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Abstract: This paper focused on the direct data-driven set-point tracking control problem of linear
discrete-time systems with input time-delay. First, a tracking error was introduced by constructing
an extended state vector through state reconstruction to generate a data-driven model. Second,
a data-based tracking controller was designed with the objective of minimizing the L2 gain from
disturbances to the performance output through H∞ control, thereby reducing the impact of input
delay and disturbance and ensuring asymptotic tracking stability. Finally, to validate the effectiveness
and practicality of the proposed method, this paper took an autonomous direct current (DC) micro-
grid with two distributed generation units as the research object. Through simulation results, the
effectiveness of the data-driven method in addressing set-point tracking control issues for time-delay
systems was demonstrated.
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1. Introduction

In the industrial sector, traditional modeling methods based on first principles or recognition face
numerous challenges. As production technologies advance, actual processes become increasingly
complex, significantly increasing the difficulty of modeling. Additionally, traditional model-based
control (MBC) theory [1] struggles to model dynamic and complex systems, resulting in poor safety
and robustness. However, modern industrial processes generate vast amounts of data containing
valuable information. Against this backdrop, data-driven control (DDC) has emerged [2]. DDC
eliminates the reliance on precise models, effectively addressing the system’s nonlinearity,
time-varying characteristics, and uncertainty, while also being easy to implement. Therefore, in the
development of control theory and technology, the transition from traditional model-based control
methods to DDC methods has become an important research direction.
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DDC, as an interdisciplinary field bridging data science and control engineering, originated from
breakthroughs in computer science. The rapid development of various learning methods, such as
reinforcement learning [3] and vehicle control [4], has provided control systems with novel data
processing and decision-making approaches. However, robust controllers are essential for ensuring
system stability. Consequently, the field of DDC has recently shifted its focus toward developing
controller synthesis methods rooted in traditional control strategies. In recent years, this approach has
yielded significant research results in the field of linear system control. Scholars typically assume that
the underlying system follows linear dynamic characteristics and use this as a basis for analyzing
collected data. Additionally, they fully consider practical factors such as noise interference to
construct a DDC framework capable of achieving robust control. Recent research outcomes include
data-driven predictive control [5–7], piecewise affine systems [8], state feedback and optimal
control [9–12], among others.

In the field of automatic control, tracking control occupies a central position [13, 14]. Its core
objective is to design control laws that drive the output or state of the controlled system to precisely
and robustly follow a predefined desired trajectory or set-point. However, achieving
high-performance tracking control presents numerous challenges, including system model
uncertainty, unknown external disturbances, and time delays, all of which can significantly impact
tracking accuracy and complicate system dynamics. To address these challenges, researchers have
drawn inspiration from classical control theory [15, 16], modern control theory [17, 18], and DDC
methods such as linear quadratic tracking (LQT) [19] to develop systematic design frameworks.

On the other hand, research on time-delay systems (TDS) poses certain challenges for data-driven
methods. Unlike constant delays, time-varying delays introduce dynamic uncertainty, significantly
complicating stability analysis and requiring controllers to adapt to time-varying parameter changes.
Although MBC methods [20, 21] for time-varying delays are relatively mature, their corresponding
data-driven methods remain underdeveloped. Many data-driven strategies for systems with time delays
assume that the delay is known or fixed [22, 23], thereby limiting their applicability to systems with
unknown, complex, or time-varying delay patterns. Compared with the above studies, [9] demonstrated
achievable performance under uncertain or rapidly varying delays. This result extends the applicability
of data-driven control to a broader class of delay systems and motivates the present work.

To the best of the authors’ knowledge, data-driven tracking control subject to uncertain input delays
and disturbances has rarely been studied. Inspired by [9] and [19], we focus on the research of DDC
based on set-point tracking in linear discrete-time (LDT) systems with input delays. Specifically, the
following contributions are derived:

(1) Different from [5, 8, 11] where the data-driven stabilization problems were studied, this paper
focuses on a more complex data-driven tracking control problem. We introduce tracking error as
a state variable, expand the initial state equation, and collect state data and input data for the new
state equation.

(2) Based on the collected input and state data, this paper designs a data-driven tracking controller
based on H∞ control. In this case, uncertain input delays and disturbances are considered, which
reduces the impact of the input delay and disturbance and ensures asymptotic tracking stability.

Notations: Let Z and Z+ denote the sets of integers and positive integers, respectively. R is the set
of real numbers, and Rm×n denotes the set of all real matrices of dimension m × n. The superscripts XT

and X−1 indicate the transpose and inverse of a matrix, respectively. The appropriate identity matrix is
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presented by I. ⋆ represents the transpose of the corresponding matrix. For any matrix B, B̄ = P̄2BP̄2.

Table 1. Summary of key symbols used in the equations.

Symbol Description
d(s) Time-varying input delay at sampling time s
d̄ Known upper bound of the delay d(s)
e(s) Set-point tracking error, e(s) = y(s) − θ(s)
K Number of recorded data samples
γ Disturbance attenuation level (L2-gain bound)
η Tuning parameter introduced via P3 = ηP2

K Feedback gain matrix
Q1,Q2 Auxiliary data-based decision matrices
n,m, q Dimensions of the state, input, and output
W0 Combined open-loop data matrix

2. Problem analysis and preparation

Consider the LDT-TDS: ⎧⎪⎪⎨⎪⎪⎩x(s + 1) = Ax(s) + Bud(s)(s) + Dw(s)
y(s) = Cx(s),

(2.1)

where x(s) ∈ Rn is the system state; ud(s)(s) ∈ Rm is the control input with delay d(s); w(s) ∈ Rp is
the system disturbance; y(s) ∈ Rq is the controlled output; s represents the sampling time. Matrices
A ∈ Rn×n, B ∈ Rn×m, and C ∈ Rq×n are unknown. D ∈ Rn×p is known.

Remark 1. For the system, d(s) ∈ {0, 1, . . . , d̄} for s ∈ Z+, ud(s)(s) := u(s − d(s)).

Assumption 1. Controllability holds for the pair (A, B), and observability holds for the pair (A,C).

The reference signal for multi-output set-point tracking is given by a specified constant matrix
θ =

[︂
θ1 · · · θq

]︂⊤
∈ Rq. For consistency,

θ(s) = θ. (2.2)

Remark 2. This paper aims to develop a DDC controller to achieve reference signal tracking, ensuring
the set point tracking error e(s) = y(s) − θ(s) converges to zero as s→ ∞.

Combining Eqs (2.1) and (2.2), define X(s) =
[︂
∆x(s)⊤ e(s)⊤

]︂⊤
, ∆x(s) = x(s + 1) − x(s),W(s) =

∆w(s) = w(s+1)−w(s),Ud(s)(s) = ud(s+1)(s+1)−ud(s)(s). For e(s+1) = e(s)+∆e(s) = e(s)+C∆x(s),
and we can obtain

X(s + 1) = AX(s) + BUd(s)(s) +DW(s), (2.3)

where

A =

[︄
A 0
C Iq

]︄
,B =

[︄
B
0

]︄
,D =

[︄
D
0

]︄
.

Setting K = [K1 K2] with K ∈ Rm×(n+q), we can get

U(s) = KX(s) = K1∆x(s) +K2e(s). (2.4)
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By summing both sides of Eq (2.4) from 0 to s − 1, we obtain

u(s) = u(0) +K1(x(s) − x(0)) +K2

s−1∑︂
i=0

e(i). (2.5)

System (2.3) can be rewritten as

X(s + 1) =
[︂
B A

]︂ [︄Ud(s)(s)
X(s)

]︄
+DW(s). (2.6)

The system data is sampled at discrete time instants and stacked into the following matrix form:

X{0} :=
[︂
X(0) X(1) . . . X(K − 1)

]︂
,

Ud,{0} :=
[︂
U(0 − d(0)) U(1 − d(1)) . . . U(K − 1 − d(K − 1))

]︂
,

X{1} :=
[︂
X(1) X(2) . . . X(K)

]︂
,

where K ∈ Z represents the sample size andUd,{0} ∈ R
m×K , X{0} ∈ R(n+q)×K , X{1} ∈ R(n+q)×K .

Problem 1. Consider system (2.3) with a given delay bound d̄ > 0. For a feedback gain K , we can
obtain the following closed-loop system underU(s) = KX(s)

X(s + 1) = AX(s) + BKXd(s)(s) +DW(s), (2.7)

with the given performance output
Z(s) = LX(s), (2.8)

where Z(s) ∈ Rq and constant matrices L ∈ Rq×(n+q). In this case, given a fixed value of γ > 0, for
d(s) ∈ [0, d̄], this paper aims to obtain a feedback gain K such that system (2.7) is asymptotically
stable whenW(s) = 0; system (2.7) achieves an L2-gain below γ whenW(s) , 0.

The following assumptions underpin this analysis.

Assumption 2.

(1) A and B are constant but unknown matrices.
(2) The upper bound of the input delay d̄ ∈ Z>0 is known.
(3) Ud,{0}, X{0}, and X{1} are available, where K ∈ Z>0 represents the number of recorded samples.

Remark 3. The data collection process is carried out under open-loop conditions, with the control
input generated by a random excitation signal rather than by closed-loop feedback. This avoids the
high correlation among state variables that can arise in closed-loop systems due to the feedback
mechanism. Open-loop random excitation can independently explore different directions of the state
space, thereby ensuring that the data matrix W0 satisfies the required rank condition
rank(W0) = m + n + q. If data collection must be performed under closed-loop conditions, an
additional excitation signal would need to be superimposed to break the state correlation introduced
by feedback.
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Considering the above assumptions, representing the system solely by data, let

W0 :=
[︄
Ud,{0}

X{0}

]︄
∈ R(m+n+q)×K . (2.9)

The open-loop database is represented as

X(s + 1) = X{1}W
†

0

[︄
Ud(s)(s)
X(s)

]︄
+DW(s). (2.10)

It is easy to verify that the system trajectories of (2.10) are equivalent to the ones of (2.3) if W0

satisfies rank(W0) = m + n + q [9]. Meanwhile,
[︂
B A

]︂
= X{1}W

†

0 .
Consider system (2.3) and assumeUd(s)(s) = KXd(s)(s). It is easy to obtain

X(s + 1) =
[︂
BK A

]︂ [︄Xd(s)(s)
X(s)

]︄
+DW(s), (2.11)

and

X(s + 1) = X{1}HK

[︄
Xd(s)(s)
X(s)

]︄
+DW(s), (2.12)

where HK is a K × 2(n + q) matrix which satisfies[︄
K 0
0 In+q

]︄
= W0HK (2.13)

and
Ud(s)(s) = Ud,{0}HK

[︂
In+q 0

]︂⊤
X(s). (2.14)

3. Data-driven stabilization

Theorem 1. Given positive constants d̄, γ and the tuning parameter η, if there exist matrices P̄ > 0,
Ḡ > 0, R̄ > 0, Ḡ12 > 0, and matrices Q1, Q2 with appropriate dimensions guaranteeing the fulfillment
of the following data-based inequality constraints:

Γ̄ > 0, (3.1)[︄
R̄ Ḡ12

⋆ R̄

]︄
≥ 0, (3.2)

where

Γ̄ =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

Ξ̄11 Ξ̄12 −Ḡ12 Ξ̄14 −(LX{0}Q2)⊤ −D

⋆ 2R̄ − Ḡ12 − Ḡ
⊤
12 −R̄ + Ḡ12 −η

(︁
X{1}Q1

)︁⊤ 0 0
⋆ ⋆ R̄ + Ḡ 0 0 0
⋆ ⋆ ⋆ Ξ̄44 0 −ηD

⋆ ⋆ ⋆ ⋆ Iq 0
⋆ ⋆ ⋆ ⋆ ⋆ γIp

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
,
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Ξ̄11 = P̄ − Ḡ + (1 − d̄2)R̄ − X{1}HK

[︄
0

In+q

]︄
P̄2 −

(︄
X{1}HK

[︄
0

In+q

]︄
P̄2

)︄⊤
,

Ξ̄12 = −R̄ + Ḡ12 − X{1}HK

[︄
In+q

0

]︄
P̄2,

Ξ̄14 = d̄2R̄ + P̄2 − η

(︄
X{1}HK

[︄
0

In+q

]︄
P̄2

)︄⊤
,

Ξ̄44 = −P̄ − d̄2R̄ + η
(︂
P̄2 + P̄

⊤
2

)︂
,

with
Ud,{0}Q2 = 0, X{0}Q1 = 0,

and
K = Ud,{0}Q1

(︁
X{0}Q2

)︁−1 ,

then, for the delay d(s) ∈ [0, d̄], system (2.7) is asymptotically stable forW(s) = 0 and achieves an
L2-gain below γ forW(s) , 0.

Proof. Inspired by the procedure of [24], we choose the following Lyapunov-Krasovskii functional:

V(s) = VP(s) + VG(s) + VR(s), (3.3)

with
VP(s) = X⊤(s)PX(s),

VG(s) =
s−1∑︂

j=s−d̄

X
⊤( j)GX( j),

VR(s) = d̄
−1∑︂

m=−d̄

s−1∑︂
j=s+m

ξ⊤( j)Rξ( j),

where ξ( j) = X( j+ 1)−X( j) and P > 0, G > 0, R > 0 are matrix variables which belong to R(n+q)×(n+q).
By calculating V(s + 1) − V(s), the difference equations can be expressed as follows:

VP(s + 1) − VP(s) =X⊤(s + 1)PX(s + 1) − X⊤(s)PX(s),
VG(s + 1) − VG(s) =X⊤(s)GX(s) − X⊤d̄ (s)GXd̄(s),

VR(s + 1) − VR(s) =d̄2ξ⊤(s)Rξ(s) − d̄
s−1∑︂

j=s−d̄

ξ⊤( j)Rξ( j).

Break down the following summation formula into two parts

d̄
s−1∑︂

j=s−d̄

ξ⊤( j)Rξ( j) = d̄
s−1−d(s)∑︂

j=s−d̄

ξ⊤( j)Rξ( j) + d̄
s−1∑︂

j=s−d(s)

ξ⊤( j)Rξ( j). (3.4)
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Applying Jensen’s inequality and the complementary convex method [24], we obtain

d̄
s−1∑︂

j=s−d̄

ξ⊤( j)Rξ( j) ≥
d̄

d̄ − d(s)
[︁
Xd(s)(s) − Xd̄(s)

]︁⊤
R

[︁
Xd(s)(s) − Xd̄(s)

]︁
+

d̄
d(s)

[︂
X(s) − Xd(s)(s)

]︂⊤
R

[︂
X(s) − Xd(s)(s)

]︂
≥

[︄
X(s) − Xd(s)(s)
Xd(s)(s) − Xd̄(s)

]︄⊤ [︄
R G12

⋆ R

]︄ [︄
X(s) − Xd(s)(s)
Xd(s)(s) − Xd̄(s)

]︄ (3.5)

Remark 4. When d(s) = 0, the bracketed term X(s) − Xd(s)(s) = X(s) − X(s) = 0 is identically zero,
not merely a limiting value. Although the denominator d(s) is also zero, the ratio term

d̄
d(s)

[︁
X(s) − Xd(s)(s)

]︁⊤
R

[︁
X(s) − Xd(s)(s)

]︁
is by convention taken to be zero, consistent with the original

sum over an empty index set. Similarly, when d(s) = d̄, the bracketed term Xd(s)(s) − Xd̄(s) is
identically zero, and the corresponding ratio term is taken to be zero by the same convention.
Therefore, inequality (3.5) remains valid for all d(s) ∈ {0, 1, . . . , d̄} without requiring separate
treatment of the boundary cases.

for any G12 ∈ R
(n+q)×(n+q) satisfying [︄

R G12

⋆ R

]︄
≥ 0. (3.6)

Assume that
χ⊤(s) =

[︂
X⊤(s),X⊤d(s)(s),X⊤

d̄
(s),X⊤s+1(s + 1)

]︂
. (3.7)

Using (3.5) and (3.7), we obtain

VR(s + 1) − VR(s) ≤ d̄2ξ⊤(s)Rξ(s) − χ⊤(s)Ξ1χ(s), (3.8)

where

Ξ1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
R −R + G12 −G12 0
⋆ 2R − G12 − G

⊤
12 −R + G12 0

⋆ ⋆ R 0
⋆ ⋆ ⋆ 0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ . (3.9)

Now, considering (2.12) and (2.13), we have

BK = X{1}HK

[︂
In 0

]︂⊤
,

A = X{1}HK

[︂
0 In+q

]︂⊤
,

subject to
0 = Ud,{0}HK

[︂
0 In

]︂⊤
,

0 = X{0}HK

[︂
In 0

]︂⊤
.

Using the descriptor method [24], for matrix variables P2,P3 ∈ R
(n+q)×(n+q), we can obtain

0 = φ1 + φ2 + φ3, (3.10)
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where
φ1 = −2X⊤(s)P⊤2X(s + 1),
φ2 = −2X⊤(s + 1)P⊤3X(s + 1),

φ3 = 2
(︁
X
⊤(s)P⊤2 + X

⊤(s + 1)P⊤3
)︁
X{1}HK ×

(︄[︄
In+q

0

]︄
Xd(s)(s) +

[︄
0

In+q

]︄
X(s)

)︄
.

Then, we rewrite (3.10) in a quadratic form as

0 = χ⊤(s)Ξ2χ(s), (3.11)

where

Ξ2 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
Ξ2,11 P

⊤
2X{1}HK

(︂
In
0

)︂
0 −P⊤2 +

(︂
P⊤3X{1}HK

(︂
0
In

)︂)︂⊤
⋆ 0 0

(︂
P⊤3X{1}HK

(︂
In
0

)︂)︂⊤
⋆ ⋆ 0 0
⋆ ⋆ ⋆ −

(︂
P3 + P

⊤
3

)︂
⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ , (3.12)

Ξ2,11 = P
⊤
2X{1}HK

[︄
0

In+q

]︄
+

(︄
P⊤2X{1}HK

[︄
0

In+q

]︄)︄⊤
.

Now, considering (3.8), (3.11), and incorporating Ξ1 and Ξ2, we derive

V(s + 1) − V(s) ≤ −χ⊤(s)Ξχ(s), (3.13)

where

Ξ =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

Ξ11 Ξ12 −G12 Ξ14

⋆ 2R − G12 − G
⊤
12 −R + G12 −

(︂
P⊤3X{1}HK

(︂
In+q

0

)︂)︂⊤
⋆ ⋆ R + G 0
⋆ ⋆ ⋆ Ξ44

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
, (3.14)

Ξ11 = P − G + (1 − d̄2)R − P⊤2X{1}HK

[︄
0

In+q

]︄
−

(︄
P⊤2X{1}HK

[︄
0

In+q

]︄)︄⊤
,

Ξ12 = −R + G12 − P
⊤
2X{1}HK

[︄
In+q

0

]︄
,

Ξ14 = d̄2R + P⊤2 −

(︄
P⊤3X{1}HK

[︄
0

In+q

]︄)︄⊤
,

Ξ44 = −P − d̄2R + (P3 + P
⊤
3 ).

The model exhibits a linear relationship for all decision variables. We set P3 = ηP2 and P̄2 = P
−1
2 .

Through [25], auxiliary matrix variables are introduced

Q1 = HK

[︄
In+q

0

]︄
P̄2,

Q2 = HK

[︄
0

In+q

]︄
P̄2.

(3.15)
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Considering (2.9) and (2.13), we have

KP̄2 = Ud,{0}HK

[︄
In+q

0

]︄
P̄2 = Ud,{0}Q1,

P̄2 = X{0}HK

[︄
0

In+q

]︄
P̄2 = X{0}Q2.

(3.16)

For the performance index,

J∞ =
∞∑︂

s=0

(︁
Z(s)⊤Z(s) − γW(s)⊤W(s)

)︁
. (3.17)

If there exists a feedback gain K to make J∞ < 0, then it can be said that the system achieves an
L2-gain below γ [24]. In order to obtain the gain, we set:

χ̂⊤(s) = [χ⊤(s), Z(s)⊤(s),W(s)⊤]. (3.18)

In this condition, the following inequality should hold:

−χ̂⊤(s)Γχ̂(s) ≥ V(s + 1) − V(s) +
(︁
Z(s)⊤Z(s) − γW(s)⊤W(s)

)︁
, (3.19)

with

Γ =

[︄
Θ κ⊤

⋆ I

]︄
> 0, (3.20)

Θ =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
Ξ11 Ξ12 −G12 Ξ14

⋆ 2R − G12 − G
⊤
12 −R + G12 −

(︂
P⊤3X{1}HK

(︂
In+q

0

)︂)︂⊤
⋆ ⋆ R + G 0
⋆ ⋆ ⋆ Ξ44

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ , (3.21)

κ =

[︄
−L 0 0 0
−D⊤P2 0 0 −ηD⊤P2

]︄
,I =

[︄
Iq 0
0 γIp

]︄
. (3.22)

We introduce the congruent transformation Γ̄ = P⊤ΓP with

P = diag
(︂
P̄2, P̄2, P̄2, P̄2, Iq, Ip

)︂
. (3.23)

It is easy to see that (3.1) can ensure (3.19) holds.

Remark 5. Compared with reinforcement-learning-based [3, 11] and
model-predictive-control-based [5, 7] data-driven methods, the proposed method does not require
online iterative learning or repeated online optimization. Instead, it requires only an offline
semidefinite program, while the online implementation consists of a simple linear feedback
computation. The number of decision variables scales polynomially with the state dimension and the
sample size, allowing standard interior-point solvers to efficiently handle problems of practical size.
Once the controller gain is computed offline, the online control law requires only a simple matrix
multiplication at each sampling instant. Therefore, the computational burden is low, and the proposed
method is suitable for real-time control applications.
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Remark 6. Compared with classic model-based H∞ approaches [20, 21], the proposed method
designs the controller entirely from sampled data without requiring explicit knowledge of the system
matrices A and B. In the microgrid scenario studied in this paper, accurately obtaining these matrices
requires detailed knowledge of the grid topology and line impedances, which are often difficult to
obtain accurately in practice. Even when an approximate model is obtained through system
identification, model inaccuracies weaken the robustness guarantees of model-based methods. This
further highlights the practical advantage of the proposed data-driven approach.

4. Simulation results

In this section, the effectiveness of the control design method is verified through a numerical
example of a DC microgrid [26]. First, an average model of the islanded operation state of a DC
microgrid consisting of two distributed power generation units is established, as shown in Figure 1.

Figure 1. Island DC microgrid model.

Using the quasi-stationary lines approximated model [27]

dV1

dt
=

1
Ct1

It1 −
1

Ct1
IL1 +

1
Ct1R12

V2 −
1

Ct1R12
V1,

dIt1

dt
= −

1
Lt1

V1 −
Rt1

Lt1
It1 +

dbuck1

Lt1
Vdc1 ,

dV2

dt
=

1
Ct2

It2 −
1

Ct2
IL2 +

1
Ct2R12

V j −
2

Ct2R12
V2,

dIt2

dt
= −

1
Lt2

V2 −
Rt2

Lt2
It2 +

dbuck2

Lt2
Vdc2 .
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Table 2. Parameters of DG.

DGs Vre f (V) Rt (Ω) Ct (mF) Lt (mH) RL (Ω) R12 (Ω) L12 (Ω)
DG 1 46 0.2 2.2 1.8 10 0.05 2.1
DG 2 49 0.3 1.9 2.0 6 0.05 2.1

The parameters are shown in Table 2. Therefore, the TDS can be described as follows:⎧⎪⎪⎨⎪⎪⎩ẋ(t) = A1x(t) + B1ud(t)(t) + D1w(t)
y(t) = C1x(t),

where x(t) =
[︂
V1 It1 V2 It2

]︂T
, u(t) =

[︂
dbuck1Vdc1 dbuck2Vdc2

]︂T
, w(t) =

[︂
IL1 IL2

]︂T
, and y(t) =[︂

V1 V2

]︂T
,

A1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
− 1

Ct1 R12

1
Ct1

1
Ct1 R12

0

− 1
Lt1

−
Rt1
Lt1

0 0
1

Ct2 R12
0 − 1

Ct2 R12

1
Ct2

0 0 − 1
Lt2

−
Rt2
Lt2

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
, B1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
0 0
1

Lt1
0

0 0
0 1

Lt2

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ ,

D1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
− 1

Ct1
0

0 0
0 − 1

Ct2

0 0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ , C1 =

[︄
1 0 0 0
0 0 1 0

]︄
.

By discretizing the continuous system, we can obtain the following LDT-TDS:⎧⎪⎪⎨⎪⎪⎩x(s + 1) = Ax(s) + Bud(s)(s) + Dw(s)
y(s) = Cx(s).

In practical applications, the line-to-ground capacitance Ct can be roughly measured. However, the
rest of the power grid structure is complex, making it difficult to obtain an accurate network structure
model. The approximate network structure model therefore has significant errors. Therefore, we
assume that matrices A and B are unknown but D is known.

In the microgrid scenario studied in this paper, model-based methods face a practical difficulty, since
accurately obtaining the system matrices A and B requires detailed knowledge of the grid topology, line
impedances, and the switching characteristics of power converters. These parameters are often difficult
to measure accurately or vary with operating conditions in practice. This limits the reliability of model-
based time-varying delay control methods in such scenarios. This is the practical motivation behind
the data-driven approach adopted in this paper, where the controller is designed solely from sampled
data rather than an explicit system model.

If the actual value of the disturbance matrix D deviates from its assumed nominal value, this
parameter uncertainty manifests as an additional, unmodeled disturbance entering the closed-loop
disturbance channel. The proposed controller is designed within the H∞ framework and possesses a
certain degree of robustness against disturbances. A small deviation in D is therefore expected to
cause only a moderate degradation in tracking performance without affecting closed-loop stability.
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(a) d̄ = 1 (b) d̄ = 2

Figure 2. Time-varying bounded delay sequences used in the two test cases.

Figure 3. Voltage deviation before control.

The simulation parameters are set as follows: the tuning parameter is η = 3, and the disturbance
attenuation level is γ = 1. A total of K = 100 samples are collected under open-loop conditions with a
persistently exciting input signal. The collected data matrix is verified to satisfy rank(W0) = 8, which
equals m + n + q, where m = 2, n = 4, and q = 2, confirming the validity of the data-driven approach.
The collected data is assumed to be free of measurement noise but inherently include the disturbance
and the time-varying delay present during data collection. This is consistent with the H∞ robust control
framework adopted in this paper, which does not require noise-free measurements. The value of η = 3
is selected after a preliminary search over {1, 2, 3, 5}, with little effect on the results.

To verify the feasibility of the controller, the simulations are conducted in a discrete-time simulation
environment. The sampling interval is set to 0.01s. We assume the control input has time-varying
bounded delays, whose delay sequences for the two test cases are shown in Figure 2. Before the
designed controller is involved in control, simulation data collection is performed. Due to the presence
of delay and interference, the voltage error cannot approach 0, and the system is in an unstable state,
as shown in Figure 3. We can collect the state and input data under this condition as the basis for
designing the controller.

To examine the effect of the delay upper bound on the closed-loop performance, the controller is
tested under two cases, d̄ = 1 and d̄ = 2. These two values are chosen with reference to the range of
delay magnitudes observed in the practical scenario. The same random seed is used to generate the
data collection, delay, and disturbance realizations in both cases, ensuring that the comparison reflects
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the effect of d̄ itself rather than randomness across different runs. As shown in Figure 4, after the
controller participates in voltage regulation, the output voltages V1 and V2 track their reference values
of 46 V and 49 V within approximately 1.3 s in both cases. Table 3 reports the steady-state error, the
settling time within a 2% error band, and the overshoot for both outputs under the two cases.

(a) d̄ = 1 (b) d̄ = 2

Figure 4. Voltage tracking control simulation under two delay upper bounds.

Table 3. Quantitative performance comparison under different delay upper bounds.

V1 V2

d̄ = 1 d̄ = 2 d̄ = 1 d̄ = 2
Steady-state error (V) 0.0253 0.0033 0.0172 0.0010
Settling time (s) 1.180 0.980 1.290 0.930
Overshoot (%) 18.14 3.82 14.32 3.01

The results in Table 3 show that the closed-loop performance under d̄ = 2 is consistently better
than under d̄ = 1 in terms of steady-state error, settling time, and overshoot. This indicates that,
within the range considered, increasing the delay upper bound does not necessarily degrade the closed-
loop performance, which may be related to the specific realization of the data used in this example.
Future work will conduct a more comprehensive statistical assessment based on multiple independent
data collections and delay and disturbance realizations. These results demonstrate that the proposed
algorithm is able to maintain set-point tracking in the presence of time-varying bounded delays and
unknown disturbances.

Remark 7. The conservativeness of the linear matrix inequality (LMI) condition in Theorem 1 also
increases with the delay bound d̄, since the Jensen-type bound used in inequality (3.5) becomes looser
as d̄ grows. This may render the LMI infeasible for sufficiently large d̄. For instance, in this example,
the LMI in Theorem 1 becomes infeasible when d̄ = 3, which is consistent with the increasing
conservativeness as d̄ grows. Employing tighter bounding techniques could reduce this
conservativeness and is left for another direction of future work.

5. Conclusions

This paper primarily investigates data-driven set-point tracking control for systems with input
delay and designs a robust controller based on sampled data. The proposed method relies solely on
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recorded input and state data, without requiring an explicit system model. Robust data-driven control
techniques are employed in the design to guarantee the stability of the closed-loop system.
Furthermore, the feasibility of the proposed control design is demonstrated through a microgrid
application. The results show effective tracking performance without requiring detailed knowledge of
the microgrid structural parameters.

It is worth noting that the proposed method has certain limitations. The delay d(s) is assumed to be
time-varying but bounded within a known range, without directly addressing scenarios involving an
unbounded delay or a delay whose upper bound is itself unknown. This assumption is applicable to
many practical scenarios, such as network-induced delays with a known worst-case bound. In
addition, the microgrid model is obtained through small-signal linearization rather than capturing the
inherently nonlinear dynamics of practical power converters. Extending the proposed framework to
handle general delay patterns and nonlinear dynamics remains an important direction for future work.
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