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Abstract— Model-Free Adaptive Control (MFAC) is a new 
data-driven control method, which depends only on the 
input/output (I/O) measurement data rather than the 
mathematical model information of the actual controlled system.  
The SISO MFAC based on the compact-form dynamic 
linearization (SISO-CFMFAC) is a promising approach to 
control the SISO nonlinear systems.  However, the parameters in 
the SISO-CFMFAC should be tuned carefully before being put 
into use. Unfortunately, so far the parameter tuning of 
SISO-CFMFAC is still a laborious, time-consuming and 
cost-consuming work. In this paper, a novel parameter 
self-tuning approach of SISO-CFMFAC based on back 
propagation Neural Network with System Error set as input 
(SISO-CFMFAC-NNSE) is proposed, and then verified by using 
a typical time-varying nonlinear SISO system.  Results show that 
the proposed controller named SISO-CFMFAC-NNSE can 
achieve better control stability and accuracy than the existing 
controller of SISO-CFMFAC. 

 Keywords— SISO Compact-Form MFAC; Parameter 
Self-tuning; BP Neural Network 

I. INTRODUCTION 

In many practical situations, the structure of the plant is 
often difficult to identify, sometimes, it is impossible. This 
motivates the research on the model-free control or data-driven 
control approaches, which does not require any model 
information of the controlled system. Since the input and 
output measurement data of the system can precisely reflect the 
valuable state information of process operations and 
equipment, it becomes meaningful to design the controller by 
directly using the I/O data when the accurate model of the 
controlled plant is unavailable [1-2]. 

Up to now, data-driven control (DDC) methods can be 
divided into three categories: (a) DDC based on online data, 
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such as Model-Free Adaptive Control (MFAC) [3], 
Unfalsified Control (UC) [4]. (b) DDC based on offline data, 
such as Iterative Feedback Tuning (IFT) [5], Proportional 
Integral Derivative (PID) [6]. (c) DDC based on a combination 
of online and offline data, such as Iterative Learning Control 
(ILC) [7], Lazy Learning (LL) [8]. 

Model free adaptive control (MFAC), based on the online 
I/O measurement data, is originally proposed by Hou [3, 9] for 
a class of unknown nonlinear discrete-time systems, and has 
been successfully applied to many control systems [10-14]. 
Due to the increasing complexity of many plants investigated, 
the dynamics of these plants become more and more difficult 
to identify, which makes MFAC outstanding among many 
control methods. Besides, a large number of simulations and 
applications show that the MFAC is suitable for many practical 
systems with a small computational burden and strong 
robustness to the system uncertainties. 

The basis of MFAC is the novel dynamic linearization(DL) 
method [15], including the compact form dynamic 
linearization (CFDL), the partial form dynamic linearization 
(PFDL) and the full form dynamic linearization (FFDL), 
which builds an equivalent linearization data model of the 
original nonlinear systems at each operation point of the 
closed-loop system by introducing the new concept, including 
the pseudo partial derivative (PPD) or the pseudo gradient(PG) 
vector for SISO nonlinear system, and pseudo Jaccobian 
matrix (PJM) for MIMO nonlinear system [9]. 

The SISO MFAC [16] based on the compact form dynamic 
linearization (SISO-CFMFAC) is a promising approach to 
control a class of SISO nonlinear discrete-time systems. 
However, choosing appropriate and robust controller 
parameters is also of great importance for an actual system. Up 
to now, there is no systematic method for the parameters 
tuning of SISO-CFMFAC. In [17], an improved particle 
swarm optimization (PSO) was used to optimize the 
parameters in MFAC, which wasted a lot of time due to the 
iteration of the algorithm and was difficult to apply in practical 
systems. In [18], the parameter tuning of an improved MFAC 
was discussed, but it only target at the second order universal 
model. In [19], a parameter tuning method based on minimum 
entropy optimization is proposed, facing the same problem 
with [17]. In [20], an offline parameters tuning method was 
proposed by using a nonlinear Virtual Reference Feedback 
Tuning (VRFT) algorithm. 

In this paper, a novel parameter self-tuning approach of 
SISO-CFMFAC based on back propagation neural network 
with system error set as input (SISO-CFMFAC-NNSE) is 
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proposed, which achieves better control stability and accuracy 
than the existing controller of SISO-CFMFAC. In addition, the 
innovation of this paper is also reflected in the online tuning of 
parameters, which has an excellent application prospect 
compared with the offline parameter tuning method that 
existed. 

The rest of this paper is organized as follows. Section Ⅱ 
introduces the dynamic linearization technique and an ideal 
controller of SISO-CFMFAC. In section Ⅲ, parameter 
self-tuning approach of SISO-CFMFAC based on back 
propagation Neural Network with System Error set as input 
(SISO-CFMFAC-NNSE) is present. Simulation comparison 
results are shown in Section Ⅳ. In section Ⅴ, some 
conclusions are given and possible future work is also 
discussed. 

II. SISO COMPACT-FORM DYNAMIC LINEARIZATION BASED 

MODEL FREE ADAPTIVE CONTROL 

In this section, the equivalent dynamic linearization data 
model of SISO-CFMFAC is given. The descriptions are then 
used in the following section to design the parameter 
self-tuning in SISO-CFMFAC using a neural network. In this 
section, the equivalent dynamic linearization data model of 
SISO-CFMFAC is given. The descriptions are then used in 
the following section to design the parameter self-tuning in 
SISO-CFMFAC using a neural network. 

Consider the following SISO nonlinear discrete-time 
system: 

( +1)= ( ( ), , ( ), ( ), , ( ))y uy k f y k y k n u k u k n        (1) 

where ( )y k R is the system outputs and ( )u k R  is the 

system inputs, yn , un  are the orders of ( )y k  and ( )u k , 

respectively, ( )f    is a general nonlinear function. 

 In discrete-time system, minimizing the one-step-head error 
may lead to a large control input and thus harmful to the system. 
Therefore, the weighted one-step-head control input criterion 
function is considered: 

2 2
( ( )) *( 1) ( 1) ( ) ( 1)J u k y k y k u k u k            (2) 

where 0  is a weighting factor which is introduced to 
restrict the variance of the control input ( )u k , and *( )y k  is 
the expecting output of controlled plant. 

By setting the derivative of (2) in respect to ( )u k  equals to 
zero, an iterative function is obtained 

( )
( )= ( -1) ( *( 1) ( ))

( )

k
u k u k y k y k

k


 

  
 2

         (3) 

where  0,1   is introduced as a penalty factor for a more 

general and flexible controlling rule. And (k) is the pseudo 
partial derivative (PPD). Besides, we have noticed that  is 
not only a penalty factor on ( )u k , but also is a part of 
denominator in (3), thus it is an important parameter for the 
SISO-CFMFAC scheme. 

 The estimation of the time-varying value of pseudo partial 
derivative (PPD) in SISO CFDL data model is considered 
here: 

2
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u k
k k y k k u k

u k

  


 
      

  
  

(4) 

where  0,1 is a step size constant added in order to make 

the  Eq. (4) general and will be used in the analytical stability 
proofs. ( )k is the approximation of ( )k , and  is a 
weighting factor which is introduced to punish the sudden 
change of ( )k . 

Additionally, in order to make the condition ( ) 0u k  , and 
to ensure the adaptive law to possess strong tracking capability 
on time-varying parameters, a reset algorithm is considered in 
the following structure: 

( ) (1)k  
, if ( )k 

or ( 1)u k     

or ( ( )) ( (1))sign k sign  
     (5) 

where   is a sufficiently small positive constant which is 
often selected as 10-5 or 10-6, and (1)  is the initial estimation 

value of ( )k . 

In the SISO-CFMFAC scheme above, the number of 
controller parameters needed to be adjusted online for SISO 
nonlinear system is only one, that is, the PPD. 

III. PARAMETER SELF-TUNING BASED ON NEURAL NETWORK 

So far, the parameter tuning of SISO-CFMFAC is still a 
laborious, time-consuming and cost-consuming work, which is 
restricting the development of MFAC. As can be seen from the 
analysis in Section Ⅱ, the suitable choice of weighting constant 
 and step-size  can improve the performance of the control 
system significantly. Therefore, the research about parameter 
self-tuning of  SISO-CFMFAC, including  and  , is of great 
significance to the applications in practice engineering. 

Although there are already some methods for offline 
parameter tuning in literature as mentioned in Section Ⅰ, it is 
still difficult to apply to the actual system due to their 
limitations. In the case of control plants subject to continuous 
parameter changes or external disturbances, online parameter 
adjustment is required. In this section, an online parameter 
self-tuning method of SISO-CFMFAC based on BP neural 
network with system error set as input 
(SISO-CFMFAC-NNSE) is presented, and then introduce the 
design and analysis of the novel model later. 

A.  Model Presented 

The novel controller based on back propagation neural 
network which is designed combining traditional SISO- 
CFMFAC strategy with neural network has created a new 
concept and a new tool for control. The blocked diagram of the 
proposed controller called SISO-CFMFAC-NNSE could be 
set up as depicted in Figure 1. 
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According to the principle of minimum 2( )e k , BP neural 
network can auto-adjust its weights to vary  and  in SISO- 

CFMFAC with the system error set, including ( )e k ,
t 0

( )
k

e t

  

and  ( ) ( 1)e k e k  , as input. Then a specific algorithm will be 
introduced later. 
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Figure 1.  Block diagram of an auto-tuned SISO-CFMFAC with BPNN. 

B. Design and Analysis of SISO-CFMFAC-NNSE 

Back Propagation is commonly used by the gradient descent 
optimization algorithm to adjust the weight of neurons by 
calculating the gradient of the loss function. Figure 2 shows the 
structure of the BPNN used to auto-tuned the SISO-CFMFAC 
parameters  and  . 
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Figure 2.  Structure of the BPNN used to auto-tuned the SISO-CFMFAC 
parameters. 

Learning algorithm of BPNN is described as follows: 

 Initialize the structure of BP neural network by setting 
three neurons on the input layer, six neurons on the 
hidden layer and two neurons on the output layer.  

 The network input is ( , , )jx j 1 2 3  

                                

1

2
t 0

3

( )

( )

( ) ( 1)

k

x e k

x e t

x e k e k






  

                     (6)

  

 

 The input and output of the hidden layer is shown in   
formulas (7) and (8).       

                                
3

1

( ) ( )i ij j
j

hnet k x k


                              (7) 

                    ( ) ( ( )), 1, 2,...,6i ihide k f hnet k i                  (8) 

where ij are the connection weights parameters 

between input layer and hidden layer. The activation 
function of hidden layer is as follows: 

                              ( )
x x

x x

e e
f x

e e









                               (9) 

 Inputs and outputs of the output layer is shown in   
formulas (10).  

                     

6
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l
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l li i
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onet k hide k
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out k

out k
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
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


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



            (10) 

where li are the connection weights parameters 
between hidden layer and output layer. The activation 
function of output layer is as follows: 

                        g( )
x

x x

e
x

e e


                                    (11) 

 The performance index J  is described as follows: 

     * 2 21 1
[ ( 1) ( 1)] ( 1)

2 2
J y k y k e k               (12) 

The partial derivative of J with respect to the 
weighting coefficients li and ij , can be obtained by 

applying the chain rule: 
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(13) 

           where  and  are inertia coefficient and learning rate. 
The partial derivative of u with respect to   and  :                
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 The performance index J is described as follows: 
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The above is a specific algorithm of the BPNN used to 
auto-tuned the SISO-CFMFAC parameters with the system 
error set as input, which is called SISO-CFMFAC-NNSE. 

IV. SIMULATION STUDY 

Here, a typical time-varying nonlinear SISO system is 
given   to   show   the   effectiveness   and   advantages   of    the 
SISO-CFMFAC-NNSE. In the following simulations, all 
mathematical model just serves as I/O data generator for the 
systems to be controlled, no any information of them will be 
included in the controller design. 

Consider the nonlinear system [9]: 

2 2 2

2 2
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The initial values are: ( ) ( ) , ( ) , ( )u u y y    1 2 0 1 1 2 1 , 

( ) 1 2 . These values are cited from [9]. The controller 

parameters are: ,      51 10 . The structure of BP neural 
network is 3-6-2, inertia coefficient = . 0 01 , learning rate 

= . 0 01 , initial weight value ij , li are random 

between  . , .0 05 0 05 . 

The weighting constant and step-size  are two important 
design parameters for the SISO-CFMFAC control system as 
mentioned above. To demonstrate the impact of  and   on 

the efficiency of SISO-CFMFAC, a comparison between fixed 
and auto-tuned parameter value is presented. Two special 
parameters of SISO-CFMFAC scheme are set to be 

, .  2 0 5 [9]. The simulation results are shown in Figure 
3, where Figure 3 (a)-(b) shows the tracking performance of 
the output y and the control input u respectively. Figure 4 
shows the parameter self-tuning results of  ,  . 
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Figure 3.  Simulation results. (a) Tracking performance y(k). (b) Control 
input u(k).  
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Figure 4.  Parameter self-tuning results for  and   

Two performance indexes of the controlled variable are 
given for comparison. 

 Root Mean Square Error (RMSE) 
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 Poor Control Ratio (PCR) 

                          ( ) ( , )
N

k

PCR p k
N

 


 
1

1
                   (17) 

                   
, if ( ) * (k)

( , )
, else

y k y
p k


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

1

0
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where   is a small positive constant. 

The quantitative comparison indexes are presented in 
TABLE Ⅰ.  

TABLE I.  COMPARISON OF PERFORMANCE INDEXES 

Index SISO-CFMFAC SISO-CFMFAC-NNSE Improvement

RMSE 1.16 1.14 1.72% 

PCR(1) 0.185 0.149 19.5% 

 

Root Mean Square Root (RMSE) and Poor Control Ratio 
(PCR) offers a better notion of the results, leading to the 
conclusion that the auto-tuned SISO-CFMFAC is better than 
the conventional SISO-CFMFAC control, as can be seen in 
Figure 3. Thus, it demonstrates the effectiveness of the 
proposed control algorithm. In addition, it can also be seen that 
the curve of actual output under SISO-CFMFAC-NNSE tracks 
precisely with the reference with smaller overshoot. 

V. CONCLUSION 

In this paper, a novel parameter self-tuning approach of 
SISO-CFMFAC based on back propagation neural network 
with system error set as input (SISO-CFMFAC-NNSE) is 
proposed. The optimal parameter obtained from the BPNN 
can assure that the system has better dynamic performance. 

From the perspective of algorithm design, the proposed 
control scheme is simpler than SISO-CFMFAC because of its 
fewer adjustable parameters. Future researches will be 
focused on the application of the control strategy to more 
advanced systems with higher efficiency. 
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