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Abstract 

 

Compared with classical linear controllers, a nonlinear controller can result in better control performance for the nonlinear 
uncertainties of continuously variable transmission (CVT) systems that are driven by a synchronous reluctance motor (SynRM). 
Improved control performance can be seen in the nonlinear uncertainties behavior of CVT systems by using the proposed 
mingled revised recurrent Hermite polynomial neural network (MRRHPNN) control with mend ant colony optimization (ACO). 
The MRRHPNN control with mend ACO can carry out the overlooker control system, reformed recurrent Hermite polynomial 
neural network (RRHPNN) control with an adaptive law, and reimbursed control with an appraised law. Additionally, in 
accordance with the Lyapunov stability theorem, the adaptive law in the RRHPNN and the appraised law of the reimbursed 
control are established. Furthermore, to help improve convergence and to obtain better learning performance, the mend ACO is 
utilized for adjusting the two varied learning rates of the two parameters in the RRHPNN. Finally, comparative examples are 
illustrated by experimental results to confirm that the proposed control system can achieve better control performance. 
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I. INTRODUCTION 

Compared with other motors, the synchronous reluctance 
motor (SynRM) through optimal design methods [1], [2] is 
one of highest efficiency and lowest cost. A lot of work [3]-[6] 
has been dedicated to the drive and control of the SynRM due 
to advancements in terms of optimal design methods and 
power electronics technologies. However, SynRM servo-drive 
continuously variable transmission (CVT) systems [7], [8] 
have not been proposed in the study of dynamic control. The 
CVT speed control has been reported in many papers [9], 
[10]. The dynamic responses of a CVT system are studied in 
this paper. 

Owing to the inherent parallel structure and good learning 
ability [11], [12] of neural networks, they have better 
approximation capability in modeling nonlinear systems. 
Thus, they have computationally expensive trainings that take 

a large number of iterations to complete. To bring down the 
computational complexity, a functional-type neural network 
(NN) [13]-[16] with a much lower computational cost has been 
introduced. The functional-type NN has less computational 
complexity and a faster convergence than a conventional NN 
in the performance execution phase. Ma et al. [17], [18] 
proposed a computationally efficient Hermite polynomial NN. 
Constructing Hermite polynomial expansions were adopted 
by using the structure and function level adaptation 
methodologies. This Hermite polynomial NN can effectively 
catch the underlying input-output map. Rigatos et al. [19] 
proposed a Hermite polynomial NN that can be used in 
nonparametric estimation. Siniscalchi et al. [20] proposed a 
Hermite polynomial NN for application in connectionist speech 
recognition systems with speaker adaptation. However, these 
Hermite polynomial NNs were most applied for system 
modelling and image processing. Moreover, the weight 
updates of these NNs did not utilize the internal information 
of the NNs and they were sensitive to function approximation 
in the training procedure. Owing to increased precision 
approximation in modelling nonlinear systems and dynamic 
control [13]-[16], many researchers have been fascinated with 
recurrent neural network (RNN) studies. These RNNs are 
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able to carry out the identification and control of complex 
dynamics system. However, they have higher computational 
costs. The proposed reformed recurrent Hermite polynomial 
neural network (RRHPNN) has better dynamic mapping 
performance and less computational time in the presence of 
uncertainties. In this study, the proposed mingled reformed 
recurrent Hermite polynomial neural network (MRRHPNN) 
control system with mend ACO for controlling SynRM 
servo-drive CVT systems with nonlinear dynamics is presented 
in order to reduce computational complexity and raise system 
robustness. 

Due to the highly nonlinear dynamics of V-belt CVT 
systems many controllers do not provide satisfactory control 
performance. Thus, the MRRHPNN control system, which is 
composed of the overlooker control, RRHPNN control with 
an adaptive law, and reimbursed control with an appraised 
law, is applied to CVT systems driven by a SynRM. However, 
the fixed learning rates of the parameters and the varied 
learning rates of the parameters may not be the globally 
optimal learning rates of weight parameters. Therefore, in 
order to assure the globally optimal learning rates of the 
weight parameters, the mend ACO is employed to adjust the 
two varied learning rates of the weight parameters in the 
RRHPNN. The MRRHPNN control using the mend ACO has 
fast learning ability and good generalization capability in the 
presence of the lumped nonlinear disturbances. The adaptive 
law of the online parameters in the RRHPNN can be derived 
according to the Lyapunov stability theorem and the gradient 
descent method. Furthermore, mend ACO is employed to 
adjust the two varied learning rates of the weight parameters 
in the RRHPNN in order to achieve better convergence. Finally, 
the control performances of the proposed MRRHPNN control 
using mend ACO are verified by experimental results. 

This paper is organized as follows. Section II presents the 
structure of the SynRM servo-drive CVT system. Section III 
presents the design method of the MRRHPNN control system 
with mend ACO. Section IV presents a number of 
experimental results. Section V provides some conclusions. 

 

II. STRUCTURE OF A SYNRM SERVO-DRIVE  
CVT SYSTEM 

The geometric constitution for the simplified kinematics of 
a CVT system with negligible belt flexural effects and slip 
losses is illustrated in Fig. 1. The torque dynamic equations 
[7]-[10] shown in Fig. 1(a) and Fig. 1(b) with the front 
driving shaft and the rear driven shaft using the law of 
conservation can be simplified as: 

1TBJT rarae               (1) 

),,,,( 2
22222222222  BFvTBJT laa

l      (2) 

where rrraala
l BJvBvBFTTTT  11

2
2222,11 )),(),,(),(,(   is  

 
(a) 

 

 
(b) 

Fig. 1. Geometric constitution of a CVT system driven by a 
SynRM: (a) Sketch graph of the SynRM-wheel set via the CVT 
connection, (b) Geometric graph of the CVT system. 

 
the equivalent driven torque at the front pulley shaft. 

),( 2122    is the conversion ratio between the front 

pulley shaft and the rear pulley shaft. ),( 21   is the sliding 

active arcs to contribute torque transmission at a low speed. 
),( 21   are the wrap angles of the belt-pulley contacting arcs. 

2T is the driven torque of the rear pulley shaft. 

),,,,( 2
222222  BFvT laa

l  is the lumped nonlinear external 

disturbances including the rolling resistance 2av , the wind 

resistance 2a  and the braking force lF2 . In addition, 2J , 

2B , aJ  and
 aB  are the mechanical angular velocity of the 

rotor representing the moment of inertia of the wheel, the 
viscous friction coefficients of the wheel, the moment of 
inertia of the front pulley side, and the viscous friction 

coefficients of the front pulley side, respectively. 2  and 

r  are the speed of the rear pulley shaft and the mechanical 

angular speed of the rotor, respectively. Then the torque 
equation can be transformed from the rear pulley side to the 
front pulley side by using the speed ratio and the sliding ratio 
[7]-[10]. It is assumed that the belt flexural effects, the power 
and the slip losses are neglected. 

Consequently, the combined dynamic equations [7-10] of 
the SynRM servo-drive CVT system from (1) to (2) can be 
presented by: 

rrrrraala
l

e BJvBvBFTTTT   )),(),,(),(,( 2
2222,1   (3) 

where uaraala
l TTTvBvBFTTT  )),(),,(),(,( 2

2222,1  [7]-[10] 
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is the combined lumped nonlinear external disturbances and  
parameter variations. aT , rrrr BJT     and 

2
2222 )(),()( raalu vBvBFT    are the fixed load torque, 

the combined parameter variation and the combined unknown 
nonlinear load torque, respectively. ),( 22 Bva ,  )( 2va  and 

)( 2BFl  are the combined rolling resistance, the combined 

wind resistance and the combined braking force, respectively. 

ar BBB  1  and ar JJJ  1  are the combined viscous 

friction coefficient and the combined moment of inertia, 
respectively. 1J  and

 1B  represent the moment of inertia of 

the SynRM and the viscous friction coefficients of the 
SynRM, respectively. Detailed specifications of the tested 
vehicle include the conversion ratio 77.12  , the pulley 

radius )6.9,2.13( 21 cmrcmr  , the wrap angles of the 

belt-pulley contacting arcs )135,165( 21 DegreeDegree   , 

the sliding active arcs to contribute torque transmission at 
low speeds )105,125( 21 DegreeDegree   , the wheel tire 

100/90-10, the V-Belt length cmL 6.671  , 231082.0 NmsJa
 , 

23
2 1016.2 NmsJ  , radNmsBa /1012.1 3  and radNmsB /1036.4 3

2
 . 

The synchronously rotating reference frame of the SynRM 
with the d-q axis frame can be offered as [3]-[6]: 

2/DDrnQQQsQ iLpiLiru    (4) 

2/QQrnDDDsD iLpiLiru    (5) 

where Du , Di and DL  are the d-axis stator voltage, current 

and inductance, respectively. Qu , Qi and QL  are the q-axis 

stator voltage, current and inductance, respectively. sr  is 

the stator resistance. np  is the number of poles. The 

electromagnetic torque can be denoted as: 

  4/][3 DQQDne iiLLpT 
         

  (6) 

The motor dynamics equation is: 

rrle JBTT  11              (7) 

where eT stands for the electromagnetic torque, and 

rararaala
l

l BJvBvBFTTTT   )),(),,(),(,( 2
2222,1 stands 

the load torque. A sketch graph of a SynRM servo-drive CVT 
system is shown in Fig. 2. 

The entire system of a SynRM servo-drive CVT can be 
denoted as: a speed/torque control system, a field-oriented 
control, interlock and isolated circuits, voltage source inverter 
(VSI) with three-sets of insulated-gate bipolar transistor 
(IGBT) power modules, a SynRM servo-drive system and a 
CVT system. The field-oriented control consists of a 
sinusoidal pulse width modulation (PWM) control modulator, 
a proportional-integral (PI) current control, a coordinate 
translation system including inverse coordinate translation, 

 generation and lookup table generation. A  

 

Fig. 2. Sketch graph of a SynRM servo-drive CVT system. 
 

mix signal field-programmable-gate-array (FPGA) system 
using a Xilinx Spartan-XCS05XL-4VQ100I-ND chip with 80 
Mhz, 3,200 distributed RAM bits, 5,000 gates and 77 
input/output (I/O) ports was used to achieve field-oriented 
control. A digital-signal-processor (DSP) control system 
using a Texas Instrument (TI) TMS320F28335 chip with 150 
Mhz, 256K × 16 Flash RAM, 34K × 16 SARAM, 16 sets of 
channels analog-digital converters (ADC) with 12-bits, 18 
sets of programmable-PWM ports, 6 sets of high-resolution 
PWM ports and 2 sets of quadrature encoder interfaces was 
used to achieve speed/torque control. 

Two gains for the PI current controller are given as follows: 
22.6/  icpcic Tkk  and 5.12pck  through some heuristic 

knowledge [26]-[28] to obtain a better dynamic response. The 
specifications of the SynRM are the three-phase, two-pole, 48 
V, 1.5 kW and 3600 rpm. The electrical/mechanical 
parameters of the SynRM are given as:  88.0sr , 

mHLQ 15.22 , mHLD 68.146 , 23
1 1002.1 NmsJ   and 

radNmsB /1028.3 3
1

 . The SynRM servo-drive CVT system 

was operated under lumped external disturbances and 
nonlinear uncertainties. 

 

III. MRRHPNN CONTROL WITH MEND ACO 

For simplifying the MRRHPNN control system with a 
mend ACO design, the dynamic model from (3) can be ff  cos/sin
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represented as: 

rrrrraala
l

rer JBJvBvBFTTTJT //)),(),,(),(,(/ 2
2222,1  

rerraala
l

eee CJvBvBFTTTBuA   /)),(),,(),(,( 2
2222,1     

(8) 

where re JA /1 , re JB /1 and rre JBC / are three 

known constants. ee Tu   is the control effort, i.e., the 

command torque of the SynRM. When uncertainties arise, the 
parameters can be assumed to be bounded, i.e., 

)(3 rre DC   , 
2

2
2222,1 )),(),,(),(,( DvBvBFTTTB raala

l
e   and 

eAD 1 . In addition, )(3 rD  is a known continuous function. 

1D  and 2D  are two known constants. The tracked error 

can hereafter be defined as: 

rre                      (9) 

where re  is the difference between the desired speed 
 

and the rotor speed r . Then the consummate control law 

under uncertain perturbations for the SynRM servo-drive 
CVT system can be designed as: 

eraala
l

ereree AvBvBFTTTBCeku /)]),(),,(),(,([ 2
2222,1

*     (10) 

where ek  is a positive constant. Equation (8) using (9) and 

(10) with ee uu *  can be rewritten as: 

0 rer eke                 (11) 

When 0)( ter  as in (11). Then the rotor speed 

asymptotically tracks the desired value. For reducing the 
tracked error, the MRRHPNN control system with mend 
ACO, shown in Fig. 3, was proposed for controlling the 
SynRM servo-drive CVT system under uncertain perturbations. 
The proposed MRRHPNN control system with mend ACO is 
made up of an overlooker control, a RRPHNN control with 
an adaptive law, and a reimbursed control with an appraised 
law. The control law can be designed as: 

321 uuuue                  (12) 

where 1u , 2u  and 3u  are the overlooker control system, 

the RRHPNN controller and the reimbursed controller, 
respectively. The overlooker control system can stabilized the 
states of the controlled system around a predetermined bound 
area. The RRHPNN controller was acted as the major 
tracking controller to imitate a consummate control law. The 
reimbursed controller can reimburse the difference between 
the consummate control law and the RRHPNN controller. 

The MRRHPNN control system with mend ACO can be 
uniformly close to the consummate control law to extend the 
divergent state back inside the predestinated bound region. 
Hereafter, the stability of the MRRHPNN control system 
with mend ACO can be guaranteed. Equation (8) using (9), 
(10), (11) and (12) can be rewritten as: 

 

Fig. 3. Constitution of the MRRHPNN control system with mend 
ACO. 

 

eerer Auuuueke ][ 321
*   

     (13) 

Firstly, the overlooker control 1u can be designed as: 

ererer AekDDAefu /])()[sgn( 2311   
  

(14) 

where )sgn(   is a sign function. The overseer control law on

11 f  is valid when the RRHPNN affinity properties 

cannot be guaranteed. The overlooker control emerges in 
overdone effort due to an insufficient bound, e.g., 1D , 2D , 

)(3 rD  and the sign function. Therefore, the RRHPNN 

control and the reimbursed control can be designed to 
conquer the overdone effort. The RRHPNN control was 
advanced to imitate the consummate control. Then the 
reimbursed control was evolved to reimburse the difference 
between the consummate control and the RRHPNN control. 

Secondly, the construction of the proposed three-layer 
RRPHNN with input, hidden and output layers is shown in 
Fig. 4. The transmitted signals of the RRPHNN are listed in 
the following stages. 

(1) The input and output signals in the input layer at node i 
are denoted as: 

2,1),)1()(( 31111   iNouNalo
k

kikiii        (15) 

where 1
il  is an activation function using a linear function, 

and  is the multiplier, which multiplies all of the input 
signals. In addition, )(1

1 rrea    is the error, 

rr ezea   )1( 11
2  is the error variation, 1

iku  is the 

recurrent weight from the output layer to the input layer; 3
ko  

is the output in the output layer, and N is the number of 
iterations. 

t
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(2) The input and output signals in the hidden layer at node 
j are denoted as: 

1,,1,0)),1()(( 22

1

12 


mjNoNoHo j
i

ijj        (16) 

where 
jH  is the Hermite polynomial [29]-[32] which is the 

activation function in the hidden layer.  is the summation, 

which summates all of the input signals. In addition, 
 

is 

the self-feedback gain of the hidden layer which is between 0 
and 1, 1

io  is the output in the input layer, 2
jo  is the output 

in the hidden layer, and m is the number of nodes. The 
Hermite polynomials [29]-[32] )( xH n  are the arguments of 

polynomials with 11  x , where n is the order of expansion. 

The zero, first and second order Hermite polynomials are 

given by 1)(0 xH , xxH 2)(1   and 24)( 2
2  xxH ,  respectively. 

Higher-order Hermite polynomials emerge through the 
recursive method )(2)(2)( 11 xnHxxHxH nnn   . 

(3) The input and output signals in the output layer at node 
k are expressed as: 

1),)((
1

0

2233 



kNoulo

m

j
jkjkk       (17) 

where 3
kl  is the activation function using a linear function, 

 is the summation, which summates all of the input signals. 

In addition, 2
kju  is the connective weight between the hidden 

layer and the output layer. )()( 23 NoNa jj   is the jth input 

signal of the output layer. The output of the output layer can 

be presented as 2
3 )( uNok  . Thus, the output of the RRPHNN 

can be expressed as: 

 Tu 2                   (18) 

where  Tmuu 2
)1(1

2
10    is the weight vector of the 

connective weights between the hidden layer and the output 
layer,  Tmaa 3

)1(
3
0   is the input vector in the output 

layer, and 3
ja  is the Hermite polynomials. 

Thirdly, to execute the reimbursed control 3u , a minimum 

congenial error   can be presented as: 

 T
ee uuu )( ***

2
*               (19) 

where   ,  is a very small positive value, and *  is 

the consummate weight vector to achieve the minimum 
congenial error. Equation (13) using (19) can be denoted as: 

eerer Auuuueke ][ 321
* 

eere Auuuuuuek ])()[( 132
*
2

*
2

* 

e
TTT

ere Auuuek ]))()(())([( 13
***  

e
T

re Auuek ]))([ 13
*          (20) 

 
Fig. 4. Construction of the three-layer RRHPNN. 

 
Moreover, the following Lyapunov function was chosen: 

)2/(
~

)2/()()[(2/)( 2
1

**2    T
retP    (21) 

where 1  is the learning rate,   ˆ~  is the appraised 

error, and   is the adaptive gain. Using (19) and (20), and 

then differentiating (21) yields: 

 /ˆ~
/)()( 1

*    T
rr eetP

1
*

13
*2 /)(])([   T

er
T

re Aeuuek     

 /ˆ~ 
                                   (22) 

For achieving 0)( tP , the adaptive law  , the reimbursed 

controller 3u , and the appraised law ̂  can be designed as: 

er Ae 1                 
(23) 

)sgn(ˆ
3 er Aeu               (24) 

er Ae ̂                 (25) 

If (14), (19) and (24) are substituted into (22), and if (14) 
with 11 f  is used, (22) can be denoted as: 

 /ˆ~
))sgn(ˆ()( 2   ererre AeAeektP     (26) 

Equation (26) using (25) can be denoted as: 

0)()( 22  reerre ekAeektP       (27) 

Equation (27) shows )(1 tP  to be negative semi-definite, 

i.e., )0()( PtP  . This implies that re  and )( *    are 

bounded. Additionally, the function is defined as:  

2
1 )()( reektPtQ  

          
   (28) 

The integration of (27) gives: 

)()0()]([)( 00 1 tPPdPdQ tt   
  

    (29) 
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Because )(tP  is a non-increasing and bounded, while 

)0(P  is bounded: 




t

t
dQ0 1 )(lim              (30) 

Differentiating (28) gives: 

rre eektQ  2)(1                 (31) 

By using Barbalat’s lemma [33], [34], re  is also bounded. 
)(1 tQ  is a uniformly continuous function [33], [34], and 

0)(lim 1 


tQ
t when all of the variables on the right-hand side 

of (20) are bounded. Therefore, 0)( ter  as . 

Moreover, )sgn( er Ae  can be replaced by the equation 

)(/)( erer AeAe  to avoid the chattering phenomenon of 

reimbursed controller 3u  with a positive constant  . 

The adaptive law   in the RRHPNN with online 
parameters training can be computed using the Lyapunov 
stability theorem and the gradient descent method. Moreover, 
two optimal learning rates are used for the training parameters 
of the RRHPNN to accomplish better convergence of error. 

The adaptive law   shown in (23) can be represented as: 

erjkj Aeou 2
1

2                 (32) 

Then, the cost function is defined as [13]: 

2/2
1 reP                     (33) 

The adaptive law of the weight by means of the chain rule 
and the gradient descent method can be denoted as: 

2

2

1
12

3

3
2

2

1
12

1
1

2
j

kj

k

kkj
kj o

u

P

u

o

o

u

u

P

u

P
u



















      (34) 

Comparing (32) with (34), yields er AeuP  21 / . Next, 

the adaptive law of the recurrent weight 1
iku  by means of 

the chain rule and the gradient descent method can be 
denoted as: 

1

1

1

2

2

3

3
2

2

1
21

1
2

1

ik

i

i

j

j

k

kik
ik

u

o

o

o

o

o

o

u

u

P

u

P
u























   

   )1()()( 312
2  NONaHuAe kijkjer       (35) 

where 2  is the learning rate. To improve convergence and 

to obtain two optimal learning rates of the weights in the 
RRHPNN, mend ACO is presented in the following 
explanation. 

A basic ACO algorithm [17]-[22] has a significant impact 
on performance of an algorithm with respect to the two 
parameters, the probabilistic choice of the solution and the 
pheromone updated values. The pheromone updated values 
are affected by two factors, the evaporation rate and the 
length of the best tour. A set of M ants is randomly 
distributed over the vertices. Initially, the partial solutions 

sp  are empty and the pheromone and heuristic variables are 

set to some initial value. In each iteration, each ant decides 
based on a probability distribution, which vertex to add to 

sp  next. The known rule of the probabilistic choice of a 

solution [17], [18] is typically defined as: 

)(
])()([

)()(
)(

)(

11

11
s

ij

pMc
ilil

ijijs
ij pMcpcp

s
ij















     (36) 

where )( spM  is the feasible neighborhood given the current 

partial solution sp . In addition, ij  and ij are the 

pheromone value and the heuristic value associated with the 
component ijc , respectively.  1  and 1   are positive real 

parameters whose values determine the relative importance of 
the pheromone and heuristic information. By moving from 
vertex i to vertex j, the ants add the associated solution 

component ijc  to their partial solution sp until they reach 

their terminal vertex and complete their candidate solutions. 
These candidate solutions are evaluated and the resulting 
values are used to update the pheromone values [17]-[22] by: 

ijbestijij ,11)1(                (37) 

where ]1,0(1  is the evaporation rate. bestijbest L/1,   if the 

best ant used edge ),( ji  during its tour, while 0,  ijbest  if 

the best ant does not. The pheromone values are a measure of 
how desirable it is to add the associated solution component 
to the partial solution. In order to incorporate forgetting, the 
pheromone values decrease by some factor in each iteration. 
In this way, the algorithm avoids prematurely converging to 
suboptimal solutions. In the next iteration, each ant repeats 
the previous steps. However, the pheromone values are 
updated and can be used to make better decisions about 
which vertex to move to. After some stopping criterion has 

been reached, the values of ij  and ij on the graph encode 

the solution, as they determine by (36) the path with the 
highest probability of being constructed step-wise from any 
initial vertex to the final vertex. 

There exist various rules to construct bestijbest L/1,  . Of 

these, the most standard one is to use all of the candidate 
solutions found in the trial. This update rule is called the ant 
system (AS) update rule. The method described in this paper 
uses the AS update rule [17]-[22] due to its easy 
implementation. In order to improve these methods, the mend 
ACO algorithm works as follows. In each state, the ants have 
to determine which action to choose from. It is not known 
which state this action will take the ants to, since there is 
generally a set of next states to which the ants can move, 
according to some probability distribution. At each trial, the 
ants are initialized randomly over the set of states. The ants 
add the state-action pair to their constructed partial solutions. 
No heuristic values are associated with the vertices, since 

t
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there is no a priori information available about the quality of 
the solution components. This is implemented by setting all 

of the heuristic values to one. It can be seen that ij  

disappears from (36) in this case. Since the values of 1  and 

1   tune the relative importance of the pheromones ij  and 

the heuristics ij , these are also eliminated. The probability 

of ant k being in state i taking action j is now: 

)(,2,1,
)(

)(
)(

)(
,

,
,

s
iij

pUl
ilm

ijms
ijkm pUcmpcp

s
i










     (38) 

with )( s
i pU  as the action set the ant has at its disposal in 

state i. Thus, the choice of the next action only depends on 
the value of the pheromone 2,1,, mijm  associated with this 

vertex. Note that (38) contains no constants that need tuning, 
making this algorithm much more straightforward to 
implement than the original ACO algorithm based on (36). 
The pheromones are initialized equally for all of the vertices 
and set to a small non-zero value. In every trial, all of the ants 
construct their solutions until they either have reached the 
goal state, or the trial exceeds a certain pre-specified limit. 
The pheromones are then updated according to the following 
rule: 

iter
s

ijijbestkm
M

k
mijmmijm SpMcmNN 


)(,2,1,)()1()1( ,,,

1
,, 

 
(39) 

where 2,1],1,0(  mm is the evaporation rate for the learning 

rate 2,1, mm . iterS is the set of all the candidate solutions 

found in the trial. This type of update rule is comparable to 

the AS update rule. The value of 2,1,,,,  mijbestkm  reflects 

the amount of pheromone ant k deposits on the vertices it has 
visited. This value is defined as follows: 

2,1,
)]1([

1

)]1([

1

max,,
,,, 





 m

ddtddt
mmmmmkm

ijbestkm

 

(40) 

where 2,1,, mt km  is the number of steps at ant k needed to 

reach the goal state, 2,1, mdm  is the sample time, which is 

used to express time in seconds, and 2,1,max, mtm  is the 

maximum number of steps allowed in a trial. The value of 
2,1),1(  mdm  is used to make the amount of pheromone 

deposit approximately equal to 2,1,/1 md m  when the ant 

reaches the goal in just one step. The second term in (40) 
makes sure that the pheromones are not updated when the 
trial is stopped at the maximum number of time steps and the 
ant has not yet reached the goal. It is clear that the fitness 
function, the total amount of pheromones deposited, is 
maximized if all of the ants find the shortest path. 

In summary, the online tuning algorithm of the RRHPNN 
control is based on two adaptive laws (34) and (35) for the 
connective weight adjustment and the recurrent weights 
adjustment with the two optimal learning rates in (38), (39) and 
(40), respectively. Moreover, the RRHPNN weight appraised  

 
Fig. 5. Flowchart of the executing program by means of a mix 
signal FPGA system and a DSP control system. 

 
errors are fundamentally bounded [35]. The RRHPNN weight 
appraised errors are bounded to ensure that the control signal 
is bounded. 

 

IV. EXPERIMENTAL RESULTS 

The entire construction of a SynRM servo-drive CVT 
system is shown in Fig. 2 by means of a mixed signal FPGA 
system and a DSP control system. A flowchart of the executed 
control methodologies with real-time implementation by 
means of the mixed signal FPGA system and DSP control 
system consisting of a primary program and a secondary 
interrupt routine is shown in Fig. 5. 

In the primary program, the input/output (I/O) and parameter 
initializations are processed. Then the interrupt interval for 
the secondary interrupt routine (SIR) is set. After enabling the 
interrupt, the main program is used to monitor the control 
data. A SIR with a 2 ms sampling interval is used for reading 
the rotor position of the SynRM servo-drive CVT system 
from the encoder interface and the three-phase currents from 
the analog-to-digital (A/D) converter, calculating the rotor 
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position and speed, executing the lookup table and coordinate 
transformation, executing the PI current control, executing 
the sinusoidal PWM control modulator, executing the 
MRRHPNN control system with mend ACO, and outputting 
three-phase PWM signals to the interlock and isolated circuits 
for switching the three-sets of IGBT power module inverters. 
The voltage source inverter (VSI) with three-sets of IGBT 
power modules is switched by current-controlled sinusoidal 
PWM signals with a switching frequency of 15 kHz. To avoid 
burning the IGBT module for the SynRM servo-drive CVT 
system at high speed perturbations the SynRM only runs 
under 3600 rpm (376.8 rad/s). 

Some experimental results are offered to demonstrate the 
control performance of the proposed MRRHPNN control 
system with mend ACO. The first is the 1800 rpm (188.4 
rad/s) obtained under the combined parameter variation and 

the combined unknown nonlinear load torque u
l TTT 1 . 

The second is the 3600 rpm (376.8 rad/s) obtained under 
twice the combined parameter variation and the combined 

unknown nonlinear load torque u
l TTT 21 . The third is 

the 3600 rpm (376.8 rad/s) obtained while adding load under 
twice the fixed load torque and the combined unknown 

nonlinear load torque ua
l TTNmT  )(21 . All of the gains of 

the well-known PI controller via inspired knowledge [26-28] 

are 23.9,6.20/  psispsis kTkk  at 1800 rpm (188.4 

rad/s) under the combined parameter variation and the 

combined unknown nonlinear load torque u
l TTT 1  for 

speed tracked to achieve good transient and steady-state 
control performance. In addition, for a comparison of the 
control performance with the proposed MRRHPNN control 
system with mend ACO, the adopted feedforward neural 
network (FNN) control system with the sigmoid activation 
function has 2-3-1 neurons in the input-hidden-output layers. 
Moreover, the two connective weights in the FNN are 
initialized with random numbers. The control gains of the 
FNN control are chosen to achieve the better control 
performance. Further, the control gains of the proposed 
MRRHPNN control system with mend ACO, which are 
chosen to achieve the best transient control performance in 
experimentation considering the requirements of stability, are 

22.0 and 12.0 . The adopted RRHPNN has 2-3-1 

neurons in the input-hidden-output layers. 
Some experimental results of the well-known PI controller 

for a SynRM servo-drive CVT system at 1800 rpm (188.4 
rad/s) under the combined parameter variation and the 

combined unknown nonlinear load torque u
l TTT 1 , and 

at 3600 rpm (376.8 rad/s) under twice the combined 
parameter variation and the combined unknown nonlinear 

load torque u
l TTT 21  are illustrated in Fig. 6 and Fig. 7, 

respectively. The responses of the command electromagnetic  

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 6. Tentative results for a SynRM servo-drive CVT system 
obtained using the well-known PI controller at 1800 rpm (188.4 
rad/s) under the combined parameter variation and the combined 
unknown nonlinear load torque 

u
l TTT 1

: (a) Response of the 

electromagnetic torque eT ,
 
(b) Speed response of the command 

speed * , desired command speed  , and measured speed r , 

(c) Response of a part of the speed error re , (d) Response of the 

measured phase current ai  in phase a. 

 
torque eT  are illustrated in Fig. 6(a) and Fig. 7(a). The 

speed responses of the command speed * , desired command 

speed  , and measured speed r  are illustrated in Fig. 6(b) 

and Fig. 7(b). The responses of a part of the speed error re   
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(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 7. Experimental results for a SynRM servo-drive CVT 
system obtained using the well-known PI controller at 3600 rpm 
(376.8 rad/s) under twice the combined parameter variation and 
the combined unknown nonlinear load torque u

l TTT  21 : (a) 

Response of the electromagnetic torque eT ,
 
(b) Speed response 

of the command speed * , desired command speed  , and 

measured speed r , (c) Response of a part of the speed error 

re , (d) Response of the measured phase current ai  in phase a. 

 

are illustrated in Fig. 6(c) and Fig. 7(c). The responses of the 
measured phase current ai in phase a are illustrated by Fig. 

6(d) and Fig. 7(d). 
The dynamic responses of the command electromagnetic 

torque eT  
shown in Fig. 6(a) and Fig. 7(a) bring about a  

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 8. Experimental results for a SynRM servo-drive CVT 
system obtained using the three-layer FNN control system at 
1800 rpm (188.4 rad/s) under the combined parameter variation 
and the combined unknown nonlinear load torque u

l TTT 1 : 

(a) Response of the electromagnetic torque eT ,
 

(b) Speed 

response of the command speed * , desired command speed  , 

and measured speed r , (c) Response of a part of the speed error 

re , (d) Response of the measured phase current ai  in phase a. 

 

great torque ripple due to the nonlinear disturbance of the 
CVT system such as V-belt shaking friction, and action 
friction between the front pulley and the rear pulley. Low 
speed operation with a smaller disturbance is the same as that 

with the nominal case, i.e., l
e TT 1 . The speed response  
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(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 9. Experimental results for a SynRM servo-drive CVT 
system obtained using the three-layer FNN control system at 
3600 rpm (376.8 rad/s) under twice the combined parameter 
variation and the combined unknown nonlinear load torque 

u
l TTT 21 : (a) Response of the electromagnetic torque eT ,

 
(b) 

Speed response of the command speed * , desired command 

speed  , and measured speed r , (c) Response of a part of the 

speed error re , (d) Response of the measured phase current ai

in phase a. 
 

with a better tracking performance is illustrated in Fig. 6(b). 
Moreover, the degenerate tracking response of the speed is 
illustrated in Fig. 7(b) due to bigger nonlinear disturbances 
under high speed operation. 

Some experimental results obtained with the three-layer 
FNN control for the SynRM servo-drive CVT system at 1800 

rpm (188.4 rad/s) under the combined parameter variation 
and the combined unknown nonlinear load torque 

u
l TTT 1 , and at 3600 rpm (376.8 rad/s) under twice the 

combined parameter variation and the combined unknown 

nonlinear load torque u
l TTT 21  are illustrated in Fig. 8 

and Fig. 9, respectively. 

The responses of the command electromagnetic torque eT  

are illustrated by Fig. 8(a) and Fig. 9(a). The speed responses 

of the command speed * , desired command speed  , and 

measured speed r  are illustrated in Fig. 8(b) and Fig. 9(b). 

The responses of a part of the speed error re  are illustrated 

in Fig. 8(c) and Fig. 9(c). The responses of the measured 
phase current ai  in phase a are illustrated in Fig. 8(d) and 

Fig 9(d). The dynamic responses of the command 

electromagnetic torque eT
 

illustrated in Fig. 8(a) and Fig. 

9(a) bring about great torque ripple due to nonlinear 
disturbance of the CVT system such as V-belt shaking 
friction, and action friction between the front pulley and the 
rear pulley. 

The sluggish responses of the speed with large errors from 
the experimental results for a SynRM servo-drive CVT 
system using the well-known PI controller are illustrated in 
Fig. 7(c). The linear controller has weak robustness under 
larger nonlinear disturbances due to a lack of appropriate 
gains tuning or no degenerate nonlinear effect. The speed 
response with better tracking performance is illustrated in Fig. 
8(b) since low speed operation with a smaller disturbance is 

the same as the nominal case, i.e., l
e TT 1 . Moreover, the 

degenerate tracking response of the speed is illustrated in Fig. 
9(b) due to larger nonlinear disturbances at high speed 
operation. The sluggish responses of the speed with a large 
error from the experimental results for a SynRM servo-drive 
CVT system using the three-layer FNN control system are 
illustrated in Fig. 9(c). The three-layer FNN control system 
has weak robustness under large nonlinear disturbances due 
to a lack of appropriate gains tuning or no degenerate 
nonlinear effect. However, due to the online adaptive 
mechanism of the three-layer FNN control system, accurate 
tracking responses of the speed can be obtained. These 
experimental results show that the three-layer FNN control 
system has better control performance and a lower torque 
ripple than the well-known PI controller for a SynRM 
servo-drive CVT system at 1800 rpm (188.4 rad/s) under the 
combined parameter variation and the combined unknown 

nonlinear load torque u
l TTT 1 , and at 3600 rpm (376.8 

rad/s) under twice the combined parameter variation and the 

combined unknown nonlinear load torque u
l TTT  21 . 

Some experimental results of the proposed MRRHPNN 
control system with mend ACO for a SynRM servo-drive 
CVT system at 1800 rpm (188.4 rad/s) under the combined  
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(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 10. Experimental results for a SynRM servo-drive CVT 
system obtained using the MRRHPNN control system with mend 
ACO at 1800 rpm (188.4 rad/s) under the combined parameter 
variation and the combined unknown nonlinear load torque 

u
l TTT 1 : (a) Response of electromagnetic torque eT ,

 
(b) 

Speed response of the command speed * , desired command 

speed  , and measured speed r , (c) Response of a part of the 

speed error re , (d) Response of the measured phase current ai  
in phase a. 

 
parameter variation and the combined unknown nonlinear 

load torque u
l TTT 1 , and at 3600 rpm (376.8 rad/s) 

under twice the combined parameter variation and the 

combined unknown nonlinear load torque u
l TTT 21  are 

illustrated in Fig. 10 and Fig. 11, respectively. The responses 

of the command electromagnetic torque eT  are illustrated in  

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 11. Experimental results for a SynRM servo-drive CVT 
system obtained using the MRRHPNN control system with mend 
ACO at 3600 rpm (376.8 rad/s) under twice the combined 
parameter variation and the combined unknown nonlinear load 

torque u
l TTT  21 : (a) Response of electromagnetic torque eT ,

 
(b) Speed response of the command speed * , desired command 

speed  , and measured speed r , (c) Response of a part of the 

speed error re , (d) Response of the measured phase current ai

in phase a. 
 

Fig. 10(a) and Fig. 11(a). The speed responses of the command 

speed * , desired command speed  , and measured speed 

r  are illustrated in Fig. 10(b) and Fig. 11(b). The responses 

of a part of the speed error re  are illustrated in Fig. 10(c) and 

Fig. 11(c). The responses of the measured phase current ai  

in phase a are illustrated in Figs. 10(d) and Fig. 11(d). Due to  



1420                        Journal of Power Electronics, Vol. 18, No. 5, September 2018 

 
smaller disturbances, the low-speed operation was the same 

the nominal case, i.e., l
e TT 1 . The speed response shown in 

Fig. 11(b) demonstrates a higher tracking performance. The 
experimental results show that accurately tracked 
performance was achieved for the SynRM servo-drive CVT 
system when the MRRHPNN control system with mend ACO 
was used, due to the online adaptive mechanism of the 
RRHPNN control and the operation of the reimbursed 
controller. The dynamic response of the command 
electromagnetic torque eT  brings about a lower torque ripple 

by the online adjustment of the RRHPNN to cope with the 
high-frequency unmodeled dynamic of the nonlinear 
disturbances of the CVT system, such as V-belt shaking 
friction, and action friction between the front pulley and the 
rear pulley. Therefore, these experimental results show that 
the MRRHPNN control system with mend ACO has better 
control performance than the well-known PI controller and 
the three-layer FNN control system under high speed 
perturbations for the SynRM servo-drive CVT system. 

Finally, the condition under load torque disturbances and 
parameter variations ua

l TTNmT  )(21  with adding a load 

at the measured rotor speed responses is tested using the 
well-known PI controller, the three-layer FNN control system 
and the MRRHPNN control system with mend ACO. The 
experimental result of the load adjustment when the 
well-known PI controller, the three-layer FNN control system, 
and the MRRPHNN with mend ACO were used with adding 
a load under twice the fixed load torque and the combined 
unknown nonlinear load torque ua

l TTNmT  )(21  at 3600 

rpm (376.8 rad/s) are shown in Fig. 12, Fig. 13 and Fig. 14, 
respectively. 

Experimental results of the measured rotor speed response 

and the measured phase current ai  in phase a when the 

well-known PI controller was used with adding a load under 
twice the fixed load torque and the combined unknown 

nonlinear load torque ua
l TTNmT  )(21  at 3600 rpm (376.8 

rad/s) are shown in Fig. 12(a) and Fig. 12(b), respectively. 
Experimental results of the measured rotor speed response 

and the measured phase current ai  in phase a when the 

three-layer FNN control system was used with adding a load 
under twice the fixed load torque and the combined unknown 
nonlinear load torque ua

l TTNmT  )(21  at 3600 rpm (376.8 

rad/s) are shown in Fig. 13(a) and Fig. 13(b), respectively. 
Experimental results of the measured rotor speed response 

and the measured phase current ai  in phase a when the 

MRRHPNN control system with mend ACO was used with 
adding a load under twice the fixed load torque and the 
combined unknown nonlinear load torque ua

l TTNmT  )(21  

at 3600 rpm (376.8 rad/s) are shown in Fig. 14(a) and Fig. 
14(b), respectively. These experimental results show that the 
degenerated responses with adding a load under twice the  

 
(a) 

 
(b) 

Fig. 12. Experimental results of a SynRM servo-drive CVT 
system obtained using the well-known PI controller with adding 
a load under twice the fixed load torque and the combined 
unknown nonlinear load torque 

ua
l TTNmT  )(21

 at 3600 rpm 

(376.8 rad/s): (a) Speed-adjusted response of the command rotor 
speed *  and the measured rotor speed r , (b) Response of 

the measured phase current ai  in phase a. 

 

 
(a) 

 
(b) 

Fig. 13. Experimental results of a SynRM servo-drive CVT 
system obtained using the three-layer FNN control system with 
adding a load under twice the fixed load torque and the 
combined unknown nonlinear load torque ua

l TTNmT  )(21  at 

3600 rpm (376.8 rad/s): (a) Speed-adjusted response of the 
command rotor speed *  and the measured rotor speed r , (b) 

Response of the measured phase current ai  in phase a. 
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(a) 

 
(b) 

Fig. 14. Experimental results of a SynRM servo-drive CVT 
system obtained using the MRRHPNN control system with mend 
ACO with adding a load under twice the fixed load torque and 
the combined unknown nonlinear load torque 

ua
l TTNmT  )(21

 

at 3600 rpm (376.8 rad/s): (a) Speed-adjusted response of the 
command rotor speed *  and the measured rotor speed

 r , (b) 

Response of the measured phase current ai  in phase a. 

 

fixed load torque and the combined unknown nonlinear load 

torque ua
l TTNmT  )(21  are considerably improved when 

the MRRHPNN control system with mend ACO is used. 
Moreover, the transient response of the MRRHPNN 

control system with mend ACO exhibits a faster convergence 
and a more favorable load regulation than the well-known PI 
controller and the three-layer FNN control system. 

A comparison of control performance using the three-layer 
FNN control system, the well-known PI controller and the 
proposed MRRHPNN control system with mend ACO is 
presented in Table 1 via three sets of experimental results. 
The smaller tracked error of the MRRHPNN control system 
with mend ACO is in evidence. When compared to the 
three-layer FNN control system and the well-known PI 
controller, the listed measurements show that the proposed 
MRRHPNN control system with mend ACO demonstrates 
the advantageous performance. Moreover, a comparison of 
the characteristic performances of the well-known PI controller, 
the three-layer FNN control system and the proposed 
MRRHPNN control system with mend ACO is presented in 
Table 2 via three sets of experimental results. According to 
the four listed performances, the proposed MRRHPNN control 
system with mend ACO demonstrates better characteristic 
performance than the three-layer FNN control system and the 
well-known PI controller. 

TABLE I 
PERFORMANCE COMPARISON OF THREE CONTROL SYSTEMS 

Three Test 
Cases

 
 
 
 
 
 
 
 
Performance

Well-Known PI Controller 
1800 rpm (188.4 
rad/s) under the 
combined 
parameter 
variation and the 
combined 
unknown 
nonlinear load 
torque 

u
l TTT 1  

3600 rpm (376.8 
rad/s) under twice 
the combined 
parameter 
variation and the 
combined 
unknown 
nonlinear load 
torque 

u
l TTT 21  

3600 rpm (376.8 
rad/s) with adding 
load under twice 
the fixed load 
torque and the 
combined 
unknown 
nonlinear load 
torque 

ua
l TTNmT  )(21

Max. Error 86 rpm (9 rad/s) 210 rpm (22 rad/s) 306 rpm (32 rad/)

RMS Error 38 rpm (4 rad/s) 96 rpm (10 rad/s) 143 rpm (15 rad/s)

Three   Test 
Cases

 
 
 
 
 
 
 
 
Performance

Three-Layer FNN Control System 
1800 rpm (188.4 
rad/s) under the 
combined 
parameter 
variation and the 
combined 
unknown 
nonlinear load 
torque 

u
l TTT 1  

3600 rpm (376.8 
rad/s) under twice 
the combined 
parameter 
variation and the 
combined 
unknown 
nonlinear load 
torque 

u
l TTT 21  

3600 rpm (376.8 
rad/s) with adding 
load under twice 
the fixed load 
torque and the 
combined 
unknown 
nonlinear load 
torque 

ua
l TTNmT  )(21

Max. Error 76 rpm (8 rad/s) 191 rpm (20 rad/s) 124 rpm (13 rad/s)
RMS Error 38 rpm (4 rad/s) 86 rpm (9 rad/s) 57 rpm (6 rad/s) 

Three Test 
Cases

 
 
 
 
 
 
 
 
Performance

MRRHPNN Control System with Mended ACO 
1800 rpm (188.4 
rad/s) under the 
combined 
parameter 
variation and the 
combined 
unknown 
nonlinear load 
torque 

u
l TTT 1  

3600 rpm (376.8 
rad/s) under twice 
the combined 
parameter 
variation and the 
combined 
unknown 
nonlinear load 
torque 

u
l TTT 21  

3600 rpm (376.8 
rad/s) with adding 
load under twice 
the fixed load 
torque and the 
combined 
unknown 
nonlinear load 
torque 

ua
l TTNmT  )(21

Max. Error  67 rpm (7 rad/s) 172 rpm (18 rad/s) 105 rpm (11 rad/s)

RMS Error 29 rpm (3 rad/s) 67 rpm (7 rad/s) 38 rpm (4 rad/s) 

 
TABLE II 

CHARACTERISTIC PERFORMANCE COMPARISON OF THREE 

CONTROL SYSTEMS 

Control System
 
 
Characteristic 
Performance 

Well-Known PI 
Controller 

Three-Layer 
FNN Control 
System  

MRRHPNN 
Control 
System with 
Mended ACO

Dynamic Response Slow Fast Faster 

Load Regulation 
Capability 

Poor Good Best 

Convergence 
Speed  

Low Middle  High 

Two Learning Rates Not Applicable  Fixed Variable 

 

V. CONCLUSIONS 

A MRRHPNN control system with mend ACO has been 
successfully applied in controlling a SynRM servo-drive 
CVT system with robust performance. The MRRHPNN 
control system with mend ACO can perform overlooker 
control based on the uncertainty bounds of the controlled 
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system, and it was designed to stabilize the system states 
within a predetermined bound area. The main contributions 
of this study are as follows. (1) Simplified dynamic and 
kinematic models of a CVT system driven by a SynRM with 
unknown nonlinear and time-varying characteristics have 
been successfully derived. (2) The MRRHPNN control system 
with mend ACO for a SynRM servo-drive CVT system under 
the occurrence of lumped nonlinear load disturbances was 
successfully applied to enhance robustness. (3) The adaptive 
law of online parameter tuning in the RRHPNN and the 
appraised law of the reimbursed controller were successfully 
derived using the Lyapunov stability theorem. (4) Two optimal 
learning rates in terms of connective weights and recurrent 
weights in the RRHPNN depending on the mend ACO 
algorithm were successfully used to achieve a faster 
convergence. (5) The MRRHPNN control system with mend 
ACO has an improved online learning capability for quickly 
capturing the nonlinear and time-varying behavior of a 
system. (6) The proposed MRRHPNN control system with 
mend ACO has a lower torque ripple than the well-known PI 
controller and the three-layer FNN control system. 

Finally, the control performance of the proposed 
MRRHPNN control system with mend ACO is better suited 
to SynRM servo-drive CVT systems when compared with the 
well-known PI controller and the three-layer FNN control 
system. 
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