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Abstract— Recently data-driven predictive control (DDPC)
methods have attracted considerable interest, primarily due
to the benefit that optimal control inputs can be obtained
directly from raw data without identifying an explicit model.
However, time-varying characteristics of complex systems can
substantially degrade the control performance of existing DDPC
methods. In this work, we propose a new adaptive DDPC
scheme in which innovations play a critical role. By leveraging
the (approximate) white-noise and Gaussian properties of in-
novations, we develop a data-driven scheme that can effectively
detect changes in system dynamics. This naturally motivates a
statistically grounded adaptive DDPC framework in which the
online adaptation is triggered by the detection of changes in
system dynamics. Numerical examples demonstrate the efficacy
of the proposed detection scheme and the enhanced control
performance of the adaptive DDPC method in contrast to
existing heuristic methods.

I. INTRODUCTION

As a cutting-edge control strategy, Model Predictive Con-
trol (MPC) has been widely employed in practice due to its
capacity to handle constraints and multiple objectives [1].
Typically, MPC utilizes an explicit state-space model to pre-
dict future outputs. In recent years, there has been a paradigm
shift towards data-driven predictive control (DDPC) methods,
thanks to the availability of massive data and advancements
in computing power [2], [3]. A mainstream of DDPC meth-
ods builds upon the famous Willems’ fundamental lemma,
a formula rooted in the behavioral theory [4]. Based on
the fundamental lemma, any trajectory of a linear-invariant
(LTI) system can be expressed as a linear combination of
trajectories from a trajectory dictionary. This enables DDPC
methods to obtain optimal control design directly based on
raw input-output data without the need for an explicit model.
Moreover, DDPC methods retain the traits of conventional
MPC, including the capability of handling constraints and
the robustness of receding horizon implementation [5].

The generic DDPC method, known as data-enabled pre-
dictive control (DeePC) [6], is built upon deterministic LTI
systems, where data-based equations instead of an identified
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parameterized model are used for output prediction. How-
ever, when the raw data are corrupted by process disturbances
and measurement noise in stochastic systems, the data-driven
output predictor (OP) in DeePC becomes susceptible to
uncertainties thereby considerably compromising the relia-
bility of the control design. To address these issues, various
extensions of the generic DeePC are proposed to mitigate
the effect of noise in stochastic systems. The most common
approaches are based on regularizations [7]–[9]. Meanwhile,
the use of instrumental variables is shown to perform well
[10], and this is further extended to the case under feedback
control [11]. Min-max robust formulations of DeePC have
been investigated in [12], [13], which offer probabilistic
performance guarantees. Recently, a new data-driven OP
based on innovations was put forward in [14] to effectively
address additive uncertainty in stochastic systems. The data-
driven OP is shown to yield the same predictions as the
model-based Kalman Filter (KF)-like OP provided that the
innovations of offline data are exactly known. Based on this
OP, a new innovation-based DDPC method was developed,
which showcases remarkably improved control performance
compared with generic DDPC methods.

Besides uncertainty, some complex systems may also ex-
hibit time-varying characteristics in practice. These changes
in system dynamics can substantially reduce the prediction
accuracy of the data-driven OP and consequently jeopardize
the control performance of DDPC. In [15], [16], the generic
DeePC method is made adaptive for linear parameter varying
systems by leveraging prior information of possible varia-
tions in system dynamics, and new input-output measure-
ments are appended to capture the new dynamics. In [17], a
fast singular value decomposition (SVD) method is employed
to alleviate the cumbersome computations due to recursive
updating, while the earliest data are continually discarded in
order to ensure effective adaptation in [18].

In this paper, we consider the scenarios where there exist
unknown time-varying system dynamics during the reced-
ing horizon implementation of DDPC. Building upon the
innovation-based DDPC in [14], we develop a new adaptive
DDPC framework to effectively adapt to changes in system
dynamics by elucidating the role that innovations and their
uncertainty play. First, a data-driven scheme for detecting
changes in system dynamics is proposed. Specifically, a
hypothesis test procedure is designed, where the innovations
are the core ingredient thanks to their (approximate) white-
ness and Gaussianity. This inspires a simple yet efficient
strategy to detect the changes in system behaviors. Based on
this, a statistically grounded adaptive DDPC framework is
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developed, where the data-driven OP is updated to accom-
modate the new system dynamics upon detecting changes.
Numerical examples demonstrate the efficacy of the proposed
detection method and the superiority of the adaptive DDPC
over existing heuristic adaptation schemes.

The rest of this work is organized as follows. Section II
gives a brief introduction to the generic adaptive DDPC and
the innovation-based DDPC method. In Section III, the data-
driven detection method for changes in system dynamics
is proposed, followed by the adaptive DDPC framework
based on innovations. The results of numerical examples are
presented in Section IV, followed by final conclusions.

Notation: The zero vector of size s and zero matrix of
size s1 × s2 are denoted by 0s ∈ Rs and 0s1×s2 ∈ Rs1×s2 ,
respectively. For a vector x and a matrix X , x[i:j] and
X[i:j] denote the subvector and submatrix with the entries
from the ith row to jth row of x and X , respectively. We
use X† to denote the pseudo-inverse of X . The submatrix
of X with entries from the ith column to jth column is
denoted by X[:,i:j]. ∥X∥F , X ≻ 0 denotes the Frobenius
norm and positive semidefiniteness of the matrix X , re-
spectively. Given a sequence {x(k)}Nk=1, x(i:j) denotes the
restriction of x to the interval [i, j] as col(x(i), ..., x(j)) =[
x(i)⊤ · · · x(j)⊤

]⊤
. A block Hankel matrix of depth

s ∈ N∗ can be constructed from x(i:j) via the Hankel
operator Hs(x(i:j)).

II. PRELIMINARIES

A. DDPC and its adaptation scheme

Consider the discrete LTI system in state-space form

x(t+ 1) = Ax(t) +Bu(t)

y(t) = Cx(t) +Du(t),
(1)

where u(t) ∈ Rnu , y(t) ∈ Rny , and x(t) ∈ Rnx denote
input, output, and unmeasurable state, respectively. It is
assumed that the system (6) is minimal. Given a long-
enough input sequence ud

(1:N) with persistent excitation of
order L + nx and its corresponding output yd(1:N) from the
system (1), the generic DDPC method, namely DeePC, can
be formulated as the following optimization problem at time
instance t with the past horizon Lp ≥ nx and the future
horizon Lf ≥ 1 [6]:

min
uf (t),yf (t),g(t)

J (uf (t), yf (t)) (2a)

s.t.


Up

Uf

Yp

Yf

 g(t) =


up(t)
uf (t)
yp(t)
yf (t)

 , (2b)

uf (t) ∈ U, yf (t) ∈ Y, (2c)

where

Ud = HL(u
d
(1:N)), Up = Ud,[1:nuLp], Uf = Ud,[nuLp+1:nuL],

up(t) = u(t−Lp:t−1), uf (t) = u(t:t+Lf−1), L = Lp + Lf ,
(3)

and similarly for Yp, Yf , Ep, Ef , yp(t), yf (t), ep(t), g(t) is
a decision variable to be optimized, U and Y are input and

output constraint sets. In DeePC (2), the data-based equations
(2b) serve as a data-driven counterpart to the state-space
model (1). Specifically, any input-output trajectory can be
represented as a linear combination of columns in the so-
called “trajectory dictionary”, which is constructed by using
Hankel matrices in (2b). The cost function in (2) can be
defined as J (uf (t), yf (t)) =

∑t+Lf−1
k=t ∥y(k)− r(k)∥2Q +

∥u(k)∥2R, where Q,R ≻ 0 are weighting matrices and r(·)
is the future output reference. Solving the problem (2) can
yield the equivalent closed-loop control performance to that
of MPC based on the state-space model (1) with system
matrices {A,B,C,D}.

A variety of adaptive schemes have been designed to
account for time-varying system dynamics. A simple and
intuitive heuristic is to recursively update the trajectory
dictionary in (2b) online. For example, [17] proposed to
continually append the latest L input-output data as a new
trajectory to the dictionary:

Up

Uf

Yp

Yf

←

Up u(t−L+1:t−Lf )

Uf u(t−Lf+1:t)

Yp y(t−L+1:t−Lf )

Yf y(t−Lf :t)

 . (4)

Although this strategy can better capture the latest dynamics,
retaining past samples in the trajectory dictionary may have
a detrimental effect on prediction accuracy and control per-
formance. On account of this, [18] proposed to concurrently
add new data and discard the earliest trajectory:

Up

Uf

Yp

Yf

←

Up,[:,2:N−L+1] u(t−L+1:t−Lf )

Uf,[:,2:N−L+1] u(t−Lf+1:t)

Yp,[:,2:N−L+1] y(t−L+1:t−Lf )

Yf,[:,2:N−L+1] y(t−Lf :t)

 . (5)

This heuristic not only captures time-varying dynamics better
than (4) but also keeps the computational complexity under
control. Rather, these adaptation schemes bear no statistical
interpretation, and it remains challenging to maintain the
informativity of the trajectory dictionary updated with online
input-output data.

B. DDPC based on innovations

Next, we turn to the stochastic LTI system expressed in
innovation form [19]:

x(t+ 1) = Ax(t) +Bu(t) +Ke(t)

y(t) = Cx(t) +Du(t) + e(t),
(6)

where the innovation e(t) ∈ Rny is zero-mean white
noise with Gaussian distribution, i.e., e(t) ∼ N (0,Σe).
The steady-state Kalman gain K can render all eigenvalues
of Ā = A − KC strictly inside the unit circle. Indeed,
expressing stochastic systems as (6) does not cause much
loss of generality since a generic stochastic system with
additive process disturbance and measurement noise can be
represented in this form under mild assumptions [19].

When handling stochastic system (6), the control perfor-
mance of the generic DDPC (2) can be significantly impaired
due to the presence of uncertainty. To address this, the
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DDPC method based on innovations has been proposed to
mitigate the effect of noise. It is formulated as the following
optimization problem at time t [14]:

min
uf (t),ŷf (t)

J (uf (t), ŷf (t)) (7a)

s.t. ŷf (t) = Yf


Up

Uf

Yp

Êp

Êf


† 

up(t)
uf (t)
yp(t)
êp(t)
0pLf

 , (7b)

uf (t) ∈ U, ŷf (t) ∈ Y, (7c)

where Êp and Êf are constructed from the innovation esti-
mates êd(1:N). As to be detailed in the sequel, the innovation
estimates êd(1:N) can be obtained from input-output data
{ud(k), yd(k)}Nk=1 by fitting a nonparametric vector auto-
regressive with exogenous input (VARX) model without
knowing (A,B,C,D,K).

As long as the true value of innovations ed(1:N) are used
in (7), the data-driven OP (7b) can generate identical output
predictions to those from the following KF-based multi-step
output prediction with k ≥ 0:

x̂(t+ k + 1) = Ax̂(t+ k) +Bu(t)

ŷ(t+ k) = Cx̂(t+ k) +Du(t),
(8)

whose initial state x̂(t) in (8) is derived from a steady-state
Kalman filter (SSKF):

x̂(t+ 1) = Ax̂(t) +Bu(t) +K[y(t)− ŷ(t)]

ŷ(t) = Cx̂(t) +Du(t).
(9)

Indeed, the so-called true values of the innovations ed(1:N)

corresponding to the input-output data {ud(k), yd(k)}Nk=1 is
the one-step ahead prediction error of the SSKF with the
system matrices (A,B,C,D,K).

After solving the problem (7) at time t in the receding
horizon implementation of the DDPC method (7), the inno-
vation vector êp(t+ 1) required at the next instance can be
updated in a moving window fashion:

êp(t+ 1) = col(ê(t− Lp + 1), · · · , ê(t))
= col(êp,[ny+1:nyLp], y(t)− ŷf,[1:ny ](t)),

(10)

where the one-step ahead predicted output ŷf,[1:ny ](t) is
obtained from (7).

Data-driven innovation estimation: Due to the stability
of matrix Ā, we assume throughout this paper that there
exists a ρ ∈ N∗ such that Āρ = 0 [20]. In this case, the
VARX model can be formulated as:

H1(y
d
(1:N)) =

[
Φy Φu D

] Hρ(y
d
(1−ρ:N−1))

Hρ(u
d
(1−ρ:N−1))

H1(u
d
(1:N))


︸ ︷︷ ︸

Γ

+H1(e
d
(1:N)),

(11)

where Φy ≜ C
[
Āρ−1K · · · ĀK K

]
, and

Φu ≜ C
[
Āρ−1B̄ · · · ĀB̄ B̄

]
with B̄ = B − KD.

An approximation of innovations H1(e
d
(1:N)), namely

êd(1:N), can be obtained as the residuals of the following
least-squares regression:

min
Φy,Φu,D

∥∥∥H1(y
d
(1:N))−

[
Φy Φu D

]
Γ
∥∥∥2
F
. (12)

III. ADAPTIVE DDPC BASED ON INNOVATIONS

In this section, we first design a data-driven method for
effectively detecting changes in system dynamics, with a key
focus on innovations and their statistical properties. Then,
the data-driven OP is updated online to adapt to new system
dynamics once they are detected.

A. Data-driven detection of changes in system dynamics

Since the data-driven OP (7b) is equal to the KF-like pre-
dictor (8) with the true value of ed(1:N), we have the following
asymptotic results regarding the online innovations.

Theorem 1: If the true value of {ed(k)}Nk=1 is used in the
innovation-based DDPC (7) and the initial online innovation
ep(0) is obtained by solving the following optimization
problem

min
ep(0),g

∥ep(0)∥22

s.t.

Up

Yp

Ep

 g =

up(0)
yp(0)
ep(0)

 ,
(13)

then the online innovations e(t) = y(t) − ŷf,[1:ny ](t) with
ŷf,[1:ny ](t) from (7) are white and satisfy the asymptotic
properties limt→∞ E[e(t)] = 0 and limt→∞ E[e(t)e(t)⊤] =
Σe.

Proof: Under the conditions in Theorem 1 and given
Lp ≥ n, the initial trajectory {up(0), yp(0), ep(0)} uniquely
corresponds to a specific initial state x(0). The data-driven
OP (7b) produces identical output prediction to the KF-like
predictor (8) with the same initial state. Thus, the online one-
step ahead prediction error e(t) from (7b) coincides with the
innovation in the model-based SSKF (9). As a consequence,
the innovation e(t) from the innovation-based DDPC is a
Gaussian distributed white noise process and satisfies the
asymptotic properties [21, Theorem 5.1].

Theorem 1 indicates that innovations may play a central
role in the online detection of changes in system dynamics.
Specifically, when system dynamics remain unchanged, the
online innovation e(t) derived from the innovation-based
DDPC method (7) is expected to ideally follow the Gaus-
sian distribution N (0,Σe). When system dynamics change,
the distribution of innovations also shifts. Henceforth, the
changes in system dynamics can be statistically detected
by monitoring whether the online innovations adhere to the
normal distribution N (0,Σe). This motivates a hypothesis
test procedure for detection purposes. Even if innovation
estimates are used in DDPC and the resulting OP no longer
coincides with KF, this idea still holds promise since the
innovation-based OP is known to closely resemble KF [14].
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The key to performing the hypothesis test is to estimate
the mean and covariance of innovations from êd(1:N):

µ̂e =
1

N

N∑
k=1

êd(k), Σ̂e =
1

N

N∑
k=1

[êd(k)− µ̂e][ê
d(k)− µ̂e]

⊤,

(14)
whose rationale is as follows.

Theorem 2: If the estimated parameters {Φ̂y, Φ̂u, D̂} are
derived by solving (12) and the estimated mean and covari-
ance {µ̂e, Σ̂e} of the innovations are given by (14), then the
following statements hold.

(a) The estimated parameters {Φ̂y, Φ̂u, D̂} are unbiased,
i.e., E

([
Φ̂y Φ̂u D̂

])
=

[
Φy Φu D

]
.

(b) The estimates {Φ̂y, Φ̂u, D̂} are consistent, i.e.,
{Φ̂y, Φ̂u, D̂} → {Φy,Φu, D} with probability 1 for
N →∞.

(c) The estimated mean and covariance of innovations,
satisfies limN→∞ µ̂e = 0 and limN→∞ Σ̂e = Σe with
probability 1.
Proof: The true innovation sequence {ed(k)}Nk=1 is a

Gaussian distributed white noise process and is statistically
independent from the offline data Γ in (11). Thus, the
conclusions (a) and (b) naturally follow from [22]. The
statement (c) can be directly derived from the conclusions
(a) and (b).

According to Theorem 2(c), it is reasonable to use the
innovation estimations {êd(k)}Nk=1, obtained as the residuals
of (12), to estimate {µ̂e, Σ̂e} through (14). As the size
N of offline data in (12) increases, the estimated mean
and covariance {µ̂e, Σ̂e} become closer to the true values
{0,Σe}. The estimation procedure related to the innovations
can be summarized in Algorithm 1.

Algorithm 1 Estimation of innovations and their statistics
Input: Input-output data {ud(k), yd(k)}Nk=−ρ

Output: Innovation estimates êd(1:N), Hankel matrices
{Ud, Yd, Êd}, mean and covariance estimates {µ̂e, Σ̂e}

1: Estimate êd(1:N) by (12);
2: Construct {Ud, Yd, Êd} from {ud(i), yd(i), êd(i)}Ni=1,

estimate µ̂e and Σ̂e by (14) from êd(1:N);

To improve the robustness of the detection scheme, we
carry out the normality test on the sample innovation segment
instead of a single point. The Mardia’s kurtosis test is used
since the test is known to be consistent for all alternative
distributions with a nonsingular covariance matrix [23]. The
null hypothesis H0 and the alternative hypothesis H1 at time
t can be formulated using the empirical estimates in (14):

H0 : ê(t−Nw+1:t) ∼ N (µ̂e, Σ̂e),

H1 : ê(t−Nw+1:t) ≁ N (µ̂e, Σ̂e),
(15)

where Nw denotes the window length of past data. The test
statistic is calculated based on the measure of multivariate

kurtosis [24]:

bk =
1

Nw

0∑
k=−Nw+1

[ê(t+k)−µ̂e]
⊤Σ̂−1

e [ê(t+k)−µ̂e], (16)

which is based on the Mahalanobis distance. Specifically, the
test statistic bk bears the following asymptotic property [24]:

βk ≜
bk − ny(ny + 2)√
8ny(ny + 2)/Nw

∼ N (0, 1), Nw →∞. (17)

Based on this, the p-value can be calculated as p = 2(1 −
Φ(βk)), where Φ(·) denotes the cumulative distribution func-
tion of the standard normal distribution. When the calculated
p-value is less than a predetermined significance level α
(e.g., 0.05), the null hypothesis is rejected, indicating that
the changes in system dynamics have occurred.

B. Adaptive DDPC scheme

By applying the proposed data-driven detection scheme
to adapt to underlying changes in system dynamics, we
arrive at a new adaptive DDPC scheme based on innovations
summarized in Algorithm 2. Upon detecting the changes in
system dynamics at a certain time instance td, the adaptation
is then triggered and then data collection is initiated. To
ensure informativity of input-output data collected online,
it is suggested to use a new output reference sequence
of length N + ρ that is sufficiently exciting. In this way,
the input-output data {u(td + k), y(td + k)}N+ρ

k=1 capturing
the new system dynamics are collected online and then
used to construct a new data-driven OP as a substitution
of the old one. Specifically, the dictionary is reframed
using {u(td + k), y(td + k)}N+ρ

k=ρ+1, and their corresponding
innovations {ê(td + k)}N+ρ

k=ρ+1 shall be also estimated and
used to initialize êp(td +N + ρ) in DDPC. Meanwhile, the
statistics of the innovations, namely {µ̂e, Σ̂e}, shall also be
updated for the subsequent implementation of the detection
scheme.

Algorithm 2 Adaptive DDPC based on innovations
Input: Nw ∈ N∗, α ∈ [0, 1]

1: Collect data {ud(i), yd(i)}Ni=−ρ, obtain {Ud, Yd, Êd}
and {µ̂e, Σ̂e} from Algorithm 1;

2: Initialize êp(0) by (13) based on {u(k), y(k)}0k=−Lp
;

3: Obtain u∗
f (t) and ŷ∗f (t) from (7) and apply u∗

f,[1:nu]
(t)

into the plant;
4: Collect y(t) and calculate p-value by (16), (17) and p =

2(1− Φ(βk));
5: If p < α at time instance td, implement a new output

reference sequence and collect an extra input-output
trajectory {u(td + k), y(td + k)}N+ρ

k=1 . Then obtain new
{Ud, Yd, Êd}, {µ̂e, Σ̂e} and {ê(td + k)}N+ρ

k=ρ+1 from
Algorithm 1, and replace the online past innovations with
{ê(td + k)}N+ρ

k=ρ+1;
6: Update êp(t + 1) based on (10) and update
{up(t+ 1), yp(t+ 1)};

7: t← t+ 1, go to Step 2.
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IV. SIMULATION EXAMPLE

We apply the proposed adaptive DDPC to the control of
the longitudinal dynamics of the Boeing 747 aircraft, which
is a benchmark in the predictive control literature [25]. The
perturbation equations for the aircraft cruising at an altitude
of 40,000 ft and a horizontal velocity of V = 774 ft/s can be
represented in a continuous 4-state system as follows [26]:

ẋ(t) = Ax(t) +B

[
u1(t)
u2(t)

]
+Bw

[
wh(t)
wv(t)

]
[
y1(t)
y2(t)

]
= Cx(t) + v(t),

(18)

where

A =


−0.003 0.039 0 −0.322
−0.065 −0.319 7.74 0
0.02 −0.101 −0.429 0
0 0 1 0

 ,

B =


0.010 1
−0.18 −0.04
−1.16 0.598

0 0

 , Bw =


−1 0
0 −1
0 0
0 0

 ,

C =

[
1 0 0 0
0 −1 0 7.74

]
,

(19)

wh ∈ R and wv ∈ R denote the horizontal and vertical
wind velocity disturbances, and v ∈ R2 are the output
measurement noise. The system (18) has two inputs, i.e.,
the throttle u1 and the elevator angle (u2, deg), and two
outputs, i.e., the longitudinal velocity (y1, ft/s) and climb
rate (y2, ft/s). The process disturbance wh and wv can be
modeled as the following transfer functions [27]:

wh = σu

√
2Lu/(V π)

1

1 + (Lu/V )s
w1,

wv = σv

√
2Lv/(V π)

1 + (2
√
3Lv/V )s

[1 + 2(Lv/V )s]2
w2,

(20)

where the intensities are chosen as σu = 10 and σv = 10,
and the turbulence length scales are Lu = 1750 ft and
Lv = Lu/2.

300 1000 2000 3000 4000
t/s

0

0.2

0.4

0.6

0.8

1

p

p

Fig. 1. Online p-value from the proposed data-driven detection method
with significance level 0.025.

In the simulations, the continuous system (18) is dis-
cretized with a zero-order holder for a sampling time

1613 2000 2500 3000 3500 4000
t/s

2

4

6

8

y 1/[
ft

/s
]

ADDPC
SPC

RSPC
SVD-RSPC

Reference

(a) Longitudinal velocity y1

1613 2000 2500 3000 3500 4000
t/s

4

6

8

10

y 2/[
ft

/s
]

ADDPC
SPC

RSPC
SVD-RSPC

Reference

(b) Climb rate y2

Fig. 2. Performance of the different control algorithms after the update of
data-driven OP in the ADDPC.

ts = 1 s. The process disturbance w = col(w1, w2) and
the measurement noise v are zero-mean white Gaussian
distributed noise with covariances Σ2

w = 1 × 10−5I2 and
Σ2

v = 1 × 10−6I2. For offline data collection, a pseudo-
random binary signal with amplitude levels of [−1, 1] is
generated as the offline input with the data length N = 250.
The past horizon Lp is chosen as 10 and the future Lf

as 15. The cost weighting matrices are set as Q = I2
and R = 0.01I2. Input and output constraint sets are set
as U = RnuLf and Y = RnyLf . For a comprehensive
comparison, the following control strategies are implemented
in a receding horizon fashion.

• ADDPC: The proposed Adaptive DDPC in Algorithm
2, where Nw = 300 and α = 0.025. Moreover, the
new output reference used in online data collection
is designed as a pseudo-random binary signal with
amplitude levels of [−3, 3].

• SPC [28]: The well-known subspace predictive control
(SPC) method without adaptation.

• RSPC [18]: The generic SPC with the adaptive scheme
based on (5).

• SVD-RSPC [17]: The generic SPC with the adaptive
scheme based on (4), where the fast SVD algorithm
[17, Algorithm 2] is utilized to recursively update the
trajectory dictionary.

In the ADDPC, the sample length Nw is chosen as 300 to
alleviate the effect of outliers and improve the robustness of
the plant-mismatch monitoring scheme.

The offline data is collected at the horizontal velocity
of V = 774 ft/s. In the online experiment, the horizontal
velocity varies from 774 ft/s to 800 ft/s at time instance
t = 600 s to simulate the change in operating point. This
induces the changes in system matrices {A,B,C,D} of (18)
and noise statistics of {wh, wv}. We carry out a simulation
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TABLE I
CONTROL PERFORMANCE METRICS OF DIFFERENT CONTROL

ALGORITHMS AFTER THE UPDATE OF DATA-DRIVEN OP IN THE ADDPC

E{∥y1(t)− r1(t)∥2} E{∥y2(t)− r2(t)∥2} E{∥u(t)∥22}

ADDPC 0.001 0.002 5.482
SPC 5.441 3.051 3.072

RSPC 0.254 0.028 6.118
SVD-RSPC 0.055 0.017 5.196

to investigate the efficiency of the data-driven detection
scheme for changes in system dynamics and compare the
control performance of different control algorithms. Firstly,
the results related to the detection method are presented
in Fig. 1. The p-value is obtained after t = 300 s since
sufficient samples of innovations are needed to calculate βk.
The obtained p-value is less than α at t = 602 s due to the
change in the operating point. Then, new input-output data
with length 1010 is collected to construct the new Hankel
matrices in the interval of [602 s, 1612 s]. The p-value is
larger than α from t = 1613 s owing to the implementation
of the appropriate data-driven OP. We can observe that the
proposed data-driven detection scheme can effectively detect
the changes in system dynamics as well as maintain stable
detection when the system dynamics remain constant.

The results of control performance after 1613 s, namely
when the data-driven OP in ADDPC is updated, are presented
in Fig. 2 and Table I. Significant biases can be observed in
the outputs of SPC. In contrast, both RSPC and SVD-RSPC
outperform SPC owing to the benefits of the recursive up-
dates to the Hankel matrices. Notably, the proposed ADDPC
method achieves the best control performance among the four
methods.

V. CONCLUSIONS

In this paper, we proposed a new adaptive DDPC frame-
work based on innovations that can adapt to changes in
system dynamics. By harnessing the (approximate) white-
ness and Gaussianity of innovations, a data-driven detection
scheme was proposed, which enables effective detection of
changes in system dynamics. This gave rise to an adaptive
DDPC scheme, where the new system dynamics can be
accommodated by updating the data-driven OP. Numerical
simulations showcased the usefulness of the proposed data-
driven detection scheme and the superior control perfor-
mance of the proposed adaptive DDPC over the generic
DDPC methods.
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