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This paper studies the quantized output data observer-based data-driven model-free adaptive control(qMFAC)
for discrete-time nonlinear systems with unknown structures and network transmission constraints. First, an
adaptive observer based on quantized output data is generated with the use of a logarithmic quantizer, and a
pseudo-biased derivative(PPD) estimation scheme based on the output quantized data observer is proposed. By
dynamic linearization(DL) techniques, a incomplete equivalent data model containing quantized output data
are built. Then, the observer output is used to develop a data-driven model-free adaptive control strategy that
only makes use of quantified output and input. With the Lyapunov function and sector boundary approaches,
the bounded tracking performance of the proposed qMFAC is strictly theoretical analyzed, and the effectiveness
of qMFAC is verified through numerical simulation and simulation experiments of the shell and tube heat
exchanger control system.
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1. Introduction

The Network control system has been paid more and more
attention to because of its high reliability, low maintenance
cost, flexible configuration, and simple installation [1–4].
The conflict between difficult control tasks and scarce net-
work resources has, however, progressively emerged as a
result of the coupling of control systems and network sys-
tems [5–7]. Quantization according to specific rules before
transmission is a good choice since it can reduce the sig-
nal transmission frequency of the network control system
and take up less network resources. The processed data is
called incomplete data, which is usually a finite or infinite
set of discrete data [8–10].

According to the different types of data, scholars have
studied the control systems containing quantized output
data [11–13], quantized input data [14–16], quantized er-

ror information [17–19]. For instance, the literature [12]fo-
cuses on the novel dissipative sampled-data control mech-
anism for high-speed train systems with quantized mea-
surements. To prevent the impact of quantization error
on the tracking performance, [13] takes into account the
uniform quantizer with an encoding and decoding tech-
nique in place of the logarithmic quantizer. Chu and Li [14]
addresses the problem of robust integrated fault estimation
and fault-tolerant control for a class of discrete-time net-
worked Takagi-Sugeno fuzzy systems with two-channel
event-triggered schemes and input quantization. Ha et al.
[15] and Qiu et al. [16]investigates the neural network and
fuzzy backstepping control separately for fractional-order
nonlinear systems with quantized input. Zero error track-
ing is made possible by comparing the output with the
provided reference and locally quantizing the error rather
than directly quantizing output, as inspired by [11]. After
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that, it is sent back to the controller for further update in
[17]. Then, [18] extended this to linear and affine nonlin-
ear stochastic systems. The quantization process of the
above research is founded on a precise system model or
structure. For nonlinear control systems with unknown
structure, model, or parameter uncertainty, however, re-
search on replacing the original data with quantitative data
is somewhat constrained.

Data-driven control uses the input and output data of
the system to replace the complicated mathematical mod-
eling link that requires clear structural parameters and
realizes the control of complex systems [20] . As one of the
typical data-driven controls, model-free adaptive control
(MFAC) has gained popularity due to its distinctive online
data DL method and the introduction of the novel PPD idea
[21]. It has been applied in electric power [22–24],industrial
[25, 26], transportation [27, 28] and other systems. How-
ever, the data in the above controllers is complete. In other
words, all the data output by the system is used to estimate
PPD, create dynamic data model and generate control sig-
nal. With the development of networked control systems, it
has become more difficult to increase data transmission effi-
ciency while maintaining system stability. By decoding the
output and tracking error through the use of logarithmic
quantizer, [23] established MFAC with quantized output
information and then proved that the tracking error of the
system is bounded. To suppress the influence of data quan-
tization, an improved MFAC algorithm can achieve the goal
of zero-tracking error is proposed in [29]. In [30], the prob-
lem of quantized distributed bipartite consensus tracking
control is addressed for unknown nonlinear discrete-time
multi-agent systems. However, the above research uses the
parameter estimation criterion function to estimate PPD
and design controller. The output and the increments of
two adjacent operating points are the key components in
the criterion function and must be quantized. This not only
raises the operating cost of the actual industrial site, but
also increases the steady-state error due to the introduction
of too many quantization errors, making the control effect
unsatisfactory, which is the motivation for the research in
this paper.

Inspired by the above discussion, this paper designs an
observer which takes the quantized output data as input
and compensates the quantization error by the gain of the
observer, thus improving the control accuracy. Morever, a
new observer-based PPD estimation algorithm and an in-
complete data-driven model-free adaptive control scheme,
which depends only on the input and quantized output
data, are developed. Compared with [23], it avoids the
superposition of quantization error caused by quantized

output data and quantized output incremental data acting
directly on the control system, reduces the steady-state er-
ror, and enhances the transmission effect, which is more
beneficial to the controller design.

2. Problem formulation

Consider the discrete-time SISO nonlinear systems as fol-
lows:

y(k + 1) = f (y(k), y(k − 1), · · ·

y
(
k − ty

)
, u(k), u(k − 1), · · · , u (k − tu)

) (1)

Where k represents the sampling work point, y(k) and u(k)
are the system output, and input at the kth working point,
respectively, f (·) is a nonlinear function with unknown
structure and parameters, the integers ty and tu represent
the order of system output and input separately.

2.1. Equivalent dynamic linearized data model

For the systems (1), the following two assumptions should
be given first.

Assumption 1. The unknown nonlinear function f (·) is
derivable and continuous at any time concerning control
input u(k).

Assumption 2. The nonlinear systems (1) satisfy Lip-
schitz condition. Namely, there is a constant µ, so that
∆y(k+ 1) ≤ µ∆u(k). where ∆y(k+ 1) = y(k+ 1)− y(k) in-
dicates output increments, ∆u(k) = u(k)− u(k − 1) means
input increment. the input rate of change between two
adjacent work point ∆u(k) is uniformly bounded, that is,
|∆u(k) ≤ ζ|.

Remark 1. Assumption 1 is general for controller design.
Assumption 2 can be said to be an embodiment of the law
of conservation of energy. The amount of control input
and input increment determine the amount of output and
output increment. If the input change rate of ∆u(k) for
two consecutive work points is too large, the stability of
system will quickly deteriorate. This assumption will also
make the theoretical analysis more suitable for practical
applications, such as the three-tank [21] and automatic
parking control systems [27].

According to the DL method, when ∆u(k) ̸= 0, the
system(1) can be represented as an equivalent model based
on input and output data:

y(k + 1) = y(k) + ψ(k)∆u(k) (2)

Where ψ(k) represents the PPD. ψ(k) is bounded because
of Assumption 2 , that is |ψ(k)| ≤ µ .

Remark 2. ψ(k) is one of the characteristics of the DL
method. Numerically, it is slowly time-varying data. From
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Fig. 1. Conceptual framework of the output data
quantification strategy.

the perspective of data meaning, it is also highly complex,
which may include such time-varying structure, param-
eters, or order information. From the point of view of
physical meaning, it does not exist, which some scholars
describe as non-parametric.

Remark 3. Because only I/O data and ψ(k) are needed,
the equivalent data model (2) is particularly suitable for
the analysis of nonlinear systems with unknown nonlin-
ear systems. To obtain the mysterious ψ(k), we cannot be
obtained it directly. It is necessary to use estimation algo-
rithms, such as an improved projection algorithm or a least
squares algorithm with a time-varying forgetting factor.

2.2. Data quantification

For control systems with constrained network resources,
data quantization is one of the most efficient ways to con-
serve resources. When a quantizer is positioned in between
a sensor and a controller, it quantizes the output data and
uses it to produce control signals. The control signal is
quantized and applied to the controlled item if the sensor
is swapped out for an actuator. This article focuses on the
design of controllers using quantized output data.

The logarithmic quantizer is selected, and the quantized
data set is given by:

Ξ =
{
±κσ : κσ = vy

σκ0, σ = ±1,±2, · · ·
}

∪
{

κ0
}
∪ {0}, 0 < vy < 1, κ0 > 0

(3)

Where υ denotes quantifier density, κ0 > 0 is quantified
initial value.

The output quantizer is given by:

q(y(k)) =


κσ if κσ

1+γy
< y(k) ≤ κσ

1−γy

0 if y(k) = 0,

−q(−y(k)) if y(k) < 0.

(4)

Fig. 2. Structure of the quantized output observer-based
model-free adaptive control scheme.

where q(y(k)) is the quantized output When the input
of the quantizer is y(k), γy denotes output quantizer pa-

rameters, γy =
1−vy
1+vy

, namely 0 < γy < 1.
The conceptual framework of the data output quanti-

zation process is shown in Fig. 1. The sampling interval
is shown by the horizontal axis, and the quantization in-
put range, which is divided into various color segments, is
represented by the vertical axis. The identical quantization
level will be produced for all inputs with the same color
range. The quantization density of the quantizer deter-
mines the size of the quantization range. Correspondingly,
larger densities result in smaller ranges, higher quantiza-
tion accuracy, and lower transmission efficiencies. All out-
put data are used to create control signals when the density
is equal to 1.

In this paper, our control objective is to design a data-
driven model-free adaptive controller using quantized out-
put data to achieve trajectory tracking control. The block
diagram is shown in Fig.2.The left dashed box in Fig.2
shows the model-free adaptive control strategy containing
the quantized output observer, PPD estimation and con-
troller, while the right dashed box shows the quantization
process of the output data.

3. Quantized output data observer based model-
free adaptive control design

3.1. PPD estimation

An adaptive observer is introduced between the quantizer
and the controller, and its structure is as follows:

ŷq(k + 1) = ŷq(k) + ψ̂(k)∆u(k) + kqeq(k) (5)

Where ŷq(k) and ψ̂(k) are the estimated value of the quan-
tized output and PPD at work point of k, the gain kq is
chosen such that 0 < kq < 1, eq(k) is the quantized output
estimation error, denoted as:

eq(k) = yq(k)− ŷq(k) (6)

Where yq(k) is the output of the quantizer, that is yq(k) =
q(y(k)). From Eqs. (5) and (6), we can obtain:
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yq(k + 1) =

ŷq(k) + ψ̂(k)∆u(k) + kqeq(k) + eq(k + 1)
(7)

Using sector bound method, y(k) and yq(k) satisfies the
following relationships:

yq(k)− y(k) = βyy(k) (8)

Where
∣∣βy
∣∣ < γy , that means 0 < βy < 1 .

In this way, combining Eqs. (2), (5), (6) and (8), the dy-
namic characteristics of the observation error can be de-
duced:

eq(k + 1) =

Mqeq(k) + ψ̃(k)∆u(k) + βyψ(k)∆u(k)
(9)

where ψ̃(k) = ψ(k)− ψ ˆ(k), denotes the PPD parameter
estimation error. Mq = 1 − kq, satisfying 0 < Mq < 1.

The PPD estimation algorithm is built based on the struc-
ture of the quantized output data observer Eq. (5):

ψ̂(k + 1) = ψ̂(k) + ∆u(k)Θq(k)
(
eq(k + 1)

−Mqeq(k)− βyψ(k)∆u(k)
) (10)

Where Θq(k) = 2/
(∣∣∆u2(k)

∣∣+ η
)

, let ϵ = ζ2 + η, Θq(k) ≥
2/
(
ζ2 + η

)
by Assumption 2.

Remark 4. To ensure that the PPD estimation algorithm
has a more vital tracking ability for timevarying param-
eters, set a small positeve constant ρ as reset threshold
value, the retune mechanism will work when |ψ̂(k)| ≤ ϱ

or |∆u(k − 1)| ≤ ϱ, that is, ψ̂(k) = ψ̂(1), where ψ̂(1) is the
initial value.

3.2. Controller design and stability analysis

Based on the PPD estimation algorithm(10), in order to
realize the nonlinear control system (1) to track the given
trajectory well, the following controllers are designed:

u(k) = u(k − 1)

+
ψ̂(k)

(
yd(k + 1)− ŷq(k)− kqeq(k)

)
ψ̂2(k) + ω

(11)

Where yd(k) is the bounded expected trajectory, that is
|yd(k)| ≤ YM, ω > 0 is a weighting factor.

Theorem 1. For the nonlinear system Eq. (1) satisfy-
ing Assumptions 1-2, quantized by mechanism Eqs. (3)
and (4), control laws Eqs. (9) and (10) ensure the
tracking error convergence to a bounded region by
limk→∞ e(k) ≤

(
2a1

1−a0
+

βy
1+βy

)
YM, where a0 = ω

ψ̂2(k)+ω
,

a1 = ω

(1+βy)(ψ̂2(k)+ω)
Proof. The system tracking error is defined as follows:

e(k) = yd(k)− y(k) (12)

Both the process of output data passing through the
quantizer and output quantized data crossing the observer
generate corresponding errors, and they all have some rela-
tionship with the tracking error. Therefore, it is necessary to
discuss the boundedness of eq(k), ψ̂(k), observer tracking
error, and quantizer tracking error to derive the conver-
gence performance of the system tracking error.

1. Boundedness of eq(k) and ψ̂(k)

Subtracting ψ(k + 1) on both sides of (10) yields:

ψ̃(k + 1) =
(

1 − ∆u2(k)Θq(k)
)

ψ̃(k) (13)

Consider the Lyapunov function as below:

V(k) = ρe2
q(k) + χψ̃2(k) (14)

Substitute Eq. (9) and Eq. (13) into Eq. (14), then we
can obtain:

∆V(k + 1) = V(k + 1)− V(k) (15)

∆V(k + 1) = V(k + 1)− V(k)

= ρ
(

M2
q − 1

)
e2

q(k) + ρ
(

ψ̃2(k)∆u2(k)

+ β2
qψ2(k)∆u2(k) + 2Mqeq(k)ψ̃(k)

× ∆u(k) + 2βyψ̃(k)∆u(k)ψ(k)∆u(k)

+2βy Mqeq(k)ψ(k)∆u(k)
)
− χ

×
(

ηΘ2
q(k)

)
ψ̃2(k)∆u2(k)

(16)

According to the principle of basic inequality, Eq. (15)
is simplified as:

∆V(k + 1) ≤
(

ρM2
q − ρ + ρ2ς1 +

ρβ2
y

ς2

)
e2

q(k)

+

(
ρ2ζ3β2

y + ρ +
M2

q

ς1
− χηϵ2

)
× ψ̃2(k)∆u2(k)

+

(
1
ζ3

+ ρβ2
y + ρ2ς2 M2

q

)
ψ2(k)∆u2(k)

= l1e2
q(k) + l2Ω2

1 + l3Ω2
2

(17)

where Ω1 = ψ̃(k)∆u(k), Ω2 = ψ(k)∆u(k). If select
appropriate parameters ς1, ς2, ς3, ρ and χ, satisfy the
following inequalities:
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
l1 = ρM2

q − ρ + ρ2ς1 +
ρβ2

y
ς2

< 0

l2 = ρ2ς3β2
y + ρ +

M2
q

ς1
− χηϵ2 < 0

l3 = 1
ς3

++ρβ2
y + ρ2ς2 M2

q < 0

(18)

then, ∆V(k + 1) ≤ 0, indicates that V(k) decreas-
ing gradually. Because of V(k) > 0, it converges
to a constant V(∞), that is ∆V(k) → 0. There-
fore limk→∞ eq(k) = 0, ψ̃(k) is bounded, cause ϕ̂ is
bounded also.

2. Boundedness of observer tracking error

Consider observer tracking error as êq(k) = yd(k)−
ŷq(k) , substitute Eq. (5) and Eq. (11) yields:

êq(k + 1) = yd(k + 1)− ŷq(k + 1)

= yd(k + 1)− ŷq(k)

− ψ̂2(k)
ψ̂2(k) + ω

(
yd(k + 1)− ŷq(k)

−ŷq(k)− kqeq(k)
)
− kqeq(k)

=
ω

ψ̂2(k) + ω

(
êq(k) + ∆yd(k + 1)− kqeq(k)

)
(19)

Since 0 < ω < ψ̂2(k) +ω, there is 0 < ω
ψ̂2(k)+ω

= a0 <

1, by the absolute value inequality, we have:

∣∣êq(k + 1)
∣∣ ≤ a0

∣∣êq(k)
∣∣+ a0

∣∣kq
∣∣ ∣∣eq(k)

∣∣+ a0 |∆yd(k + 1)|

≤ a2
0
∣∣êq(k − 1)

∣∣+ a2
0
∣∣kq
∣∣ ∣∣eq(k − 1)

∣∣
+ 2a2

0YM + a0
∣∣kq
∣∣ ∣∣eq(k)

∣∣+ 2a0YM ≤ · · ·

≤ ak
0
∣∣êq(1)

∣∣
+

(
a0
∣∣kq
∣∣ ∣∣eq(k)

∣∣+ 2a0YM
) (

1 − ak
0

)
1 − a0

(20)

Where limk→∞ ak
0 → 0, it follows that êq(k) is bounded,

bring in limk→∞ eq(k) = 0 to (23), thus there is
limk→∞ êq(k) ≤ 2a0γM

1−a0
.

3. Boundedness of quantifier tracking errors

Quantifier tracking error is defined as:

ẽq(k) = yd(k)− yq(k) (21)

where ẽq(k), eq(k) and êq(k) satisfy a particular rela-
tionship: ẽq(k) = êq(k)− eq(k), both eq(k) and êq(k) in
the equation are proven. The quantifier tracking error
is also bounded, satisfying

lim
k→∞

ẽq(k) ≤
2a0γM
1 − a0

4. Boundedness of tracking errors

Considering the above error in relation to the tracking
error, take Eqs. (7) and (8) to Eq. (11):

e(k + 1) = yd(k + 1)− 1
1 + βy

yq(k + 1)

=
1

1 + βy

(
ω

ψ̂2(k) + ω

(
yd(k + 1)− ŷq(k)− kqeq(k)

)
−eq(k + 1) + βyyd(k + 1)

)
= a1

(
ẽq(k) +

(
1 − kq

)
eq(k) + ∆yd(k + 1)

)
−

eq(k + 1)
1 + βy

+
βyyd(k + 1)

1 + βy
(22)

Where a1 = ω

(1+βy)(ψ̂2(k)+ω)
, since 1 + βy >

1, it can be deduced that ω < ψ̂2(k) + ω <(
1 + βy

) (
ψ̂2(k) + ω

)
, so 0 < a1 < 1. Taking absolute

values on both sides:

|e(k + 1)| ≤ a1
∣∣ẽq(k)

∣∣+ a1
(
1 − kq

) ∣∣eq(k)
∣∣

+ 2a1YM +

∣∣eq(k + 1)
∣∣

1 + βy
+

βyYM

1 + βy

(23)

Where the convergence of eq(k) and ẽq(k) has been
derived previously. Carrying them into the above
equation(30) gives limk→∞ e(k) ≤

(
2a1

1−a0
+

βy
1+βy

)
YM.

If the given trajectory yd(k) is a constant, that is
∆yd(k + 1) = 0, then limk→∞ e(k) ≤ βy

1+βy
YM

Remark 5. The scheme in [23] requires the quantiza-
tion output and increment output to design the PPD and
controller, which will produce two different quantization
errors, making the control more difficult. In this paper, we
only need to quantify the output data, and minimize the
impact of quantization error on the system by constructing
the observer and reasonably selecting the observer gain.

4. Simulation

In this section, we verify the effectiveness of the proposed
algorithm through two simulation experiments. The first
is a numerical simulation, and the second is a simulation
of a model of a shell and tube heat exchanger commonly
used in industry. Despite the mathematical models for both
examples are shown, they are only employed to provide
input and output data and have no bearing on how the
controller was designed.

The QMFAC [23] scheme as follows is used for compari-
son.
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ϕ̂(k) = ϕ̂(k − 1) +
η∆u(k − 1)

µ + |∆u(k − 1)|2 (q∆(∆y(k))

− ϕ̂(k − 1)∆u(k − 1))

u(k) = u(k − 1) +
ρϕ̂(k)

λ + |ϕ̂(k)|2
(
y∗(k)− qy(y(k))

) (24)

Where qy(y(k)) and q∆(∆y(k)) represent the quantization
of output increment and output data respectively. The
values of the parameters in the scheme will be given in the
following simulation experiments.

4.1. Example 1

The SISO nonlinear system is selected as follows:

y(k + 1) = sin(y(k)) + u(k)(3 − sin(y(k))u(k)) (25)

Set the desired tracking trajectory expressed as:

yd(k + 1) = 0.2 + 0.3(sin((2kπ/200)

+ sin((2kπ/100)) + sin((2kπ/50)))
(26)

The working point is set to [0, 1000]. The parameters of
proposed controller are kq = 0.8, ω = 0.01, η = 2.7, ψ̂(1) =
21, ϱ = 0.0001, κ0 = 10, σ = (1, 2, · · · , 500), vy = 0.9. Pa-
rameters of QMFAC are selected as ρ = 1, η = 1, λ =

2, µ = 1, θ∆ = θy = 0.9 and z0 = 5. The simulation output
performance results are depicted in Fig.3. It can be seen
that the proposed qMFAC method can achieve a better
performance in the presence of quantitative output data.
In comparison, the output of QMFAC exhibits a larger
tracking error because of the simultaneous presence of the
output quantizer and the output incremental quantizer, the
quantization error increases exponentially and finally acts
on the dynamic performance, the PPD estimate of qMFAC
changes more slowly than that of QMFAC.

Remark 6. When given trajectory yd(k) is a constant, the
tracking error of the QMFAC is limk→∞ e(k) ≤ δyYM

d1
with

denominator d1 < 1, while in this paper limk→∞ e(k) ≤
βy

1+βy
YM with denominator 1 + βy > 1. Both using sector-

bound method to discuss quantization error, and it is clear
that the numerator of the latter is smaller than the former,
i.e., βy < δy. Therefore, theoretically, the proposed in this
paper outperforms QMFAC in terms of tracking effect, and
it is verified in Fig.3.

The quantization outputs of qMFAC and QMFAC are
shown in Fig.4. The horizontal and vertical coordinates in-
dicate the number of quantization levels and the number of
transmissions, respectively. It can be seen that the number
of orange quantization levels representing the proposed

qMFAC is less than that of blue ones representing the com-
parison scheme, and the tracking effect is better with fewer
quantization levels.

Different control will make different quantization levels
at the same quantization density, and different quantiza-
tion densities will also affect the quantization levels. Four
quantizers with quantization densities of 0.95, 0.9, 0.85, and
0.8 were selected from high to low and used in the above
experiments to verify this claim. The tracking error of the
system obtained is shown in Fig.5. As the quantization den-
sity decreases, the quantization level becomes coarser, the
gap between the real output value and the actual output
value increases, and the tracking error increases accord-
ingly. However, the proposed scheme is not repeatedly
used a quantizer, the quantization error is introduced less,
and its overall tracking error is always smaller than QM-
FAC. Table1 lists the quantization levels produced by the
proposed and scheme[23] for each of the four densities. As
the quantization density decreases, the quantization level
becomes coarser and the difference between different meth-
ods becomes smaller. When the quantization density is
0.95 , the proposed method has a better convergence effect
than QMFAC while saving 21.2% of transmission channel
resources.

4.2. Example 2

In industrial production, specialized heat exchangers are
required to prevent the direct mixing of hot and cold fluids.
Shell and tube heat exchangers are the most widely used
wall-to-wall heat exchange devices. However, it have an
assertive uncertain nonlinear behavior limited by operating
conditions and material characteristics.

As shown in Fig. 6, the cold fluid enters from the liquid
inlet, flows through the inside of the tube bundle and fi-
nally exits from the liquid outlet when the shell and tube
heat exchanger is in operation. The hot fluid flows in from
the steam inlet, around the gap between the heat exchanger
tube plate and the tube bundle, and out through the steam
outlet. The hot and cold fluids are separated by multiple
thin tube walls of the tube bundle. The hot fluid first trans-
fers heat to the thin tube walls, and then the tube walls
transfer heat to the cold fluid inside the tube, completing
the entire heat transfer process.

Keeping the steam flow constant, this paper consider
process water flow rate as input and process water exit
temperature as output, the Hammerstein model of Eq. (24)
is used to describe the dynamic behavior of the heat ex-
changer as:

GH
(
z−1) = 1.2z−1−0.1z−2

1−0.6z−1+0.1z−2

N(u) = 1.5u(k)− 1.5u2(k) + 0.5u3(k)
(27)
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(a) Output performance of the system. (b) PPD estimation.

Fig. 3. Tracking performance of the system.

Table 1. Quantization levels at different densities.

vy = 0.95 vy = 0.9 vy = 0.85 vy = 0.8
Proposed scheme 155 94 67 52
Scheme [23] 198 108 79 57
Level savings 21.72% 12.96% 15.19% 8.77%

Fig. 4. Quantizaion leves and transmission.

Fig. 5. Error performance at four different densities:(a)
vy = 0.95. (b) vy = 0.9. (c) vy = 0.85. (d) vy = 0.8.

Fig. 6. Shell and tube heat exchanger.

The following reference signals have been selected to
match the temperature requirements of industrial pipeline
fluids closely:

yd(k) =

30 if k ≤ 500

60 if 500 < k ≤ 1000
(28)

The proposed controller parameters are set as kq =

0.8, ψ̂(1) = 80, κ0 = 83, vy = 0.9, and the rest of the pa-
rameters remain unchanged. Parameters of QMFAC are
selected as ρ = 1, η = 1, λ = 2, µ = 1, θ∆ = θy = 0.9
and z0 = 5. The system output performance of the heat
exchanger with quantized output data is shown in Fig. 7.
When yd(k) = const, both can track the given tempera-
ture quickly, and the proposed control method has a small
overshoot, fast convergence, and high accuracy.

The tracking error and control input performance are
given in Fig. 8. It can be seen that the proposed method
converges to a relatively small neighborhood from the equi-
librium point with good steady-state performance for both
tracking errors and control inputs. Similarly, the tracking
effect can be improved by increasing the density. How-



2036 Bing Ren et al.

Fig. 7. Output performance of shell and tube heat
exchanger.

ever, a certain amount of transmission resources must be
sacrificed simultaneously, so a compromise between trans-
mission frequency and control accuracy is needed.

Further, when environmental conditions are added to
the simulation experiment, that is the measurement noise
0.5rand(1) and the step disturbance 1 at 200s and another
step disturbance -1 at 700s in input channel. The param-
eters of qMFAC and QMFAC are the same as above, the
simulation experimental results as shown in Fig.9. It can
be seen that when external interference and noise appear
in the environment, the proposed method can respond
quickly, and is superior to QMFAC in output tracking per-
formance, error performance and input performance. At
the same time, the PPD of QMFAC changes on a slope with
a large rate of change, while the PPD based on the quan-
tized output observer only changes slowly after a small
amplitude at 200s, 500s and 700s, which is consistent with
the characteristics of slow time-varying, it has good control
accuracy and quality.

5. Conclusions

This paper presents a data-driven model-free adaptive con-
trol strategy for discrete-time nonlinear systems based on
quantized output data observer. The output data quantified
by the quantifier is used to design model-free adaptive con-
trol scheme including the PPD estimation algorithm based
on quantized output observer. This change in data type
extends the application of MFAC based on the observer
framework. Data driven by quantized output is imple-
mented over a limited number of transmission channels,
saving valuable network resources. Through the Lyapunov
function, the asymptotic stability of the proposed qMFAC
algorithm is analyzed, which shows that the system track-
ing error can achieve final bounded convergence. Finally, a
numerical simulation and a shell and tube heat exchanger
control system simulation have been made to verify the ef-

fectiveness of the proposed algorithm. Compared with the
current results, qMAFC designed in this paper is simple,
effective, and low-cost, suitable for scaling up to practical
applications. In the future, we focus on zero error data
driven control with time-varying network induced delay
and quantized data.
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