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 Background: The inverted pendulum system has been a great interest in the area of 

control and academy, the modeling of this system illustrates many difficulties 

associated with control problems in the real world. Objective: This paper presents a 
new control strategy for the system in question, based on the design and 

implementation of the rotational pendulum system, identification methods based on 

intelligence specifically artificial neural networks (N-FIR) was also used. Results: 

finally a step tuning fuzzy control was performed at different physical conditions 

caused by the clock (change in length and / or mass), results were validated 

successfully in the real system. 
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INTRODUCTION 

 

Currently very complex systems have been 

developed, which require highly sophisticated 

controllers in order to accomplish the proper 

performance under adverse conditions. The lack of 

accurate knowledge of some processes generates 

problems due to the significant and unpredictable 

changes of the parameters and structure of the 

systems, in other words, systems have a changing 

dynamics in time (Whang et al, 2012) (Chang et al, 

2009). 

From the point of view of classical control 

theory, driver development are designed according to 

the mathematical model of the physical system. A 

mathematical model that resembles the behavior of 

the dynamics of the process is chosen and thereby 

control techniques are applied. Hence in order to 

design a control system for a changing dynamic 

system carries a very sophisticated and rigorous 

techniques due to the complexity under such 

circumstances. 

In this sense the inverted pendulum is a 

paradigmatic example of an engineering problem. A 

problem which with the engineer in order to achieve 

the objective, uses a synthesis between different 

solutions to subproblems in which decomposes a 

complex process. These solutions include different 

aspects of conception and implementation issues (in 

this case result in the choice of suitable sensors and a 

suitable computer system to process the information). 

The work of the engineer is to creatively integrate all 

these elements and design a practical and efficient 

solution to the proposed problem. It is remarkable 

that in this sense, inverted pendulum, with a 

relatively simple system, provides an example of 

more complex machines, such as a robot or a car 

(Wei et al, 2010) (Minh et al, 2010) (Schreiber et al, 

2001).  

According to the above mention, in this paper 

were carried out several steps that allowed to 

implement a more efficient and accurate inverted 

pendulum control (prototype designed by the 

authors). Based on the design and implementation of 

the rotational pendulum system, then through 

modeling using the same identification strategies 

based on artificial intelligence methods specifically 

neural networks to finally perform  a direct neural 

controller by feedback linearization (NARMA-L2) 

different physical conditions in the system caused 

pendulum ( change in length and / or mass ) , being 

validated on real system developed 

 

Methodology: 

The methodology used in this research is 

describe below, Fig. 1 includes all the stages needed 

to have the correct control strategy performance of 

the rotary inverted pendulum system. Each stage is 

described in detail later on, finally results’ validation 

of the control system developed on the prototype 

designed by the authors can be found
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Fig. 1: Proposed methodology to the Development of   a direct neural controller by feedback linearization 

(NARMA-L2) a for a Rotational System (Inverted Pendulum) 

 

Design, construction and data acquisition system: 

The first step in control strategies is to obtain a 

model or a process behavior representation that 

resembles the actual dynamic system characteristics. 

Therefore, mathematical representations, or 

identification algorithms through computational 

intelligence techniques are used. These facilitate the 

task without a thorough knowledge of the system to 

be modeled and based solely on experimental data 

input and system output. Based on the above, it is 

required to make a direct measurement of the process 

under analysis, it was necessary to build a real 

inverted pendulum model of Fig. 1 with the purpose 

of obtaining the necessary signals for identification. 

For the data acquisition, three different 

conditions generated under mass or pendulum length 

changes were analyzed, following the schematic 

diagram, Fig 2. For this stage DAQ NI USB 6210 

boards were used as a data acquisition tool.  The 

settled detailed data acquisition process in the system 

is as follows: 

The data acquisition begins by placing the 

pendulum in an inverted upright position to rest, once 

connections are verified in the system, it initiates to 

acquire signals using the LabVIEW software, the 

pendulum system will begin to move left and right, 

thus the concerned data is generated, which are the 

input to the system and its corresponding output, ie, 

the ratio of the motor voltage vs position angle of the 

pendulum. Finally, the experimental data is exported 

to Matlab where information is saved to later use 

(next stage the modeling and identification of the 

plant) (Fig.3). 

 

 
 

Fig. 2: a) CAD structure prototype.  b) exploded view of the structure components c) assembled inverted 

pendulum. 

 

Experimental Measurement: 

The Input and Output system stored data was 

recorded under there different conditions, for the 

pendulum leght and the suspended mass on the bar. 

The motor voltage is defined by the ratio between the 

direction of rotation (0 or 1) and PWM signal (0-100) 

generated in percentage. Fig 4 shows a response of 

the model 1 before the random input of the voltage 

and its corresponding angle position. 

 

 
Table 1: Characteristics of different models to later identification. 

Model Bar length (cm) Mass Number of sample 

Plant 1 70 No mass 110 

Plant 2 120 40 g 115 

Plant 3 30 No mass 130 

 

 

a) b) c) 
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Fig. 3: Schematic diagram used for the data acquisition. 

 
Fig. 4: Input and Output experimental data of model 1 to later identification. 

 

Plant Design and development (System 

identification): 

The first results obtained to be identified, were 

realized by parametric linear models, results were 

evaluated through autoregressive structure with 

external input (ARX) and Autoregressive–moving-

average model with external input (ARMAX).  

Although these models represented the 70% of the 

plant original results, they were not consider in order 

to explore others techniques that allowed to reach the 

100% of identification. For this purpose the plant 

data was tested through identification techniques 

based on artificial intelligence, specifically by 

artificial neural networks discussed below (Ganjefar 

et al, 2015) (Guerrero et al, 2013) (Coban, 2013) 

(Vargas et al, 2010): In order to obtain a criteria for 

the validation of the identification process using 

neural networks, the data were divided into two 

parts, the first 80% for the identification and the 

remaining 20% for validation, as follows (Fig 5): 
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Fig. 5: Input and output signals of the first plant, partitioning the training set and validation set (same process 

for the other plants). 

 

Once the training and validation criteria is 

obtained from the model through this method, the 

next step is to create the architecture of the 

appropiate neuronal network for the identification 

process. Following, the number of the layers and 

neurons are estimated in each network.  For this 

procedure a multilayer network type MLP 

(Multilayer Perceptron) is considered where is 

necessary to run a learning mode to set the network 

weights and the fixed weights obtained after training 

are kept, this is done by the method considered 

Levenberg –Marquardt (Kasabov, 1998) (Caicedo, 

2012).  

After several tests is decided to choose only two 

input data to corresponding to different signal delays 

motor voltage neural network. This model has an 

excellent response in both training and validation 

process, therefore, the model is generated in 

MATLAB Simulink environment. The model 

estimated for each neuronal plant can be considered 

as a FIR Model, becoming the neural network into an 

adaptive filter (Caicedo, 2012). In the signal 

processing field, this filter is known as Finite 

Impulse Response (FIR) Linear Filter, Fig 6.

 

 

 
Fig. 6: Neuronal Structure for the plant identification [12]. 

 

Following the obtained results are shown during 

the training as well as the validation process, 

applying FIR Neuronal model, for each plant (Fig 7).
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Fig. 7: Artificial Neuronal network response at training and validate stage for the first plant. (Equal for the other 

plants).  

 

The results obtained by FIR neuronal network 

occur at similar values as the one presented by the 

real data in each plant previously proposed, hence the 

model behavior is satisfactory as its validation.  

 

Design of The Direct Neuronal Driver By Feedback 

Linearization: 

Feedback Linearization - FL is based on a 

principle of non-linear control. Its application is 

restricted to certain classes of systems known as 

related which are linear with respect to the control 

action but not linear with respect to the condition, 

and fortunately they are very common, allowing us to 

transform nonlinear systems to linear [12]. 

The overall purpose of this control strategy is to 

change the variables that transform the nonlinear 

system state to a linear state. Having the linearized 

system, a linear feedback control strategy, such as 

state feedback can be deployed, enabling the 

linearized system to behave in a preset manner. 

Feedback linearization has the advantage that the 

design can be used generically, i.e. the same 

principle can be used in all of the proper type 

systems. 

 

          (1) 

 

The general structure of a related continuous 

system to which the FL principle can be applied is 

shown in the equation. With the above we assume 

that the model can be written in the canonical form 

where f [x (t)] and g [x (t)] are nonlinear functions of 

the states. 

 

                         (2) 

 

In the above equation the control action which 

enables linearizing the system is shown. That control 

action depends on the f[x (t)] and g[x (t)]≠0 

functions. If we have a thorough knowledge the 
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system states, either by measurement or through an 

observer, we can easily design a state feedback driver 

with which the system poles can be placed at a 

desired point, where v(t) is the virtual control entry 

that implements the feedback, and is defined as the 

reference plus a linear combination of the resulting 

states in closed loop. 

 

    (3) 

 

If the f[x)] and g[x (x)] functions are known we 

can define the control law that linearizes the system 

directly. However, if these functions are not known it 

is necessary to find a way to estimate them. This 

estimation can be performed using past samples of 

the system's input and output, much like we do when 

we identify a system using neuronal networks. In this 

case, we will use a neuronal network to estimate the 

f[x(t)] function and another to estimate the g[x (t)] 

function. Having the neuronal networks trained to 

perform the above estimates and using virtual control 

action v(k), we calculate the control action to be used 

in the plant, as shown in the equation (3). 

 

Controller tuning and settings: 

Modeling the above described driver is carried 

out by means of the MATLAB (Simulink) simulation 

tool, with the advantage that control by linearization 

feedback exists as a block within this environment. 

This block, called NARMA-L2, implements the 

linearization feedback scheme (Fig 8), using two 

neuronal models and the virtual control action 

calculation. Once the neuronal control block is set 

up, the aim is to reach a minimum steady-state error 

at the corresponding neuronal level plant output. To 

achieve this goal it was necessary to adjust the 

architecture model consisting of two neuronal 

networks conducting trial and error experiments 

because there is no definite method to tune the 

driver.  Thus the system order, the number of 

input/output past samples, the number of neurons in 

the hidden layer and the sampling interval are 

determined.  

To tune each of the plants it was not necessary to 

normalize the plant data, but it was necessary to 

generate training data, which required building a 

subsystem in the Simulink environment with the 

corresponding neuronal plant and its respective 

delays. For this training, the number of samples to be 

taken, the maximum plant input, the maximum and 

minimum range in which the signal remains constant 

was determined, and further the plant output was 

saturated within a suitable range according to the 

experimental data. To select the neuronal network 

type of training, different algorithms were performed 

and the one with the best response was chosen. For 

this it was necessary to carry out different iteration 

numbers or training periods for each of the 

algorithms to get the appropriate validation and test 

data; once the established neuronal model validation 

was obtained by this block, the driver response was 

assessed. 

According to the previously described models 

obtained by neuronal identification corresponding to 

the 3 plants obtained under different physical 

conditions of the inverted pendulum system (mass 

changes or length of bar), a neuronal feedback 

linearization driver adequate for each model is 

designed with the controllers defined by this 

technique and configured in its entirety (Fig 9), each 

one is simulated taking 180 as reference value.

  

 

 
Fig. 8: Block diagrams of the neuronal control system by feedback linearization. 

 

Because the training and validation are 

performed offline, it is necessary to take into account 

two considerations. The first is to perform 

connections of each of the NARMA-L2 block 

signals, the inputs and outputs (reference, plant 

output and control signal) as shown in the figure 

above, secondly configure the neurocontrol's own 

block parameters. These two procedures should be 

performed sequentially since the second procedure 

depends on the first. The configuration of NARMA-

L2 neuronal block for the first plant is shown below.
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Fig. 9: NARMA-L2 driver configuration for the first plant.  

 

In accordance with the parameters and after the 

neuronal control by feedback linearization system 

simulation for each identified neuronal plant, below 

we show the responses of these systems in the 

transitional period for each of the 3 modeled plants, 

to a reference signal equal to 180, corresponding to 

the pendulum equilibrium point in this case (Fig 10). 

 

Driver validation: 

Given that the transient response of each of the 

systems shown above, achieve a steady-state error 

close to zero, then the setup and tuning parameters 

for the NARMA-L2 neuronal control block are 

acceptable. To verify if the designed feedback 

linearization control system can reject a disturbance, 

we performed an experiment by varying the 

reference signal between values close to 180, and 

observing and analyzing the signal monitoring results 

at the plant output. 

The experiment consists of generating reference 

signals below 180 at first and after a transitional 

period take the reference to 180, then generate values 

above this number and ultimately return to the 

corresponding pendulum equilibrium state at 180 

(degrees). The results obtained at the system output 

for each of the proposed drivers, by tracking the 

reference signal are shown in Fig 11. The designed 

drivers rejected the disturbances  and therefore, the 

output of managed systems retrieved the final 

reference value. 

 

Conclusions: 

The results obtained using the feedback control 

by linearization, corresponding to the family of direct 

neuronal drivers showed that the driver is able to 

follow a reference signal, although monitoring the 

second and third plant has some overshoots, resulting 

in most cases in a stable error close to zero, so that 

the response of these plants is acceptable; the results 

for the first plant are much better because the system 

response is much smoother and stabilization times 

are good. 

On the other hand, these tests have shown that 

exploring alternative drivers allows reaching more 

favorable results with respect to the systems' output 

regardless of their conditions as was proven in three 

different situations. It is important to mention that 

each of the designs developed are based on the 

condition that the system works at certain upper and 

lower angle ranges, i.e. when the pendulum works at 

angles greater than the reference it destabilizes the 

system and the designed drivers do not work 

properly. In the future the same strategy will be used 

but applying control not only on the pendulum angle 

but also over four wheeled trolley. 

 

 



437                                                                        Oscar Gualdron et al, 2015 

Australian Journal of Basic and Applied Sciences, 9(31) September 2015, Pages: 430-438 

 
Fig. 10: Response of each of the plants respectively to the neuronal feedback linearization control action. 

 

 
Fig. 11: Performance of the neuronal driver by feedback linearization with reference follow up for each of the 

plants respectively. 
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