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ABSTRACT

This paper is aimed to evaluate the performance of the Quasi-Newton in
online training of an adaptive sliding mode control using radial basis
function neural networks. The controller is applied in trajectory tracking
of an Omni-directional mobile robot. The sliding mode control plays a
role of tracking the trajectories of the robot reaching the references. The
radial basis function neural networks are used to estimate nonlinear
functions in the sliding mode control law which is calculated based on
the Lyapunov stability theory adapting to control conditions. The
simulation results in MATLAB/SIMULINK show that the Quasi-Newton
algorithm applying in the proposed controller is positive effect; the
responses of the robot converge to references without steady-state error;
the overshoot is only 0.442 (%), and the mean square error
approximates 3.48 x 10~

TOM TAT

Bai bdo nay nham déanh gid hiéu qua cia gidi thudt Quasi-Newton trong
hudn luyén truec tuyén bé diéu khién trieot thich nghi sir dung mang no-
ron RBF (radial basis function). Giai thudt nay dwoc umg dung trong
diéu khién bam quy dao robot di dong da hwdng. Bo diéu khién truot
déng vai tro diéu khién robot bam quy dao tham khdao. Mang no-ron
RBF duwoc sit dung dé wéc lwong cdc ham phi tuyén trong ludt diéu khién
truot, duwoc tinh todn dya trén Iy thuyét on dinh Lyapunov thich nghi véi
cdc diéu kién thuc té. Két qua mé phong véi MATLAB/SIMULINK cho
thdy gidi thugt Quasi-Newton ap dung trong bo diéu khién dé xudt dat
hiéu qua tot; sai 50 xdc ldp cua cdc dap vmg bi triét tiéu; dg vot 16 dat
0.442 (%) va sai s6 trung binh binh phwong xdp xi 3.48 x 107,

Trich dan: Pham Thanh Tung, Nguyén Dinh T, Lé Thi Kiéu Mai, Nguyén Hira Duy Khang, Pdng Vin
Hudng va Nguyen Chi Ngon, 2018. Danh gia hi¢u qua cia giai thuat Quasi-Newton trong diéu
khién trugt thich nghi st dung mang no-ron RBF. Tap chi Khoa hoc Truong Pai hoc Can Tho.

54(7A): 27-34.
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1 GIOI THIEU

Mang no-ron RBF (radial basis function) duoc
gidi thiéu ndm 1988 va gan day nhan dugc nhiéu
su chi y do kha ning tong quat hoa tét va ciu tric
don gian, tinh toan nhanh va hiéu qua (Liu, 2013).
N6 c6 thé cai thién hiéu qua diéu khién ngay ca khi
¢6 sy bat dinh 16n ciia hé thong. Cac nha nghién
ctru di d& xuat nhidu phuong phap dé huin luyén
mang RBF nhu: Gradient Descent, Newton’s
method, Conjugate Gradient, Quasi-Newton,
Levenberg Marquardt (Burney at al., 2007). Trong
d6, giai thuat Quasi-Newton da duoc nhiéu tic gia
nghién ctru. Likas and Stafylopatis (2000) da su
dung ky thuét t6i vu Quasi-Newton dé cuc tiéu hoa
sai s6 trong huan luyén mang no-ron ngau nhién.
Két qua md phong cho thdy rang giai thuat Quasi-
Newton vugt troi hon so voi gidi thuat Gradient
Descent (Relhan and Jain, 2012). Giai thudt Quasi-
Newton t6 ra hiéu qua trong huan luyén mang no-
ron 3 16p an st dung trong k¥ thuat nén anh (Omer
Mahmoud et al., 2007), phan loai Hematoma anh
CT ndo (Sharma and Venugopalan, 2014). Ngoai
ra, nghién ciru cia Mukherjee and Routroy (2012)
cung cho thay gidi thuat Quasi-Newton dap tng t6t
yéu cau huén luyén bo didu khién mang no-ron cho
qué trinh mai. Tuy nhién, cic nghién ciru vé viéc
Ung dyng giai thuat Quasi-Newton trong huin
luyén truc tuyén mang no-ron RBF cho b didu
khién truot thich nghi van con nhiéu han ché.

Bai bao nay dé xuit sir dung giai thuat Quasi-
Newton dé huin luyén tryc tuyén mang no-ron
RBF trong bd diéu khién truot thich nghi ap dung
dé diéu khién robot di dong da hudng. bay la mot
loai robot holonomic ¢6 thé di chuyén dé dang
trong nhiing khong gian nho, hep do kha nang di
chuyén mdt cach linh hoat, vira quay vira tinh tién
ddng thoi va doc 1ap (Djebrani ef al., 2012). Kha
ning von co cua robot da lam cho né dugc nghién
ctru rong rdi va dugc tng dung trong nhiéu moi
truong nang dong.

2 GIAI THUAT QUASI-NEWTON VOI
BFGS

BFGS (Broyden-Fletcher-Goldfarb-Shanno) 1a
mdt trong cac phuong phap Quasi-Newton st dung
cac phép xap xi thay cho cac phuong phép ma tran
nghich ddo Hessian. Néu ta c6 bai toan cuc tiéu
(Sadeghi et al., 2016) theo (1):

Minf(x),xeRn )

Cho f(x")la cuc tiéu, qué trinh lap lai dé tim
kiém x" nhu (2):

Xk+1 :Xk _aAEkaT (xk) (2)
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Trong d6, =, la ma trdn dbi xtmg n x n va a,
1 toe d6 hoc s& duge tim dé cyc tidu f(x,,,) . E,
1a ma tran Hessian ma phuong phap Newton can
tim (khi E, =7thi ta c6 phuong phap Gradient
Descent).

Gid st f e R" cha cidc dao ham ting phan
bac hai lién tuc, ta dinh nghia nhu (3):

g =V/"(x).p, =X, (©))

Goi H; 1a ma tran xép Xi ma tran Hessian trong
phép lap thu . Bit dau tir mdi ma tran tran d6i
xtmg hang s6 duong Hy, mdi diém xo va k = 0 dugc
thuc hién theo 3 budc:

_X/:

Buéc 1:xét d, =-H'g,
Budc 2: cyc tiéu f(x, +ad,) voi a >0

Taco X\, P = avds,gin

Buéc 3 : xét g, = g4 — g&
pp. HaqH

VaH_  =H + ka - ka k& 4
P4, q,H,q,

Sau do6 cap nhat k va quay vé Bude 1.

Néu H; 1a gia tri thyc thi Hj; ciing 1 mot gia
tri thyc va trinh ty cua thuat toan nay hoi tu
(Sadeghi et al., 2016). Mot phuong phap méi dé
cap nhat cho H dugc BFGS dé xuat nhu (5):

T T
H
i)t
9P ) rd,
_PaH, +Hg,p,
a4 P

3 PIEU KHIEN TRUQT THiCH NGHI
SU DUNG MANG NO-RON RBF ROBOT DI
PONG PA HUONG

3.1 MO0 hinh toan hgc ctia robot

H

k+1

©)

Phuong trinh dong luyc hoc robot dugc trinh bay
nhu (6) (Watanabe, 1998) :

X, a —ap, 0| x,
Vo |=ag, a0y,
9, 0 0 a4
by, by, 2bcosg || u D,
+| by, by, 2bsing |lu, |+| D, (6)
b, b, b, u, s
=A4,p+B,U+D,
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Véi D,=[D, D, D,] l1a nhidu he
thong chura biét.
-3¢ , 2Mr?
al = 2 ; az = 2 a
(I, +2Mr?) (I, +2Mr?)
—3cl’
a3 = 2 2
GLL +1r)
B kr b krL
"G +2Mr?) T (BL+ 1Y)

¥, =—3sing—cosg;y,

:\/gsingé—cosgé;y3
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Trong d6, L: khoang cach gitra bét ky bd phén
va tam trong lyc cua robot (m); ¢: hé sO ma sat
nhét cho banh xe (kgm’/s); r: ban kinh cia moi
banh xe (m); I, : m6-men quan tinh cia moi banh
xe quanh tryc lai (kgm?); I, : mé-men quén tinh
ctia robot (kgm?); k: hé s6 truyén dong; M: md-men
quan tinh cta hon bi (kgm?).

3.2 Diéu khién truet thich nghi sir dung
mang no-ron RBF

Céu trac cta bo diéu khién trugt thich nghi sir
dung mang no-ron RBF (ASMC-RBF: adaptive
sliding mode control — RBF) dugc mé td nhu
Hinh 1.

3cosp—sing;y, =3 cosg—sing
SMC
X
sgn(sS 8—=|v
%, y 21| 78S 8=y
8=V dt| | dr u | Robot da 9
o, X hudng
@—g i Ny / A
+ dt -
r A, _ anl
A
d i
dt
1.
Mang no-ron RBF
~

Hinh 1: Ciu tric b diéu khién ASMC-RBF

Sai s6 dwoc dinh nghia nhu (7):

ex
e=p-p,=|e, (7
%
Trongdo =[x, », 4] va A=y, » 4]
Mat trugt duwoc mo ta nhu (8) :
()'cw - X, ) +k, (xw - X, )
S=| (5, —yp,)+k (.=,
CRTARIACETD

®)
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Trong do, k =diag([k, &, k, ]) la hing s

duong. Mit trugt va ham thong sb nhiéu d‘uorc biéu
dien trong khong gian vector lan luot

s=[s s s,].d(

_B§ diéu khién truot thich nghi dwoc trinh bay
nham giai quyét cac nguyén nhén gdy ra boi cac
thong s0 bat dinh cua hé thong.

Luat diéu khién truot dwoc dinh nghia nhu (9)
(Yang and Cheng, 2013):

U=-B,"{4,5+(B, +ke)+nsgn(S)} 9)

Trong do, n = diag ([nxany,%b la ma tran
xac dinh duong.

Trong phan nay, nghién ciru sir dung giai thudt
Quasi-Newton dé xap xi A, . Day la ma tran chia
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cac thong sé dic trung cua robot nhu: ban kinh cua
moi banh xe (r), mé-men quan tinh cia robot (/,)
va mo-men quan tinh cta hon bi (M).

Thuét todn cia mang no-ron RBF nhu (10)
(Liu, 2013):
2
K-l

(10)
25

h,; =exp

i=1,3;j=15

Céu trac mang RBF duoc s dung dé xép xi
thanh phan f; trong ma tran A, nhu Hinh 2:

j=15
Hinh 2: Céu tric mang no-ron RBF Xap xi
thanh phan f;
Trong do,
Xl
X =| X,
X1
' ) . . (11)
e(t) () () A1) A0)
=le(2) ¢(2) £,(2) 5,2 £(2)
e(3) ¢(3) £0G) £3) £0O)
W=l he kg by B (12)
wij|i:1‘2‘3=[wil Wi Ws Wy WiS] (13)
Ngdo ra finhw (14): f, =w,h, (14)

Két qua xdp xi ma tran Ay sir dung mang no-
ron RBF dya trén giai thuat Quasi-Newton nhu

(15):
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. wih, —wydh, 0
Ay, =\wyh,  wih, o | (5
0 0 wih,

Luat diéu khién trugt thich nghi ding mang no-
ron RBF (ASMC-RBF) nhu (16):

U=-8," {AAWB +(B, +ke)+ nsign(S)} (16)

Khi quy dao thuc té cua robot légh khoi quy
dgo tham khao do tac dong cia cac dicu kién thuc
t€ nhu ma sat mat duong, moé-men quan tinh thay
do4,.... thi sai s6 (7) thay d6i. Khi d6, mang RBF
s€ duoc ty dong cap nhat bang gidi thuat Quasi-
Newton, dan dén 4, ciing thay ddi theo sao cho sai
s6 (7) dat gia tri t0i thiéu. Ta no6i luat diéu khién
(16) thich nghi theo diéu kién hoat ddng cuia robot.

Dé chimg minh tinh 6n dinh cua lugt diéu
khién, ta can chiing minh mat trugt hdi tu vé 0 theo
Lyapunov. Ham Lyapunov dugc dinh nghia nhu

(17):

V= %STS >0 (17)
Lay dao ham cua V ta c6 (18):
V=5 (=4, A =nsign(s))

= 5" (~T3 - nsign(s)) (18)

=-5" (fﬁ + nsign(S))

Yang and Cheng (2013) da chimg minh ¥ <0 .
Trong do, ma tran 7] 1a ma tran doi xting xac dinh
duong. Thém vao do, sai sb e(t) s& hoi tu vé& 0
ddn theo  S(¢)—>Okhi Vi thé,
e(r),e(t) >0 khi t > .

t—> .

3.3 Thong s va két qua mé phong
Théng s6 mé phong

Thong s6 ciia robot duoc trinh bay nhu Bang 1:
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Bang 1: Cic thong so ciia robot di dong da hwéng (Watanabe, 1998)

Tép 54, S6 74 (2018): 27-34

Ky hiéu Y nghia Giatri DPonvi
I, Mo-men quan tinh cta robot 1125  kgm’

M Moment quén tinh ctia hon bi 94 kgm?

L Khoang céch tu mdi banh xe dén tAm robot 0.178 m

k Hé s truyén dong 0.448

¢ Hé s6 ma sat nhat 0.1889 kgm?* /s
I, Mo-men quan tinh cta banh xe 0.02108  kgm®

r Ban kinh mdi banh xe 0.0245 m

Thong s ciia bo diéu khién truot thich nghi sir
dung mang no-ron RBF dugc khoi tao nam trong

Bang 2: Cac tham sb ciia bd diéu khién truot thich nghi

2va3.

gi6i han gia tri cua X, , duoc trinh bay trong Bang

Y nghia Ky hiéu Gia tri
n, 20 0 O
0 7 0 20 O
. 0 0 75 10 0 20]
Thong so trugt = = - =
k. 0 25 0 0
0 k, 0 25 0
0 0 &, |0 0 58]
Bang 3: Cac tham s6 trong mang no-ron RBF
Ky hiéu Y nghia Gia tri
(-1 -05 0 05 1]
-1 =05 0 05 1
Véc-to trung tam cula
; -1 -0. S
€y mang RBF 0.5 0 05
-1 05 0 05 1
|-1 =05 0 05 1]
b, Ngudng kich hoat 111 1]
[-0.1347 0.7094  0.4588 |
. 0.2546  0.2970  0.9450
T Véc-to trong so khai tao
[wy, wy wy] ban dhu 09174  0.7919 —0.0617
0.8973  0.2517 -0.5407
| 0.6460 —0.0970  0.4458 |
i S6 mang RBF 3
j Sé~ no-ron 16p 4n cua 5
moi mang
I Newton (5.89 x 10*) nhé hon MSE cua giai thuat
Ket qua mo phong

Gradient Descent (4.1 x 107). Ngoai ra, Hinh 3 con
cho thy thoi gian huén luyén mang RBF bang giai
thuat BFGS nhanh hon giai thudt Gradient Descent
truyén thong. Piéu nay ¢6 ¥ nghia 16n trong viéc
cai thién dap tng cta bo diéu khién, dic biét trong
k¥ thuat huan luyén truc tuyén b diéu khién.

Két qua huin luyén tryc tuyén mang no-ron
RBF voi giai thuat Quasi-Newton dugc trinh bay
nhu Hinh 3 véi MSE (Mean Square Error) dugc so
sanh véi giai thuat Gradient Descent. Qua Hinh 3
ta thay rang, gia tri MSE cua giai thuit Quasi-
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' " [——BFGs
——GD

MSE of GD and BFGS

18

MSE

0 | . . . I . "
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Time(s)

Hinh 3: So sainh MSE ciia Quasi-Newton va Gradient Descent

Giai thuat huén luyén truc tuyén mang no-ron X, = 5COS(Z7T t ) (m)
RBF vo6i Quasi-Newton dugce tng dung diéu khién e
bam quy dao robot di dong da hudéng voi quy dao Yo = 551n(27rt) (m) (20)
mong muon duge trinh bay nhur (19) va (20): ¢, =-0.2xt (rad / s)

x, = =sin(2t)(20(cos(20))" +10} (m)

' , Dap img bo diéu khién BFGS-ASMC-RBF
Yq = cos(2t)(20(sm(2t)) + 10)(’”) (19) v6i quy dao tham chicu (19) dugc trinh bay trong
¢, =-0.2¢ (rad/s) Hinh 4.

The response of trajectory

15
—— REF
- = BFGS-RBF ,.’
—=-—-GD-RBF v
/
’
/
’
!
'y
! i
.,
£ ~....___- |
=
~
REAN
1 1 1
0 5 10 15

x(m)

Hinh 4: Pap img quy dao bd dicu khién theo (19)

khién BFGS-ASMC-RBF tbt hon bd diéu khién
truot thich nghi véi mang no-ron RBF duogc huén
luyén tryc tuyén s dung giai thuat Gradient
Descent (GD-ASMC-RBF) duoc trinh bay chi tiét
Két qua md phong cho thay dap tng bo diéu trong Bang 4.

Dip tmg bo diéu khién BFGS-ASMC-RBF véi
quy dao tham chiéu (20) dugc trinh bay trong
Hinh 5.
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The response of trajectory

' ‘ ' —REF
= = BFGS-RBF
. |—"—"GD-RBF

y(m)

Hinh 5: Pap g quy dao bd dicu khién theo (20)

Bang 4: Cac chi tiéu chit hrong giira Quasi-Newton va Gradient Descent

Gradient Descent Quasi-Newton
Pap ung Thoi gian . £ o . X A Thoi gian . £ o C A 1A
ting (ms) Do vot 1o (%) Sai so xac 1ap ting (ms) Do vot 10 (%) Sai so xac lap
X 291.161 0.505 1.137 292.796 0.442 0.0552
y 292.845 1.368 0.0722 292.654 0.469 0.0434

y va ¢ so véi gidi thuat Gradient Descent dugc

Hiéu suat cia giai thuat Quasi-Newton véi tiéu trinh bay chi ti & trong Bang 5.

chi RMS (Root Mean Square) cua tirng dap tng x,
Béang 5: So sanh RMS va MSE ciia Quasi-Newton va Gradient Descent

Dép img Gradient Descent Quasi-Newton

RMS MSE RMS MSE
X 3.539 3.96x 10 3471 5.46 x 107
y 3.537 2.6 x10° 3.538 9.4x10*
¢ 1.815 5.53x 107 1.815 498 x 103
Trung binh 2.9637 1x103 2.9413 3.48x 10+

MATLAB/SIMULINK cho thay hiéu qua cta giai
thudt nay voi cac chi tiéu chat luong ciing nhu cac
tiéu chi RMS va MSE vuot tréi hon so véi gidi
thuat Gradient Descent. Diéu d6 ching to giai thuat
dé xuat phu hop dé didu khién robot di dong da
huéng ciing nhu trong diéu khién hé phi tuyén.

Qua Bang 5, tiéu chi RMS cua ting dap tng x,
y va ¢ cua giai thuat Quasi-Newton tuong ung la
3.471, 3.538 va 1.815; tiéu chi MSE 14 5.46 x 107,
9.4 x 10 va 4.98 x 1073 vuot tréi hon so v6i giai
thuat Gradient Descent. Diéu niy c6 y nghia quan
trong trong huén luyén tryc tuyén bo diéu khién.
Béi 18, ky thuat nay doi hoi vira lay miu dit ligu TAI LIEU THAM KHAO
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