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Abstract

This paper investigates the problem of non-fragile state estimation for a class of reaction-diffusion genetic regulatory
networks with mode-dependent time-varying delays and Markovian jump parameters. First, the Markov chain with
partially unknown probabilities is used in this paper to describe the switching between system modes, which can
make the model more generalizable. Moreover, considering the possible gain variations, we design a non-fragile state
estimator that makes the estimation performance non-fragile to gain variations, thus guaranteeing the estimation
performance. Sufficient conditions that ensure the asymptotic stability of the estimation error can be derived by
using the Lyapunov stabilization theory and several inequality treatments. Finally, a simulation example is presented
to demonstrate the effectiveness of the proposed estimator design scheme.

Keywords: Non-fragile state estimation, reaction-diffusion genetic regulatory networks, mode-dependent time-varying
delays, partially unknown probabilities

1. INTRODUCTION

Recently, genetic regulatory networks (GRNs) have gained significant interest in the fields of biology, mathe-
matics, and medicine!'~*]. This is because mathematical models of GRNs can describe the complex dynamic
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behaviors and mutual regulation of mRNAs and proteins within genes during transcription and translation.
The models describing GRNs are mainly classified into two types: Boolean models % and differential equa-
tion models/”). In the Boolean model, the state of the gene is viewed as either on or off. The differential
equation model can describe the regulatory relationship between mRNAs and proteins in detail and accu-
rately. Therefore, differential equation models are more suitable for modeling GRNs than Boolean network
models.

The diffusion phenomenon is widespread; e.g., molecules propagate in the air, and mRNAs and proteins dif-
fuse orderly within genes. However, in!®?), the authors default that mRNA and protein concentrations are
uniformly distributed in space, which does not consider the existence of diffusion phenomena, making the
constructed model inaccurate. Therefore, this paper introduces the reaction-diffusion term in the GRN model.
During the modeling process, in addition to taking the diffusion phenomenon into account, it is crucial not to
ignore the significance of time delay. This is because delay phenomena are present in the process of gene ex-
pression and demand attention. Based on the above analysis, we incorporate time delays in reaction-diffusion
GRNs (RDGRNs)[10-13] - p[13]] Zhang et al. constructed RDGRNs with constant delays. However, since
constant delays cannot accurately describe the gene regulation process, many scholars investigate GRNs with
time-varying delays[*~'¢]. Furthermore, compared with common time-varying delays!'”, mode-dependent
time-varying delays can reduce the conservativeness of the stability criterion. Thus, Tian et al. in!'®! focused
on the stability analysis of Markovian jump neural networks with mode-dependent time-varying delays. To the
best of our knowledge, there has been no relevant research on RDGRNs with mode-dependent time-varying
delays, which is one of the motivations for this paper.

For RDGRNSs with time-varying delays, the mode of the system may switch when there are mutations in the
gene sequence or changes in the external environment, and the probabilities of switching are described by the
Markov chain ['*-2!). Thus, the investigations of RDGRNs with Markovian jump parameters and time-varying
delays have received much attention *>2?]. For example, in>*}, Zou et al. studied the robust stochastic stability
of delayed RDGRNSs with Markovian jump parameters. However, it is known that the switching probability of
the system is difficult to obtain. Yet, in[?*l and [2°), the authors have assumed that the switching probabilities
are completely known, which is not realistic. Therefore, it is worthwhile for Markovian jump RDGRNs with
partially unknown transfer probabilities >5-2% to be further scrutinized.

So far, for some applications of RDGRNS, it is a prerequisite to know the exact concentrations of mRNA and
protein within genes. Nevertheless, due to the specificity of RDGRNs and the cost issue, the mRNA and protein
concentrations are often only partially available, so it is extremely investigative to utilize the partially available
state information to estimate the system state. In research on state estimation of RDGRNs[29-311 there are
defaults that the estimator parameters can be executed exactly. However, in general, the parameters may be
perturbed to some extent due to factors such as component aging and internal noise, leading to system vulner-
ability. Therefore, some scholars have begun to focus on the non-fragile state estimation and synchronization
of GRNs, and several results have been achieved *2-34], For example, Li et al. in [32] investigated the issue
of non-fragile state estimation for delayed GRNs. Nevertheless, the design of non-fragile state estimators for
RDGRNSs has not been investigated, which is another research motivation for this paper.

In light of the above discussion, this work studies the non-fragile state estimation for Markovian jump RDGRNs
with partially unknown transfer probabilities and mode-dependent time-varying delays. The main innova-
tions of this paper are as follows: (1) The reaction-diffusion term, mode-dependent time-varying delays, and
Markovian jump parameters are considered in the model, which makes this model investigated in this paper
more generalized compared to the existing studies on GRNs#l; (2) The partially unknown transfer probabil-
ities [2°! are used in this work, which is more realistic compared to Markovian switching, where the transfer
probabilities??) are fully known; and (3) The estimation performance of conventional state estimators > is
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affected when facing cases such as component aging and internal noise, whereas the non-fragile state estimator
designed in this paper for RDGRNs makes the estimation performance non-fragile to gain variations.

Notations: R"™" denote the space of n X n real matrices, col(-) denotes the column vector, diag(-) indicates
the diagonal matrix, and sym{M} = M + M7; ( 8hq)nxn represents the n X n matrix consisting of the elements
8hqs © denotes the set {v; <y < v»}. In addition, this paper uses the following abbreviations: 7i2), = i1, (x, y),

ﬁh é ﬁh(st)ym é m(st)’ﬁ é ﬁ(X,Y)’ Lm é Lm('xsy)’ L[J é Lp(x,Y)ﬂ’h é ”h(xty)’ andﬁ é ﬁ(x’y)

2. NETWORK MODEL AND PRELIMINARIES
Consider the Markovian jump RDGRNs with mode-dependent time-varying delays as follows:

driny, 8%, R _
ekl 6y21 — bhpeo)hith + Z 8hgen)€q(Pg(x — g(x)(x),y)) + O,
4= (1)
opn _ 0*pn - o 5
xSy T bie(0) P+ 8he(nMn(x = Be(x) (X), ),

where the border and initial conditions are given as follows:
mp=0,y€dQ, xe[-f,+0), ) =¢(x,y), y€Q, x € [-f,0],
pr=0,y€0Q, x € [-a,+), pp=0(x,y), y € Q, x € [-,0], (2)

in which 7 = 1,2,...,n; 0Q indicates the boundary of Q, ¢(x, y) and 6(x, y) denote the initial conditions of
my, and py, respectively. /iy, and jj, are the mRNA and protein concentrations; x and y € Q denote time and

space position, respectively; &, (p,) denotes the monotonic feedback regulation function, which is described
(P2 yHq

in the form &,(p,) = H(y‘,’,w, where H, is the Hill coefficient representing the degree of cooperativity, o, is
Qq

a positive constant, and g = 1, ..., n; the meaning and form of &, () are explained in detail by[35‘37], so they

are omitted here; 6, = ¥ ,c,, g,’;q’g(x), and py, is the set containing all the repressors of gene /; a,(y)(x) and

Be(x) (x) are time-varying delays that satisfy the following conditions

0< Qg (x) (X) < g (x)> ds(x)(x) < ll’l,s(x) <I,0< ,Bs(x)(x) < ﬁs(x)» Bs(x)(-x) < wZ,e(x) <1, (3)

with known scalars @, (x), Be(x)> ¥1.6(x)> and Y2 4(x). en and e, represent the diffusion rate; by, . () and Bh,g(x)
denote the mRNA and protein degradation rate, respectively; g o(») indicates the translation rate; G () =
(ghq,a(x))an with

gzq,g(x), if ¢ is an activator of gene #,
8hg.e(x) =10, if there is no link between gene ¢ and 4,
= 8hg.ex)’ if ¢ is a repressor of gene A,

denotes the coupling matrix, and Ehg.e(n) 1S the dimensionless transcriptional rate.

Define e(x) € U £ {1,2,...,U}(¢r > 0) to be a Markov chain, the corresponding transfer probability matrix
[T %= (map)uxw is given as
mapAt +0(A1),  a # b,

Prob{e(t + At) = b =q) =
rob{e( ) | e(x) = a} {1+7rabAt+O(At),a:b,
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U
where At > 0, Alimo O(AAIZ) = 0, mgp is the transfer probability from mode a to b, and 7,y = - 3,  74p. More-
r—

a=l,a#b

over, the transfer matrix with partially unknown probabilities can be expressed as

T 7 ... ?

my 7 U @
4

Tyl ?7 ... Tyu

A

where “?” represents the unknown transfer probabilities. Define R¢ = {b : 7w, is known}, R, = {b :
Tap is unknown}, and R £ RE + R4 .

Let m*(y) = col (i} (y),m5(y), ..., m;,(y)) and 5*(y) = col (57(y), p5(¥). . ... p;(y)) be the unique equilib-
rium point of the system (1), that is

8% (y) 2
0= eha—y’g =~ bhs My (9) + D hg.etoa (55 () + On,
g=1
’pr(y) . .
0= e_ha—f]z - bh,s(x)ﬁh(y) + g_h,s(x)ﬁlh(y)-

Define m, = iy, — 1ty (y) and py = pi — pj (y), the system (1) is converted into

A d*m _ -
o=k ayr By + Gy f(P(X — () (X), y)),
; y? (5)
0p _z0p 5 . &
—ax ZEg —Bg(x)p+G8(x)m(x_BE(X)('X)7y)’

where

m = col(my,my,...,m,), E =diag(ei, ez, ...,e,), Byx) = diag(bi g(x), b2,6(x)s - - - > Pne(x))

p =col(pi, pa.....pn), E =diag(ér,é,....2,), Bex) = diag(bye(x)» boex)s - - -+ buen)s
Gy = diag(Zrew)s - - -+ Ene)» Su(Bn(x = Qo) (%), ¥)) = En(Pa(x = @o() (0), ) + P (1)) = (55 (),
F(P(x = @e(x)(x), y)) = col(f1(P1(x = @e(x) (%), ¥)), f2(P2(X = @ea) (), )5 - -+ fu(Pn(X = @) (%), 1))

Additionally, the measured outputs of (5) are

Ly =N, L,=Np, (6)

where N € R and N € R™" are known matrices; L,, and L, represent the measured outputs of mRNA
and protein, respectively.

To estimate the states of (5) by using the measured outputs in (6), one can construct the estimator as follows:
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om  _0%m . . .
—=E— - Bs(x)m + Gs(x)f(p(x — Qg(x) (x)» y)) + (Kl,s(x) + AKl,s(x))(Lm - Nm)»

ox dy?

0 o ) ) (7)
o Ea—y2 = Be)P + Go(oy(x = Box) (x), ¥) + (Kap(x) + AK2 () (Lp — NP),

where 71 and p represent the estimations of 7 and p, K 4(v) and K» 4(y) are the estimator gain matrices, and
AK ¢(x) and AK; (y) denote the gain perturbation, which takes the following form:

AI{l,s(x) = Al,a(x)Al,a(x) (x)Cl,s(x)’ AKZ,&(x) = A2,s(x)A2,s(x) (x)CZ,s(x)s (8)

where Aj ¢(x), Cle(x)> Aze(x)> and Co z(y) stand for the given matrices; Ay o(y) (x) and Ay 4(y) (x) are unknown
matrices satisfying Af’g(x) (X)A1 g (x) < Tand A;g(x) (X) A2 ¢(x)(x) < I, respectively.
Sete(x) = a,we denote B, 2 Be(x), Gy 2 Ge(x), @ 2 Qex)> Ba 2 Be(r)» Ga 2 Ge(x) Ba 2 Be(x) Kaa 2 Kaex)»
AKy, = AKd,a(x)a Aga = Ad,s(x)» Nga = Ad,s(x)) Cia = Cd,s(x)a (d =1, 2) Define Gm =m — 7 and ¢p =p- ]5
to be the error state vectors; based on (5)-(7), the following error system is derived,

a m 62 m

% =E ajz - Bu¢m + Gaf(¢p(x - a’a(x)7 y)) - (Kla + AKlu)W(pm,

o, _0%¢, - - _ ®)
W = Ea_yz —Bydp + Gapm(x = Ba(x),y) — (Kag + AK2a)W¢p’

where f(4,(x = @a(x),y)) = f(P(x = @a(x),¥)) = f(P(x = @a(x), y))s m(x = Ba(x), ) = m(x = Ba(x),y) =
m(x = Ba(x), ), AK1a = A1aA14(X)Cla, and AKoy = Az A2q (X) Cog-
Because fj,(-) is a monotonically increasing function, which satisfies the following inequality

Ogﬁ‘—(z)sﬂh,‘v’zio;h=l,...,n, (10)
z

where 9, is a known positive real number.
The following lemmas are important tools for obtaining the principal results of this article.

Lemma 1.8 Assume 7 > 0 € R™" and the function £ € H'([r1,r2]) satistying £(r1) = 0 or £(r2) = 0, then

r 4 _ 2 r .
/ ey < 20 / () By dy.

Further, if £(r;) = £(r;) = 0, one has

&) ry—r 2 r .
[ eomemay < 2 [T i) i

r

Lemma 2.>*) With real matrices H and J of appropriate dimensions, the inequality satisfies

HIJT +JH" <y '"HH" +yJJT,
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where v is a positive scalar.

Lemma 3.[%) The existence of matrices ¥ = W1, H and J of appropriate dimensions, then
¥+ HA(x)J + H'AT(x)JT <0,

for all satisfying AT (x)A(x) < I, the sufficient condition for A(x) to hold is the existence of a positive constant
v such that the following equation holds:

¥+y 'HH  +yJTJ < 0.

3. MAIN RESULTS

For this section, establishing new criteria by choosing appropriate Lyapunov-Krasovskii functionals (LKFs),
which assures that system (9) is asymptotically stable.

Theorem 1. Given constants 14, 24, @, matrix N, and estimator gain matrices K, and K»,, the system (9) is
asymptotically stable if there exist positive matrices Py, Fi, Oy, (I = 1,2) with suitable dimensions, symmetric
matrices W, € R and W, € R™", and the diagonal matrix R; > 0 € R, which makes the below linear
matrix inequalities (LMIs) feasible:

Y +¥, + P <0, (11)

Py +W, <0, P2h+Wa <0, VbG%zr, a#b, (12)
where

Wy =sym{Z] Prale + 3 Paalr} + 4] D man(Pio + W) 1+ 83 D man(Poy + Wa) o + L Fiy + (3 ol
b=RE h=R&

— (1 =420 3 1 — (1 = Y1) 4 Foda + sym{ZE Ry (N = £5)},
2
¥, = - sym{{{ Q1B.{1} - sym{d%QlEm — sym{¢] Q1Bal6} + sym{{] Q1Guls} — sym{¢] 0146}

+ sym{§§Q1Ga§6} _ sym{§6TQ1§6} _ sym{g“lTQ1K1aN§1} - sym{é’lTQlAKlaNél} - Sym{ngQlKlaNgﬁ}
— sym{Z{ Q1AK 4N {6},

2
¥; = — sym{¢ Q2B Lo} — sym{¢T %Qzégz} — sym{{; Q2B,47} + sym{(3 02G a3} — sym{Z; 0247}

+sym{Z1 02G &7} — sym{{d 0247} — sym{ (s Q2KouaNEo} — sym{d Q2AK2 NEo} — sym{Z) Q2Kao N7}
— sym{{] 02AK2 N7},

where Yia = lﬁl,&(x): Voa = 'ﬁZ,s(x)» N = diag(Nl,NZs cee ,Nn)’ w =V)y =V and év = [On,(ufl)n I, 0n,(77v)n]:
(v=1,...,7).

Proof. Construct the LKFs for the system (9) as follows:

V(x) = Vi(x) + Va(x) + V3(x), (13)
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where

Vi(x) = / b Pradmdy + / ¢ Prapdy.
0 T
Vz(X)—/—Q E%dw/%mé%dy,
Q 0y y
Vs(x)=// ¢m(z,y)F1¢m(z,y)dzdy+// ¢y (2,3 F26) (2, y)dzdy.
Q Jx—P4(x) Q Jx—ay(x)

The time derivative of V(x) is calculated as follows:

= wPla——d ab G P1odmd 2/ T Pra—2d / @ Pappdy, (14
Vi(x) 2/Q¢mP1 I y+/gbzz;ﬂ bPm P1oPmdy + Q¢,, 2a— Ay + Q[Z/T b9, Popdpdy,  (14)

. 82¢7 ” ¢l _d
Va(x) =2 /Q ay‘g QlEaaid 2 /Q ay‘;;QzEaiypdy, (15)
V3(x) :‘/Q¢;71;F1¢mdy - (1 —Ba(x))/gd;,(x _ﬁa(x)s y)Fl¢m(x _ﬁa(x)’y)dy
" /Q o Fagpdy — (1 - (1)) /Q O (¢ — (). ) Fap (x — aa(x). y)dy
< / oF Fimdy — (1 - 02g) / O (5 = B (), ¥)Fy b (5 = Ba(), ¥)dy
Q Q

" /Q o Faydy — (1 - 1) /Q O (x = 0 (), Y) Fay (x — aa(x). )y,

(16)
According to (9), the following is obviously true

2
0= 2/ (¢m (y%) 01 [ - % + Eaa‘f)zm —Bypm + Gaf(¢p(x —ay(x),y)) — (Kia + AKla)N¢m]dy,

_ a¢p\" dpp ¢y -
0=2 ¢p+_ 02| - _x+E ay? -B ¢p+G Gm(x — ﬁa(x)’y)_(K2a+AK2a)N¢p dy. (17)

According to the definition of the transfer probability matrix (4), for symmetric matrices W, € R™" and
W, € R™" one gets

U U
0= T Watbm, 0= > 7ar¢yWashp, Va € U.
b=1 b=1

(18)
Based on (17) and the boundary conditions (2), using the integration by parts, one can get
2 m 0 0 m
/¢mQ1E ¢ =—2/ ﬂQ E2n gy, (19)
Q dy
and
_0%¢ apy, 09
2 [ ¢T0EZ Ly = 2 —” EL 20
/Q%Qz oy dy 0> 2y dy. (20)

Following (19) and (20) and applying Lemma 1, we can derive that

Q

2
2”—2/¢§1Q15¢m+¢IT,QzE¢pdy. (21)
o Jo
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From (17) and the boundary conditions (2), we have that

2 2
2 %Q E(9 ¢md =-2 6¢’"Q 0¢m (22)
Q dy? Q E)yﬁx
and
92 _9?
/—Qz ¢”d = /&Qz ¢” (23)
Q (9y(9x
Based on (10), for arbitrary diagonal matrix R; > 0, one obtains
0<2f (¢p(x = @a(x), y)I)RING, — f(p(x — @a(x),¥))). (24)
By combining (14)-(24), it can be proved that
V00 < [ ) (0 + W+ )y
Q
+/ Z ”ab(p;(Plb + Wu)¢m + Z ﬂub¢IT)(P2b + Wa)¢pdy’ (25)

@ p=xs, b=R4,

where f(-x’ y) = col (¢m» ¢p’ ¢m(-x _,Ba(-x)9 y)’ ¢p(-x - aa(x), y)’ f(¢p(x - aa(-x)s y))s a[;L):n’ %)

Therefore, combining the above analysis, one can conclude that the error system (9) is asymptotically stable.
The proof is complete. m

Having performed the stability analysis in Theorem 1, we will deal with the design of a non-fragile estimator.
The following theorem gives a solution for designing a non-fragile estimator.

Theorem 2. Given positive constants 1, Y24, @, 1, 2, and matrix N, the error system (9) is asymptotically
stable if there exist positive matrices P4, Fi, Oy, Ia, (I = 1,2) with suitable dimensions, symmetric matrices
W, € R™" and W, € R™" and the diagonal matrix R; > 0 € R"™", which makes the below LMIs feasible:

¥ yiA. CT Ay CL
* —’)/11 0 0 0
x o« -yl 0 0 | <0, (26)
* * * —yal 0
* * * * —yal
T
where ¥ =¥, + ¥ + W), A, = | -AT QT 0 0 ... o} ,Claz[CMN 00 ... 0 CuN Of,

6 times 4 times
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T
Ay =10 —-ALOF 0 0 .. 0],%:[0 CouN 0 0 ... 0 CyN|,and
S— S—
5 times 4 times

W) =sym{{] Piale + O Paalr} + {1 Z Tap(P1p + Wa) 1 + & Z Tap(Pop + W) o + L F1 &1+ O B2
p=Ra p=R4

= (1 =y2a) 3 F1&s = (1 = 1) Fada + sym{ZE R1(NZa = £5)},

Wi = - sym{{{ Q1B.1} - sym{d;—ZQlEm — sym{¢{ Q1Buds} +sym{¢] Q1Gals} — sym{¢{ 0146}
+sym{Z 01Gals} — sym{Zg 146} — sym{{[T1aN{1} = sym{Z[T1aN e},

W, = - sym{Z] 02B.ln} — sym{Z] ;—ZQZE@} —sym{Z; Q2B {7} +sym{{] 026G uls} — sym{{] 0a2¢7}
+sym{¢3 02Gad7} = sym{¢7 Qad7} — sym{{; TauaN G} — sym{Z; DoV g7}

Furthermore, the other parameters are consistent with Theorem 1, and the estimator gain matrices are obtained
bY K, = QIlrla and K, = Q;ll—‘Za-

Proof. Based on (8) and the proof procedure of Theorem 1, one obtains that

O =% +A1,A1,C1o +CT AT AT + Ayy Ay Coy +CL AL AT <. (27)

Since Afa (x)A1q(x) < I'and Aga (x)A24(x) < I, by using Lemma 2, one obtains

A1aA1,Cra +CLAT AT < y141,AT +97'CT Clas (28)
and

ANy Coy + C;FuAgaA;Fa < 72A2aA;Fa + yglcgqu. (29)

According to (27), (28), and (29), by using Lemma 3, we can get

O < W +y1A1AL, + 71 'ClaCl, +7280,A), +75'C2,C), <0, (30)

where A}, Ay, Ciy, and Cy, are already given in the statement of Theorem 2.

By combining (14)-(24) and (27)-(30), it can be proved that
V(x) < /Qé’T(x, V(P +y1A1AT, +97'ClaCl, + 242047, +75'CoC, ) E(x, y)dy

* /Q D Tarbn Py + Wb+ D Tandy (Pay + Wa)dpdy, (31)

b=RY, b=R&,
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Table 1. The mode-dependent time-varying delays and related parameters

@q(x) Ba (x) @  Pa Ve Y2u

0.6
0.8

0.5
0.7
0.9

03 0.25
04 035
0.5 045

a=1 03+03sin(x) 0.25+0.25sin(x)
a=2 04+04sin(x) 0.35+0.35sin(x)

a=3 0.5+0.5sin(x) 0.45+0.45sin(x) 1

O¢m 0dp
ox ° Ox

where [(x’ y) = col (¢m’ ¢]7’ ¢m(-x _Ba(x)’ y)? ¢p(x - aa(x)’ y)? f(¢p(x - a’a(x)’y))’

Schur’s complement, which can convert the inequality (30) into (26).

), we employ

Combining the above analysis, we can conclude that the system (9) is asymptotically stable when the inequal-
ities (12) and (26) hold. The proof is complete. m

4. SIMULATION EXAMPLE

In this section, a numerical simulation is provided to illustrate the validity of the theoretical results in this
paper. The corresponding parameters of the system (1) are selected as:

[0.74 0 0 ] (069 0 0 ] 071 0 0 ] (1.0 0 0]
Bi=| 0 072 0 |,Bo=|0 075 0 |,B3=|0 074 0 |,N=|0 08 0],
| 0 0 0.65] L 0 0 0.71] | 0 0 0.67] |0 0 1.1
(075 0 0 ] 077 0 0 ] 072 0 0 ] 1.1 0 0]
Bi=|0 069 0 |,Bb=|0 071 0]|,B3=|0 076 0| ,N=|0 13 0],
| 0 0 0.62] | 0 0 0.68] | 0 0 0.72] |0 0 0.9]
[0.49 —-0.29 0.43] 0.53 -034 042 0.55 -0.36 0.41
G =(-052 091 063]|,G,=1]-0.52 094 061]|,G3=[-0.53 097 0.67 ],
| 0.51  0.34  —-0.62] 0.53 031 -0.63 0.56 037 -0.68
07 0 0 (06 0 0 05 0 0 015 0 0
G 0 07 0/,Go=|l0 06 0]|,Gz=|0 05 Oof|,E=|0 016 0 |,
L0 0 06 [0 0 06 0 0 05 0 0 0.13
02 0 0
E=|0 021 0
L0 0 0.19

The selection of the transfer matrix with partially unknown probabilities is shown below:

II =

-0.8
?

0.8

05 03
-1.0 ?|;
? ?

based on the above transfer matrix, the process of switching between modes is shown in Figure 1.

The mode-dependent time-varying delays and related parameters are shown in Table 1.
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Figure 1. Switching Modes of the system.
The parameters of the estimator gain perturbation are chosen as:
(025 0 0 ] [0.31 0 0 ] (035 0 0
A= 0 016 0 |,Ap=|0 018 0 [,A3=] 0 025 0
| 0 0 0.19] | 0 0 0.23] | 0 0 0.25]
(033 0 0 ] [0.28 0 0 ] [0.26 0 ]
A= 0 026 0 |,Ap=|0 022 0 |,A3=|0 019 O
| 0 0 0.18] | 0 0 0.17] | 0 0 023
[0.55 0 0 ] (035 0 0 ] (042 0 0
Ch=|0 045 O [,C2=| 0 031 O [,Cz=|0 033 O
| 0 0 0.45] | 0 0 0.31] | 0 0 0.35]
(045 0 0 ] [0.38 0 0 ] [0.51 0 0 ]
Cy=|10 03 0 [,Cnp=|0 032 0 [,Cz=|0 043 O
| 0 0 0.35] | 0 0 0.35] | 0 0 045
sinx 0
Aag(x) =Aye(x) =] O sinx 0 |,a=1,2,3.
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Lety; =2, =0.5, @ = I, N = 0.65]3, and regulation function f(e) = %, by solving the LMIs in Theorem 2,
it can prove that the LMIs (12) and (26) of this paper are feasible; the estimator gain matrices are derived:

K

K>

[ 0.9024

= [-0.3080

-0.1623
[0.9036

=|-0.2972

-0.1473
[0.5541

= |-0.2766

|-0.1444

-0.4021
2.1696
-0.3567

—-0.4430
2.2427
-0.3743

—-0.4042
1.6326
—-0.3375

~0.1306]
~0.2721
1.1212 |

~0.1300]
~0.2630
1.0542 |

~0.1278]
~0.2426
0.7699 |

, Koy =

, Koo =

, K3

[0.0671
~8.5686
|—5.7549

[0.0703
~7.5068
-3.7345

[0.0110
~6.2536
—5.7068

-9.0706
0.0830
-5.9144

=7.1541
0.1065
-5.1003

-6.1614
0.0032
-2.1649

~5.7745)
~4.1928
0.0639 |

~3.5354]
-3.5237
0.1021 |

—4.1572]

-1.0914] .

~0.0302,

Based on the obtained estimator gain matrix, Figures 2-5 illustrate the simulation results we obtained. Fig-
ures 2 and 3 demonstrate the estimation errors for mRNA and protein, respectively. To observe the trend of
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Figure 2. The evolution of MRNA estimation errors.
0.6 - 0.6 0.6

X (sec.)

X (sec.)

Figure 3. The evolution of protein estimation errors.

the estimation errors more clearly, we take the spatial point at y = 0.2 as the example and display the trajectory
plots of the estimation errors of mRNA and protein in Figures 4 and 5, respectively. The above simulation re-
sults show that the estimation errors are asymptotically stable, thus proving the effectiveness of the non-fragile
state estimator designed in this paper.
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Figure 4. The trajectories of mMRNA estimation errors ¢,.;, h = 1,2, 3.
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Figure 5. The trajectories of protein estimation errors ¢, h =1,2,3.

5. CONCLUSIONS

This paper has investigated the non-fragile state estimation for Markovian jump RDGRNs with mode-dependent
time-varying delays. Moreover, the switching topology of the system satisfies the Markov chain with partial
unknown transfer probabilities. By utilizing the suitable LKFs, sufficient conditions that guarantee the asymp-
totic stability of the error system were established. Ultimately, a numerical example was used to demonstrate
the validity of the designed non-fragile state estimator. Nonetheless, some limitations of this paper still exist.

For example, the measurement methods adopted in this paper are costly and challenging to implement. There-
fore, we will employ point measurements to reduce the measurement cost in future work.
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