Engineering Letters
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Cylinder System
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Abstract—This paper takes the hydraulic support cylinder
system (HSCS) as the research object and conducts an in-depth
discussion on it. Firstly, based on the working principle
and physical characteristics of the HSCS, a model of the
electro-hydraulic control system of the hydraulic support
under the control of a proportional valve is established.
Then, by combining reinforcement learning technology and
fixed-time algorithm theory, an adaptive fixed-time optimal
control strategy is proposed, aiming to enhance the robustness
and convergence speed of the system. Through the adoption of
a simplified optimal backstepping design method, an adaptive
fixed-time optimal controller is constructed to ensure that the
performance of each subsystem reaches the optimum and that
all signals of the closed-loop system achieve stability within
a fixed time. Finally, the effectiveness and feasibility of the
proposed method are verified through a simulation example.

Index Terms—Hydraulic support cylinder, Proportional
valve, Reinforcement learning, Fixed-time optimal control

I. INTRODUCTION

N the intelligent transformation of coal mines, the

collaborative intelligent control system for the “three
machines” in fully mechanized mining faces has emerged as
a core technology to ensure safety and enhance efficiency.
Among its key components, the electro-hydraulic control
cylinder of the hydraulic support exhibits strong nonlinear
hysteresis characteristics and time-varying parameters,
posing challenges such as complex dynamic modeling and
insufficient servo tracking accuracy [1, 2]. The advancement
of adaptive nonlinear control theory offers an effective
solution for achieving intelligence in such industrial systems
[3].

Optimal control for nonlinear systems is one of the core
aspects of modern control theory, focusing on optimizing the
performance indicators of control systems [4]. It integrates
fundamental conditions and methods derived from practical
problems, with the research object being controlled dynamic
systems or motion processes. The goal is to identify the
best control strategy among the allowable ones, ensuring
the system achieves optimal performance when transitioning

Manuscript received March 7, 2025; revised May 7, 2025.

This work was supported by the Key Laboratory of Internet of Things
Application Technology on Intelligent Construction, Liaoning Province
(2021JH13/10200051)

Yujun Zhang is a Professor of School of Computer and Software
Engineering, University of Science and Technology Liaoning, Anshan
114051, China. (Corresponding author, e-mail: 1997zyj@163.com).

Yunyun Chai is a graduate student of School of Computer and Software
Engineering, University of Science and Technology Liaoning, Anshan
114051, China. (e-mail: 1633006219@qq.com).

Dongxiang Gao is a doctoral student at the School of Electronic and
Information Engineering, University of Science and Technology Liaoning,
Anshan 114051, China. (e-mail: 1kdgao1997@163.com).

from the initial state to the target state [5]. With the rapid
advancement of digital technology and electronic computers,
optimal control has been extensively applied in production,
military, and economic activities, playing a crucial role in
the national economy and national defense. Theoretically,
solving the optimal control problem is equivalent to
solving the Hamilton-Jacobi-Bellman (HJB) equation [6],
but due to its strong nonlinearity and dynamic uncertainty,
direct analytical solutions are challenging. To address this
issue, reinforcement learning (RL) and adaptive dynamic
programming (ADP) have emerged as effective approaches.
Initially proposed by Werbos for discrete systems [7],
RL and ADP were later extended to continuous systems
[8, 9], though they remain limited to affine nonlinear
systems. For the control of nonlinear mismatched systems,
an optimal control method based on the backstepping
framework was proposed in [10], ensuring the optimization
of each subsystem. To reduce complexity and relax the
continuous excitation condition, the optimal backstepping
control strategy was further simplified in [11-13].

Although previous studies have made significant progress,
they primarily focused on scenarios involving infinite time
intervals. However, convergence time remains a critical
issue in controller design [14]. To improve the convergence
speed of system stability, [15] proposed a criterion for
finite-time stability and applied it to various control systems.
Nevertheless, the convergence time of finite-time control
depends on the system’s initial conditions, which are
often difficult to obtain in practical applications, making it
challenging to estimate the convergence time accurately [16,
17]. Consequently, [18] introduced the theory of fixed-time
stability and developed numerous fixed-time control methods
that do not rely on the system’s initial values [19-21].
Based on our research, there are currently limited studies
on fixed-time optimal control.

This paper considers the working principle of the
electro-hydraulic control cylinder of the hydraulic support
as the control object and integrates reinforcement learning
algorithms with adaptive control theory to optimize the
overall stability and robustness of system operation.
By conducting modeling analysis, controller design, and
simulation verification for the working process of the
electro-hydraulic control cylinder system of the hydraulic
support, an adaptive control strategy is proposed to ensure
that the system state reaches optimality.

II. MODEL DESCRIPTION AND PRELIMINARIES

Assuming that the electro-hydraulic control cylinder
system of the hydraulic support operates in the direction
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shown in Figure 1 during operation, according to the force
balance equation and the flow balance equation, its dynamic
equation can be expressed as:

MX, =pi1Ay — psAs — BX, + Fr (D
2pl::ps4_pr

2
2p2 = ps — pr

where m is the load mass, X,, is the displacement of the
hydraulic support cylinder, B is the damping coefficient,
and Fr is the external force acting on the hydraulic
support cylinder. A; and As are the effective areas of the
non-symmetric cylinder’s rodless chamber and rod chamber
respectively. p; and p, are the pressures at the oil cylinder’s
inlet and outlet respectively. ps and p, are the supply and
return oil pressures respectively.
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Fig. 1: Model diagram of hydraulic support cylinder.

Subsequently, by introducing a state space transformation
&1 =mXy, & =mXp, and §3 = p1A; — p2As, (1) can be
transformed into a nonlinear system of the following form:

& =mé

: B

=8 — —&—Fr—mg

' m

& =71u— 7262 — 3(p1 — p2)

y==4&
where € = [£1,&,,£3]7 € R? denotes the state variables. u
and y are the control input and output, respectively. The u is
a voltage signal ranging from 0 — 10 V, which satisfies the
linear relationship x, = k,u. In this context, x,, denotes the
displacement of the spool in the proportional valve, and k,

represents a positive constant. Additionally, the parameters
Y1, Y2, and 3 are defined as follows:

3)

ARy As Ry
= Bekqky
! Vi+ %51 Vo — %51) !
A7 A3
” (mV1 +Ai&e mVa — A )8 @
Ay Ay
Y3 = BeC.
’ (V1+%§1 Vz—%ﬁl) '

where Ry = \/ps + sign(z,)(ps — 2p1) and Ry =
\/Ds + sign(z,)(2p2 — ps). B represents the effective
volume elastic modulus of the hydraulic system, C; is the
leakage coefficient within the hydraulic cylinder, K, is the

flow gain of the proportional valve, and V; and V; are the
initial volumes of the two chambers of the hydraulic cylinder.

Definition 1 For system (3), if the control protocol u is
continuous and satisfies u(0) = 0, then u € ) constitutes an
admissible control strategy. This control protocol not only
stabilizes the controlled system but also ensures that the
performance cost function remains finite. In this context, {2
denotes the set of all admissible controls.

Control Objective: For HSCS, a fixed-time optimal control
strategy based on reinforcement learning is proposed to
ensure that: 1) the output signal y can precisely track the
reference signal y,; 2) while conserving communication
resources, all signals in the system remain bounded within a
fixed time.

Assumption 1. The reference signal y, and its derivative
9 are bounded.

Lemma 1 [22] For 0 < p < 1 and g > 1, there is

n n p n q
= 1. B 1 ~
Sz (S5 g ) < (S 47) o
i=1 i=1 i=1
e 5)
(1 - P)Pﬁ + > (“‘é‘/) , with unknown
i=1

IN

where oy =

constant iy, exists to ensure that |V~Vz| < Uwi-

Lemma 2 [23] Let f(x) be a continuous function defined
on a compact set €2,. Then for Ve > 0, there exist the NN
WTW(z) such that

sup |f(z) —Wh¥(x)| <e (6)
TEQ,
where W = [Wy,Wa,...,W,]T € R™ is the weight
vector and U (z) = [t (x),¥2(2),. .., Ym(x)]’ is the NN
basis function with m > 1 is the number of NN rules.
i(x) = exp[—|lz—&]|?/9%],i = 1,2,...,mis the Gaussian
function, where 9; and &; = [£;1, &2, .. ., Eim] T represent the
width and center, respectively. The optimal parameter vector
W* of NN is defined as
W* = i - why
arg min, {xsggm |f (@) @} @
Therefore, the continuous function f(x) can be expressed
as

flx) =W () + e (x) ®)

where ¢(z) is the NN approximation error, which can be
bounded by |e(z)| < &, where Z is a positive constant. It
should be pointed out that since WW* is an analytical quantity,
it needs to be estimated later for practical use.

Lemma 3 [24] For the system (3), if there is a positive
definite and radially unbounded function V' (£(¢)) such that

V(E(t) < —aVP(E(1) —bVI(E() +¢,t 20

o < min{(1 —¢)a, (1 —<)b} @

where a > 0,5 >0,0<p<1l,¢g>10<¢<1and
¢ > 0 are design parameters, A and A are k., functions, and
V(&(t)) satisfies condition A[|¢(t)]| < V(£(t)) < AJI§(1)]]. If
these conditions are met, it means that the nonlinear system
(3) has fixed-time stability, and the upper bound of the
convergence time T,,,, can be expressed in the following

form.
1 1

T< Tm'x =
=TS G bl e

(10)
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ITIT. MAIN RESULT

In this section, we will combine reinforcement learning
algorithms and fixed-time theory to design an optimal
backstepping control strategy under the critic-actor
architecture, thereby constructing an optimal controller.

A. Fixed-time optimized backstepping controller design

The following introduces an critic-actor architecture based
on the reinforcement learning algorithm, which adopts a
simplified fixed-time optimal backstepping method design to
construct an optimal controller. First, consider the following
tracking error coordinate transformation:

2 =8 —Yr
z3 = &3 — Q3
where y, is selected as the reference signal and set to
0.2sin(t). a;—1 and &), represent the virtual control and
actual optimal virtual control correspondingly.
Step 1: From (3) and (11), the derivative of z; can be
calculated

2:’1 = m£2 — (12)

The optimal performance index function is chosen as

Ji(z1) = /too ha (zl(v), a (zl(v))>dv

where hq(z1,a1) = 22 + o2 is the cost function, and let the
optimal virtual control aj replace oy in (13), the optimal
performance index function can be obtained

_ / " b ), 0 (2. (0)))do
- afrelignzl{/:o hy <21(U)7 a1 (Zl(v))>dv}

Replace &5 in (12) with the optimal virtual control o, and
subsequently define the HIB equation associated with (12)
and (14) as

A 4J;
Hl(Zl,Oél,diZi):Z%+a12 dzi( _yT)_O

The optimal virtual control o] can be computed by solving
O0H,/0af =0 as

13)

Ji(21)
(14)

5)

1dJ5(21)
o s 16
“ 2 le ( )
Then, % is decomposed into
dJf(z 5
dJi(=) _ 201237 42k 22T Doy + T2 (6, 1) ()
le 2
where 0 < p < 1,qg > 1, ¢ > 0 and k; > 0 are design
parameters. J{(&1,21) = —201,2%’)71 - 2klzfq71 - 221 +

d‘] (Zl) € R is a continuous function, and substituting (17)
mto (16) has

2p—1 2g-1 O 1
af = =127 — kit — 14 ng(fl,zl) (18)
Since J{(&1,21) is continuous unknown function, it can

be approximated by NN as follows:

T (&, 21) = WL (&1, 21) + e (&r,21) (19)

where W7, represents the ideal weight vector, W ;1 (&1, 21)
is the basis function vector, and € ;1(&1, 21) represents the
approximation error bounded by |[es1(&1,21)]] < €1 as
arbitrarily small. Then, (17) and (18) can be reorganized as

5
=2c12P 42k 27T S
4z 121 + 12 —|—2z1 20)
+WiTW, +en
_ _ )
of = — 2P 22— 2y
(2D

1 *
§WJ1T‘I/J1 — =gt

2

Since W7, is unknown constant vector, the optimal virtual

control (21) is not available for the controlled system. To

derive the effective optimized virtual control, the following
RL algorithm with critic and actor is performed.

dJ; _ .5 .
dfilz) _ 20127 42k 2} s - WEY,, (22)
le 2
5
dT = —0121 - kl el W \IJJl (23)
where 971G and 4% are the estimates of d‘]gz(lzl) and

o], respectively. Wch\Il 71 and W 1\11 71 are the NN weight
vectors of critic and actor, respectively.

Following this, the weight vectors of the neural networks
for both the critic and actor are trained according to the
respective adaptive laws outlined below.

Wcl = —Rcl\le (2’1)\11?;1 (Zl)Wcl (24)

War = — Ui (20)07, (21)(f<&a1(Wa1
- cl) + K:chcl)

where k.1 > 0 and k4,1 > 0 represent critic and actor design
parameters, while k.1 and kg satisfy k41 > %, Ka1l > "201.
Using (23), (12) can be rewritten as

(25)

_ _ 1.
21 = — clzfp ! — klzfq ! + Z9 — §WaT1\I/J1
) . (26)
— =21 — Yr
14 Y

For the first backstepping step, the Lyapunov function V;

is designed as follows:
1 1~ 5=
Vi=gai+ 5WCTle + W Wa (27)

where W, = Wi — Wcl and W, = Wi — Wal are the
estimation errors of the critic and the actor, respectively.

Then, the derivative of V] is
_ kl 29— 1+ 29 —

1.
V1 72«1(7 clzl *W(E\IIJl - .T‘)

+ fded\IJJl\IJJle + W 1\I/J1\I/J1 (:‘ﬁ?al(Wal

- P cl) + Hclwcl)
(28)
The Young’s inequality yields the following results
1 1
2129 < 52% + 525
. 1 1
—Z1Yr < 52% + 2?/?

ZWGTl UL Wa

(29)

N

1
W \I}LH*ZZ%—’_
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Along with (28) and (29), we can calculate:
Vl < - clzfp—klzfq + KdW 1\:[/]1\:[/]1W61

1 1
+ R WHU 0T Wy + 232 + 2%

(30)
+ ("fcl - Hal)Wal\I'Jl\I'lecl

1 - ~
+ ZW£WJ1W§1W111

Based on W,; = Wi — W, Wap = Wi, — W, and
Young’s inequality, we have

- . 1., . 1 -~
Wg;‘I’.H‘I’%Wcl :EWJ{@-qu}?lWJl - §W£‘I’J1
- 1 - .
X \I/Lj;chl — fngq/Jl\I/;lWCl
Wa1\IJJ1\IJJ1Wa1 = Wj U, Ile W 1Y

X\IJJ1W(L1 W \I/J1\I/J1Wa1
WA U7 W, < - Wﬂqf‘]quﬂwﬂ
- iwg\ﬂJl\D?chl
(3D
Subsequently, we can acquire
Vi< — 122y 22— “Clw O W
— (a1 — @>W5\I{H\P War
Ka Kaq 1
- —1W T W — (22 -2 (32)

2 4
. 1 1
X Walq/JlW?lWal + 52’% + 5
K:C + K:(l * *
+ %WJ{‘I’Jl‘II?;IWJI
The following inequality holds when /\{{,“Jri is the minimum
eigenvalue of ¥ ;107

Uy

SWA LW < NEWAWL
W \I/JllllJlW g—/\$;‘1W Was
According to the design parameters k.1 > “§- and K41 >
% as well as (33), it can yield
’ KC min
Vi < -1z kit — 2 PRI W
Kol 1, (34)
— (Ka1 — ) Iqrflf,ri Wal + 522 + 01

where o7 = 192 + %Wj?\PJl\PTJHle. Since all the
terms in oy are bounded, there exists a positive constant 71
such that |o1| < 7.

Step 2 : The derivative of 2o is calculated in a similar

manner. ) .
2y =&o — &
. 35
:fa—gfz—FT—mg—ééik )

Among them, 7%52 — Fpr —mg can be approximated by
NN as W;‘QT U r9(€) +e52(€), there exists a positive constant
E¢2 such that |e ¢2(§)| < Ef2. Then, the selection of the most
suitable integral cost function is detailed as follows:

J3 (22) :/00 ho (Zz(v) o (22(v )))dv
=a2HEHQHZQ{/ ha <22 ), az (22(v )))dv}

(36)

where ho(z9,c9) = 25 + a3 is the cost function, o}
represents the optimal controller.
Based on (36), the HIB equation is constructed as

* *

* J * * *
Hy(zz, 03, 2) =25 + 03" + 72 (a3 + Wi s (O)

+e5(€) — &T) =0

(37)
The same as before, we can solve for 0Hs/0ak = 0 as
1dJ5(29)
b= 38
2 2 dZQ ( )
Then, de( 22) can be factored as
dJy
d2(Z2) :2022517 +2]€222q 1+ 2W;2T\Iff2 + 2€f2
= 9 (39
52+ J7 (62, 22)
where 0 < p < 1, ¢ > 1, co > 0 and ko > 0 are
design parameters. J2 (&3, 20) = —Qnggp_l — 2kgz§q_1 —

2Wiy Wy =2y = S+ 422)

and the o can be expressed as

is a continuous function,

ay =— o2y —ka2d T = Wi Wy — e
9 . (40)
- 122 - §J2 (€2, 22)

Since J$ (&2, 22) is unknown continuous term, it can also
be approximated using NN as follows:

I3 (€2, 22) = W33 W a(22) + £ 52(E2, 22)

where W7, is the ideal weight vector, WU jo(z2) is the
NN basis function vector, and the NN approximation error
€j2(z2) is bounded.

Similarly, we can derive the following conclusion

(41)

dJs
475 (z2) =20225" " +2kp23 T + 2W S W
dZQ
9 (42)
+tg22t W33 W o + €
o = — cozaP T — iy — W;QT\Iffg
9 1, 1 43)
— 12’2 — EWJg\I/JQ — 552

where €9 = 2e2 + £ 52.

The optimal control (43), however, remains unattainable,
necessitating the execution of an RL algorithm featuring both
a critic and an actor to acquire viable control signal.

dJs (z)

:2622517 +2]€22’2q ! + 2WJTQ\I’f2
dzp 0 (44)
-+ 522 -+ W(?;\IJJQ
ay = — CQZSP ! k2z2q - ng\IJJg
9 (45)
— 122 W \I/JQ
where %Z(;:’) and d»* are the estimate of %Z(;:’) and

o, respectively. W5W ;o and WL W, are the NN weight
vectors of critic and actor, respectively.

Same as the first step, the corresponding three adaptive
update laws are designed as follows:

ng = FfQ\I/JQ - K:fQWfQ (46)
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Weo = —heaW 1005, W,y (47)

WaQ = _‘IIJ2‘1/§2 (HaQ (WaQ - WCQ) + HCQW02> (48)

where I'yg > 0, Ky > 0, k2 > 0 and K42 > 0 are design
parameters, while k.o and k.o satisfy kg0 > %
According to (45), the 25 can be expressed as follows

s 2p—1 2q—1 1. T
29 = — C225 — k22’2 + 23 — §Wa2\I/J2

~ 9 . (49)
+ W]?Q\Iffg + 2 — 12’2 — Of{
Subsequently, the Lyapunov function V5 is established as
L

[ 1 ~ o~ 1 ~ o ~
Vo == — wWLw “WLW. + -WLW,
2= 9% gpy, et g e et g Walta:
. R . (50)
where Wf2 = W;Q — WfQ, WCQ = W:;Q W c2 and Wa2
W?z_ a2-

Then, the V2 can be calculated as

. 1 N -
Vo =za(—cp2aP ™t — ko220 23 — §W£\I'J2 + W,g‘l’f2
+ep0— @T) + fiszngsz + ke WHW 70T, W,

~ A . o 9
+ W£@J2@§2 (Ha2(Wa2 - Wea) + FEcQWcQ) ——z

4
(51
Using the Young’s inequality, we have
1 1
2923 < 52’% + §z§
1, 1
zep2 < 57+ 58 (52)
. 1 1.
1 1 R R
—522W£WJ2 S ZZ% + ZWGEWJQ\I/?ZWQQ

Substituting (52) into (51) yields

. 9 = ~ Ke2 o~ ~
Vs < —czzgp—imz‘f—LWJZ;WfQ——”WCExIJ‘m\IﬁQWCQ

(Kza2_%)w VoW Wz — Fcazw LW 2 Weo
- (% - *)WUEWJQ\I/52WQ2 + WW U2
< T3, + ;eﬂ + % &2 + “Rw Wi, + ;z3
< — cgzaP —ky22? — —WfQVsz — TCQAEHJIQWQWQ
— (Kaz — “;2 AT T %z% + %zg + 02
where o9 = Efg + MW*T\IIJ2\IIJ2WJ2(5%:

EWETWih+3 A*Q is bounded, and there exists a positive
constant oo that ensures the existence of |o2| < To.
Additionally, /\{f,‘f]‘"; represents the minimum eigenvalue of
U0l

Step 3 : Similarly, the derivative of z3 is

Z3 = &3 —

(54)
= mu — 728 — 13(m1

—p2) — &3
where —y2&2 — y3(p1 — p2) can be approximated by NN
as W}‘;;F W3 + €3, there exists a positive constant ¢3 such

that | r3(€)| < Eys. Then, the selection of the most suitable
integral cost function is detailed as follows:

J;(ZS)/whs(Z?»( ) u” (23(v )))d”
- min { / hg(zg (z3(v))>dv}

where h3(z3,u) = 25 +u? is the cost function, u* represents
the optimal controller.
Based on (54), the HIB equation is constructed as

(55)

*

dJ. dJ3
Hs(z3,u*, d—;’) =22 +u*? + —3(u* + W}‘g,T‘I’fs
3

ng
+ &3 —d;) =0

(56)

The same as before, we can solve for 9Hs/Ou* = 0 as

u = _%7(1‘73 (25) (57)
23
Then, i(gza) can be factored as
dJ3 1
(?Z(j ) - (263Z2p 1—|—2/€322q 1—|— QW;ng3 + 28f3
7 (0]
+§Z3 + J3 (&3, 23))

(58)
where 0 < p < 1, ¢ > 1, ¢c3 > 0 and k3 > 0 are
design parameters. J3 (&3,23) = —20322p - 2ksz3 2q=1 _
2W;5Wf3 263 — 723 + d‘]?’ (ZS) is a continuous funct10n

and the u* can be expressed as

( —C ng - k32’§q_1 — W;:g\llfg —Ef3
(59
7 1,
4 2 ‘]3 (537 23))
Since J$(3,z3) is unknown continuous term, it can also
be approximated using NN as follows:

J3 (&3, 23) =

where W7, is the ideal weight vector, ¥ ;3 is the NN basis
function vector, and the NN approximation error €j3 is
bounded.

Similarly, we can derive the following conclusion

Wi W3 + €3 (60)

dJ3 1
dJi(z) _ (2 3230+ 2ks2y T+ 2W T Wy
7
+ 523 + W;3 \I/J3 + 5‘3)
1
ut =—(— 03z§p o 17W}‘§1\Ilf3
g4t (62)
7 1
- = Iy
423 W J3 — 25 )
where €3 = 2ep3 + €53. For (62), however, remains

unattainable, necessitating the execution of an RL algorithm
featuring both a critic and an actor to acquire viable control
signal.

dJs (= 1 .
AIi(z) L g, 201 o 201 AT 14
§a!

ng . (63)
+ 573 + WL 3)
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1 _ _ R
W= (—c3zy? = k323t = WU s
' 7 1 64)
- 123 - iw,z;,‘I’JB)
where %ﬁ;s) and 4* are the estimate of % and

u*, respectively. 14% 3\11 73 and 14 3\11 g3 are the NN weight
vectors of critic and actor, respectively.

Then, the corresponding three adaptive update laws are
designed as follows:

ng = ng\:[f.]:g, - Iifngg (65)
Wcs = ke W UL, W, (66)
Waz = =0 13070, (ka3 (Was — Wes) + kesWes) (67

where I'y3 > 0, ky3 > 0, k3 > 0 and K43 > 0 are design

parameters, while x.3 and k.3 satisfy kg3 > % Ka3 > 5.
Following (54) and (64), we obtain Z3
_ _ 1.
23 = — 63232)17 ! — kgzgq 1 + zZ3 — §W3;\I/J3
(68)

. 7 .
+ W};)\Pfg +éer3 — 12:3 — Qg

Subsequently, the Lyapunov function V3 is established as

1 R M R N
‘/3 = 52; + ﬂW]ngS + §W£WC3 + §W£Wa3
) ) i (69)
where Wy = Wig — Wys, Weg = Wi — Ves and Wos =

Wiy — Was.
Then, the V3 can be calculated as
. _ _ 1 N -
V3 :Z3(—C3Z§p l—k'gzgq 1—‘1-23 — §W£\I/L13 + W’g\l’fg
+ep3— 5[3) + KfBW};stB + keaWEW 130T W5

- . 7
+ Wy W 30705 (ka3 (Was — Wes) + ficswcs) ——22

173
(70)
Using the Young’s inequality, we have
1 _
Z3Ef3 < 52’% + 55?3
e 1 1.,
—z3a < §z§ 2 as? (71)
1
W 3‘IIJ3 < - 4 2 Wag\IIJS\IIJP)Wa:S

Substltutlng (52) into (51) yields

Vs < —c3z3? —kzz3t— Ers ngWfS KCSW SV W Wes
~(Fas = "W %%Was ““?’W L0 s U W
Ka f-@c + Kq "
- (73 - *)W LU 30T Weas + %Wﬂ{‘l’ﬂ
* 17 1 A*2 1
\IJJ3WJ3+§5]03+§ 2 +7W Wf3+22'3
< — nggpfkgz — 7Wf3Wf3 ;3 )\$1JI; WCBWC3
Ke min 1
_(K’GB_ 23)>\\PJ3W W 523 +O'3
(72)
where 03 = §5%5 + Zeatraa Wil 0T Wi, + 1432 +

%W;ﬁg W;f3 is bounded, and there exists a positive constant
T3 that ensures the existence of |o3] < T3. Additionally,
AN represents the minimum eigenvalue of W 307,

\I/,jg J3

B. Stability analysis

Theorem 1 The fixed-time optimal control strategy
proposed in this paper is applied to HSCS (3), where
the adaptive laws of neural parameters, critic and actor
are (46), (65) and (24), (47), (66), and (25), (48), (67),
respectively. The optimal virtual controller are (23), (45),
and the fixed-time optimal control actuator is (64). Thus,
this control strategy can ensure that all control signals in
the closed-loop system are bounded in fixed time, and
simultaneously achieve the optimization of each subsystem.

3
Proof: Construct a Lyapunov function V = ) V;, and
i=1
by integrating the preceding steps, we can compute

3 3

3 3
—Z c,;z?pfz kiz?qu By VVfZVVf7
P = p

=2 =1

Rei

3
m1n cz _Z ’Qaz_@ )\mmWTWaz +Z o
i=1
(73)
By virtue of Lemma 1, the following operations can be
carried out

o 3 P
Rf 1~T_~ | _Ffa1—q
2 (Z 2WfZWfl> 2

=2

3 q
1~ 7ro=

=2

3
Kfi ~m ~
=D W <~

=2

3 3
ol % 1\ R
_ ci AmmWTWcz <_ 7”7’1? i _7031—‘1
Z: 2 i - 2 (ZZ:; 3 ¢ > 2
3 1 a
-1 =z ~ci
X < E me W + ow.

i=1

, (7%)
=1 .
<Z az) + ow,
(76)

where Ky = min{kys;,1 = 2,3}, ke = min{ﬁci)\‘\},li?,i =

1,2,3} and R, = min{(2kq; — nci))@‘}‘;,i = 1,2,3}.

Furthermore, there are three unknown constants ty;, fic; and

Jhai, With |Wﬂ| < Wi, Wm| < pte; and |WM\ < Wai-
Substituting (74)-(76) into (73) yields

V<—aVP—bVi+tec (77)
where a = miI}{Qch %,%,X—;,i = 2,34,b =
min{2%i,g3:4,%31 Xagl=aj =123 },c — ow, +

ow, + ow, + > 7.
1=0

The proof of Theorem 1 is completed.

IV. SIMULATION EXAMPLE

To verify the effectiveness of the control algorithm
proposed in this paper, numerical simulation verification was
carried out with the aid of MATLAB. The parameters used
in the simulation process are summarized as follows:
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The corresponding process parameters in the
electro-hydraulic control cylinder system of the hydraulic
support are m = 300kg, B = 1000N/(m - S™1),
Ay = 1.92625 x 1072 m?, Ay = 9.4514 x 1074 m?, p, =
2 x 107 Pa, p, = 0, kok, = 8.9 x 1078m3/(s - V - /Pa),
Be =Tx10% Pa, Cy = 4 x 10713 m3/(s - Pa).

The control parameters are designed as c; = 14, co = 16,
C3 = 18, kl = 20, k’z = 18, k‘3 = 16, Rf2 = 15, Rf3 = 20,
Kel = Kea = Keg = 10, Kg1 = Ka2 = Ka3 = 12, p = 99/101,

g = 102/99.
The initial values are set as §1(0) = &(0) = £3(0) =
0.2, Wpa(0) = Wp(0) = [0.2,...,02]"7 e RO,

Wi (0) = Wai(0) = [0.5,...,05)7 € R6XL Woy(0) =
Wa2(0) = [0.4,...,0.4]T € ROXL, We3(0) = W,3(0) =
[0.4,...,0.4]T € RO*L,

The simulation results show that the dual neural network
structure based on the actor-critic framework proposed in this
paper can quickly evaluate the value function of the current
control strategy, generate adaptive control law compensation
terms, and dynamically adjust the control gain of the system
online, while achieving fixed-time stability of the hydraulic
support cylinder system.

Figures 2 and 3 indicate that this control strategy can
ensure that the electro-hydraulic control cylinder system of
the hydraulic support has excellent tracking performance.

Figures 4-6 demonstrate that the critic adaptive law, actor
adaptive law, and optimal controller designed in this paper
can all converge rapidly and remain stable to achieve the
optimal state of the system.

V. CONCLUSION

This paper constructs the dynamic system of the
hydraulic  support electro-hydraulic control cylinder,
integrates reinforcement learning technology with fixed-time
algorithm theory, and proposes an adaptive fixed-time
optimal control strategy. This strategy designs an adaptive
controller using the simplified optimal backstepping method,
ensuring performance optimization for each subsystem
while guaranteeing that all signals in the closed-loop
system stably converge within a fixed time. Simulation
results demonstrate that the proposed method significantly
enhances the robustness and convergence efficiency of the
system, thereby verifying the effectiveness and engineering
feasibility of the control strategy. This research provides
theoretical support and practical solutions for optimizing
the performance of the Hydraulic Support Control System
(HSCS) and can be further extended to application
verification in complex industrial scenarios in the future.
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