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Abstract: A predictive PID controller is presented to achieve stability in wireless networked con-

trol systems, where the communication is subject to data packet dropouts in both communication

routes: sensor to control and control to actuator transmission. The control strategy is based on

General Predictive Control (GPC). A Kalman filter and a consecutive dropouts compensator al-

gorithm have been added to the control scheme. The purpose of the algorithm is to develop an

estimation and control system that maintains information of the sensor packets and the control ac-

tions. Several experiments using the TrueTime network simulator are provided to demonstrate the

algorithm and its effectiveness.

1. Introduction

Networked Control Systems (NCS) and Wireless Networked Control Systems (WNCS) are con-

trol systems where controllers, sensors and final elements of control are connected to a mutual

communication network. NCS applications are increasing as a result of stronger industrial and
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academic interests in the potential benefits that these systems can offer. However, the main is-

sue that arises with the inclusion of network communication in the control system is the limited

capacity of the common channel which, leads to several problems that attempt to degrade the reli-

ability of the NCS. In particular, the network may introduce large communication delays and loss

of information, which greatly influences the controller performance. During the last 30 years, the

control engineering community has developed a full range of control schemes to cope with these

problems. Recent advances in NCS are reviewed in [1], where NCS subject to limited network re-

sources such as event-driven sampling, minimum rate coding and critical dropouts are addressed.

Another survey focused on NCS with delay and dropouts can be found in [2]. Also, [3, 4] presen-

ted a categorised summary of control algorithms to cope with the networks constraints. Control

system analysis and design, network architecture, protocol and scheduling and experimental and

simulation studies have been outlined in [5].

Among the proposed methods the networked predictive control scheme stands out, which is

considerably effective since it can actively compensate for the transmission delays and consecutive

packet dropouts [6]. The first idea of exploiting the predictive controller in NCS can be referred to

[7], where the design of a predictive control in communication channels with unbounded delays is

presented.

In the case of predictive control for dropouts, a newer contribution is given in [8]. The authors

proposed a robust networked predictive control for time-varying delay compensator. They used a

multi-step prediction and linear interpolation, to predict the control sequence in combination with

a receding optimisation. The design ended in a set of LMI that the authors solved for an illustrative

example of a non-linear system and stated the effectiveness of the method.

In [9] a predictive control scheme was implemented to guarantee the stability of the control

system under random delay and dropouts. They used Lyapunov theory to derive the conditions

of stability. Simulations in Matlab/Simulink-based TrueTime network simulator and experimental

results using an Ethernet network and a DC motor with a PD controller showed the effectiveness of

this approach regarding control performance. They made real experiments using the IEEE802-11

wireless protocol and the performance of the design was similar. The predictive approach has been
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addressed for multivariable GPC in [10], where they presented an adaptive predictive control which

showed a reasonable performance for an experimental test using UDP and TCP protocols. Stability

conditions for networked predictive control with delay compensation have been proposed in [11–

13]. They derived stability conditions using Lyapunov functions and proved its effectiveness with

some illustrative examples.

In [14] a WNCS is designed focusing on the reduction of energy consumption. They studied the

Media Access Control (MAC) parameters and the sampling time, dropouts and random delay of

the network and derived a stability condition that reduces the energy consumption. The controller

uses the Model-Based Network Control System (MB-NCS) cited in [15]. Another contribution that

combined the design of MAC parameters and wireless channel conditions can be found in [16],

where a model based predictive networked control system is implemented.

A different solution for predictive WNCS is presented in [17], where a Smith predictor com-

bined with the Cerebellar Model Articulation Controller (CMAC) control is proposed. The pre-

dictor is combined with a non-linear PID control in [18] and with a PI control in [19].

While there are numerous approaches that have been reviewed such as fuzzy, predictive and

robust control, the PID is the most successful, and has received the most attention in the history

of process control. There are some methods for networked PID controllers to compensate for

delays, dropouts and other network deficiencies. For instance, the PID tuning problem for varying

time-delay systems has been addressed using multi-objective optimisation to develop rules that

maximise the value of any additional varying time-delay in the control system [20–24].

Recently, some research has been focused on predictive PID controllers. For instance, [25]

addressed the compensation of dropouts using GPC and pole placement structure to find the gains

of a PID controller. Stability of the process was verified using Lyapunov theory. In [26], the

predictive PID approach combined the optimal tracking control of the GPC and the simple PID

structure, which made it easy to implement and gave a reliable controller. Another example is

given by Friman [27], who designed a PID controller that keeps the last value in case that the

systems do not have the last update. They introduced a simple estimator based on the past values

of the output and the reference. The results showed a permanent error as a result of the trial and
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error mechanism used to select the design parameter of the estimator.

On the other hand, WNCS bring outstanding advantages but also their limited capacity leads

to constraints and uncertainties that become more significant in the stability of the closed-loop

system. For instance, the limited energy in the wireless nodes leads to non-periodic measurements

[28]. Therefore, information is randomly dropped and delayed. These problems motivated the

development of control systems that address the complexity and intricate estimation of the WNCS,

meanwhile, the simplicity and efficiency of the controller are preferred. An industrial application

cited in [29] showed the potential of using wireless communication in a closed-loop control. A

PID controller was developed to reduce the power consumption by a reduction of the number

of communications of wireless transmitters; at the same time, it managed to maintain a similar

performance to a wired control system. Moreover, they showed the adequate performance of the

controller to cope with the loss of communication. In [30] a PID tuned with AMIGO rules and

combined with a time-varying Kalman filter was proposed and showed satisfactory results using

IEEE 802.15.4 wireless equipment.

In this paper, the Model Predictive Control (MPC) technique is used. The motivation to use

MPC is that the method has been proved to be robust to perturbations and leads to efficient control-

lers used in many industrial applications [31]. A predictive PID controller based on GPC scheme

is developed to compensate dropouts in WNCS. A quadratic programming problem optimises a

reduced GPC criterion to find the optimal PID gains at every sampling time. The velocity PID

structure is used to set a general three term controller. The constraint handling is presented to

stop input saturation. The problem of the occurrence of dropouts from sensor to controller is com-

pensated by combining the controller with a Kalman filter. The sensed output y(k) is switched

to the Kalman estimation ŷe(k) allowing the controller to have always information of the process

even in the presence of dropouts. To compensate consecutive dropouts from controller to actuator,

saved predictions of the control signal are calculated. The method is applied to typical second

order and non-minimum phase systems with delays. The control system is implemented using

the Matlab/Simulink-based TrueTime network simulator. Performance and robustness analysis is

investigated. Finally, conclusions and future research work are presented.
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The contribution of the proposed methods is that it provides a reliable design for WNCS. The

reported predictive PID controller is stable with robustness to the system gain and pole variations.

Moreover, it compensates higher occurrences of dropouts and respects constraints, which are sig-

nificant problems for these systems.

2. The PID

The discrete parallel form of the conventional PID controller is given by:

u(k) = kpe(k) + ki ts

k∑
i=1

e(k) +
kd
ts

[e(k)− e(k − 1)] (1)

where ts is the sampling time.

The velocity form of the PID controller is considered:

∆u(k) = kp[e(k)− e(k − 1)] + ki tse(k)+

kd
ts

[e(k)− 2e(k − 1) + e(k − 2)]
(2)

The matrix representation is selected to facilitate the computation:

∆u(k) = KTe(k) (3)

where e(k) is the vector of control errors:

e(k) = [e(k) e(k − 1) e(k − 2)]T (4)

The vector of gains K is defined as:

K =

[
kp + ki ts +

kd
ts

− kp − 2
kd
ts

kd
ts

]T
= [k1 k2 k3]

T (5)
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The PID controller gains must be positive scalars:

kp > 0, ki > 0, kd > 0 (6)

Hence, the vector of gains K must fulfil the linear inequality constraints:

k1 + k2 + k3 > 0

k2 + 2k3 < 0

k3 ≥ 0

(7)

3. The GPC reduced criterion

This section defines the process model and the predictive algorithm for the GPC design. Consider

the GPC cost function:

J =
∑Nph

j=N1

[ŷ(k + j)− r(k + j)]2 +
Nu∑

j=N1

λ[ ∆u(k + j − 1)]2 (8)

The equation is a weighted sum of square predictive future errors and square control signal incre-

ments, where: N1 and Nph are positive scalars indicating the initial and final predictive horizons. λ

is the weighting parameter for the control input. A constant weight is used to penalise the control

effort. Nu is the control horizon. Finally, r(k + j) is the future reference trajectory that has been

assumed to be known.

Now, from equation (8) it is required to find the prediction of process output ŷ(k+j) to minimise

the cost function. The Diophantine equations are used to find the prediction matrices.

Consider a linear SISO plant described by the Controlled Auto Regressive and Integrated

Moving-Average (CARIMA) model, which is the well-known Auto Regressive Moving Average

with exogenous terms (ARMAX) model in terms of control deviation variables. This model is

represented by:

A(z−1)y(k) = z−dB(z−1)u(k − 1) + C(z−1)
ξ(k)

∆
(9)
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where y(k) and u(k) are the process output and the control input respectively. d is a delay of the

process. A discrete-time setting is assumed and the current time is labelled as time instant k. A, B

and C are polynomials function of z−1 with order na, nb and nc respectively. They are represented

as follows:

A(z−1) = 1 + a1z
−1 + a2z

−2 + · · ·+ anaz
−na

B(z−1) = b0 + b1z
−1 + b2z

−2+

· · ·+ bnb
z−nb

C(z−1) = c0 + c1z
−1 + c2z

−2+

· · ·+ cncz
−nc

(10)

The model represents the uncertainty of random disturbances in the process. ξ(t) is a zero mean

white noise, and ∆ = 1 − z−1 is a difference operator, indicating the difference between the

current time point and the previous time point. This makes the model more appropriate in industrial

applications where disturbances are non-stationary.

Consider the following Diophantine equation:

1 = Ej(z
−1)∆A(z−1) + z−jFj(z

−1) (11)

where Ej and Fj are polynomials.

Multiplying equation (9) by ∆Ej(z
−1)zj gives:

∆A(z−1)Ej(z
−1)ŷ(k + j) =

Ej(z
−1)B(z−1)∆u(k + j − d− 1) + ξ(k + j)

(12)

The best estimation of the future disturbance is obtained by selecting ξ(t+ j) = 0. By substituting
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A(z−1)Ej from equation (11) in equation (12), it results:

(1− z−jFj(z
−1))ŷ(k + j) =

Ej(z
−1)B(z−1)∆u(k + j − d− 1)

(13)

Simplifying one get:

ŷ(k + j) = Fj(z
−1)y(k)+

Ej(z
−1)B(z−1)∆u(k + j − d− 1)

(14)

where
Ej(z

−1) = ed+j,0 + ed+j,1z
−1 + · · ·+ ed+j,j−1z

−(d+j−1)

Fj(z
−1) = fd+j,0 + fd+j,1z

−1 + · · ·+ fd+j,naz
−na

(15)

Now, equation (14) can be expressed as:

ŷ(k + j) = Fj(z
−1)y(k) +G(z−1)∆u(k + j − 1) (16)

where

G = Ej(z
−1)B(z−1) (17)

The cost function J stated in equation (8) will now be formulated as the following quadratic prob-

lem, by replacing the output predictions in equation (16):

J(K) = (Gu + Fy − r)T

(Gu + Fy − r) + λuTu
(18)

where

r = [r(k + 1) r(k + 2) · · · r(k +Nph)]T (19)

y = [ŷ(k + 1) ŷ(k + 2) · · · ŷ(k +Nu)]T (20)

u = [∆u(k) ∆u(k + 1) · · · ∆u(k +Nu − 1)]T (21)
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Note that the optimal input solution ∆u(k + j − 1) = 0 for j > 1. The control horizon has been

selected as one because the PID law only computes ∆u(k).

4. The Predictive PID control

The PID control law is formulated using the result in equation (3). Simplifying equation (18):

J(K) = uT(GTG + λI)u

+uT2GT(Fy − r)
(22)

Now, replace ∆u using equation (3):

J(K) = (eTK)T(GTG + λI)eTK

+(eTK)T2GT(Fy − r)
(23)

This is equivalent to:

J(K) = KT e (GTG + λI)eT K

+KT 2 e GT(Fy − r)
(24)

The minimum cost is found by computing the gradient of J with respect to the vector of PID gains.

Thus, equation (24) becomes:

minJ(K) = {e (GTG + λI)eT + [e (GTG + λI)eT]T}K

+2 e GT(Fy − r) = 0
(25)

It can be reduced as:
minJ(K) = 2e (GTG + λI)eT K

+2 e GT(Fy − r) = 0
(26)

For an unconstrained optimisation problem one can find easily the vector of PID gains. However,

in this case Matlab optimisation Toolbox is used to compute the minimum cost at every sampling

time. In specific, the function quadprog is selected. Using this quadratic program algorithm the

9



optimal PID parameters that satisfy the constraints can be found. The quadratic function can be

expressed as:

J =
1

2
· xT ·H · x +mT · x (27)

Comparing the results in equation (24) and equation (26) gives:

x = K

H = 2(GTG + λI)e(k)e(k)T

m = 2GT(F− r)e(k)
(28)

The optimisation will be carried out by minimising the cost function respect to the PID controller

gains K:

∆ucons = min
K
J(K, r,F,G) (29)

where ∆ucons is the optimal input trajectory at time instant k. Therefore, the design of the predict-

ive PID controller is based on the following optimisation problem:

min
K

1

2
· KT ·H · K + mT · K

s.t. a(k) · K ≤ b(k)

(30)

The constraints of equation (30) will guarantee the contributions of control input and rate input are

applied according to the controller limitations. The design is extended in the next section.

The control law can be rewritten from equation (3) as:

∆u(k) = K(k)e(k) (31)

Note that the vector of PID gains will change at every time instant k. Figure 1 shows the details of

the Predictive PID implementation, where the main functional blocks of the controller are provided.
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Network

PID

K(k, e, u)

dca Actuator Gp(z)
u

Using A and B

solve Diophantine

equation

Calculate the matrices F,

G

Find the GPC criterion

J(G, F, uk−1, yk−1, r, a, b)

Find K with

quadratic programing

min J

Filter Use predictions

u(k)

Sensordsc

r e

yes

no
y

−

ŷ

y yes

no

Figure 1. Diagram of predictive PID controller structure

5. Constraints for the control input and control input increment

Here the constraints to select the appropriate predictive PID gains to prevent input saturation are

formulated. To introduce the constraint handling, the predictive PID control subject to linear con-

straints for the input and input increment is solved:

−∆umin ≤ ∆u(k) ≤ ∆umax

− umin ≤ u(k) ≤ umax

(32)

The predictive PID control law in equation (31) can be defined as:

∆u = k1 e(k) + k2 e(k − 1) + k3 e(k − 2) (33)

By combining the previous result and ∆u = u(k)− u(k − 1) in equation (33) the constraints can

be written as:
−∆umin ≤ k1 e(k) + k2 e(k − 1) + k3 e(k − 2) ≤ ∆umax

− umin − u(k − 1) ≤ k1 e(k) + k2 e(k − 1) + k3 e(k − 2)

≤ umax − u(k − 1)

(34)
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The inequalities in (34) can be separated and a matrix arrangement is obtained. Moreover, by

combining equation (7) with the previous result the final constraint matrix is found:



0 1 2

0 0 −1

−1 −1 −1

e(k) e(k − 1) e(k − 2)

−e(k) −e(k − 1) −e(k − 2)

e(k) e(k − 1) e(k − 2)

−e(k) −e(k − 1) −e(k − 2)




k1

k2

k3

 ≤



−ε

0

−ε

∆umax

−∆umin

umax − u(k − 1)

−umin + u(k − 1)


(35)

where ε is a small positive scalar. Note that, the constraints should be fulfilled for every

∆u(k)j, j = 1, . . . , Nph − 1.

Note that, the final constraint matrix in equation (35) has the form a(k) · K ≤ b(k) previously

defined in the optimisation problem proposed in (30).

6. Dropouts from controller to actuator compensation

Predictions of the control signal are computed and saved in the actuator node to compensate the

occurrence of dropouts from controller to actuator.

From equation (28) the matrix G1 is calculated instead of G:

G1 = G(1 : Nph, j) (36)

where j stands for columns of matrix G and N1 ≤ j ≤ Nph. Therefore, j predictions of the

control signal ∆u(k) are calculated using the coefficients of j − th column of matrix G. For this,

Nph predictions of ∆u are computed every sampling time and stored them for the next sampling

instant. If there is a dropout, the next saved value is applied. In the case of consecutive dropouts,

the maximum number of consecutive dropouts γmax is selected to match the prediction horizon

Nph. Thus, the controller can determine the occurrence of consecutive dropouts and apply the past
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predictions until either the condition is over or γmax has been reached.

Since the stability of the system will depend on the selection of Nu, the number of consecutive

dropouts is measured for variations of the packet loss rate from 25% to 80%. A maximum value of

γmax = 30 is found.

7. Dropouts from sensor to controller compensation

7.1. Kalman Filter Construction

In this section, the design of the Kalman filter is presented. It will have an important role to improve

the performance of the whole control system. The occurrence of dropouts during the transmission

from the sensor to the controller results in an open-loop system which degrades the reliability of

the WNCS. To solve this problem a Kalman filter is implemented to generate a prediction of the

process output when dropouts are presented.

An estimator algorithm is used according to:

x(k + 1) = Ax(k) +Bu(k) + v(k)

y(k) = Cx(k) + w(k)
(37)

where the process noise v(k) and measurement noise w(k) are independent Gaussian white

sequences with covariance Q and R, respectively. The covariance is described as follows:

E

{ω(k)

υ(k)

[ω(k) υ(k)
]}

=

Q(k) S(k)

S(k)T R(k)

 δ(k) (38)

where δ(k) is the Kronecker delta function. The cross covariance S(k) is assumed to be zero

for independent processes. E stands for the estimation.

The matrices A,B,C are calculated using the discrete transformation from process transfer

function to state-space representation. The Kalman filter gives the estimate of the state as follows:
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x̂(k + 1) = Ax̂(k) +Bu(k) +Kf (y − ŷ)

ŷ = Cx̂
(39)

where ŷ(k) is the estimation of y(k) at time k.

Kf represents the steady-state filter gain that is calculated as follows:

Kf = PCTR−1 (40)

where P is the covariance of estimation error that satisfies the following Riccati Difference Equa-

tion:

PAT + AP − PCTR−1CP +Q = 0 (41)

The filter gain is computed by selecting appropriate values for Q and R. The observer is im-

plemented in Matlab/Simulink on the controller side using the estimate space-state model of the

process. At time k, the predictive PID controller will read the sensed data y and if a dropout takes

place, the information is obtained from the prediction ŷ.

7.2. Delay approach

The Kalman filtering results can be extended to handle delay in the system. A smoothed estimation

can be used to study the delay. The Kalman filter algorithm assumes no delay exist between y(k−1)

and y(k) measurements. If a delay d exists an estimation of x(k) can be obtained by smoothed

estimates for lags up to d samples, that is:

x̂d(k) = E {x(k − d)|y(0), · · · , y(k − 1)} (42)

This is called a smoothed estimate. The accuracy increases when more measurements are used

in estimating the state. However, the greater the delay, the greater the complexity of the estimator.

A fixed-lag smoothing problem with a fixed delay d is chosen. It can be derived by augmenting

the state vector by delayed versions of the state. The algorithm is:
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x(k + 1)

x1(k + 1)

...

xd(k + 1)


=



A 0 · · · 0

I 0 · · · ...

0
. . . . . . 0

... . . . . . . 0

0 · · · I 0





x(k)

x1(k)

...

...

xd(k)


+



I

0

...

...

0


υ(k) (43)

y(k) =
[
C 0 . . . 0

]


x(k)

x1(k)

...

...

xd(k)


+ ω(k) (44)

The gain K is obtained from the standard filter using equation (40).

8. Simulation studies

8.1. Numerical example 1: SO process

The performance of the predictive PID control is investigated using simulation studies. The pro-

posed algorithm has been implemented and tested using the Matlab/Simulink-based TrueTime

network simulator configured for wireless protocol 802.11b (WLAN), with a data rate of 800000

bits/s. The minimum frame size has been selected as 272 bits. The results have been compared

with the solutions obtained by the classical GPC with constraints.

Consider the following system with a sampling time Ts = 0.01 s:

Gp(z) =
0.003319(z + 0.5215)

(z − 0.9755)(z − 0.09748)
(45)

Although different values of the penalty in the control action can be selected, for a faster re-

sponse of the closed-loop λ = 0.5 is chosen. As explained before, the prediction horizon is

Nph = 30 and the control horizon Nu = 1. Control input constraints have been assumed as
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umax = 3, umin = −3 and the rate input ∆umax = 10. The optimisation problem has been

set using the command quadprog(H,m, a, b), where H,m have been stated in equation (28) and

a, b are the constraint matrices of the linear inequality in equation (35). The interior-point-convex

algorithm is used. Lower and upper bounds have been added to the optimisation algorithm to find

positive and finite PID gains. The optimal vector of PID parameters K is found and compared to

equation (5) to find the optimal gains of the predictive PID every sampling time. Figure 3 shows

the system outputs and constrained controller inputs for the predictive PID and GPC for a sin wave

reference signal (black dashed line). The reference tracking is achieved and the control signal

satisfies the constraints (red dotted line). Moreover, the percentage and occurrence of dropouts

for the simulation are depicted in figure 2. A variable dp(k) ε [0, 1] is created to indicate if the

Figure 2. Time instant of data dropouts

packet containing the feedback signal y(k) was received at the controller node (dpsc(k) = 0) or if

it was dropped (dpsc(k) = 1). Similarly, packet dropouts from the controller to the actuator are

represented as (dpca(k) = 1) and (dpca(k) = 0) if there is no dropouts.

The predictive PID (purple line) shows almost the same behaviour than GPC (light purple line).

The performance of the controllers has been assessed using the Integral of Absolute Error (IAE).

The criterion returned a value of J = 1.8636 for the predictive PID response which is better than

the GPC: J = 1.9293.
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Figure 3. System outputs for predictive PID constrained, TrueTime simulator

Although minor oscillations are found in the signals, the controller is stable and works within

the requirements even with the presence of dropouts.

8.2. Numerical example 2: Non-minimum phase process

The following non-minimum phase process with dead time and sampling time Ts = 1 s, is con-

sidered to test the robustness of the design for a persistent disturbance input:

Gp(z) =
−0.26785 (z − 1.292) z−3

(z − 0.6065)(z − 0.006738)
(46)

The designs are tested under a step disturbance of magnitude 1.1, introduced at time t = 450 s.

In this case, the closed-loop stability is achieved by selecting λ = 25. The input constrains are

assumed umax = 10, umin = −5 and the rate input ∆umax = 10.

The predictive PID and GPC responses are shown in figure 4. The reference is a sequence of step

input of magnitudes 2, -1 and 1. The percentages of dropouts from sensor to controller and from

controller to actuator were 9% and 7%, respectively. The results demonstrated that disturbance

rejection is achieved. Moreover, the input constraints are satisfied, however this leads to a slower

rising time.

The performance of predictive PID and GPC responses for servo and regulatory responses has
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Figure 4. System outputs for predictive PID and GPC

been assessed using the IAE criterion. The results are summary in the Table 1.

Table 1 IAE values for step responses

Controller Jr Jd

Predictive PID 211.8 7.988
GPC 205 7.989

The predictive PID and the GPC performances present similar results.

9. Robustness stability

Process dynamics and percentage of dropouts will change during WNCS operation. Since the

proposed design is based on a simplified model of the plant, the sensitivity of the closed-loop

system to these variations is a fundamental issue. Hence, the stability of the method is investigated

here studying the closed-loop responses for variations of the process model parameters and the

percentage of dropouts. The following second order process is selected for this analysis:

Gp(z) =
0.06347z−1 + 0.04807z−2

1− 1.323z−1 + 0.4346z−2
(47)
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The controller settings are the same than the previous example. A step of magnitude one is

selected. Control input constraints have been chosen as umax = 1, umin = 0 and the rate input

∆umax = 10.

9.1. Study of stability for variations of percentage of dropouts

The percentage of dropouts from sensor to controller and from controller to actuator were varied

to demonstrate the robustness of the design.

The step responses for different scenarios are showed in figure 5. The solid line shows that when

the probability of loss is increased from zero to 65%, the responses are similar. Nevertheless, after

20 s, the control input for a 65% of packet lost presents small oscillations. If the probability keeps

increasing, the oscillations continue to grow until the system response is unstable. The dashed

line shows a higher percentage of dropouts and the performance of control system has decreased

considerably.

Further validations reported that, the closed-loop response is stable for a maximum probability

of dropouts from sensor to controller of 84%, that means the system is still stable when only 16%

of process measurements are transmitted from sensor to controller. Moreover, the control system

can compensate at the same time for a percentage of dropouts from controller to actuator of 13%

which means that only 87% of the control inputs are received by the process.

9.2. Study of stability for variations of the gain

Figure 6 shows that even with the constraints, the closed-loop system is stable if the gain is in-

creased and reduced to ±35% of the model process gain. Although the process presented a small

oscillation and slower rising time, zero steady error and a good tracking performance are accom-

plished when the process gain changes within the given percentages.

9.3. Study of stability for variations of the poles

Figure 7 shows the closed-loop responses for variations in the non dominant pole called p1. Note

that, the effect of varying the p2 is similar since the poles are closer to each other. It is evident
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Figure 5. Comparison of step responses with dropouts

from the plot, that pole variations of ±35% are permitted without making the closed-loop system

unstable.

9.4. Discussion

The performance stability of the control scheme is satisfactory for the selected prediction horizon.

Further tests showed that a larger Nph deteriorate the performance because the errors in the predic-

tion are bigger for long prediction horizon. The sampling time of the wireless networked control

system should be carefully chosen. The selected values for the previous validations guarantee the

stability of the implementation. Especial attention has to be considered for the interaction between

sensor, actuator and controller nodes. The sampling times of the first ones must be smaller than

the later one. The constraint handling produces a reduction of the performance, but satisfactory

results are still found. In most cases, a faster weight λ can improve the sluggish response of the

control signal. However, there are some cases where the control strategy can not stabilise faster

responses with high percentages of dropouts. The predictive PID controller and GPC show sim-

ilar performances; in some cases, PID controller has better performance for higher percentages of

dropouts.

For the given example, the control performance of the PID controller degrades gracefully when
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Figure 6. Comparison of step responses with gain process model variations

the percentage of dropouts is increased, nonetheless, after 84% it behaves poorly. Even with the

constraints, the system has a good tracking performance when process gain and poles vary within

the specified interval.

In conclusion, the fact that the closed-loop system is robust to process and dropouts variations

obeys to the optimisation tool used to obtain the predictive PID controller gains. The design

WNCS successfully minimises the error by changing the controller gains at every sampling time

and allowing a maximum system parameter variation and percentage of dropouts.

10. Conclusions

A Predictive PID controller based on the GPC is presented. The results above demonstrate the

ability of the proposed method to deal with higher dropouts and higher consecutive occurrence.

The constraint handling is presented to stop input saturation. The problem of dropouts from sensor

to controller was compensated by combining the controller with a Kalman filter. Moreover, saved

predictions of the control signal are calculated to compensate consecutive dropouts from controller

to actuator.

The control system is designed and implemented using the Matlab/Simulink-based TrueTime

network simulator and the results showed that the complete approach successfully resolved two
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Figure 7. Comparison of step responses with pole 1 process model variations

main problems in the WNCS: missing sensor measurements and controller actions.

The design has been compared to GPC using typical second order and non-minimum phase

systems with delays. The performance analysis has been done for the second order process by

studying the performance index IAE. Results showed that both the predictive PID controller and

GPC have similar performance.

Also, an analysis of the robustness of the system has been studied for a step disturbance and

variations of the process model parameters. The stability of the control system has been proved

under a very lossy wireless network.

In future works, this approach will be extended to complex WNCS with MIMO systems and

decentralised control which results can be tested in an industrial application.
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