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Abstract: The aim of this paper is to develop a high performance, 

speed tracking system for a DC motor using a back-propagation 

neural network (BPNN). The design of the speed tracking system 

by BPNN involves two phases: In the first phase, building the 

ANN inverse model (AIM) of the DC motor, the inputs to the 

AIM are the speeds at 3 successive time instants and the output is 

the motor voltage. The training of the AIM is achieved through a 

Levenberg- Marquardt back-propagation algorithm. During the 

design of the first phase for speed tracking system, the inverse 

characteristics of the DC motor is first captured using the AIM. 

By consideration, the motor is assumed to be a black box. The 

load and the motor parameters are assumed to be unknown. No 

prior knowledge of the load dynamics is assumed. The DC motor 

is identified between a set of inputs and outputs. In the second 

phase, once the AIM has thus been established, the speed 

controller calculates the terminal voltage using AIM that 

generates the motor speed in order to track the reference speed 

generated by the standard model, there by attempting to achieve 

precise speed trajectory control. Then AIM is used as controller 

to ensure a high performance for speed trajectory tracking for 

the DC motor. 

Keywords: Artificial neural network (ANN), DC motor, inverse 

model (AIM), Speed control. 

I. INTRODUCTION  

In the last two decades there has been a growing interest 

in neural networks application in motors and industries 

[1-4]. DC motors have been extensively used in 

automation systems because of their favorable torque and 

robust peed control characteristics. Examples of DC 

motors application in industrial applications include 

robotic manipulators, automation systems, steel, paper 

process and mining industries. All these applications 

required speed control, also tracking or trajectory control 
[4]. The success of dynamic recurrent neural networks as 

semi parametric approximators for modeling highly 

complex systems offers the potential for broadening the 

industrial acceptance of model-based system 

identification methods [5]. Neural networks are universal 

approximators in that a sufficiently   large network can 

implement any function to any desired degree of 

accuracy. By presenting a network with samples from a 

complex system and training it to output subsequent 

values, the network can be trained to approximate the 

dynamics, which underlie the system. The network, once 

trained, can then be used to generalize and predict states 

that it has not been exposed to. The use of NN as a 

modeling tool involves some issues such as: NN 

architecture, the number of neurons and layers, the 

activation functions, the appropriate training data set and 

the suitable learning algorithm. Recurrent networks are 

multilayer networks which have at least one delayed 

feedback loop. This means an output of a layer feeds back 

to any proceeding layer. In addition, some recurrent 
networks have delayed inputs (Recurrent dynamic 

network). These delays give the network partial memory 

due to the fact that the hidden layers and the input layer 

receive data at time t but also at time t-q, where q is the 

number of delayed samples. This makes recurrent 

networks powerful in approximating functions depending 

on time. From the computational point of view, a dynamic 

neural structure that contains feedback may provide more 

computational advantages   than a static neural structure, 

which contains only a feedforward neural structure. In 

general, a small feedback system is equivalent to a large 
and possibly infinite feedforward system [2]. The 

feedforward NNs with backpropagation training, referred 

as backpropagation neural networks (BPNNs) can be used 

to solve problems in many areas [6][7]. 

II. MODELLING OF THE DC MOTOR  

The DC motor takes in a single input in the form of an 

input voltage and generates a single output parameter in 

the form of output speed. It is a single-input, single-output 

system. The motor used is the armature controlled DC 

motor.  The DC motor which drive a load has 𝑣𝑎(t) as 

input and 𝜔(t) Angular velocity of the motor rotor as 
output. 

The DC motor is representing by three equations, the first 

equation (1) and (2) represent is electric equation for rotor 

part of DC motor.   

 

  va(t)=Raia(t)+ La
dia

dt
+eb(t)                                                   (1) 
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  eb(t)=Kb ω(t)    (2)                  

……………………………………………..             

The second equation (3) represent is mechanical equation for 

the load 

TM(t)=J
dω(t)

dt
+B ω(t)+TL(t)+TF                                              (3) 

The dc motor parameter values (standard values) are as 

follows [8]: 

Equivalent moment of inertia reflected at the motor shaft Im= 

0.068 Kg-m2, Motor voltage constant Ke = 3.475 NmA-1, 

Equivalent motor resistance Ra = 7.56Ω, Equivalent motor 

inductance La = 0.055H, Equivalent viscous coefficient 

Reflected at the motor shaft b = 0.03475 N-ms, Load constant 
of a propeller fan load μ = 0.0039Nms2, Sampling time ΔT = 

40ms 

The equations (4) represent the connection between the 

electric equation and mechanical equation 

  𝑇𝑀(t) = 𝐾𝑇𝑖𝑎(t)                                                                     (4)  

  

 
    Figure 1. Armature controlled dc motor with load 

 

The load torque  𝑇𝐿(t) can be expressed as 

 TL(t)= ( ω)                                                                          (5)                      

Where the function  (𝝎) depends on the nature of the load 

for most propeller driven or fan type loads, the function  (.) 
takes the following form: 

TL(t)=μω𝟤(t)[sgnw(t)]                                                      (6) 
…      

Where 𝜇 is a constant 

DC motor drive system can be expressed as single-input, 

single- output system by combining equations (1), and (4): 

LaJ
 𝐝𝟐ω(t)

𝐝𝘁𝟮  + (RaJ + LaB)
𝐝ω(t)

𝐝𝐭
 + (RaB + KTKb)(t)+La

𝐝TL(t)

𝐝𝐭
 + 

Ra[TL(t)+ TF] + KTva(t)=0                                                    (7)                                                                        

For DC motor control using ANN, the discrete time model of 

the DC motor needs to be evaluated. In the section II, the 

mathematical model of the DC motor is derived in discrete 

form for the purpose of simulation. 
 

III - DISCRETE TIME DC MOTOR MODEL 

In order to simulate the control of the DC motor using an 

ANN model, an equivalent discrete time model of the motor 

needs to be constructed. Using first- and second-order finite-

backward difference approximation for dx/dt and d2x/
dt2 respectively in equation (7) . 

𝐿𝑎J[
ω(𝐾+𝟭)−𝟐ω(𝐾)+ω(𝐾−𝟭)

𝑇𝟐 ]+(𝑅𝑎J + 𝐿𝑎𝐵) 
ω(𝐾+𝟭)−ω(𝐾)

𝑇
]+(𝑅𝑎𝐵 +

𝐾𝑇𝐾𝑏) 𝜔(k)+ 𝐿𝑎[
𝑇𝐿(k)−𝑇𝐿(k−𝟣)

𝑇
]  + 𝑅𝑎𝑇𝐿(k)+ 𝑅𝑎𝑇𝐹+𝐾𝑇  𝑣𝑎(k)= 0      

………………   ……………………….                               (8) 

The load torque is assumed as 

𝑇𝐿 (k) =𝜇 𝜔𝟤(k)[sgn𝜔(k)]                                                      (9)        

𝑇𝐿 (k − 𝟣)=𝜇 𝜔𝟤(k-𝟣)[sgn𝜔(k)]                                           (10)    
   T=sampling period 

𝜔 (k) ≜ 𝜔 (t= k 𝑇);  k =0, 𝟣, 2,…… 

Manipulation of equations (8), and (10) yields 

𝜔(k + 𝟣)=𝐾1𝜔(k)+𝐾2 𝜔(k − 𝟣)+𝐾3[sgn𝜔(k)] 𝜔𝟤(k )+𝐾𝟦[sgn 

𝜔(k)] 𝜔𝟤(k-1)+𝐾5 𝑣𝑎(k) + 𝐾6                                             (11) 

Where 

K1 =
[2LaJ+T(RaJ+LaB)−T2 (RaB+KTKb)]  

( LaJ+T(RaJ+LaB))
    (12)    

…………………………..  

K2 =
[−LaJ]    

( LaJ+T(RaJ+LaB))
                 (13)       

…………………………………….         

K3 =
−[T(μLa+μRaT)]     

( LaJ+T(RaJ+LaB))
    (14)                   

…………………………………….          

K4 =
[TμLa]     

( LaJ+T(RaJ+LaB))
     (15)                    

…………………………………….             

K5 =
[KTT2]    

( LaJ+T(RaJ+LaB))
                                                                   (16)                          

…………………………………               

K6 =
[−TFRaT2]   

( LaJ+T(RaJ+LaB))
                                                                 (17)  

 

From equation (11) can be manipulated to obtain the inverse 

dynamic model of   the drive system as 

va(k)=ƒ[ω(k + 𝟣)‚ ω(k)‚  ω(k − 𝟣)] (18) 

…………………………   
The training data is   generated within the constrained 

operating space. The following constrained operating space is 

defined: 

30< ω(k)<30rad/sec                                                           (19)                         

| ω(k − 𝟣) −  ω(k)| < 0.1rad/sec                                       (20)                                                            

| va(k)| < 100 𝑣𝑜𝑙𝑡𝑠                                                            (21) 

 

IV - SIMULATION RESULTS 

The primary objective of this Section is to explain how the 
training process to AIM to achieve precise speed trajectory 

control. The MATLAB has been used to perform the training 

and simulation of the system under study. 

A. Training AIM of the DC motor 

The structure of the speed-based ANN inverse model (AIM) 
of the DC motor is as shown in Figure 2. The inputs of the 

AIM are the three consecutive values of speed and the 

corresponding output target is the control voltage. The number 

of hidden layers and number of neurons in the hidden layer are 

arrived at by trying out a variety of different combinations, 

taking into consideration the fact that the smaller the number 

of neurons, the better the performance is in terms of memory 
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space requirement and execution time. The activation 

functions of the neurons in the hidden and the output layers 

were chosen by trying out various combinations. The 

parameters of the AIM used were the ones that generated the 

least mean square error (MSE). Once this basic design of the 

AIM was completed, in the next step the weights and biases of 
the ANN were obtained by training the AIM to achieve the 

specific target for the given inputs. The a Levenberg- 

Marquardt backpropagation-training algorithm is used for this 

purpose, which is based on the principle of minimization of a 

cost function of the error between the outputs and the target of 

the feed forward neural network [9] [10]. The number of 

hidden neurons is determined by trial-and-error fashion; Based 

on satisfying the minimum MSE and shorter training time. 

The following are the parameters of the AIM for the optimal 

set: 

No of sample training data: 2500 

Training algorithm used: LMQ (Lavenberg Marquart 

Algorithm) 

No of epochs: 100 

Error tolerance achieved: 5e-6 (on the normalized data) 

Number of inputs: 3 

Number of hidden layer: 1 

Number of hidden layer neurons: 6 

Number of outputs: 1 

 
Figure 2. AIM of the DC Motor 

 

In this paper, the model of the DC motor was assumed to be 

known. Then Equation (18), can be used by randomly 

generating the input speed pattern. The Data for offline 

training was chosen taking into consideration the mechanical 

and hardware limitations of the motor.  The corresponding 

estimated voltage was then generated by using these input 

speed patterns.  The offline training of the AIM is performed 

with this training data using the back-propagation algorithm. 

Thus, the AIM was trained and the initial set of weights and 

biases were arrived at. 
The domain of speeds chosen is between –30 and 30 rad/s 

and the difference between successive speeds is less than 1.0 
rad/s. The absolute value of the applied voltage was taken to be  

Less than 100V keeping in view the limitations of the 
actual motor and ratings of the speed. 

Three inputs in the form of speeds at the instants k, (k-1), and 

(k-2) are used as inputs to the AIM. The estimated value is the 

voltage at the instant (k-1). Only one hidden layer is chosen as 

it was found to work well in order to arrive at the desired 

accuracy.   In the simulation undertaken a sampling frequency 

of 0.04 sec was used. 
Now train the network. Figure 3 shows the learning curve   

for the trained network. 

 

Figure 3.  Learning curve for trained network 

 

The plot shows the mean squared error of the network starting 

at a large value and decreasing to a smaller value. The 

performance goal is met in 98 epochs. In other words, it shows 

that the network is learning (i.e. the parameter of Neural 

Networks were adjusted depending on obtained result). 
 

B. Performance of the AIM model 

In order to test the performance of the AIM, the model was 

excited with the input voltage signal Vst(k)  as given in Eqs. 

(22). 

Vst(k)=50*sin(2*pi*k*T1/7)+45*sin(2*pi*k*T1/3)           (22)                                     
The Figure (4) illustrates test the performance of the AIM 

model. The blue line is the actual input voltage signal, and the 

magenta line is the voltage estimated by the AIM model.  

 

 
Figure 4. Actual and estimated terminal voltage of the DC Motor 

The general behavior of the AIM model is very similar to the 

behavior of the actual voltage signal. 
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C. The control system of DC motor using AIM: 

The objective of the control system is to drive the motor so 

that its speed,𝜔(k), follows a prespecified trajectory, 𝜔r(k). 

The control circuit for speed tracking is as shown in Figure 5. 

 

 
 

Figure 5. Speed control system of DC motor 

 

This is done by letting the dc motor follow the output of a 

selected reference model throughout the trajectory. The 

controller topology trained (AIM) is now used to estimate the 

motor terminal voltage 𝑣a(k) which enables accurate 

trajectory control of the shaft speed𝜔(k). The proposed 

controller has been tested with two speed tracks in order to 

evaluate the controller performance.  

 

 The first desired speed track was a sinusoidal form: 

The first step is to select a suitable stable reference model 

for the motor to follow. In this research, the reference 

model is chosen to behave as a second order system 

whose input is r(k) and whose output is 𝜔r(k) . For a 

continuous time system, the second order reference model 
can be selected as:  

 
�̂� 𝑟(𝑠)

𝑟(𝑠)
 =

𝜔𝑛
2

𝑠2+2𝛽𝜔𝑛𝑠+𝜔𝑛
2                                                  (23) 

                                                                            

   ωn is the natural frequency. For the DC motor chosen 

for simulation the natural frequency is 30 rad/s. The 

damping coefficient β is taken as 0.7.  

In order to ensure effective data extraction, the sampling 

interval ΔT was selected such that the sampling frequency 

2π/ΔT is at least twice the natural frequency ωn. The zero 

z1 can be determined by selecting a suitable time to the 

peak overshoot.  
  2∗pi

T
  ≥2* ωn  , ΔT≤0.1 sec 

For the system under consideration, the sampling time is 

ΔT =40 ms. Figure 6 illustrates the dynamic performance 

of the AIM model as controller. The blue line is a 

sinusoidal reference trajectory, and the green line is actual 

speed trajectory.  

 Figure 6. Tracking Performance for a Sinusoidal Reference Track 
 

The general behavior of the actual speed trajectory is very 
closely follows to the behavior of the reference trajectory. 

 The second desired speed track was step change form: 

The Figure 7 illustrates the dynamic performance of the 

AIM model as controller. The blue line is the step change 

reference trajectory, and the red line is actual speed 

trajectory. 

 

 
Figure 7. Tracking Performance for the step change reference Track 

 

The dynamic performance of the AIM of the DC motor 

structure following changes to both initial conditions and 

parameters of the DC motor system is investigated as shown 

in Figures. 8-11, respectively (note the dotted line is in general 

indicted to the effect of parameters changes).by put the values 

of ω(0)= 10(rad/sec) , la=0.065(H) and µ =0.0049(Nm𝑠2). To 
do so, the values of K1, K2, K3, K4, K5 and K6 in the 

equation (11) are recalculated with the new parameters and 

data values for retraining the AIM. The simulation results are 

represented in the following Figures: 
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Figure 8. Learning curve for trained network on the parameters 
change. 

 

 
Figure 9. Actual and estimated terminal voltage of the DC Motor on 

the parameters change 

 
 

Figure 10. Tracking Performance for a Sinusoidal Reference Track 

on the parameters change. 
 

 
 

Figure 11. Tracking Performance for the step change reference Track 
on the parameters change. 

 

V. CONCLUSION  

In this paper, A multi-layer feed-forward neural network 

approach for identify the inverse dynamics and speed tracking 

control to the dc motor with nonlinear load characteristics is 

presented . A multi-layer feed-forward neural network using a 

Levenberg- Marquardt backpropagation-training algorithm is 

applied. The choices of system excitation signal (it used to 

generate the data), Assemble the training data, and neural 

network model structure are investigated by time-domain 

simulations. The accuracy of AIM depends upon a suitable 

compromise between the sampling time and the size of the 

AIM, thus the AIM can be used to model the inverse dynamics 

of the dc motor. The simulation results showed that 

backpropagation neural networks (BPNNs), with six neurons 

in hidden layer, can be effective in designing robust neuro 

controllers of DC motor with excellent dynamic behaviors in 

this study. The robust neuro controllers are not affected by the 

changes in load torque, motor parameters or instantaneous 

changes in reference speed trajectory 
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