68.55 65.32 64.52 69.35 73.39 73.39 76.61 77.42 72.73
GaitGANv2 ( Yu % ,2019) 84.68 82.26 74.19 79.64 72.58 70.97 65.32 78.23 74.19 79.03 77.42 76.23
PoseGait ( Liao 55 ,2020) 74.19 75.81 77.42 76.61 69.35 70.16 70.97 69.35 74.19 65.32 60.48 71.26
PTSN( Liao %,2017) 89.52 95.16 92.74 87.90 83.87 79.03 84.68 83.06 83.06 90.32 74.19 85.78
GaitSet ( Chao %,2019) 98.39 98.79 96.77 95.56 99.60 97.98 97.98 97.18 99.19 98.79 97.97 98.02
AL 99.60 99.19 99.19 97.98 100.00 98.39 99.60 98.39 99.60 100.00 99.60 99.23

T I R RN & 9 e A2
*6 AREFEEFRIKETH Rank-1 11502
Table 6 Rank-1 accuracies of different methods in clothing variation mode
/%
‘ P 8 9 A
Tiik

0° 18° 36° 54° 72° 90° 108°  126° 144° 162° 180°  FIYy
SPAE( Yu %,2017a) 44.35 49.19 46.77 46.77 49.19 42.74 46.77 43.55 40.32 41.13 42.74 44.87
GaitGANv1 ( Yu 5§ ,2017b) 25.81 37.90 45.16 55.65 43.55 48.35 47.58 45.97 43.55 35.48 27.42 41.49
GaitGANV2 ( Yu %,2019) 33.06 45.97 44.35 44.35 55.65 43.55 45.97 44.35 40.32 41.13 33.06 42.89
PoseGait( Liao %5 ,2020) 46.77 48.39 57.26 61.29 58.06 56.45 59.68 54.84 55.65 58.06 39.52 54.18
PTSN( Liao %£,2017) 53.23 83.87 87.90 72.58 61.29 61.29 75.00 66.94 70.97 70.16 45.97 68.11
GaitSet ( Chao %,2019) 82.06 85.89 86.90 83.67 90.12 87.70 88.71 86.49 86.09 80.44 75.40 84.86
EN'e 90.93 97.38 96.57 93.95 96.77 93.15 97.18 94.15 92.74 93.15 90.73 94.25

TE IR R R 48 5 B A2
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4.4 BUAZETRIRA TR

R BAEA ST A AR A5 T ASRRIRAS (I
WO RMERK) YR, 5 H TSR AT
WA et ERE Y GaitSet( Chao 25 ,2019) #FFIRBI%R
Fhdse, a5 9 (RS AR TR R0 A 16 50 ) W2k 7 B, 1
T GaitSet FIZ5 RIS, WTLAE I FEIEH R
T A SO E RN ER R 91.32% |, L GaitSet Ik

0. 73% ,JR AT A SO L i al & e mg b 20 SRR E
(A R BT BE AN 2 de A0 1, ELAA L R 75 Bk — 25
WFoE . EE MG RARE T, AT m 71
TR Ky 85. 34% H169. 51% , 233 [t GaitSet 42 5
T 1.08% F16.98% ., FRMAS kit — L5
TH MG RACIRAE T B AL BTN HERE
JRHRAE T ARG TR ESmRER B ES
BOEF R RE S L S H00 2 Y Ad B AR 0k 25
G B VONE LG T GaitSet W 48 FR4E 19 {1
S BT R AT R R A R SR A A U

PERE

T AERETAIFEF GaitSet 7£ CASIA-B LHY Rank-1 F1Hi2 7%
Table 7 Average rank-1 accuracies of our method and GaitSet on CASIA-B under different walking conditions
/%

MR A
0°  18°  36°  54°  72°  90°  108° 126° 144° 162° 180° VI

foBRE Jnk

GaitSet 86.80 95.20 98.00 94.50 91.50 89.10 91.10 95.00 97.40 93.70 80.20 92.05

B

AL 86.21 93.63 96.85 95.16 90.00 88.15 89.76 94.60 95.56 94.35 80.24 91.32 [0.73
T GaitSet 79.90 89.80 91.20 86.70 81.60 76.70 81.00 88.20 90.30 88.50 73.00 84.26
H

AL 77.14 89.23 92.30 88.91 84.60 80.04 83.39 89.52 92.26 87.90 73.43 85.34 711.08
o GaitSet  52.00 66.00 72.80 69.30 63.10 61.20 63.50 66.50 67.50 60.00 45.90 62.53
5

A 59.38 73.33 79.25 77.22 71.05 66.25 67.88 74.50 74.50 68.69 52.54 69.51 16.98

TE IR FOR TERBRG R USSR, < 17 0 L FORER B sl T Ry R B AR R SE L AR o 0°—180°

4.5 HBREIESHT

Shy B8 UE AN [R)RRAE X1 1) 1 R 9 s ik , B 0 A 18
SR E AR SERREE LESEOL 2 4fEE
IR 3R B 332 A GaitSet FEATHL G 5L, £ 8 2F
KA B EFITERET , ARLLAFRE A
TONFR (121 LA A G (L5 AR [R] R0 A7 s 0 £ )
PGSR P 1—9 f7REA LSS Gait-
Set FRAE AL T LA A5 B 1Y 7 AE 1 mil 52 55 25
“IER + AR IER + R IRE T i 2
i 15 fE 16 Fis,

M8 ATLAE Y, nsfs 1—3 17w, 78 3 Fetk
B PESEOIL 2 28 kA28 i 2 5 i 1R
R —FHEE S SEO IR BRI A 5, AR
SCHREBUR A A5 250 2 i LA e B i o — A0
B TSR I e, s 4—5 17 0R T+
R AT, JC R B A aE & B OF 3B 51 R
31.44% WA B LA EEAL 2.8% , REAET S

b
FN I

hS

IEFARES A, RS T A 9815 B SR 5/
(B 15Ca)) , (FRE IR 8l 5) 22 355 A0 22 i 52 M),
A NG RHE AL, — 00 ) B M2 20 iR B B/ Nl 42
(E 15(b) BEAHE) Mo/ LA R K 20 T8
SRS PR R TR IR S 5 B, P o v Ui R A,
TEGERACRES T, Jo 8 B4 At = B B — R fiF 19 F- 35
PUHZR 28. 87% , LA A LA RE & B & 2. 03% L JR
RETHFERKAE THEGEFEE (K 16(a) (b)), A
JR AR R R TJE 505 B, Wi JC)H AR A
BT R SERRZ A, R T R RS BE = T ) M e

I, Gnss 6 17T, ARG A R LA e i G
JA A RE R PERE L B — 28 e A 28 KA
HALRIE#RET, /54w 1 2.21% \2.26% F
3.74% o QNS 79 1T R, K L B S EU L 2 HEiR
FETE S5 R 225 Re R TG f8 A e A L &
B8 2 A 0 R (X HLER 6 1T, 1E
R A MIE RS T 40 BIHE T T 4. 48% |
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Table 8 Results of feature ablation experiments

TS GaitSet EESE

2 At PRSEH 2 g ARES TRES

T BRI %

AR R AR BRI BB gepoms WaRE EARE
1 v 13.42 14.36 22.27
2 vV 11.78 12.12 19. 56
3 vV 16. 50 16. 58 25.63
4 vV 26. 84 34.24 42.96
5 Vo 28.87 31.44 42.08
6 vV V. 31.08 36.50 46.70
7 vV vV 35.24 40.75 50.29
8 vV V3555 38. 88 50. 55
9 vV vV V. 35.56 40. 54 53.87
0V 65. 50 86. 28 92.37
11 vV v 66.51 11.01 86.68 10.39 92.02 10.35
12 vV vV 68.55 13.05 87.36 11.07 92.38 10.01
13 vV V' 68.60 13.10 87.18 10.89 92.94 10.57
14 vV vV V'  68.87 13.37 8521 11.08 91.33 |1.04
15 vV vV vV 70.05 14.55 87.81 11.52 92.90 10.53
16 vV vV V' 70.84 15.34 86.07 10.22 91.28 | 1.09
17 vV vV vV V. 7176 16.26 86.60 10.32 92.07 |0.30

T IR R R MRS GaitSet FEAEFEREA AR TE, < 17 0 |7 RPN SIS U GaitSet 4255 80 F B IR, V" Fonfil

AU HRFIE AL &

— IEFRE RS

() BIRESRERA (b) T LTS HE R
K15 GER A AL T A4
Fig. 15 Edge maps under walking normally and with a bag
((a)PEMS; (b)PEMoS)

— IEERE — TR

(a) AR LSRR
K16 IEF A RACKRE T i[5
Fig. 16 Edge maps under walking normally and
with a different coat( (a) PEMS; (b)PEMoS)

(b) JoJRETSHERIA

4.04% M 7.17% ., W 10—17 77, L5 S
O 2 e L AR i s C R RS R R RS
GaitSet 254 , AR T AR AE AR S WL AR
FRAEAGOE AL 4R T TSR B PERE , 76 28 RN
FPIRFE T I GaitSet 73 542 5 1 6.26% F1.0.32% ,
JREPRAE A SO A PRARE GaitSet 5 1 [FIR, @l &
TS A ARk AR S ) ) TG A Rl e T A S T
IS5 R S ORI SR PE A S BB 2 il i
AR B %, EIERCRE T, A SOk a T
GaitSet RHEMEE, U R B Z AR AR ST —
FEE T GaitSet, (H5ZFR - 217E GaitSet Y 92.37%
SR VRS R R AE TR A S b A REE A AL
FEOTREA SRR, (AR LT, A SO A
SERIRBIRAR T 0. 73%
4.6 FEESNE T WEEMEREENM

SRS UERAE SSANEL T X025 AR R A 52
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6 L 1 1 1 1 1 1 1 1 1
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Z IR, R ReE o5 — M S RN E S S5,
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AU BB 2R R R TR I AR
A (IR I X AR 4R v (8 R0 A8 it B3 28 /b | 7 25
BSHONFET T AME ) S EE i [RIe 3 78
SRR ZE , NI IR R R R

- - FURE —e— IERE

95
———————0 o ¢ o ¢
90 |

85 L A —p —A——k— A~

~A— — ok~ —A— — & —

ETETE %
x®
(=]

N, .

5 1 1 1 L 1 L 1 L L L
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T

(b) T XA ERERA0E

W SECRAE LA E T X EAERER R

Fig. 17  The influence of the number of gait parameters sampling points T on the algorithm performance

( (a)the influence of the number of gait parameter sampling points T on the performance of 2D Fourier transform magnitude

spectrum of gait parameters; (b)the influence of the number of gait parameter sampling points T on the performance of ours)

R AXHEEETEH 41 ~51 FRYIEEE

Table 9 The performance of the proposed algorithm when the value of 7 varies from 41 to 51

%

PR d

41 42 43 44 45 46 47 48 49 50 51
FRAK 7093 71.43 7145 7157 7167 7L.76  71.39  71.65 7160  71.53  71.52
G2 85.73  85.89 8595 8592 86.21 86.60 85.82 85.72 85.71  85.67 8567
EH 91.82  91.85  91.87  91.85  91.87  92.07 91.95 91.87 91.81 91.76  91.76

T UL P SRR 47 Bl

4.7 EXEiTHRESH

AR SCRE I AR A IR DL B ) B 4R B
FRAEROB R G 4E (0 62 A, B 11 N4,
A4 DNREAR FE 62 x 11 x 4 = 2 728
) R A AR A B TR AR A, SR T
OpenPose HEEUEEMT % A9 577 55 FT GaitSet 72 732

WEURFAE 33 PR A 2 e ARG ok U5 T L 099 34, 5 %2 GPU
SRR HAR R IT R AR SC H 41 MATLAB F2I7, A
T4 GPU S HF, B17°F B HE N F M Intel (R)
Xeon (R) E5-2678 v3 @2.50 GHz CPU(2 AbFEES) |
32 GB INFF.2 Ht NVIDIA TITAN XP GPU ., Windows
10 #:/E &4 MATLAB R2016b F Python 3. 6,
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1) RSO B I8 A7 I 18] B2 43 A o AR SCHE 1 )
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PIRERT (10 55 1—6 17) . ZEAEM TR mikk 7,
TRT TAREIRE T = 46 MR BE , R
WFF), 528 T = 1005 53 5h, GaitSet 75 2 30 M

AN Y KA AR A, AR B B SR B i
BN

C,=C, xT, +6G,x30+C; xT (12)
A, C, FTRAB B BAERT, T 3R BT,
G, T GaitSet JIEERHMIAEI , €, F7m HARHESE I
FRMURERT , S A ST VL BAERT 2928 57,1 x 100 +
1.2%x30+ (7.9 +2.4 +2.6) x46 =6 339.4 ms,

R10 ANFERSRETHRER

Table 10 Average time consumption of each step of the proposed algorithm

PR fiik

hd= [1¢=:3 YR
1 FRAESRIR Al
2 FHESEE  GaitSet

57. 1 ms/Mi YEZEHMFEF , GPU Fl OpenPose
1.2 ms/Wi  VEHFEMLFRIF,GPU Fl Python

30 FMERHC BAESEO 2 G R ORI AR AE SR 7.9 me/WT AZFLY,CPU Al MATLAB
4 FHIESRI  TOJH LA RE It IR ARSI 2.4 ms/WT [ 4mA)T,CPU F1 MATLAB
5 FRIEIRE R B R E BARER I 2.6 ms/Mi  H4FET,CPU I MATLAB
6 MyDA-VC S50 e HE 2 2 A B b 235 30 s 5 A e S 1.4ms HAZFERF,CPU 1 MATLAB
7 FRERLSS  TCJR B & KRR 1.5ms A% ,CPU F1 MATLAB
8 ARAEBRSS A JH A RE R FEAE B 1.8 ms  H%iHER,CPU Fil MATLAB
O ULRTIH AHAE AR SR A 7835 ms I REIT,

CPU #il MATLAB , 3t 2 728 4~ #4551

10 mat
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JREARERE S HUH 2 4ElE S RHE, R
FRIEF IR B 2L GaitSet 12,
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