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Abstract— In this paper, we an artificial intelligence 

technique is used that replaces switching table, torque and 

flux estimator in classical DTC (Direct Torque Control).The 

technique used is Artificial Neural Network(ANN).The 

motor used here is permanent magnet synchronous motor. 

Direct Torque Control (DTC) is one of the most used 

techniques to control these motors. In this work an 

intelligent approach is used for the realization of the DTC 

for a PMSM by means of Artificial Neural Networks (RN). 
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I. INTRODUCTION 

The use of Direct Current (DC) or Alternating Current (AC) 

Permanent-Magnet Motors (PMM) has been increased in 

diverse industrial applications, especially in those of low 

power. Their main characteristics are: high power density 

and efficiency. The brushless DC PMM is used in 

applications where low susceptibility of the commutator 

assembly to mechanical wear is required. The brushless CA 

PMM, known as Permanent-Magnet Synchronous Motor 

(PMSM) is mainly used in applications that require high 

control performance. Currently, the cost of this kind of 

motors, as the cost of high efficiency Digital Signal 

Processors (DSP), is competitive. This has encouraged their 

use, especially when high efficiency is required [1]. The 

most common control methods for the PMSM are the Field 

Oriented Control (FOC) and the Direct Torque Control 

(DTC). In FOC the equations of the motor are transformed 

into a coordinate system that rotates synchronously with the 

flux of the permanent magnets. This allows the separation of 

the equations of the motor, and to indirectly control the flux 

and torque by means of a current PI controller. This is very 

similar to the DC control of a machine [2].The DTC was 

initially used for the control of induction motors, although it 

has shown very good results in the control of PMSMs. Its 

principle of operation is based in selecting the voltage vector 

which is applied to the stator in function of the differences 

between the actual and the reference torque, and the 

magnetizing flux [3]. When a speed control is required, a PI 

controller is included (where the input is the speed error and 

the output is the desired torque). In this kind of control is not 

required to know the parameters of the motor with the 

exception of the stator resistance. Also, the PWM modulator 

for the inverter is not needed. Besides the classic control for 

the PMSM, another control methods that make use of 

flexible computing techniques have been developed. This is 

the case of the use of Fuzzy Logic and Neural Networks to 

realize the control of PMSMs. This kind of methods allow 

the modelling of the system based in the inputs\ of the 

system and the desired (required) outputs. This allows the 

consideration of all, or just a part of, the system as a black 

box, and to model de controller in an easier way. This is 

because there is no dependancy on the motor model 

equations. Instead, the dependancy is based on the 

behaviour. Some examples of the use of flexible computing 

in motor control are: the work of Liu et al. [4] who replaced 

the conventional hysteresis controller by a two-input fuzzy 

controller. In [5] a neural network was used to emulate the 

state selector of the DTC. Also a control for the DTC has 

been developed using three neural networks to estimate the 

value of the stator flux, the sector zone, and the selection of 

the impulsion vector to improve the performance of the 

PMSM controller [6]. The use of hybrid approaches of 

independent flexible computing techniques has also been 

documented as in [7] where a neuro-fuzzy system was used 

to implement the torque controller of the DTC for a PMSM. 

In this paper the DTC controller using two neural networks 

is presented: one to estimate the flux, the torque, and the 

selector’s zone, and the other to select the impulsion vector. 

MATLAB/Simulink was used to validate the functionality 

of the controller built with the classic approach and with the 

neural networks. 

II. THE MOTOR’S MODEL 

A PMM is composed by a rotor and the stator and, as in the 

induction or DC motors, the difference consists in the use of 

permanent magnets to generate the magnetic field in the iron 

structure of the rotor and the stator. For an AC PMSM the 

windings are similar to the induction motor in the stator part 

(which is called “armour”). According to the way how rods 

are placed in the rotor magnets, these are classified as: 

Inside Permanent-Magnet Synchronous Motors(IPMSM), 

and Superficial Permanent-Magnet Synchronous Motors 

(SPMSM). The first have more mechanic robustness and 

thus can be used in high speed applications. 

The model of the PMM is difficult to analyze in a 

static three-phase reference system. However this is 

simplified when transformations are applied. The two types 

of transformations are alpha-beta, also called as the Clark 

transformation, and dq, or the Park transformation. The 

alpha-beta transformation converts the three phase system 

into an orthogonal two-phase system. The associated Park 

transformation is referenced to the rotor and rotates at the 

rotor’s speed. The motor in the reference system dq is 

modelled with two differential equation (1), where Vd, Vq, id 

and iq are the voltages and currents in the reference axis dq, 

Ld and Lq are the inductances, R the resistance of the stator, 

Ψpm the magnitude of the flux of the permanent magnets, 

and ωr, the electric speed of the rotor. 

Vsalpha= rs* isalpha + dΨsalpha/dt                       (1) 

Vsbeta= rs* isbeta + dΨsbeta/dt                           (2) 

 The mechanic part of the motor is modelled with 

the differential equation (2), where Ƭe is the motor’s torque, 

TL the torque of the charge, b the viscous friction, J the 

moment of inertia of the rotor, and P the number of pair of 

poles. The electromagnetic torque Ƭe  is calculated with the 

equation (3). For a motor with superficial magnets the 

torque is proportional to the current iq. The relationship 

between the mechanic speed ωrpm in revolutions per minute 

and the electrical speed is  

     ωrpm=(30ωr)/(Pπ)                                     (4) 
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The DTC applies the voltage vector that is required 

by the motor in function of the position where the rotor is 

located. The rotor’s position is function of the flux 

generated by the stator’s fields and the initial position. 

When this information is obtained, the adequate voltage 

vector is applied to increase or decrease the torque or the 

magnetic flux. All these calculations are realized on the 

reference axis alpha-beta. The magnetic flux in alpha and 

beta (Ψalpha and Ψbeta) is function of the voltage Valpha and 

Vbeta, as of the current ialpha and ibeta as presented in equation 

(6). 

Ψsalpha = ʃ (Vsalpha - rs* isalpha)* dt + Ψalpha(t0)      (5) 

Ψsbeta = ʃ (Vsbeta - rs* isbeta)* dt + Ψbeta(t0)            (6) 

Ψs= sqrt((Ψsalpha)
2
 +(Ψsbeta) 

2 
)*exp(jθ)              (7) 

Only the parameters required to be known are the 

resistance of the winding and the initial state of the flux 

Ψalpha(t0) and  Ψbeta(t0). Both fluxes are orthogonal and can 

be represented with a vector of magnitude Ψs and a phase 

angle θ, which in stable state conditions corresponds to the 

rotor’s position. The electromagnetic torque generated by 

the rotor is function of the current and the flux of the system 

presented by equation (8). 

Ƭe=3P/2[Ψalpha* ibeta - Ψbeta ialpha]                         (8) 

When the Clarke transformation is applied to the three 

scribes phase voltages, the plot Valpha vs Vbeta  , describes a 

circle where each point from the origin to the extreme point 

of the circle is the vector Vs. This is shown in Fig. 1. As 

presented, it is divided into six sectors that cover an angle of 

60º. In this figure also the eight vectors that can be 

generated by the inverter (from U0 to U7) are shown. 

 
Fig. 1 

In Fig. 2 the block diagram of the DTC is shown. 

Intrinsically it works to control the torque or the flux (where 

the magnet flux is required). However, if the speed is the 

parameter to control, then a PI control is included to convert 

the required speed into the desired torque. The error in 

torque and flux is the difference between what is measured 

and what is desired (required). The error enters into an 

hysteresis comparator with an output which can be 0 or 1. 

There are commutation tables (see Table 1) that specify the 

vector to be applied (from U1 to U6) in function of the 

output of the comparators and the sector in which the rotor 

is located. Table 1 shows this information. The data in this 

table is represented in Fig. 1. 

The form in which the DTC works is as follows: if 

the outputs of the comparator are Ψ=1 and Ƭ=1 and the rotor 

is located in sector 1, then the voltage vector to be applied is 

U2. However, if the torque is Ƭ=0, then the vector would be 

U6. This is applied in the same way to the other cases. 

The control with neural networks (DTCRN) is 

realized by means of the implementation of two neural 

networks. These replace the corresponding blocks of the 

flux estimator, torque, sectors, and the commutation table. 

This substitution is possible because neural networks can 

approximate non-linear functions. 

 
 Table 1: Commutation Table for the Inverter 

Thus, in this work two neural networks were 

proposed. The first was developed for the estimator and was 

built with four layers, where the input layer contained 27 

neurons, the hidden layers 18 and 9 neurons respectively, 

and the output layer three neurons. In this first neural 

network the hyperbolic tangent transference function was 

used for the first three layers. For the output layer the lineal 

function was used. The inputs for this network were i!, i" , 

v! and v" while the outputs consisted of the estimation of the 

torque, the flux, and the sector. The second neural network 

estimates the value of the impulse vector and consists of 

three layers, where the input layer is formed with three 

neurons, the hidden layer with five, and the output layer 

with just one neuron. The transference functions were 

hyperbolic tangents for the first two layers and a lineal 

function was used for the output layer. As inputs to the 

system were considered the error obtained between the 

desired and the estimated torque, the estimated and desired 

flux, and the sector. The output obtained with this network 

was the impulse vector required to adjust the values of the 

PMSM. For both neural networks the backpropagation 

algorithm was used as the training algorithm. However in 

the first network the variant of the backpropagation 

 
Fig. 1: Basic Block Diagram of DTC 
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Algorithm known s variable learning rate was used. 

In the second network the learning rate was kept 

Constant. Some of the values used for training are 

presented in Table 2. 

Gensim’ software is used to design a neural 

network.Different layers has been prepared from it. 

III. IMPLEMENTATION OF THE MODELS IN MATLAB 

MATLAB/Simulink has the toolbox SimPowerSystems 

which enables the simulation of power systems as the 

combination with other tools. In Figure 3(a) is shown the 

Simulink diagram with the implementation of the model of 

the motor and the DTCC. Figure 3(b) shows the model of 

the DTCRN. As presented, the main difference between 

both consists in the substitution of each one, the estimation 

of the flux, the torque, the sector, and the commutation 

table, by a neural network. To realize the implementation 

and the simulation the 7.1 R2013a version of MATLAB was 

used. 

The direct torque control of PMSM is as shown in fig. 

 
Fig. 3: Simulation pf DTC of PMSM 

IV. RESULTS 

A. TIC Speed 

 
Fig. 4: (a) TIC Speed 

 
Fig. 4: (b) Speed 

B. Electromagnetic Torque: 

Fig. 3: TORQUE 

V. CONCLUSIONS 

This type of Direct Torque Control (DTC) is an alternative 

for the control of PMSMs because it is simple to implement 
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and its performance is high. Because of this, many 

techniques have been developed to implement this kind of 

control. Intrinsically, this control is of the sensorless type as 

only requires to know the initial rotor’s position in order to 

estimate the flux and then to obtain the subsequent position 

of the rotor. 

In this paper an alternative method for the DTC for 

PMSMs was presented. This is based in the use of neural 

networks to replace a pair of conventional blocks used in 

DTCC to estimate the values of flux, torque, and 

commutation tables. The results showed that the proposed 

approach can provide good results that can be compared 

with the conventional control approach. Thus, the flexible 

computing techniques provide alternatives to perform this 

type of control in a more efficient way. 
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