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ABSTRACT 

Motor drive and charging system with batteries are two major parts in an electric vehicle 

(EV) powertrain system. This dissertation investigates the artificial intelligence-based control 

and operation of EV machine drives and the charging systems. 

There are several major challenges related the EV motor drive control such as machine 

parameter variations, magnetic saturations, accurate torque control, and optimal and efficient 

operation considering copper loss and iron loss. Regarding the charging and discharging control 

with DC/DC converters, the stable and robust voltage regulation under disturbances is required. 

The issues of how to smoothly handle the current/voltage constraints and the power limit still 

remain.  

This dissertation presents a novel machine learning strategy based on a neural network 

(NN) to achieve MTPA, flux-weakening, and MTPV for the most efficient IPM torque control 

over its full speed operating range. The NN is trained offline by using the LMBP (Levenberg-

Marquardt backpropagation) algorithm, which avoids the disadvantages associated with the 

online NN training. A special technique is developed to generate NN training data, that is 

particularly suitable and favorable, to develop a high-performance NN-based IPM torque control 

system, and the impact of variable motor parameters is embedded into the NN system 

development and training.  

IPM machine modeling and parameter estimation are important for the controller design 

of high-efficient and high-performance motor drives. The accuracy of the magnetic modeling is a 
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challenge dur to the magnetic saturation, cross saturation, iron loss, and temperature variations. 

The proposed ANN-based modeling method can capture the nonlinear areas of the model and 

generate accurate dq-axis flux linkages with saturation and iron loss considered.  

For the vehicle to grid (V2G) and vehicle to home (V2H) applications, the battery not 

only can be charged but also can provide power back to the load and systems through DC/DC 

converters. The ANN controller presented in this dissertation has a strong ability to track rapidly 

changing reference commands, maintain stable output voltage for a variable load, and manage 

maximum duty-ratio and current constraints properly. The presented control algorithm also has 

the ability of power sharing based on DG capabilities for DC microgrid applications. 
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LIST OF ABBREVIATIONS AND SYMBOLS 

PMSM  Permanent Magnet Synchronous Machine 

Rs  Stator phase resistance 

Lsd,sq  Stator d- and q-axis inductance 

λsd,sq  Stator d- and q-axis flux linkage 

vsd,sq  Stator d- and q-axis voltage 

isd,sq  Stator d- and q-axis current 

λfd  Flux linkage constant 

p  Number of pole pairs 

ωm  Mechanical angular velocity 

ωe  Electrical angular velocity (ωr = p * ωm) 

Tem  Electromagnetic torque 

C(·)  DP Cost function 

J  Jacobian matrix 

/C w    Gradient of weight vector 

μ  Parameter that determines the steepest descent algorithm and Gauss Newton 

LM  Levenberg-Marquardt  

FATT  Forward accumulation through time 

FOC  Field-oriented Control 

PI  Proportional-Integral 
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PM  Permanent Magnet 

ANN  Artificial Neural Network 

NN  Neural Network 

DP  Dynamic Programming 

PWM  Pulse Width Modulation 

SVPWM Space Vector PWM 
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1. INTRODUCTION 

 

1.1 Background and Motivation 

With the increment of environmental concerns and customer desires, hybrid electric 

vehicles (HEVs) and electric vehicles (EVs) have drawn lots of attention to the automotive 

industry and researchers for many years. The number of electric vehicles on the road in the 

United States is also increasing dramatically since 2011, and it has been more than 1.18 million 

electrical vehicles on the road in 2020 [1-2]. The global electric vehicle sales by key markets are 

shown in Figure 1.1 [2]. One of the advantages of the electric vehicles is that it reduces harmful 

pollutants and greenhouse gases. EVs are also energy efficient compared with the traditional 

vehicles. Another advantage is their ability of charging and discharging with sustainable energy 

systems, such as solar panels and wind powered devices.  

 

Figure 1.1: Global EV sales by key markets [2] 
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A general EV configuration is shown in Figure 1.2. There are three major systems in the 

drive train: electric motor propulsion (vehicle controller, power electronic converter, electric 

motor, transmission, and driving wheels), energy source (energy source, the energy management 

unit, and the energy refueling unit), and auxiliary (power steering unit, the auxiliary supply unit, 

and climate control unit) [3]. In the normal driving condition, the driver is sending the torque 

command to the vehicle to accelerate or decelerate, and then the torque command signals of the 

motor drive are received from the powertrain controller. In the cruise control condition, the speed 

is regulated in the powertrain control system by sending the torque command signal to the 

electric drive controller. 

 

Figure 1.2: General EV configuration 

As the main part of the electric propulsion system in EVs and HEVS, high-performance 

electric motors are required [4], [5]. Because of the advantages such as high efficiency, high 

power density, high torque density, and wide speed operating range, interior permanent magnet 
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synchronous motors (IPMSMs) have been widely used for electric vehicle drive systems. The 

major components are HVDC-link (generally 200V-500V), power inverter, drive controller and 

interior permanent magnet synchronous machine. The primary goal of this configuration is to 

generate the desired torque, based on torque command and other limitations such as DC input 

voltage, AC current, and speed. The generated torque can be positive and negative for two 

operation modes: motoring and regenerating [3]. A rotor position sensor, stator current sensors, 

dc-link voltage sensor, and stator temperature sensors are needed for the control of electric 

motor.  

There are several motor control methods for ac motor drives such as volts/hertz control, 

direct torque control (DTC) and field-oriented control (vector control) [4]. The volts/hertz 

control is one of the simplest methods for speed control which adjusts the voltage magnitude and 

frequency to approximately control the speed without a speed sensor. Since it’s an open-loop 

control method, there will be speed errors. It is also not suitable for EV applications since the 

primary goal is to control torque instead of speed. The direct torque control method is shown in 

Figure 1.3. Torque and stator flux commands are compared with the estimated values based on 

the measured voltages and currents to directly control the torque. Then a voltage vector lookup 

table is applied to send the switching signals to the inverter. The advantages of this control 

method are fast transient response and simple structure. The disadvantages are high torque 

ripples, high and variable switching frequency, and low performance at the low-speed region due 

to flux distortion [5-8].  
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Figure 1.3: Direct Torque Control 

 

Compared to the direct torque control, field-oriented control (FOC) or vector control 

strategy is more widely used for EV drive application in the industry because of the ability of 

power optimization, wide speed range operation and the use of PWM. In the FOC control 

method, the stator currents are controlled directly which allows better MTPA control and 

maximum efficiency control. The performance at the low-speed range is also better without flux 

estimation. The field-oriented control strategy for IPM is shown in Figure 1.4. Based on Park 

transformation, motor stator currents are transferred into two components: d-axis(direct) current 

and q-axis(quadrature) current. Conventionally, a rotor position sensor is required for the dq 

transformation and speed calculation. Then the dq currents are sent back to the current 

controllers. The current references for the closed-loop control are determined from the torque 

and the flux commands. The PI controller is generally used for the current control. 

For EV applications, it is important to design motor drives with high performance such as 

high efficiency, wide speed operation range and accurate torque control. Therefore, a good 

selection of dq current commands is needed. For some linear torque controls, the d-axis current 

is set to zero and the q-axis current is proportional to the torque. However, the feature of IPM 

with reluctance torque will not be fully used with this control method. To better implement the 
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reluctance torque and improve the range and efficiency of IPM drives, multiple control strategies 

have been developed such as flux-weakening control, maximum torque per ampere control 

(MTPA), maximum torque per volt control (MTPV), and maximum torque per flux control 

(MTPF). Lots of these strategies have been also widely used in the EV industry [12-13]. At the 

same time, the physical constraints such as voltage limit, currents limit, torque limit and speed 

limit need to be considered. 

 

 

Figure 1.4: Field Oriented Control 

It can be seen that it’s difficult to meet all the above operating requirements for the 

controller design.  One of the challenges is to find accurate dq-axis currents solution in different 

operating ranges with lots of limitations such as current, voltage, torque and flux. The solution 

may cause computational burdens for the standard controller boards. Therefore, a tradeoff 

between computation issues and control accuracy needs to be considered.  

Another major challenge is the varying machine parameters such as dL , qL and fd . 

With the iron saturation, the stator flux and permanent magnet flux are nonlinear and dq 

inductances are not constants [15]. The stator flux should be described as 

( )sd d sd sd fdL i i = +  
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( )sq q sq sqL i i =  

Especially for IPMs, with sharing the same rotor iron for both d axis and q axis, the cross-

saturation effect also exists in practice. Considering the cross-saturation effect, the stator 

inductance should be described as a function of both di  and  qi . This feature of IPM makes the 

solution more complex and will significantly affect the control accuracy when the parameters are 

extremely nonlinear [15-17]. 

The third challenge is that the machine math model we generally used for controller 

design is totally decoupled as dq domain equations. In fact, the d axis and q axis are not 

independent and the coupling between d and q axis needs to be considered. With the coupled 

electric machine model, the machine drive controller, especially the current controller can be 

more complicated.  

There are also some challenges for other EV applications. During the charging and 

discharging, EVs are able to connect with multiple types of energy sources, such as regular 

charging stations, PV charging stations, wind powered charging stations, smart homes, smart 

buildings, etc. Figure 1.5 shows the EV charging and discharging through different chargers. 

Besides the onboard charger, there are offboard chargers installed at the smart homes and 

buildings to provide higher voltage and power capability. EVs can be connected to homes or grid 

through the offboard charger for charging and discharging based on the requirements. The 

battery packs in EVs can also be used as sources to supply power to the loads for energy 

backups. These applications requires stable and robust voltage regulation under disturbances 

such as load changes and voltage variations. The Current and voltage limit in the converter and 

EV battery also need to be considered and handled smoothly. For V2G applications, the power 

rating difference between PV converter, Battery storage, and EV battery could induce high 
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currents and unbalancing load sharing problems. The connected DC grid and AC grid also 

require stable and robust voltage regulation.  

 

Figure 1.5: EV applications 

The concept of microgrid (MG) is becoming more and more important and popular due to 

the development of DGs (Distributed Generation). It has the potential to integrate different DGs 

and ESSs (Energy Storage Systems) for many different applications. Figure 1.6 shows a 

configuration of a DC microgrid. EVs and HEVs are connected to a low voltage DC link bus 

through power electronics (onboard or offboard chargers). There are other different types of 

DGs, such as battery storage systems, solar PVs and wind power systems. On the low voltage 

DC bus, several DC loads and AC loads are connected. The DC microgrid also is able to 

connected to the main grid through DC/AC converters with bidirectional power flow.  
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Figure 1.6: DC microgrid 

 

1.2 Research Objectives 

The first objective of this research is to develop an optimal and efficient operation and 

management system for EV IPM motors based on advanced controls and machine learning 

methods. The whole IPM drive system structure for the EV application needs to be developed 

and analyzed. The IPM drive needs to be modeled and studied. The system should be able to 

generate accurate and optimal solutions based on the requirements such as torque command, 

speed limit, current limit, and voltage limit. Several problems such as the copper loss, accurate 

torque control, parameter variations of IPM motors and multiple constrains need to be solved. At 
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the same time, the system response should be fast and stable. The hardware DSP computation 

burden and storage burden for real-time applications need to be considered.   

The second objective is to develop a novel and accurate IPM modeling method and IPM 

motor parameter estimation to improve the motor operation under uncertainties. As described in 

Section 1.1, considering the iron saturation and cross-saturation effect, the stator inductances are 

not constant and should be described as a function of both di  and  qi .  Conventionally, the 

decoupled electric machine model is also used and the iron loss are eliminated. The developed 

IPM modeling method need overcome these described challenges and improve the motor control 

and operation under uncertainties, such as the high efficiency operations and current tracking 

dynamics.  

The third objective is the controller development for DC/DC converters. The DC/DC 

converter with artificial neural network control is developed and analyzed in order to provide fast 

and accurate voltage tracking abilities. The output voltage from the EV battery should maintain 

stable under load disturbances and input DC voltage variations. The developed system should 

also have the ability of handling current and voltage constraints for the DC microgrid 

application. 

The fourth objective is the controller development for EV integration with DC microgrid 

and homes. The paralleled DC/DC converters with artificial neural network control is developed 

and analyzed in order to provide fast and accurate voltage tracking abilities. The output voltages 

from DC distributed generations such as EV battery, energy storage systems, should maintain 

stable under load disturbances and grid voltage variations. The developed system should also 

have the ability of properly power sharing based on EV battery, PV converter, and Battery 

Storage capabilities.  
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1.3 Dissertation Organization 

The rest of this dissertation is organized as follows.  

Chapter 2 presents the Neural-Network based MTPA, Flux-Weakening and MTPV 

Control for IPM Motors and Drives. Chapter 3 presents the identification of IPM motor 

magmatic model using artificial neural network in a cloud computing framework. Chapter 4 

presents control of a DC/DC converter using approximate dynamic programming and artificial 

neural networks. Chapter 5 discussed the DC microgrid structure and the integration of artificial 

neural network control with droop control. Chapter 6 presents the conclusion and the future 

work.  
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2. OPTIMAL AND EFFICIENT OPERATION AND MANAGEMENT OF EV IPM 

MOTORS BASED ON ARTIFICIAL NEURAL NETWORKS 

 

2.1 Introduction 

Permanent-magnet synchronous machines (PMSM) are widely used in industry because 

of their benefits such as high efficiency, high power density, and high torque density. Interior 

permanent magnet (IPM) synchronous machine is one type of PMSM which is suitable for the 

operation over a wide speed range due to their magnet location design and relative high saliency 

[1]–[3]. Especially for vehicular propulsion systems, IPM drives are able to meet the 

requirements for two operation modes [4], [5], constant torque operation under base speed and 

field-weakening operation in higher speed range. For the IPM motor drive control, these two 

operations are restricted by the machine torque limit, speed limit, and inverter voltage and 

current ratings. To have a good performance in the constant torque operation region, optimal and 

highly efficient control strategies, such as the maximum-torque-per-ampere (MTPA) approach, 

are usually adopted. The MTPA technique generates an optimum dq-axis current combination 

with the minimum stator current to achieve the desired torque, which reduces the motor copper 

loss.  When the speed increases into the high-speed range, the stator voltage will reach the rated 

value and the flux-weakening (FW) control is adopted [6]–[8]. The IPM motor drive will then 

work at the voltage limit to generate the maximum available torque. If the center point of the 
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voltage limit is within the current limit circle, the maximum-torque-per-volt (MTPV) rule is 

required in the flux-weakening region as the speed continues to increase.  

There are several challenges to achieve the optimal and high-efficient control for the 

motor operation over its full speed range in MTPA, flux-weakening, and MTPV regions. 1) 

Nonlinear optimization problems are complex to solve considering voltage, flux and current 

constraints. 2) These constraints are affected by the DC link voltage fluctuation and speed 

changes. 3) The IPM motor parameters are nonlinear and vary with stator currents due to the 

saturation and cross-magnetization effects.  

To overcome these challenges, the lookup table (LUT) methods [9]–[11] are widely used 

by the industry, in which the MTPA trajectory, MTPV trajectory, and all the flux-weakening 

operating points considering all the constraints are calculated offline using different approaches. 

Usually, the motor inductance and flux data are first obtained through motor characterization 

experiments; the MTPA, flux-weakening, and MTPV operating points are then calculated using 

the measured data for different torque commands and flux limits and results are saved into LUTs. 

In the online control implementation, the d- and q-axis currents are obtained from 2D or 3D 

LUTs based on an input torque command. With the LUT-based method, the nonlinearity of 

machine parameters could be embedded in the LUTs for the motor's full-speed operating range 

and the result is relatively accurate. The issues with this method are the time-consuming 

experiments and large memory usage in controllers. The interpolation methods of LUTs could 

also affect the control accuracy.  

Several online methods are also proposed for MTPA and flux-weakening control of IPM 

motors [12]–[16]. The online methods typically need online parameter estimation or premade 

parameter LUTs for motor inductance and flux data. However, conversion from a input torque 
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command to the d- and q-axis currents are calculated online using different algorithms instead of 

using LUTs. In [16], the Ferrari’s method and a recursive algorithm are used to obtain the MTPA 

and flux-weakening operating points. In [15], an improved online parameter estimation 

technique of motor inductance and flux data is proposed and used with an online algorithm to 

improve the accuracy of obtaining the optimal MTPA points. Overall, the online methods do not 

need large memory storage in the microprocessor compared to the LUT-based method, but have 

more complex structure if the motor operations between MTPA and flux-weakening modes are 

considered. The dynamic performance is also an issue compared to the off-line methods due to 

slow convergence and online computation. Sometimes ill-convergence and computation burden 

also affect the control accuracy and the system stability. 

Signal injection techniques [17]–[19] are another method widely used in obtaining 

MTPA operating points. By injecting a high frequency current or other signal into the motor, the 

torque or speed variations are detected, and then the MTPA point can be found at the point where 

the derivative of torque is zero. The advantage of this method is no need to estimate motor 

parameters. Although the robustness is good, it could generate more torque ripples and 

harmonics due to the high frequency signal injection. In addition, since only the torque derivative 

with respect to the current is focused, the methods are not effective in the field-weakening 

region. Thus, it is challenging to have the smooth transition between the MTPA and flux-

weakening operations using a signal injection method, which increases the complexity of the 

controller design to meet the requirement of the motor's operation over its full-speed range.   

The artificial intelligence (AI) based methods have been implemented in different motor 

drive control areas such as machine modeling [19], current control [20], speed control [21], and 

optimal efficiency control [22], [23]. Recently, some intelligent-based methods for MTPA and 
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flux-weakening control have been proposed, including fuzzy-logic, Levenberg- Marquardt (LM), 

particle swarm optimization (PSO), and neural network (NN) methods. In [24], a fuzzy logic rule 

is developed to operate as an artificial decision-maker to generate optimal d-q currents 

references. However, since the output current values are based on the linguistic values with 

defuzzification, the results are not accurate and even less precise than the traditional MTPA 

methods [24]. In [25], [26], fuzzy logic methods are applied in an online searching structure to 

find the optimal point by only adjusting the d-axis current. In [27], [28], a PSO technique is used 

to solve the optimization problem online to generate the optimal current references or the optimal 

angle. In [12], a LM method is employed to calculate the optimal d-q current references. Overall, 

these approaches, are applied in an online searching structure, which can cause isolation 

problems and convergence issues during the searching process and has the limitations to address 

all the aspects and needs of MTPA, flux-weakening, and MTPV.  

The conventional NN-based MTPA and flux-weakening approaches developed by others 

generally focus on MTPA only, require training of the NN online, or perform the NN training 

offline. In [22], a NN is designed and trained online to achieve an online MTPA tracking control. 

One limitation of this NN approach is that it is trained to support the MTPA control only. Other 

disadvantages are related to its online training nature, including (i) difficulty for real-time 

implementation, (ii) potential destabilization of the NN weights at runtime, (iii) instabilities of 

online trained NN under disturbances/noises, all of which could cause disastrous effects to IPM 

drives and control. In [23], an offline trained NN is proposed to achieve the MTPA control only. 

Although the offline trained NN avoids the disadvantages of the online training, this NN design 

cannot assure the most efficient MTPA as the training is based on random torque and flux 

signals. Also, the NN cannot be applied in the flux-weakening region as it is trained to achieve 
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the MTPA control only, which requires other complex designs to be added for the motor’s 

operation in the high-speed range. Thus, the transition between the MTPA and flux-weakening 

would also be a challenge.   

The novel contributions of this research include: 1) an offline- trained NN to cover all the 

MTPA, flux-weakening, and MTPV needs into the NN design for the most efficient IPM torque 

control over its full speed operating range of an IPM motor, 2) a special technique to generate 

training data that is suitable to the development of a high-performance NN-based IPM torque 

control system based on motor operation data collected and measured either offline or online, 3) 

an embedment of variable motor parameters into the training data and NN system development, 

and 4) a cloud computing concept to improve the lifetime NN adaptivity and learning 

capabilities. The paper provides a fast and accurate current reference generation technique with a 

simple NN structure, for optimal torque control under different conditions and an efficient NN 

training mechanism based on the LM backpropagation (LMBP) algorithm. The performance of 

the NN-based MTPA, flux-weakening, and MTPV is evaluated via both electromagnetic 

transient (EMT) simulation and hardware experiments in various aspects. 

 

2.2 Torque Control of IPM motor 

Torque control of an IPM motor is usually achieved through the typical configuration 

shown in Figure 2.1. Basically, a reference torque command T*
em is first converted into motor d- 

and q-axis current references, i*
d and i*

q. Then, the current controller regulates the motor stator 

currents, id and iq, to follow the reference currents. The current controller outputs d- and q-axis 

control voltages, v*
d and v*

q, which control the operation of the IPM motor normally via the 

space vector pulse-width modulation (SVPWM) scheme.  
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Figure 2.1: Torque Control of an IPM motor 

 

2.2.1 IPM model in dq reference frame 

Based on the Park-Clarke transformation, the stator dq flux linkages of an IPM motor are 

described by: 

0

0 0

d d d pm

q q q

L i

L i

 



       
= +       

      
                                            ( 2-1) 

where d , q , dL , qL , di  and qi  are stator d- and q-axis flux linkages, inductances, and currents 

and pm is the flux linkage of the rotor permanent-magnet. The stator dq voltage equation is: 

d d d q

e

q q q d

v i d
R

v i dt

 


 

−       
= + +       

      
                                         ( 2-2 ) 

where dv  and qv  are d- and q-axis stator voltages, and e  is the motor electrical speed. The 

steady-state voltage equation is 

d d e q d e q qv Ri Ri L i  = − = −                                         ( 2-3 ) 

( )q q e d d e d d pmv Ri Ri L i   = + = + +                        ( 2-4 ) 

The electromagnetic torque of the motor can be written as: 

( ) ( )
2 2

em d q q d pm d q d q

p p
T i i L L i i   = − = − −

                      ( 2-5 ) 
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2.2.2 Torque control of an IPM motor 

According to (2-5), for a given torque command T*
em, there are multiple current vectors 

that can generate the specified torque. Hence, in order to get the most efficient current references 

and, at the same time, assure the motor operation within its physical constraints, the conversion 

from a torque reference to the current reference should be obtained by considering the following 

equations: 

Minimize
2 2  as much as possibled qi i+                                 ( 2-6 ) 

Subject to: 

2 2

maxd qi i i+                                                       ( 2-7 ) 

( ) ( )

( ) ( )

2 2
2 2

max

2 2

lim,

6
     or   

e

d q e d d pm e q q

dc

d d pm q q

e

v v L i L i v

V
L i L i 

  

 


 + = + + 
 

+ +  =

                ( 2-8 ) 

where (2-6) means that the amplitude of the current reference should be as small as possible; (2-

7) means that the amplitude of the current reference should not exceed the rated current limit of 

the motor and inverter; (2-8) means that the current reference should not require a voltage higher 

than the maximum voltage 
max 6 dcv V =  that the inverter can provide under the SVPWM, or that 

the current reference should not require a flux linkage higher than the maximum flux linkage 

( )lim, 6
e dc eV =  that can be provided at speed e. Note: 6 dcV  represents the maximum dq 

voltage that can be achieved under the six-step operation mode, under which more torque 

oscillations would appear depending on the design of the current-loop controller [29].  

With these two limits, the operating ranges can be divided into three parts: the base speed 

range, the lower field weakening range and the upper field weakening range. The speed-torque 



 

18 

 

 

curve is shown in Figure 2.2. In the based speed range, our objective is to generate the desired 

torque while having the maximum efficiency, and the maximum torque is usually limited by the 

maximum current. In order to have the optimal efficiency, the MTPA control method is used to 

reduce the copper loss in the machine. The stator current si  should be minimized while 

generating the desired torque. In the lower field weakening range, both the stator voltage and 

current are at their limits. The maximum torque in the base speed range cannot be achieved in 

this operating range. The operating points are the intersections of current and voltage limits. In 

the upper field weakening range, the speed is increasing and needs lower torque which does not 

need to consider the current limit. Only the voltage is constant as maxv  in this range. With the 

speed increasing, the voltage limit circle is shrinking to the center point. 

 

Figure 2.2: Torque-speed curve 

Within the stator d- and q-axis current plane, i.e. id and iq idplane (Figure 2.3), the current 

limit is shown by one circle and the flux linkage limit is shown by multiple ellipses that shrink to 

the center point ( )/ ,0pm dX L= −  as the motor speed increases from 0 rad/sec to the infinity. 
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Depending on the motor operating speed, the solution of the current reference from (2-7) and (2-

8) is illustrated by the OA (MTPA), AB (flux weakening I), BC (flux weakening II), and CX 

(MTPV) segments [9].  

maxI

MTPA

MTPV

B

3S

4S

di

qi

A

,1emT

,2emT

,3emT

lim,1 > lim,2 > lim,3 > lim,4 

Tem,1 > Tem,2 > Tem,3

X O

C

2
S

lim,1

lim,2

lim,3 lim,4

 

Figure 2.3: MTPA, MTPV, current circle 

(1) MTPA. In the OA segment, the motor operates at point A for a given torque T*
em,1, 

which is within both the current and flux linkage limits if the motor speed is below 1. Thus, the 

goal is to minimize the reference current for a desired torque. This is mathematically described 

as 

( )( )

2 2

s

*

minimize 

subject to  
2

d q

em pm q d q d q

i i i

P
T i L L i i

= +

= + −
 

(2) Flux-weakening I. In the AB segment, with the increase of the motor speed beyond 

1, the flux linkage limit is reached but the current limit is not. Thus, the goal is to minimize the 
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current reference for a desired torque considering the flux linkage limit. This is mathematically 

described as 

( )( )

( ) ( )

2 2

s

*

2 2

lim,

minimize 

subject to  
2

                
e

d q

em df q d q d q

d d pm q q

i i i

P
T i L L i i

L i L i 



 

= +

= + −

+ + 
 

(3) Flux-weakening II. In the BC segment, with the further increase of the motor speed, 

both the flux linkage and current limits are reached. Thus, the desired torque cannot be achieved 

and the goal is to minimize the difference between the desired and actual torque while the motor 

operates at the rated current. This is mathematically described as 

( )( )

( ) ( )

*

2 2

max

2 2

lim,

minimize  
2

subject to  

                
e

em pm q d q d q

d q

d d pm q q

P
T i L L i i

i i i

L i L i 



 

− + −

+ =

+ + 
 

(4) MTPV. In the CX segment, with the further increase of the motor speed, the goal is to 

minimize the difference between the desired and actual torque while considering flux linkage 

and current limits. This is mathematically described as 

( )( )

( ) ( )

*

2 2

max

2 2

lim,

minimize  
2

subject to  

                
e

em pm q d q d q

d q

d d pm q q

P
T i L L i i

i i i

L i L i 



 

− + −

+ 

+ + 
 

2.2.3 The nonlinearity of motor parameters 

One of the major challenges for the IPM motor control is the machine parameter 

variations as shown in . With the iron saturation and cross-saturation, the dq-axis flux-linkages 
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are nonlinear and can be described as functions of stator currents: ( , )d d qi i  and ( , )q d qi i . To 

improve the accuracy of converting the torque reference to the current references, the parameter 

variation properties of the motor need to be considered.  

 

Figure 2.4: relations of flux linkages with dq currents 

2.2.4 Conventional methods to determine MTPA, flux-weakening and MTPV 

As shown in Section 2.1, there have been several conventional methods to determine the 

MTPA, flux-weakening, and MTPV operating points for an IPM motor, among which the LUT 

approach is a widely used technique in motor drives and EV (electric vehicle) industry [8-10]. 

The basic idea of the approach is to generate two lookup tables: 1) ( )* *

lim,,
ed d emi f T =  and 2) 

( )* *

lim,,
eq q emi f T =  as illustrated in Figure 2.5. The generated LUTs will give the optimal d- and 

q-axis current references for the desired torque command under a given motor operating speed 

and inverter DC voltage.  

One advantage is that the motor d- and q-axis flux linkages, ( ),d d qi i  and ( ), ,q d qi i  

can be embedded in the LUTs.  Since the LUTs are generated offline, this method also has good 

stability and dynamic performance and does not have a high computational burden compared to 
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the online-based methods. However, the disadvantage is the requirement for a large memory size 

to store the lookup tables. Also, the LUT size and interpolation methods will affect the accuracy 

in determining the d- and q-axis reference currents. 

 

 

Figure 2.5: Relations of dq currents with desired torque and flux limit 

2.3 Novel Neural Network-based MTPA, Flux-weakening and MTPV control 

The designed NN structure is a feedforward NN as shown in Figure 2.6.  The NN consists 

of an input layer, hidden layers, and an output layer. There are two inputs at the input layer, one 

is the desired torque command, the other is the flux linkage limit which is calculated based on 

the inverter DC voltage and the motor speed. At the output layer, the two outputs are the dq 

reference currents. In Section 2.5, how the selection of the number of hidden layers and the 

number of neurons in each hidden layer would affect the NN performance is further evaluated to 

get a specific NN structure for the proposed work. 



 

23 

 

 

P
re

-P
ro

ce
ss

in
g

+

+

+

...

T
A

N
S

IG

+

+

+

...

T
A

N
S

IG...

+

...

Li
n

e
ar

 F
u

n
ct

io
n

P
o

st
-P

ro
ce

ss
in

g

+

1

1,
L

Tw
1

2,

L

T
w

1
,

L
N

s
T

w

1
1,

L
w



1

2,
L

w


1

,

L
N
s

w



Tx

x

1

1

Lb

1

2

Lb

1L

Nsb

2

,

L

Np Nsw

2

1,1

Lw

22,1

Lw

2
,1

L
N

p
w

2
1,

L N
s

w

2

1

Lb

2

2

Lb

2L

Npb

3
,1

L
Id

w

3
,1

L
Iq

w

3

,2

L

Idw

3 ,L
Id

N
p

w

3
,

L
Iq

Np
w

3L

Idb

3L

Iqb

lim

T*
em

i*
sd

i*
sq

 

Figure 2.6: NN architecture for MTPA, flux-weakening, MTPA control 

In the first hidden layer, the output of the 
ths  neuron can be expressed as  

1 1 1 1

, ,    sL L L L

s s T T s sn w x w x b =  +  + 
                                       ( 2-9 ) 

where Tx  and x  are the desired torque command and the flux linkage limit after preprocessing,

1

,

L

s Tw  and 
1

,

L

sw   are the input weights corresponding to Tx  and x , and 
1L

sb  is the bias for the 
ths  

neuron in the first hidden layer. Then, the hyperbolic tangent sigmoid transfer functions are 

adopted for the neuron outputs 
1L

sn   

1

1

2
1   s

1 exp( 2 )

L

s L

s

a
n

= − 
+ − 

                                                ( 2-10 ) 

   

In the second hidden layer, the thp  neuron output is 
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2 2 1 2

,

1

   s,
sN

L L L L

p p s s p

s

m w a b p
=

= +                                                   ( 2-11 ) 

where sN  is the number of neurons of the first hidden layer,
2

,

L

p sw  and 
2L

pb  are the weights and 

bias for the thp  neuron of the second hidden layer. Similarly, the sigmoid functions are adopted 

for the neuron outputs 2L

pm  of the second hidden layer 

2

2

2
1  s,

1 exp( 2 )

L

p L

p

a p
m

= −  
+ − 

                                            ( 2-12 ) 

Then, the normalized reference currents Idy  and Iqy  are generated at the output layer 

3 2 3

,

1

pN

L L L

Id Id p p Id

p

y w a b
=

= +
                                                         ( 2-13 ) 

3 2 3

,

1

pN

L L L

Iq Iq p p Iq

p

y w a b
=

= +
                                                         ( 2-14 ) 

where 
pN  is the number of neurons of the second hidden layer, 3

,

L

Iq pw , 3L

Idb  and 3L

Iqb  are the weights 

the bias of the output layer. 

The NN inputs and outputs are related to the physical variables of torque, flux linkage, 

and stator d- and q-axis currents via pre- and post-processing by   
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( )

( ) ( )
lim, lim

,
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 −
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−

λ
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( ) ( ) ( )( )
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* *
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1 max min
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i i
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( ) ( ) ( )( )
( )

* *

.* *

,

1 max min
min

2

Iq i sq sq

sq i sq

y
i

+ −
= +

i i
i

                              2-18 ) 

where T*
em,i, lim,i, i

*
d,i and i*

q are the ith sample of the desired torque, flux linkage limit, d-axis 

current reference, and q-axis current reference, respectively; T*
em, lim, i*

d, and i*
q represent the 

training data set of all the desired torques, flux linkage limits, d-axis current references, and q-

axis current references, respectively.  

 

2.4 Training Data Generation and NN Training 

2.4.1 Generation of training data 

The training data is generated based on actual measured motor operation data that can be 

obtained either through offline measurement or online measurement via the cloud computing 

platform.  The data set for the NN training consists of a large number of input-output pairs. Each 

pair contains two input data of desired torque command T*
em and flux linkage limit lim, and two 

output data of optimal d- and q-axis reference currents i*
d and i*

q. The data set should be large 

and detailed enough to assure accurate, optimal, and efficient IPM operation under MTPA, flux-

weakening, and MTPV modes. Section 2.5 evaluates the size of the training data set for the IPM 

motor suitable for practical EV applications and used in the simulation study. 
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Figure 2.7 shows the flowchart to generate the training data. First, measured data of d- and q-axis 

flux leakages vs. d- and q-axis currents are loaded into the memory. Then, the training data 

generation follows these steps: 1) getting all the input-output pairs ( ) ( )* * *

lim, ,em d qT i i →
  along the 

MTPA path, current constraint path, and MTPV path and storing all the input-output pairs 

( ) ( )* * *

lim, ,em d qT i i →
  into the data storage, 2) calculating all the input-output pairs

( ) ( )* * *

lim, ,em d qT i i →
   inside the MTPA path, current constraint path, and MTPV path and storing 

all  the input-output pairs ( ) ( )* * *

lim, ,em d qT i i →
  into the data storage, 3) extending the data 

generation along the MTPA path to the full flux range, and 4)   extending the data generation 

along the MTPV path to the full torque reference range. The need for Step 3 is due to the fact 

that the MTPA solution, 
* * and ,d qi i  for a desired torque 

*

emT under lim, 1  condition, as shown in 

Figure 2.3, is also the MTPA solution of the same desired torque 
*

emT under any other lim,

which has a value larger than that of lim, 1. Thus, those input-output pairs ( ) ( )* * *

lim,, ,em d qT i i →
   

over the MTPA path should be included in the training data set. Similarly, the need for Step 4 is 

due to the fact that the MTPV solution, 
* * and ,d qi i under lim, 3 condition for a desired torque 

*

emT , as shown in Figure 2.3, is also the MTPV solution of any other desired torque 
*

,em iT that has 

a value larger than that of 
* .emT  Therefore, those input-output pairs over the MTPV path should 

also be included in the training data set.  
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Figure 2.7: Flowchart for generation of NN training data 

Some other important characteristics about the training data generated in this paper 

include: i) Unlike the traditional LUT approaches, the training data can be stored in the data 

storage in a random manner instead of a well-structured style that is typically needed in order to 

search an 
* * and d qi i solution from the LUTs efficiently; ii) The motor parameter variation is 

embedded into the training data set because all the 
* * and d qi i  solutions are obtained and 
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calculated through actual measured data of d- and q-axis flux leakages over d- and q-axis 

currents that  contain the motor current impact on the flux linkages; iii) A large amount of 

training data can be added into the data storage conveniently to enable information equity and 

sufficiency to benefit the training and the trained NN to handle the extremely nonlinear portions 

between the input data ( )*

lim,,emT  and output data ( )* *,d qi i than other methods; iv) Just an 

adequate amount of data that can cover all possible operating conditions of an IPM motor under 

MTPA, flux-weakening, and MTPV is needed to be kept as training data.  In Section 2.5, the size 

of the training data is about one order of magnitude more than that for the LUT approach.  

 

2.4.2 NN training 

The NN is trained offline to obtain the optimum weights and biases. The performance 

function used for training the NN is 

1

1
( )

N

dqk
C e k

N =
= 

                                                       ( 2-19 ) 

 

2 2
* * * *

_ _( ) ( ) ( ) ( ) ( )dq d NN d q NN qe k i k i k i k i k   = − + −   
                ( 2-20 ) 

where N is the total number of samples of the training data set, * ( )di k  and 
*( )qi k are the target d- 

and q-axis current references of the kth training sample, and 
*

_ ( )d NNi k and 
*

_ ( )q NNi k are the 

corresponding NN outputs.  

The NN is trained to minimize the performance function (2-19) and (2-20). We used the 

LMBP algorithm [25] to update the weights and biases at each training iteration. In order to use 

the LMBP for training the NN efficiently, the performance function is rewritten as 
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define ( ) ( ( )) 2

1 1

1 1
( ) ( )

dq
N NV k e k

dq

k k

C e k C V k
N N

=

= =

⎯⎯⎯⎯⎯⎯⎯→= =⎯⎯⎯⎯⎯⎯⎯ 
              ( 2-21 ) 

Then, the gradient /C W  can be written in a matrix as  
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1
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                      ( 2-22 ) 

where the Jacobian matrix ( )J w  is  

1

1

(1) (1)

(1)

( ) ,  

( ) ( ) ( )

M

M

V V

w w V

J w V

V N V N V N

w w

  
     

  = =
  
     

                                ( 2-23 ) 

  

Therefore, the weight update [30] is expressed by  

1

( ) ( ) ( )T Tw J w J w J w V
−

  = − +
 

I
                                           ( 2-24 ) 

updatew w w= + 
                                                          ( 2-25 ) 

where   is the damping parameter. 

The training procedure for each epoch is illustrated in Figure 2.8. The batch training 

method is adopted because of its fast convergence performance with smaller errors than other 

methods. For each iteration, all the stored data are used to generate the errors and Jacobian 

matrix. Then, the gradients are computed to update the weights and biases. The training stops 

when the performance function meets the requirement.  
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Compute updated NN 

weights using eqs. (12) 
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Figure 2.8: Training NN for MTPA, flux-weakening, and MTPV 

For the routine offline training of the NN over the cloud computing platform, it will 

follow the same strategy except that data needs to be collected and transmitted to a remote cloud 

device for the NN training. Firstly, real-time motor operation data is collected smartly, meaning 

that only meaningful and valuable data is collected and stored, and data collected should cover 

the full operating range of the motor at the normal and critical conditions. When sufficient data is 

obtained, data is sent to a remote cloud computing device, where data is analyzed and, if needed, 

a cloud-based training of the NN will be conducted thoroughly. After the training, the new NN 

weights are transmitted back to the EV computer to replace the previous NN weights. Such an 

offline learning strategy, based upon a cloud computing platform, will guaranty the safe and 

reliable NN system development that cannot be achieved for an online NN learning system, 

which will assure the high-performance operation of individual EV motor over its lifetime. 
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2.5 Integration of feedback flux-weakening controller in an IPM motor drive 

2.5.1 NN in an overall IPM motor drive and control system 

The NN in the overall IPM motor control system is shown in Figure 2.9. The desired 

torque first passes through a Torque Limiter block to ensure that the torque reference presented 

to the NN is below the maximum allowable torque command for a given flux-linkage limit. The 

Torque Limiter block is implemented through a small NN that is trained based on the maximum 

allowable torque data at the maximum current circle and the MTPV trajectory with respect to 

different flux limit lines (Figure 2.3). Then, the NN converts the torque reference to d- and q-axis 

current references that are presented to the motor current controller. The current controller 

outputs d- and q-axis control voltages to control the IPM motor based on the SVPWM. To ensure 

the amplitude of the control voltage generated by the current controller does not exceed the six-

step voltage, a feedback flux weakening mechanism, as shown in [6], is adopted in Figure 2.9. 

The NN needs to be trained. The objective is that after the training, the NN can give the optimal 

d- and q-axis current references, in MTPA, flux-weakening I and II, and MTPV modes, for a 

desired torque demand and flux linkage limit under a specified motor speed and inverter DC 

voltage. Besides, to assure lifetime adaptivity and learning capabilities of both NNs, a cloud 

computing framework is proposed for future work to support efficient and reliable lifetime 

updates of both NNs, based on routine offline training over the cloud computing platform. 

Details about the NN training are shown in the following section. 

The IPM drive and control system in Figure 2.9 has been considered in two IPM motor 

cases: one for simulation and one for a hardware experiment. The simulation case uses 

parameters of an IPM motor that are typical for an electric vehicle (EV) application [39]. The 

hardware experiment is based on a laboratory IPM motor [40], which has a smaller power rating 
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and is mainly used for the purpose of experimental validation. Table I shows the IPM motor 

parameters used in each case. 

 

Table 1 

IPM Data Used in Simulation/Experimental Study 

Parameter Simulation Hardware Units 

Rated Power 100 1.6 kW 

DC voltage 500 220 V 

Maximum Speed 15000 3600 RPM 

Permanent magnet flux 0.1266 0.20 Wb 

Inductance in q-axis, Lq 0.59 27.11 mH 

Inductance in d-axis, Ld 0.35 11.24 mH 

Stator copper resistance, Rs 0.2 1.24 Ω 

Inertia 0.095 0.00114 kgm2 

Pole pairs 4 2  

 

Current 
controller

dq

abc

+-

+-

dq

abc

+ +
*2 *2

d qv v++-÷ ÷ 

Feedback flux-weakening controller

SVPWM

IPMIPM

...

...
... ...

Torque
Limiter

NN MTPA/flux weakening

Flux
controller

2Vdc/
2Vdc/

e

qe

qe

 lim

T*
em

i*
d

i*
q

v*
d

v*
q

Vdc

 

Figure 2.9: Overall IPM motor drive and control system 
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2.6 Simulation Evaluation 

The simulation evaluation is based on a 3-phase 8-pole, 100 kW IPM motor from [31]. 

The simulation model was developed according to the IPM drive and control system shown in 

Figure 2.9 by using MATLAB Simscape Electrical [32]. The maximum current and DC link 

voltage of the motor are 450A and 500V, respectively. The motor parameter variations are built 

into the model [31]. Before the simulation evaluation, we first conducted a series of simulation 

experiments to obtain or “measure” the motor d- and q-axis flux-linkage LUTs, as shown in 

Figure 2.4, based on which we generated LUTs of motor d- and q-axis currents vs. torque and 

flux linkage limits, as shown in Figure 2.5, to be used as the conventional LUT approach. The 

size of the two LUTs is 25×25×2=1250. 

 

Figure 2.10: Training Error of different configuration 

 

Then, to train the NN, it involves: 1) generating training data according to Section 2.4.A 

based on the motor d- and q-axis flux-linkage LUTs obtained above and 2) training the NN 

according to Section 2.4. In this paper, the torque command resolution is set to 1Nm for the full 

torque control range and the flux limit resolution is set to 0.001Wb. Thus, the size of the 

generated data set is around 5×104. We conducted training experiments considering several NN 

configurations, in terms of the number of hidden layers and the number of nodes in the hidden 

layers. We trained each NN through multiple training experiments and selected the best-trained 
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one as the final NN. Each training experiment usually took about 10 to 20 minutes to complete 

on a PC with a 2.3GHz CPU and 16GB RAM. Figure 2.10 shows the errors of the trained NNs, 

from which the NN with 2 hidden layers and 10 nodes in each hidden layer is selected. The size 

of the NN is 3×10+11×10+11×2=162. After the NN is determined and obtained, the NN method 

is compared with the LUT-based method to determine MTPA, flux-weakening, and MTPV 

operating points of the simulation IPM motor.  

 

Figure 2.11: Rea-time memory sizes of the NN vs. LUT 

 

Now, some evident comparison results between the LUT and NN methods are as follows. 

1) For the LUT method, its size and interpolation methods will affect the accuracy in 

determining the d- and q-axis reference currents, especially in the nonlinear areas (areas with 

high torque command and near the voltage boundary). Although a large LUT size can improve 

the output accuracy, it will increase more storage burden in the controller. 2) The proposed NN 

can be trained with a large number of data but only a much smaller memory is needed to store its 

weights and biases. Figure 2.11 shows a comparison of the DSP memory sizes in bytes for real-

time implementation in storing the LUTs and NN weights by using dSPACE MicroLabBox [33]. 

3) The NN method is not only able to reduce the storage burden but also capture the nonlinear 

impact and increase the calculation accuracy. The real-time execution time for the NN-based 
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controller is about 4us. More detailed comparisons between the LUT and NN methods are shown 

below. 

 

2.6.1 Operation under base speed (MTPA) 

Figure 2.12(a) shows a set of generated current results in the dq-current plane using the 

NN and LUT methods for the MTPA operation of the IPM under the based speed. The figure 

also shows the actual MTPA line to provide a baseline for the comparison. When the torque 

command is low, the generated d-q current lines follow the actual MTPA line closely using both 

the NN and LUT methods. However, when the torque command is higher, the generated d-q 

current lines reach the current limit of the motor, and the actual MTPA line shows nonlinearity 

due to the optimization solution and variable nature of motor parameters. As shown in Figure 

2.12, the generated d-q current line is not able to follow the actual MTPA line when it is near to 

the current limit circle using the LUT method but can follow the actual MTPA line correctly 

using the proposed NN method.  

Figure 2.12(b) to Figure 2.12(e) compare the LUT and NN methods in the closed-loop 

control environment as shown in Figure 2.9 via the EMT simulation, in which the speed of the 

IPM motor is constant at 2000rpm. The commanded torque is 216Nm, 221 Nm, 226 Nm, 231 

Nm, and 236 Nm at 0ms, 25ms, 50ms, 75ms, and 100ms, respectively. The figure shows that at 

the same commanded torque, the reference current amplitude using the NN method is clearly 

smaller than that using the LUT method, further demonstrating the advantage of the proposed 

technique for the IPM motor operation in the MTPA mode in the EMT simulation environment. 
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Figure 2.12: MTPA mode: (a) Comparison of actual MTPA line with the generated MTPA lines 

using LUT and NN methods, (b) d-axis current, (c) q-axis current, (d) current amplitude, (e) 

torque 

 

2.6.2 Operation at high speed (flux-weakening) 

Figure 2.13(a) shows the generated current results in the dq-current plane using the NN 

and LUT methods for the flux-weakening operation of the IPM at a high speed, in which the 

commanded torque is 101 Nm. As shown in the figure, with the increase of the motor speed, 

the operation enters the flux-weakening region, and the operating points are not on the MTPA 

line anymore but on the intersection of the flux-limit line and the equal torque line. From the 

figure, it can be seen that the generated dq-currents using the LUT method are farther away 

from the origin than those using the NN method, meaning that under the same demanded 
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torque, the motor current using the LUT method is larger than that using the proposed NN 

method. 

Figure 2.13 (b) to Figure 2.13(e) show the EMT simulation using the LUT and NN 

methods, in which the commanded torque is 101 Nm and the speed initially is 8777rpm and 

changes to 8406rpm at 25ms and 8066rpm at 60ms. The torque produced by using the NN 

method is a little bit higher than that of the LUT method while the motor current amplitude 

using the NN method is smaller than that using the LUT method. 

 

Figure 2.13: Flux-weakening mode: (a) Comparison of desired torque line with the generated 

torques using LUT and NN methods, (b) d-axis current, (c) q-axis current, (d) current amplitude, 

(e) torque 
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2.6.3 peration at high speed (flux-weakening) Operation at extremely high speed (flux-

weakening on MTPV) 

Figure 2.14(a) demonstrates the generated current results in the dq-current plane using 

the NN and LUT methods as the IPM motor operates toward the MTPV mode at extremely high 

speed, in which the commanded torque is 78 Nm. As shown in the figure, when the speed keeps 

increasing, the commanded torque cannot be reached because of the voltage limit. It can be seen 

that the generated dq-currents using the LUT method cannot follow the MTPV line accurately in 

the nonlinear area. 

Figure 2.14 (b) to Figure 2.14(e) show the EMT simulation using the LUT and NN 

methods, in which the commanded torque is 76 Nm and the speed initially is 11261rpm and 

changes to 11937rpm at 25ms, 12699rpm at 50ms, and 13564rpm at 75ms. The figures show that 

although the desired torque command cannot be reached as the speed keeps increasing, the 

average output torque using the NN method is larger than that using the LUT method, 

demonstrating that the NN method can better meet the torque demand in the MTPV mode. 

 

2.6.4 Operation at variable and transient torque conditions 

Figure 2.15 demonstrates the performance comparison using the NN and LUT methods 

under a variable and transient torque demand as shown in Figure 2.15(d). It was found that, in 

general, the difference between the LUT and NN methods depends strongly on how linear the 

dq-current over the torque and flux linkage characteristics is for a given torque demand region. 

For a torque demand in a nonlinear region, the NN is clearly better and more efficient than the 

LUT approach, which is consistent with the results shown in Figure 2.12, Figure 2.13, Figure 

2.14 
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Figure 2.14: MTPV mode: (a) Comparison of desired torque line with the generated torques 

using LUT and NN methods, (b) d-axis current, (c) q-axis current, (d) current amplitude, (e) 

torque 

 

2.6.5 Effect of parameter uncertainties 

Figure 2.16 provides an evaluation of the parameter uncertainty impact on the NN-based 

MTPA, flux-weakening, and MTPV, in which a 10% deviation of the motor inductance is added 

to the actual motor inductance. From the figure, it can be seen that for the same torque demand, 

the parameter deviation causes a higher motor current amplitude for the same torque command. 

As a result, the torque control efficiency would be reduced a little but the stability of the IPM 
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motor drive is not affected. Certainly, this efficiency degradation can be improved after the NN 

is updated and retrained over the cloud computing platform as shown in Figure 2.9. 

 

Figure 2.15: Variable and transient torque mode: (a) d-axis current, (b) q-axis current, (c) current 

amplitude, (d) torque 

 

 

Figure 2.16: Impact of motor parameter uncertainty to NN-based MTPA, flux-weakening and 

MTPV: (a) d-axis current, (b) q-axis current, (c) current amplitude, (d) torque 



 

41 

 

 

 

2.7 Hardware Experiment 

2.7.1 Hardware setup 

To further validate the NN-based MTPA and flux-weakening controller, a DSP-based 

laboratory dyno system was built (Figure 2.17). The experimental setup (Figure 2.17b) 

comprises: (i) a dyno system containing a Kollmorgen IPM motor coupled to a FESTO LabVolt 

dynamometer; (ii) a 3-phase SEMIKRON IGBT inverter as the motor drive; (iii) a dSPACE 

MicroLabBox real-time controller [34] used to generate PWM control signals for controlling the 

IPM motor; (iv) an OP8660 sensor to collect measured voltage and current signals for the 

dSPACE real-time controller; (v) a MAGNA-POWER DC source as the power supply to the 

motor. An RC low-pass filter with a cutoff frequency of 1000rad/s was used after the voltage 

measurement from the OP8660 to remove the switching noise impact. The phase delay and 

amplitude attenuation caused by the RC filter was compensated and corrected in the dSPACE 

experiment setup system. 
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Figure 2.17: Experimental testing and control systems: (a) Circuit connection, (b) Experiment 

setup 

 

2.7.2 Hardware results 

The IPM motor parameters, including the LUTs of dq-axis flux linkages as illustrated in 

Section 2.2, were first characterized through a set of experiments [35]. Then, the conventional 

LUTs of motor d- and q-axis currents vs. torque and flux linkage limits were obtained, training 

data was generated, and the NN was trained according to Section 2.4. The current constraint of 
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the motor drive is 5A and the DC voltage constraint is 220V. After a well-trained NN was 

obtained, the NN was integrated with the motor current controller, as shown in  Figure 2.9, in the 

experiment system to evaluate the performance of the NN- and LUT-based MTPA, flux-

weakening, and MTPV control. 

 

Figure 2.18: NN over LUT under MTPA mode: (a) actual vs. generated MTPA lines, b) d-axis 

current, (c) q-axis current, (d) current amplitude, (e) torque 

 

Figure 2.18 shows the measured current and torque results when the dyno speed was set 

as 300rpm. Figure 2.18a shows the contour plot comparison of the proposed NN and LUT 
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methods along the MTPA line under the flux limit of 0.288Wb corresponding to the motor speed 

of 300rpm and DC voltage of 200V. Figure 2.18b to 16e show the transient current and torque 

using the NN and LUT methods, in which the torque command was initially 2Nm and changed 

to 2.1Nm and 2.2Nm. In the experiment environment, there were more noises than those in the 

simulation environment (Section 2.6). As a result, the measured currents were processed through 

a low-pass filter so that the impact of noises can be eliminated for a better evaluation and 

comparison. The transient response shown in Figure 2.18b to Figure 2.18e corresponds to the 

shadow part in Figure 2.18a. From both the contour plot and transient response results, it can be 

seen that the NN-based controller generated more accurate optimal dq-current points (Figure 

2.18a) and had a very good transient response. Although both the NN- and LUT-based 

controllers offered the same torque (Figure 2.18e), the motor current magnitude of the NN-based 

controller is clearly smaller than that using the LUT-based controller (Figure 2.18d). 

Figure 2.19 shows the results for the IPM motor operating at higher speeds. The DC-link 

voltage was 150V and the torque command was 2.3Nm. The motor speed was initially 1680rpm 

and increased to 1700rpm. Figure 2.19a shows the contour plot comparison between the 

proposed NN and LUT methods along the equal torque line of 2.3Nm when the flux limit 

decreases (speed increases). Figure 2.19b to Figure 2.19e shows the transient current and torque 

using the NN and LUT methods corresponding to the shadow part of the contour plot in Figure 

2.19a. From the results, it can be seen that the operation of the motor entered the deep flux-

weakening range, and the output torque could not reach the torque command anymore as it gets 

to the rated current circle due to the high-speed operation of the motor under the low voltage 

limit. However, the NN-based controller had a very good transient response to the flux-

weakening operation and was able to generate more accurate optimal current commands, which 
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means a higher torque in flux-weakening conditions than that of the LUT-based controller 

(Figure 2.19e). 

 

 

Figure 2.19: NN over LUT in flux weakening mode: (a) actual vs. generated torque lines, b) d-

axis current, (c) q-axis current, (d) current amplitude, (e) torque 
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Figure 2.20: NN-based control under constant flux lines and MTPA mode: (a) actual vs. 

generated flux and MTPA lines, b) phase-a current 

 

Figure 2.20a shows the contour plot of the dq-currents outputs generated by the NN 

method for each flux limit line (or circle) when the torque command increases. It can be seen 

from the figure that the current solutions shown in the contour plot, generated by using the NN 

method, follow the flux limit circles very well to generate the corresponding torque based on the 

torque command. Figure 2.20b shows the phase-a current response, corresponding to the shadow 

part of the contour plot in Fig. 18a under the MTPA operation, when torque command changes 

as [2.5 0.5 0.6 0.8] Nm under 300rpm. It can be seen from the figure that the NN-based MTPA 

control presents a very good dynamic response. 
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Figure 2.21: NN-based control under constant torque lines and maximum current circle: (a) 

actual vs. generated torque lines, b) phase-a current 

Figure 2.21a shows the contour plot of the dq-currents outputs generated by the NN 

method for each equal torque line when the flux limit decreases (speed increases). It can be seen 

from the figure that the current solutions shown in the contour plot, generated by using the NN 

method, follow the equal torque lines very well to generate the maximum available torque and 

maintain the minimum current at the same time under the flux-weakening and MTPV operation 

modes. Figure 2.21b shows the phase-a current response, corresponding to the shadow part of the 

contour plot in Fig. 19a under the flux-weakening operation when speed changes from 500 rpm 
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to 1000rpm with a 2.3Nm torque command. It can be seen from the figure again that the NN-

based control presents a very good dynamic response. 

 

2.8 Conclusions 

The efficient operation of an IPM motor is important and also challenging, particularly 

when considering nonlinear parameter variations of the motor. This paper presents a novel 

machine-learning strategy based on a neural network (NN) for the MTPA, flux-weakening, and 

MTPV control over the full speed range. Since the proposed NN controller is trained and 

generated offline, it has all the advantages that the LUT-based methods have, such as fast current 

reference generation, good stability, and dynamic performance. The proposed control` structure 

is also very simple and does not have any convergence issues and high computational burden 

compared to the online-based methods.  

At the same time, the proposed method overcomes the disadvantages of the LUT-based 

methods, such as 1) requirement for a large memory size to store the lookup tables and 2) limited 

control accuracy due to the LUT size and interpolation. The study shows that compared to the 

traditional methods, the proposed NN-based method requires a very small memory size, is much 

more accurate to get the optimal operating points than the LUT approaches, is able to capture the 

nonlinear impact caused by the optimization solution and variable motor parameters, and 

requires a lower computational cost. The hardware experiments further demonstrate the 

effectiveness of the NN method applicable to practical IPM motors. 

To ensure the lifetime adaptivity and learning capabilities of the NN, a cloud-based 

offline training concept is proposed for future work, which will guaranty the safe and reliable 
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NN system development and assure high-performance operation of individual IPM motor over 

its lifetime.  
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3. IDENTIFICATION OF IPM MOTOR MAGNETIC MODEL USING NEURAL 

NETWORK IN A CLOUD COMPUTING FRAMEWORK 

 

3.1 Introduction 

Electric Vehicles (EVs) have drawn attention of researchers for years due to their 

advantages such as high energy efficiency, reduction of harmful pollutants and greenhouse gases. 

Electric machines and power electronics are important elements in EV powertrains. Permanent-

magnet synchronous machines (PMSM) are good candidates for the EV application because of 

their high-power density, high efficiency, and high torque density. Interior permanent magnet 

(IPM) synchronous machines are widely adopted because of the safety design and saliency 

features over a wide speed operation range. IPM machine modeling and parameter estimation are 

important for the controller design of high-efficient and high-performance motor drives. The 

IPM model can be used in several control algorithms, such as MTPA (maximum torque per 

ampere) and MTPV (maximum torque per volt) [1]–[3], current feedforward control, torque 

control, and torque estimation. The accurate machine model is also important for motor 

performance evaluation [4]–[7].  

The IPM magnetic models are usually expressed in the dq- axis reference frame, and the 

dq-axis flux linkages are usually difficult to determine because of the magnetic saturation and 

cross-saturation [8]–[10]. Traditionally, the dq-axis flux linkages are models as 2D functions of 

the dq-axis magnetizing currents [2], [9]–[11]. However, in order to generate accurate magnetic 

model, the iron loss and copper loss are necessary to be considered. The copper loss is related to 
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the stator resistance that is affected by the temperature, and the iron loss is difficult to estimate 

due to its nonlinearity with varying machine speed, currents, and temperature [4], [9], [10], [12]–

[14].  

There are many methods proposed previously for IPM magnetic model estimation [9-17], 

and they can be divided into online-method and offline method. The offline method [15] is an 

analytical method based on finite-element analysis and the equivalent magnetic circuits. These 

methods are dependent on the machine design data which may not be accurate for the real 

electric machine after manufacturing. The method is based on the experiment measurement and 

test, in which the motor is typically operated at a constant speed and the dq-axis currents are 

controlled over a full current operating range [9], [10]. During the experiment, the dq-axis 

currents, dq-axis voltages, and the motor speed are measured at steady-state, and the motor flux 

linkages are calculated based on the steady-state dq-axis voltage equations. The voltages need to 

be processed using analog filters or FFT method to eliminate the high frequency harmonics. The 

machine flux linkages finally are obtained as 2D functions of the dq currents, usually via two 

look-up tables (LUTs) for the motor magnetic modeling. However, the offline generated LUTs 

are fixed and cannot deal with the manufacturing mismatch, parameter changes under different 

online conditions, aging issues, and temperature variations. The accuracy of the model and the 

parameters are also affected by the size of the LUTs and their interpolation methods. Another 

issue with this procedure is that the iron loss is not actually considered. The experiment test is 

usually conducted at a relatively low speed to avoid the effect of the iron loss. But, during the 

high-speed operation, the measured currents are affected by the iron loss and the real 

magnetizing currents remain unknown. This will lead to the inaccuracy results using the 2D 

LUTs.  
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Several online methods [5], [16]–[20] are proposed to overcome some of the issues. In 

[16], a recursive lease-square (RLS) algorithm is used for online estimation of double-star IPM 

machine parameters, in which the flux linkages generated by using the motor current model is 

compared with the flux linkages generated by using the motor voltage model to improve the 

estimation accuracy of the motor inductance and permanent flux linkage used in the current 

model and thus the current model is adapted during the online operating. In [17], two affine 

projection algorithms are proposed for the motor parameter estimation and the two algorithms 

are designed to have different convergence speeds to enhance the estimation of different motor 

parameters. In [5], a Gauss-Newton iteration algorithm is proposed to estimate the flux linkages 

and the inductances of a SPMSM. The flux linkages are tuned and estimated based on the dq-

currents, electrical speed, and the estimated back-EMF. Several AI-based methods such as 

artificial neural networks (NNs) are also used for the machine modeling [18]–[20]. In [19], the 

estimation model is considered as a two-dimensional radial based function (RBF) NN. Similar as 

[19], an NN-based magnetic field modeling of a switched reluctance motor is proposed in [18]. 

Both the two NN models are trained offline based on measured data that is obtained under a 

constant and low motor operating speed and they cannot handle parameter changes during the 

operation and other uncertainties. In [20], an online training algorithm for an NN-based model is 

proposed. However, like other online algorithms, the stability, ill-convergence, and 

computational burden can be a big issue during the operation. In addition, most of these methods 

use dq voltage generated from the controllers as a replacement of actual voltage measurement, 

which can cause accuracy issues for the motor modeling. At the same time, in [9-20], the iron 

loss is not considered, and the flux-linkage estimation can be inaccurate especially during the 

high-speed operation of the motor in the EV application.  
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To overcome the challenges of the existing methods, this paper proposes a novel strategy 

for identification of IPM motor magnetic model. The novel contributions include: 1) an offline- 

trained NN for IPM motor magnetic model identification that is robust and reliable for its 

implementation in real-life conditions, 2) a cloud computing based NN training and updating 

mechanism to assure the life-time adaptivity and learning capacity of the NN, 3) an NN structure 

design that enables the iron loss impact to be learned by the NN through training, and 4) a 

specific data collection strategy suitable for training of a laboratory test motor and for training of 

an actual motor over the cloud system. The performance of the NN-based model identification 

technique is validated via simulation and hardware experiments in various aspects. 

 

3.2 IPM motor model with/without core loss 

The model of an IPM motor is classically developed based on well-known Park-Clarke 

transformation. Traditionally, the core loss is not considered in the model development. 

However, as the operating speed of the motor increases, the core loss becomes a significant 

factor that needs to be considered. 

3.2.1 IPM motor Model without core loss 

Without the consideration of the core loss, the stator dq flux linkages of an IPM motor are 

described by: 

0

0 0

d d d pm

q q q

L i

L i

 



       
= +       

                                                (3-1) 

where d, q, Ld, Lq, id and iq are stator d- and q-axis flux linkages, inductances, and currents and

pm
is the flux linkage of the rotor permanent-magnet. The stator dq voltage equation is: 
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0

0

d d d d q

e

q q q q d

v i L id
R

v i L idt






−         
= + +         

                                     (3-2) 

where vd and vq are d- and q-axis stator voltages, and e  is the motor electrical speed. The 

steady-state voltage equation is 

d d e q d e q qv Ri Ri L i  = − = −
                                     (3-3) 

( )q q e d d e d d pmv Ri Ri L i   = + = + +
                          (3-4) 

The electromagnetic torque of the motor can be written as: 

( ) ( )
2 2

em d q q d pm d q d q

p p
T i i L L i i   = − = − −

 
                         (3-5) 

  

where p is the number of the poles. From (3-1) to (3-4), an equivalent circuit of an IPM motor in 

d-q reference frame without the iron loss is obtained as shown in Figure 3.1, the flux linkages d 

and q can be obtained from the measurements of the stator dq voltages and currents. 

 

+-
R

di

e q 

dL

+ -R

qi

e d 

qLvd vq

ido

+

=

+

=
 

Figure 3.1: Equivalent circuit of an IPM motor without the consideration of the core loss: a) d-

axis equivalent circuit, b) q-axis equivalent circuit 



 

58 

 

 

3.2.2 IPM motor Model with core loss 

As the motor speed increases, the impact of the induced voltages, eq and ed, in the d- 

and q-axis loops, respectively, becomes evident and cannot be neglected. This impact is 

complicated and typically involves magnetic saturation and cross coupling effects on the d-q axis 

flux-linkage. Usually, the impact is modeled as the core loss of the motor by adding a variable 

resistance RC into Figure 3.1 as shown in Figure 3.2. 

+-
R

di

e q 

dL

+ -R

qi

e d 

qLvd vq RCRC

iqcidc

iqoido

+

=

+

=
 

Figure 3.2: Equivalent circuit of an IPM motor with the consideration of the core loss: a) d-axis 

equivalent circuit, b) q-axis equivalent circuit 

 

In Figure 3.2, idc and iqc are core loss components and ido and iqo are torque producing 

components of id and iq. Therefore, the d- and q-axis flux linkages are described by: 

0

0 0

d d do pm

q q qo

L i

L i

 



       
= +       

                                           (3-6) 

The steady-state voltage equation is 

0d d e q d e q qv Ri Ri L i  = − = −
                                  (3-7) 

( )0q q e d d e d d pmv Ri Ri L i   = + = + +
                          (3-8) 

The transient stator dq voltage equation is: 
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0

0

d d d do q

e

q q q qo d

v i L id
R

v i L idt






−         
= + +         

                               (3-9) 

The electromagnetic torque of the motor can be written as: 

( ) ( )
2 2

em d qo q do pm d q do qo

p p
T i i L L i i   = − = − −

 
                     (3-10) 

In the equivalent circuit model and (5) to (8), the d-q flux linkages are usually discribed as the 

function of both d- and q- magnetizing currents, ( ),d do qoi i  and ( ), .q do qoi i  From the above 

analysis, it can be seen that the IPM motor model can be very complex due to the saturation, 

cross-magnetization, varying core loss, copper loss, time variation, etc. 

 

3.3 Identification of IPM motor parameters using neural network in a cloud computing 

framework 

3.3.1 Proposed NN-based parameter identification 

An NN, with multiple neurons and layers, has an ability to solve complex problems 

through learning, which offers a potential for improved parameter identification for an IPM 

motor. According to Section II, the stator flux linkages of an IPM motor depend on the torque 

producing currents ido and iqo that are not only related to the stator d- and q-axis currents but also 

affected by the core currents (Figure 3.2). However, the determination of the core currents is 

complicated. An important factor to influence the core currents is the motor operating speed. 

Based on these evaluations, the motor stator dq currents, id and iq, and electrical speed e are 

adopted in this paper as inputs of the NN. The NN has two hidden layers and an output layer as 
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shown in Figure 3.3. The two outputs at the output layer are the estimated dq flux-linkages, d 

and q.  

In the first hidden layer, the output of the ths  neuron can be expressed as  

1 1 1 1 1

, , ,    sL L L L L

s s id id s iq iq s sn w x w x w x b =  +  +  + 
                 (3-11) 

where idx , iqx
 and x  are the measured dq-axis currents and the electrical speed after 

preprocessing,
1

,

L

s idw
, 

1

,

L

s iqw
and 

1

,

L

sw   are the input weights corresponding to idx , iqx
 and x . 

1L

sb  is the 

bias for the 
ths  neuron in the first hidden layer. Then, the hyperbolic tangent sigmoid transfer 

functions are adopted for the neuron outputs 
1L

sn   

1

1

2
1   s

1 exp( 2 )

L

s L

s

a
n

= − 
+ − 

                                   (3-12) 

 

 

Figure 3.3: NN architecture used to determine IPM motor control in MTPA, flux-weakening, and 

MTPV 
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In the second hidden layer, the 
thp  neuron output is 

2 2 1 2

,

1

   s,
sN

L L L L

p p s s p

s

m w a b p
=

= +                                           (3-13) 

where sN is the number of neurons of the first hidden layer,
2

,

L

p sw
 and 

2L

pb
 are the weights 

and bias for the 
thp  neuron of the second hidden layer. Similarly, the sigmoid functions are 

adopted for the neuron outputs 
2L

pm
 of the second hidden layer 

2

2

2
1  s,

1 exp( 2 )

L

p L

p

a p
m

= −  
+ − 

                                      (3-14) 

Finally, at the output layer, the normalized reference currents dy  and qy  are generated 

as follows 

3 2 3

,

1

pN

L L L

d d p p d

p

y w a b  
=

= +
                                              (3-15) 

3 2 3

,

1

pN

L L L

q q p p q

p

y w a b  
=

= +
                                             (3-16) 

where pN
 is the number of neurons of the second hidden layer, 

3

,

L

d pw , 
3

,

L

q pw , 
3L

Idb  and 
3L

Iqb
 

are the weights the bias of the output layer. 

In order to have an efficient training and better performance, the dq-axis currents, speed, 

and the estimated flux-linkages are normalized via pre- and post-processing by   
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( ) ( )

min
2 1

max min

sd sd

id

sd sd

i
x

−
=  −

−

i

i i
                                             (3-17) 

( )
( ) ( )

min
2 1

max min

sq sq

iq

sq sq

i
x

−
=  −

−

i

i i
                                            (3-18) 

( )
( ) ( )

min
2 1

max min

e e

e e

x

 −
=  −

−



 
                                            (3-19) 

( ) ( ) ( )( )
( )

1 max min
min

2

d d d

d d

y


+ −
= +

λ λ
λ

                                  (3-20) 

( ) ( ) ( )( )
( )

1 max min
min

2

q q q

q q

y


+ −
= +

λ λ
λ

                               (3-21) 

 

where id , iq, e, d and q are the d-axis current input, q-axis current input, motor electrical 

speed, estimated d-axis flux-linkage, and estimated q-axis flux-linkage, respectively; d and q, 

and isq, isd, and e , represent the training data set of all the desired d- and q-axis flux-linkages 

and corresponding d- and q-axis currents, and electrical speed, respectively. These input-output 

data samples are collected and generated as detailed in Section IV-A shown below and the NN is 

trained offline (section IV-B) to overcome the challenges of the online NN training (Section 3.1).  

 

3.3.2 Proposed NN in a cloud computing framework 

An issue associated with an NN trained offline is how to assure lifetime adaptivity and 

learning capabilities of the NN for the parameter identification as an IPM motor changes from 

new to old over time. On the other side, even for the same motor type having the same power 

rating, the parameters of two individual IPM motors could deviate notably due to the mass 
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production impact. To overcome the challenges, we propose a training system based on a cloud 

computing framework that can support a highly efficient and reliable lifetime update of the NN 

based on offline training over the cloud computing platform as shown in Figure 3.4. Basically, 

for a new IPM motor, the NN for the parameter identification is developed based on the 

measured data of a sample test motor of the same motor type and will be used by all the motors 

with the same motor type for the  motor parameter identification. However, after an individual 

motor is put into real-life operation, actual motor operation data will be collected and transmitted 

to a remote cloud device. Based on the newly obtained motor data, the NN will be retrained and 

updated if necessary and the trained NN weights will be transmitted back to the EV computer to 

replace the previous NN weights. Such an offline learning strategy based upon a cloud 

computing platform will guaranty the safe and reliable NN system development that cannot be 

achieved for an online NN learning system, which will assure the high-performance and adaptive 

operation of each individual EV motor over its lifetime. Details about the cloud-based NN 

training are shown in the following section. 

The IPM drive and control system in Figure 3.4 has been considered in two IPM motor 

cases: one for simulation and one for a hardware experiment. The simulation case uses 

parameters of an IPM motor that are typical for an electric vehicle (EV) application. The 

hardware experiment is based on a laboratory IPM motor, which has a smaller power rating and 

is mainly used for the purpose of experimental validation. Table I shows the IPM motor 

parameters used in each case. 
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Figure 3.4: NN for parameter identification and the cloud computing framework in an overall 

IPM motor drive and control system 
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3.4 Data Collection and NN training  

3.4.1 Collection of training data 

The collection of the training data is different for the NN development at the production 

and operation stages.  

At the production stage, the training data is collected from a sample test motor of the 

same motor type base on a set of experiments. During the experiments, the test motor is put on a 

dyno system, where the motor operating speed and driving torque can be adjusted. For each 

operating speed and driving torque, the stator dq voltage and current are collected and 

formulated as one training input-output data pair [(id, iq, e) – (vd, vq)]. Then, for the same 

operating speed, the measurement and data collection process are repeated to cover the full range 

of the rated current of the motor evenly by adjusting the motor driving torque. After that, the 

above process and experiment are repeated for the next operating speed until the data collection 

process covers the full speed range of the test motor. All the data obtained are saved in a storage 

device that will be used to train the test motor as shown in Section IV-B. Figure 3.4 shows the 

flowchart of the offline data collection process at the production stage of a sample test IPM 

motor. 

At the operation stage of each individual IPM motor, the training data is collected based 

on the real-time measurement of the motor during the real-life operation of the EV. The first 

thing that is needed before the online data collection is to divide the motor operation ranges into 

multiple lattices in terms of the motor speed from 0 to the maximum speed e_max and motor d- 

and q-axis currents from -Irated to Irated. Each lattice will have a flag indicator to indicate whether 

there are sufficient data collected corresponding to that lattice, such as 10 data samples for a 

lattice. This is to assure the appropriate data equity for training the NN. In general, the data 
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collection process follows the following strategies. (i) Real-time measured data will be collected 

when the motor is in a steady-state condition and with no or minimum noise impact. (ii) 

Corresponding to each lattice discussed above, the measured data will be saved in the storage 

only when there is not enough data collected for that lattice. For example, when there are 10 data 

samples that have been collected and saved in the storage corresponding to a lattice, any new 

measured data will not be collected and saved as the training data. (iii) After enough data are 

collected and saved into the storage corresponding to all the lattices, the online data collection 

process will be stopped and the data is ready to be transmitted to the cloud for the NN training 

over the cloud platform. (iv) After the data is sent to the cloud, the storage corresponding to all 

the lattices will be cleared and the system is ready for the next-round data collection process. 

Figure 3.4 shows the flowchart of the online data collection process at the operation stage of 

each individual IPM motor.   

3.4.2 NN Training 

According to Figure 3.3, for a specified input of (id, iq, e) to the NN, the NN gives an 

estimate of d- and q-axis flux linkages, (′d, ′q). Then, the output of the NN, together with the 

NN input data, (id, iq, e), can be used in (6) to estimate the d- and q-axis voltages, v′d and v′q, 

applied to the IPM motor. This estimated dq voltage is compared with the actual stator dq 

voltage applied to the motor to examine the NN performance. In other words, the NN can be 

trained to minimize the mean difference between the estimated and actual stator dq voltages as 

shown by 
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where N is the total number of samples of the training data set, vd(k) and vq(k) are the target d- 

and q-axis voltages of the kth training sample, and v′d(k) and v′q(k) are the corresponding 

estimated d- and q-axis voltages obtained from the NN and (6).  

The NN is trained to minimize the performance function (12). We used the LMBP 

algorithm [25] to update the weights and biases at each training iteration. In order to use the 

LMBP for training the NN efficiently, the performance function is rewritten as 

( )
define ( ) ( ( )) 2

1 1

1 1
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dq
N NV k e k

dq
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C e k C V k
N N

=

= =
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Then, the gradient /C W  can be written in a matrix as  
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where the Jacobian matrix ( )J w  is  
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Therefore, the weight update [30] is expressed by  
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updatew w w= + 
                                             (3-28) 

where   is the damping parameter. 

The training procedure for each epoch is illustrated in Figure 3.5. The batch training 

method is adopted because of its fast convergence performance with smaller errors than other 

methods. For each iteration, all the stored data are used to generate the errors and Jacobian 

matrix. Then, the gradients are computed to update the weights and biases. The training stops 

when the performance function meets the requirement.  

Compute NN weights 

using eqs. (12) to (16)

Update NN weights 

and biases

...

...
... ...

+
-

+
-

Eq. (6)
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[′d,1, …, ′d,N]

[′q,1, …, ′q,N]

[v′d,1, …, v′d,N]

[v′q,1, …, v′q,N]

[vd,1, …, vd,N]

[vq,1, …, vq,N]
 

Figure 3.5: Training NN for IPM magnetic modeling 

 

For the routine offline training of the NN over the cloud computing platform, it will 

follow the same strategy except that data needs to be collected and transmitted to a remote cloud 

device for the NN training. Firstly, real-time motor operation data is collected smartly as shown 
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in Section IV-A, meaning that only meaningful and valuable data is collected and stored, and 

data collected should cover the full operating range of the motor at the normal and critical 

conditions. When sufficient data is obtained, data is sent to a remote cloud computing device, 

where data is analyzed and, if needed, a cloud-based training of the NN will be conducted 

thoroughly. After the training, the new NN weights are transmitted back to the EV computer to 

replace the previous NN weights. Such an offline learning strategy, based upon a cloud 

computing platform, will guaranty the safe and reliable NN system development that cannot be 

achieved for an online NN learning system, which will assure the high-performance operation of 

individual EV motor over its lifetime. 

 

3.5 Simulation Evaluation 

The simulation evaluation is based on a 3-phase 8-pole, 100 kW IPM The simulation 

evaluation is based on a 3-phase 8-pole, 100 kW IPM motor from [25]. The simulation 

experiments for the IPM magnetic model identification was conducted based on an EMT 

simulation model of the IPM motor developed by using MATLAB Simscape Electrical [26]. The 

maximum current and dc-link voltage of the motor are 450A and 500V, respectively. The motor 

parameter variations are built into the model [25]. We conducted a series of simulation 

experiments to obtain or “measure” the motor speed and d- and q-axis currents and voltages 

based on the flowchart shown in Figure 3.3. This generates training dataset of motor d- and q-

axis currents and speed vs. d- and q-axis voltages [(id, iq) - (vd, vq)] that are used to obtain the 

motor magnetic model. Based on the data, the proposed approach is evaluated and compared 

with measured results and results generated using other approaches, such as the LUT and NN 

approaches shown in Section II-C. Note: as the LUT and NN approaches shown in Section II-C 
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are equivalent, only the results of the conventional NN method is presented in the following 

comparison studies. 

Figure 3.6 shows the comparison results with the d-axis current changing from -200A to 

0A. In Figs. 9a1 and 9b1, the q-axis current and motor speed are 10A and 500rpm, respectively. 

In Figs. 9a2 and 9b2, the q-axis current and motor speed are 200A and 9000rpm, respectively. It 

can be seen the proposed NN method can generate more accurate results for the dq flux linkages 

of the IPM motor. 

 

Figure 3.6: Estimated d and q vs. id using the proposed and convention NN approaches: (a1, 

b1) – id=10A, e=500rpm; (a2, b2) – id=200A id=10A, e=500rpm; (a2, b2) – id=200A, 

e=9000rpm 

 

Figure 3.7 shows the comparison results with the q-axis current changing from 0A to 

200A. In Figure 3.7a1 and Figure 3.7b1, the d-axis current and motor speed are -10A and 

200rpm, respectively. In Figure 3.7a2 and Figure 3.7b2, the d-axis current and motor speed are -
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200A and 9000rpm, respectively. The comparison shows again that the proposed NN method can 

generate more accurate results for the motor dq flux linkage estimations. 

 

Figure 3.7: Estimated d and q vs. iq using the proposed and convention NN approaches: (a1, 

b1) – id=10A, e=500rpm; (a2, b2) – id=-200A, e=9000rpm 

 

Figure 3.8a and Figure 3.8b show the estimation error compared with the real measured 

value when the motor speed is 2000rpm. It can be seen the estimated flux linkages are very 

accurate with very small errors. Figure 3.8c and d show the estimation error of the proposed 

method and the NN method shown in Section II-C at the same motor speed. From the results, it 

can be seen the proposed method has smaller estimation error than the conventional one. 
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Figure 3.8: Estimation error of d and q vs. iq using the proposed and convention NN 

approaches 

 

3.6 Hardware Evaluation 

To further validate the proposed method, a DSP-based laboratory system was built for the 

data collection and NN-based IPM motor magnetic model identification. The experimental setup 

comprises: (i) a dyno system containing a Kollmorgen IPM motor coupled to a FESTO LabVolt 

dynamometer; (ii) a 3-phase SEMIKRON IGBT inverter as the motor drive; (iii) a dSPACE 

MicroLabBox real-time controller [27] used to generate PWM control signals for controlling the 

IPM motor; (iv) an OP8660 sensor to collect measured voltage and current signals for the 

dSPACE real-time controller; (v) a MAGNA-POWER DC source as the power supply to the 

motor. An RC low-pass filter with a cutoff frequency of 1000rad/s was used after the voltage 

measurement from the OP8660 to remove the switching noise impact. The phase delay and 
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amplitude attenuation caused by the RC filter was compensated and corrected in the dSPACE 

experiment setup system. 

The testing data was collected based on the procedure shown in Section IV. The 

measured data include stator d- and q-axis currents and voltages as well as motor operating 

speed. 1500 data points were collected to formulate the training dataset, which was used to train 

the NN model for the motor magnetic model identification. Figure 3.9a and Figure 3.9b shows 

the estimated dq-axis flux linkages vs dq-axis currents under a constant speed (300rpm) using 

proposed NN method. The errors between the estimated and measured d- and q-axis flux 

linkages vs. the motor d- and q-axis currents at the two different constant motor operating speeds 

are shown in Figs. 13a and 13b, respectively. It can be seen from the figure that the estimation 

errors at both speeds are very small, indicating that the estimated flux linkages using the 

proposed NN method are very accurate in comparing to the actual motor d- and q-axis flux 

linkages. 
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Figure 3.9: Estimation error of d and q vs. iq using the proposed NN approach 

 

4.7 Conclusion 

The efficient operation of an IPM motor is important and also challenging, particularly 

when considering nonlinear parameter variations of the motor. Accurate identification of the 

motor parameters or magnetic model is critical for control and management of the IPM motor. 

This paper presents a novel machine learning strategy based on a neural network (NN) for the 

motor magnetic model identification over its full operating speed range. Since the proposed NN 

identifier is trained and generated offline, it has all the advantages that the traditional LUT-based 

methods have, such as fast current reference generation and good stability, and is able to capture 

multidimensional impacts into the NN-based magnetic model that the other methods are difficult 

to achieve.  
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The proposed method is also very simple to implement and does not have high 

computational burden compared to the online-based identification methods. At the same time, 

the proposed method overcomes the disadvantages of LUT-based methods, such as 1) 

requirement for a large memory size to store the LUTs and 2) limited accuracy due to the LUT 

size and interpolation. The study shows that compared to the traditional methods, the proposed 

NN-based method requires a very small memory size and is much more accurate to get accurate 

motor parameters than the LUT approaches. The hardware experiments further demonstrate the 

effectiveness of the NN method applicable to practical IPM motors. 

To ensure the lifetime adaptivity and learning capabilities of the NN, a cloud-based 

offline training system is proposed, which will guaranty the safe and reliable NN system 

development considering motor part-to-part variation and assure high-performance operation of 

individual IPM motor over its lifetime. 
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4. CONTROL OF A BUCK DC/DC CONVERTER USING APPROXIMATE DYNAMIC 

PROGRAMMING AND ARTIFICIAL NEURAL NETWORKS 

 

4.1 Introduction 

With the fast developments of microgrids, electric vehicles and renewable generations, 

dc/dc converters have been widely used to regulate output dc voltage and power from the 

distributed energy sources [1-3]. In these applications, the controller design of dc/dc converters 

is still facing the challenge to accurately and rapidly maintain desired output voltages due to the 

low switching frequency normally required in high-power converters, load variations, dc input 

voltage disturbances, parameter deviation, and current and PWM saturation constraints of the 

converters [2-4]. 

Two types of conventional control methods, voltage mode control (VMC) and current 

mode control (CMC), are typically used for the control of a dc/dc converter. The traditional 

VMC uses PI, Type II, or Type III compensators, and has a single control loop with voltage 

feedback [5, 6]. The implementation is simple, but the load-disturbance rejection ability is poor. 

The CMC improves the performance through a cascade structure, by introducing an inner 

inductor current-control loop. This structure has the ability to limit the inductor current due to the 

introduction of the inner current-loop controller. However, the response speed of the output 

voltage control could be affected due to the two-nested-loop configuration.     

In recent years, various advanced control techniques for dc/dc converters have been 

developed [7-13]. Sliding-mode control (SMC) is a popular method developed in recent years for 
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dc/dc converter control. The technology has been shifted from early first-order SMC [7] to recent 

second-order SMC [8-10]. Second-order SMC improves performance measures such as transient 

response, in comparison to first-order SMC, but an extra capacitor current sensor is usually 

needed to achieve this. Conventionally, hysteresis-modulation (HM) based SMC isused for 

control of a dc/dc converter, but one of the major problems is that the switching frequency is not 

constant [7-9]. Recently, PWM-based SMC was developed to overcome the variable switching 

frequency issue [10, 11]. In [10], a nested SMC strategy is adopted in both voltage and current 

control loops for DC/DC converters. With this design, the robustness of the paralleled converter 

system is improved. In [11], a disturbance observer is integrated with a PWM-based sliding 

mode approach to improve the voltage tracking performance. But the PWM-based SMC 

typically requires high switching frequency and high sampling rate in order to assure a good 

dynamic response, which can cause excessive losses and complicated filter designs, and is not 

suitable for high-power converters. A few research articles show the use of model predictive 

control (MPC) for control of dc/dc converters, because of its fast dynamic response [12, 13]. 

However, a weakness of the MPC is it would become unstable when the model parameters differ 

from the actual values. 

Artificial neural networks (ANNs) have been applied to dc/dc converter control in recent 

years. Nevertheless, ANNs have not been developed to implement predictive and optimal control 

of the dc/dc converter based on approximate dynamic programming (ADP). In [14], a 

feedforward ANN is proposed to assist the sliding-mode based control of a dc/dc Cuk converter, 

which is fundamentally still a sliding-mode based controller. In [15], the authors introduced a 

neural network to improve the performance of a fuzzy-controlled dc/dc converter. In [16], an 

adaptive fuzzy-neural-network control scheme is designed based upon the SMC for the voltage 
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tracking of a dc/dc boost converter. Similar to [14] though, the overall control structure is a 

sliding-mode based controller, while the purpose of the fuzzy-neural-network scheme is to help 

improve the SMC performance.   

Although significant research has been conducted in optimal control of nonlinear systems 

based on ADP [17-21], none focuses on dc/dc converter control. In [21], an ANN control 

strategy was developed for control of dc/ac inverters based on ADP [17] while how to implement 

ADP-based ANN control for dc/dc converters remains unknown. The authors in [20] proposed 

an ADP-based optimal switching strategy for dc/dc converter control without using ANNs. 

However, the ADP-based power-converter switching mechanism is similar to a hysteresis 

switching strategy used in SMC [7, 8]. As a result, the switching frequency varies depending on 

the optimal action generated by the ADP strategy proposed in [19], which is difficult to 

implement in practical applications.  

This paper develops ADP-based ANN control in the PWM switching framework for 

dc/dc buck converters. Some special features of the proposed method include: 1) The control 

objective of a dc/dc buck converter is defined based on ADP and implemented via an ANN; 2) 

The complete system dynamic equation for the dc/dc converter is integrated into the ANN 

development to achieve the ADP-based optimal control; 3) A recurrent network structure is 

formulated by integrating the dc/dc converter feedback and the ANN as an integrated system; 4) 

Error signals and integrals of error signals are used as network inputs to let the ANN gain PI 

control ability; 5) The ANN is trained offline to avoid the instability of the ANN at runtime that 

could be caused by network weight adjustments of a real-time training algorithm. On the other 

hand, compared to the conventional control methods, there are two main limitations associated 

with the proposed control method. One is that training of the ANN controller is needed in the 
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design stage of the controller. The other one is that more computing time is needed in the 

implementation stage of the controller. However, it is appropriate to point out that since the 

proposed ANN controller is trained offline, the proposed ANN controller can be easily 

implemented using a low-cost DSP as demonstrated by the hardware experiment shown in 

Section 4.4. 

The rest of the chapter is structured as follows: Section 4.2 reviews conventional control 

methods of a buck converter, Section 4.3 presents the proposed ANN-based control of the buck 

converter. Section 4.4 shows how to train the ANN to implement the ADP-based optimal control 

for the dc/dc buck converter. Section 4.5 presents simulation evaluation, and the hardware 

experiment evaluation is presented in Section 4.6. Finally, Section 4.8 summarizes with 

conclusions. 

 

4.2 Conventional Control of Buck Converters 

4.2.1 Buck converter model 

A basic buck converter is shown in Figure 4.1, where Vdc represents the input dc voltage. 

Using the converter average model and the generator sign convention, the voltage and current-

balance equations across the smoothing inductor and capacitor of the dc/dc converter are  
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A L L L ov R i L di dt v= +  +                                             ( 4-1 ) 

c L oC dv dt i v R = −                                                ( 4-2 ) 

( )o C L o cv R i v R v= − +                                               ( 4-3 ) 

where RL and L are the resistance and inductance of the inductor, RC and C are the resistance and 

capacitance of the capacitor, vA represents the average voltage at the diode, vC is the capacitor 

voltage, and vo is the output voltage to the load R, and iL is the current flowing through the 

inductor. 

dcV
C

R

LR L

Li oiAv

Cv

vo

Rc

 

Figure 4.1:A dc/dcbuck converter with loads 

In typical controller design of a buck converter, the impact of the capacitor resistance is 

generally neglected, making the model of the buck converter as follows: 

A L L L ov R i L di dt v= +  +
                                                     ( 4-4 ) 

o L oC dv dt i v R = −
                                                        ( 4-5 ) 

Also, a graphic representation of (4-4) is usually used for the design of a conventional controller 

[8], as shown in Figure 4.2. 
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Figure 4.2：Buck converter graphic model 

 

4.2.2 VMC based control 

VMC-based control typically has one voltage control loop. To design a VMC controller, 

a transfer function is needed between the buck-converter output voltage vo and the control 

voltage vA generated by the VMC.  This is obtained from (4-4) (4-5) or  Figure 4.2 as follows: 

( )2

( ) ( ) 1

( ) 1

o o

A dc L L

V s V s

V s d V s LC s R C L R R R
= =

 + + + +
                   ( 4-6 ) 
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Figure 4.3: Buck converter VMC model 

In terms of the buck-converter graphic model shown in Figure 4.3, the block diagram of 

the closed-loop control system can be obtained as shown in Figure 4.3, in which Gv(s) represents 

the transfer function of the VMC controller, and vo
* is the reference output voltage of the dc/dc 
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converter. A Type-III compensator is usually employed [5, 6]. To design the VMC controller 

Gv(s) using the Bode plot design approach, the cutoff frequency of the controller is generally 

selected as one to two orders smaller than the converter switching frequency.  

 

4.2.3 CMC based control 

CMC typically has a cascade control structure [5]. The overall block diagram of the 

cascade control is shown in Figure 4.4, which consists of an inner current-loop controller, plus an 

outer voltage-loop controller. Typically, decoupling between the voltage vo and the current iL is 

needed [5, 22, 23]. Thus, the transfer function between the buck-converter output current iL and 

the control voltage vA generated by the current-loop controller is: 

( ) ( ) 1

( )

L L

A dc L

I s I s

V s d V s L R
= =

  +
                                         ( 4-7 ) 

In terms of the buck-converter graphic model shown in Figure 4.2, the block diagram of 

the current-loop control system is represented by the inner-block enclosed by the dashed green 

line shown in Figure 4.4, in which Gi(s) represents the transfer function of the inner current-loop 

controller, and iL
* is the reference current generated by the voltage-loop controller. 
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Figure 4.4: Buck converter CMC cascade voltage-current control model 

 

Typically, the current-loop controller is much faster than the voltage-loop controller, and 

is generally assumed to be ideal. Hence, the transfer function of the current-loop is assumed to be 

1 during the design of the voltage-loop controller [5, 22, 23]. To design the voltage-loop 

controller, the transfer function between the buck-converter output voltage vo, and the control 

action iL generated by the voltage-loop controller, is obtained as follows: 

( ) 1

( ) 1/

o

L

V s

I s s C R
=

 +
                                                       ( 4-8 ) 

In terms of the graphic illustration shown in Figure 4.4, Gv(s) represents the transfer 

function of the outer voltage-loop controller, which is designed according to (4-8), and iL
* is the 

reference current generated by the voltage-loop controller. 

Using the Bode-plot approach, the cutoff frequency of the voltage-loop controller is 

normally one order smaller than that of the current-loop controller. As a result, under the same 

switching frequency, the response speed of the output voltage for the cascade control strategy is 

generally slower than that of the VMC approach. 
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4.2.4 Sliding-mode based control 

Figure 4.5 shows a PWM-based second-order SMC approach [24], which can overcome 

the variable switching frequency issue associated with traditional SMC, and also can use low 

switching frequency and sampling rate for control of the dc/dc buck converter. Similar to the 

CMC, a cascade SMC control structure is employed, which includes a second-order current-loop 

SMC and a second-order voltage-loop SMC. The sliding surfaces for the current- and voltage-

loop SMCs are defined as (4-9) and (4-10), respectively, as shown by 

i i i iS e e dt= +                                                           ( 4-9 ) 

v v v vS e e dt= +                                                       ( 4-10 ) 

where 
*

i L Le i i= − and
*

v o oe v v= − . Here vo
* and iL

* represent output voltage and inductor current 

references, respectively. According to (4-4) and (4-5), the control actions generated by the 

current- and voltage-loop SMCs are designed as (4-11) and (4-12), respectively, as shown by 

( )
*

* sgn( )o o

L v v v v v v

dv v
i C C e a S b S

dt R
=  + +  +  + 

                              ( 4-11 ) 

( )
*

sgn( )oL L L

i i i i i i

dc dc dc dc

vdi i RL L
u e a S b S

V dt V V V
= + + + +  + 

                        ( 4-12 ) 

where va , vb and v  are the parameters of the voltage-loop SMC, ia , ib and i are the 

parameters of the current-loop SMC, and u is the duty ratio. Details about the PWM-based 

cascade SMC control design and analysis are provided in [24]. 
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Figure 4.5: A PWM-based cascade SMC for Buck converter 

 

4.3 ANN Control of Buck converter 

4.3.1 Buck converter state-space model 

The ANN controller is developed based on the complete state-space model of the buck 

converter, which is obtained from (4-1) by first rearranging (4-3) to get ( )c o C L ov v R i v R= − − . 

Substituting this into (4-2) and combining with (4-1) gives the state-space model in terms of iL 

and vo, as follows: 

( )

( ) ( ) ( )

1 1L

L L

CL C AC

o o

CC C

R L L L
i id

RRL CR R R vL CRR
v vdt

R R LR R CL R R CL

− −   
      

−= ++      −      ++ +   

                ( 4-13 ) 

where the system states are iL and vo, and vA is proportional to the output of the ANN controller 

[25]. 
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As the ANN controller is a digital controller, a discrete model of (4-13) is needed. This is 

obtained via a zero- or first-order hold discrete equivalent mechanism as [26]: 

( )

( )

( )

( )
( )
0

L s s L s A s

o s s o s

i kT T i kT v kT

v kT T v kT

 +     
= +     

+     
A B                             ( 4-14 ) 

in which Ts represents the sampling time, A is the system matrix, and B is the input matrix. Note: 

matrices A and B are obtained from (4-13) based on a chosen discrete equivalent mechanism 

[26]. Since Ts is present on both sides, (4-14) can be simplified as (4-15) where k is an integer 

time step. 

( )

( )

( )

( )
( )1

,
1 0

L L A

o o

i k i k v k

v k v k

 +     
= +     

+     
A B                                       ( 4-15 ) 

4.3.2 ANN Control Structure 

The overall ANN control structure is shown in the lower part of Figure 4.6, in which the 

ANN is a feedforward network. The ANN consists of four different layers: an input layer, two 

hidden layers, and an output layer. The input layer contains two inputs: the error term and the 

integral of the error term as defined by: 

( ) ( ) ( ) ( )*

0
, ( ) ,

s

o o o

kT

v o o v ve k v k v k s k e t dt= − =                                        ( 4-16 ) 

where ( )*

ov k is the reference output voltage of the dc/dc converter. The two inputs are divided by 

their appropriate gains, and then processed through a hyperbolic tangent activation function. 

Each gain is selected as 4 for the simulation and experimental Buck converter setup shown in 

Sections 4.5 and 4.6. The input layer then feeds into the hidden layers. Each of the two hidden 

layers contains six nodes. Each node at the hidden layers uses a hyperbolic-tangent activation 
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function. Finally, the output layer gives 
*

( )
A

v k , the output of the ANN. This output is multiplied 

by a gain, kPWM, which represents the PWM gain, to obtain the final control action, vA, of the 

dc/dc converter given by: 

( ) ( )( ), ( ), ,
o oA PWM v vv k k A e k s k w=                                              ( 4-17 ) 

where w  represents the network’s overall weight vector, and A(•) denotes the whole ANN. The 

error signal and integral of the error signal as the network inputs would enable the ANN to gain 

important PI control characteristics. Besides, there are hundreds of 'PI' gains for the ANN 

controller instead of two gains for a conventional PI controller, and the training of the network 

should enable its performance to match, and potentially exceed, that of an optimal “PI” 

controller.  
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Figure 4.6: ANN control for buck dc/dc converter 
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It is also important to point out that although the ANN is a feedforward network, the 

feedback signal of the dc/dc converter applied as the input to the ANN makes the combined 

ANN and dc/dc converter equivalent to a recurrent neural network. This property is considered 

properly and accurately in training the ANN as shown in Section 4.4, which would allow the 

ANN to gain important predictive control ability.  

4.3.3 Maximum Duty-ratio and Current Limitations  

During the real-time control stage, it is possible that the controller output voltage may be 

beyond the maximum duty cycle constraint, or the inductor current may be beyond the maximum 

inductor current limitation.  

To handle the maximum duty cycle constraint, a locking mechanism (Figure 4.6) is 

developed with the ANN controller. The mechanism first detects whether the controller output 

voltage is beyond the PWM saturation limit. If so, the error signal passed to the ANN controller 

will be blocked and the controller just maintains the output voltage at the maximum duty cycle 

until there is a potential to draw the ANN controller out of the PWM saturation limit.   

To handle the maximum inductor current constraint, a PI regulation block (Figure 4.6) is 

added to adjust the reference output voltage of the dc/dc converter. However, this PI regulation 

block is only initiated when the actual inductor current is over the maximum current constraint 

and stops when the actual inductor current is about 2% below the maximum current constraint. 

Here, 2% is a dead-band margin to assure that the PI controller for the maximum current 

limitation does not turn on and off constantly at the maximum current constraint. Later, it will be 

demonstrated by the simulation and hardware experiments shown in Sections 4.5 and 4.6 that the 

proposed ANN controller correctly handles the maximum current constraint, even using such a 

small dead-band margin. 
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4.4 Training ANN to Implement ADP-Based Control 

4.4.1 ADP-based Control 

ADP employs the principle of Bellman’s optimality [17] and is a very useful tool for 

solving optimization and optimal control problems. The typical structure of discrete-time ADP 

includes a discrete-time state-space system model and a performance index or cost associated 

with the system [17, 18]. For the ADP-based control of the dc/dc converter, the discrete-time 

state-space model is (10) and the performance index or cost is  

( ) ( ) ( )
2

*

1

N

o o o

k

C v v k v k

=

 = −                                              ( 4-18 ) 

where N is the trajectory length and  is a fractional number. The objective of the ADP-based 

control for the dc/dc converter is to determine a sequence of control actions vA(k), k=1, 2, ..., N, 

such that the ADP cost (4-18) is minimized. Compared to the cost function normally used for the 

conventional MPC methods, the ADP cost function emphasizes minimizing the difference 

between the actual and reference voltages over a much longer time horizon, instead of the one-

step ahead that is normally used in the conventional MPC [13]. Thus, ADP-based control would 

provide a much stronger predictive control ability than conventional MPC. 

4.4.2 Training ANN to Implement ADP 

The ADP-based control is achieved through the ANN that is trained to minimize the ADP 

cost function (4-18). We used the Levenberg-Marquardt (LM) algorithm [27] to train the ANN, 

and the Jacobian matrix needed by the LM algorithm is calculated via a Forward Accumulation 

Through Time (FATT) algorithm [28]. Similar to many other neural network training algorithms, 

the most important part of the training algorithm is the calculation of the gradient of (4-18) 
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regarding the weight vector. Define ( ) ( )
2

*( ) o oU k v k v k  = −  and ( ) ( )V k U k= , then, the 

gradient /C w   can be written in matrix form as 

 
2

1

1

( )
( )

2 ( ) 2 ( )

N

N
Tk

k

V k
C V k

V k J w V
w w w

=

=


 

= = =
  


                                ( 4-19 ) 

where the Jacobian matrix ( )J w is  

1

1

(1) (1)

(1)

( ) ,  

( ) ( ) ( )

  
     

  = =
  
     

   

M

M

V V

w w V

J w V

V N V N V N

w w

                                  ( 4-20 ) 

Therefore, the weight update can be expressed by  

1

( ) ( ) ( )T Tw J w J w J w V
−

  = − +
 

I                                            ( 4-21 ) 

Here µ>0 is an adaptable parameter set by the LM algorithm [28].  The network weights are 

updated by 

updatew w w= +                                                            ( 4-22 ) 

Note: the combination of the ANN and the dc/dc converter is equivalent to a recurrent 

network as explained in Section 4.3. Also, the ANN is trained offline, meaning that there is no 

further training involved at the real-time control stage. A more detailed description about training 

a recurrent network using LM and FATT algorithms is provided in [28]. In general, in each 

experiment, training continued until one of the following three stopping criteria were met [28]: 
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1) when the training epoch reaches the maximum number of training epochs, 2) when μ is larger 

than μmax, a predefined maximum μ value, or 3) when the smallest gradient of (4-19) is less than 

a predefined minimum gradient. 

 

4.5 Simulation Evaluation 

The parameters of the dc/dc buck converter used in both the simulation and experiment 

evaluation are as follows: RL=0.3, L=5.63mH, RC=0.02, and C=5F. The nominal input 

voltage is 42V.  

4.5.1 Tuning of Conventional Controller 

The conventional VMC and CMC controllers were tuned based on the description shown 

in Sections 4.2.2 and 4.2.3 using the phase-margin of 60. In the simulation, the converter 

switching frequency was 20kHz. To reject the switching noises and disturbances, the crossover 

frequency of the VMC Type-III compensator is selected lower than the switching frequency, 

usually from 0.1fsw to 0.05fsw. Therefore, the bandwidth of the VMC compensator was selected as 

1000 Hz. For the CMC, a cascade PI configuration was used. To limit the switching noise in the 

current loop, the bandwidth of the current PI controller was selected as 1000 Hz. Then the 

bandwidth of the outer voltage loop was selected as 1000/10 = 100 Hz. The SMC controller was 

tuned according to Section 4.2.4 and [24].  

4.5.2 Training of ANN Controller 

The ANN was trained to implement ADP-based control through multiple training 

experiments. In each experiment, the ANN was trained repeatedly to track a variety of randomly 

generated reference voltage trajectories. The procedure of each training experiment is as follows: 

1) randomly generate a sample reference output voltage trajectory; 2) randomly generate a 
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sample initial state vo(1) where the value 1 indicates a start time; 3) unroll the converter output 

voltage trajectory from the initial state; 4) train the ANN as detailed in Section 4.4; and 5) repeat 

the process for other randomly generated reference voltage trajectories and sample initial states. 

In each training experiment, a dozen randomized reference voltage trajectories were created to 

train the network. Each reference trajectory duration was 1 second, with a sampling time of 

Ts=0.1ms, and was changed randomly every 0.1 seconds. The training of each experiment for all 

randomly generated reference output voltage trajectories continued until reaching a stop criterion 

(Section 4.4.2). Each training experiment started with randomly generated network weights, 

which were initially randomized using a uniform distribution within ±0.1. The impact of load 

and input voltage variations are considered as noises in each training experiment. Each training 

experiment took about 10 to 30 minutes to complete on a PC with a 2.3GHz CPUand 16GB 

RAM. Since each experiment starts with randomly generated weights, each may converge to a 

different ADP cost. The final network weights were selected from the training experiment having 

the lowest ADP cost. Compared to the conventional control methods, the trained ANN controller 

has a very strong adaptive ability to withstand circuit parameter changes that may appear in real-

life conditions, such as the increase or decrease of L and C values beyond the nominal values, as 

shown in the subsection below. 

4.5.3 Control Evaluation within System Constraints  

The tuned conventional controllers shown in Section 4.5.1 and the trained ANN 

controller shown in Section 4.5.2 are first evaluated and compared via simulation. The 

simulation models of traditional and ANN-controlled dc/dc buck converter were built by using 

SimPowerSystems. Again, the switching frequency was 20kHz. The evaluation focuses on the 
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output voltage and inductor current under different conditions using conventional and ANN 

control techniques as presented in Sections 4.2 to 4.4.  

Figure 4.7 a) compares the control of the buck converter under a load change from 7.33 

to 11using VMC-Type III, CMC-Cascade PI, Cascade SMC, and ANN. The comparison shows 

both the conventional VMC and the proposed ANN controller responding faster to maintain the 

output voltage at a constant level than the cascade PI and SMC control. This is due to the fact 

that there are two control loops for the CMC and SMC approaches. Thus, the response speed of 

the external voltage loop would be slower than that of a single voltage control loop according to 

the design rules presented in Section II. Overall, the ANN controller shows the best performance 

and fastest response speed, demonstrating the higher bandwidth of the ANN controller than that 

of others. 
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Figure 4.7: Simulated results for ANN vs. VMC Type III, CMC cascade PI, and cascade SMC: 

a) a load change from 7.33 to 11, b) a reference voltage change from 18V to 24V, c) an input 

voltage change from 42V to 47V, d) the same load change as (a) when L decreases by 50%, e) 

the same load change as (a) when L decreases by 85% 

 

Figure 4.7 b) compares the control of the buck converter under a reference-voltage 

change from 18V to 24V using VMC, CMC, SMC, and ANN. The comparison shows that the 

ANN controller has the fastest response speed to track a reference voltage change than other 

control methods. 

Figure 4.7 c) compares the control of the buck converter as the input voltage changes 

from 42V to 47V, to examine how the four different control methods behave in maintaining 

output-voltage stability when there is a disturbance in the supply voltage. Since there is no load 

or reference output voltage change, the CMC-Cascade PI has better performance than the VMC-

Type III. However, the ANN still has the best performance, demonstrating its strong adaptive 

ability to manage a system condition variation.  
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Figure 4.7d) and Figure 4.7e) compare the control of the buck converter when the 

inductance value is different from the inductance value used in tuning conventional controllers 

and training the ANN controller. Normally, the performance of the controllers would be worse as 

the inductance value reduces, because this would make the dc/dc converter more likely to get out 

of continuous-conduction mode. Although more oscillations are shown with all the four control 

methods, the ANN has the smallest degradation in performance, especially for a large parameter 

variation away from its nominal value (Figure 4.7e), demonstrating its strong robust ability under 

system parameter variations. 

 

4.5.4 Control Evaluation beyond System Constraints  

Physical system constraints of the dc/dc converter are an important issue that needs to be 

addressed. Typically, there are two constraints: maximum duty-ratio constraint and inductor 

current constraint. Figure 4.8 evaluates the performance of the dc/dc converter using the ANN 

and conventional control strategies under the two physical constraint conditions. It is assumed in 

the simulation that the maximum inductor current is 2A. Also, the dc supply voltage is 30V.  

For a fair comparison, the mechanism used to handle the PWM saturation limit shown in 

Figure 4.6 is applied to all the conventional methods. However, the mechanism used to handle 

the current limitation shown in Figure 4.6 cannot be applied to VMC, as this would result in high 

oscillations of the output voltage. For both the CMC and SMC, the current limit control is 

handled by the inner-loop current controller. For the ANN controller (Figure 4.8d), when the 

inductor current is over the maximum current limit, the controller is able to react immediately to 

maintain the output voltage at a lower value, while preventing the inductor current from 

exceeding the maximum limit; when a high reference voltage command is presented to the 
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controller, the ANN can maintain the output voltage at the highest voltage that can be outputted 

by the converter, while stability and controllability of the dc/dc converter are not affected before 

and after the maximum duty-ratio operation period. 

The CMC cascade-PI and cascade SMC control structures can properly prevent the 

inductor current from exceeding the maximum inductor current limit too. But, the VMC Type III 

controller is unable to limit the inductor current, because the current limit control used for the 

ANN cannot be applied to the VMC as explained above. When using the locking mechanism 

presented in Figure 4.6 and Section III-C, all the three conventional methods can manage the 

PWM saturation constraint properly.  

 

 

Figure 4.8: Simulated results for ANN vs. VMC Type III, CMC cascaded PI, and SMC under: a 

maximum inductor current constraint of 2A (a1)-(a2), (b1)-(b2), (c1)-(c2), & (d1)-(d2); b) the 

maximum duty-ratioconstraint (a3)-(a4), (b3)-(b4), (c3)-(c4), & (d3)-(d4) 
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4.6 Hardware experiment 

4.6.1 Experiment setup 

To further validate the proposed ANN controller, a DSP-based digital control systemwas 

implemented. The experimental setup (Figure 4.9) consists of four main parts: (i) adc/dc Buck 

converter built by using a three-phase converter board from Vishay HiRel Systems which has the 

maximum allowable switching frequency of 20kHz, (ii) a LabVolt LC circuit module 

representing the inductor and capacitor of the Buck converter, (iii) a dSPACE DS1103 controller 

board to collect inductor current and output voltage/current of the dc/dc converter, and (iv) a 

sensor board to convert measured voltage and current to dSPACE compatible format. The 

converter switching frequency is 10kHz and the controller sampling time is 0.1ms.  

 

Figure 4.9: Hardware laboratory testing and control systems 
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4.6.2 Experiment Results 

Figure 4.10 shows the comparison of VMC-Type III, CMC-Cascade PI, cascade SMC 

and ANN for control of the dc/dc Buck converter. The left side of Figure 4.10 shows the Buck 

converter’s ability to follow a reference voltage change from 18V to 24V. Again, in the 

experiment condition, the ANN controller shows less overshoot and faster response speed than 

the conventional control methods in tracking the reference output voltage change. The right side 

of Figure 4.10 shows the Buck converter’s ability to maintain a constant output voltage under a 

load change. As shown in the figure, the ANN controller presents a much stronger ability in 

maintaining output voltage stability under the variable load condition. 

 

Figure 4.10: Hardware results for VMC vs. CMC Cascade PI vs. Cascade SMC vs. ANN: a) 

Change of v*
o from 18V to 24V, b) Load change from 7.33 to 11 

 

Figure 4.11 shows the experiment results of the ANN controller when considering the 

maximum inductor current (2A) and duty-ratio constraints. In Figure 4.11a, when a load change 

causes the inductor current to be over the maximum current limit, the output voltage of the dc/dc 

converter is dropped automatically to regulate the inductor current within the maximum current 

limitation. In Figure 4.11, when the reference voltage increases and makes the duty-ratio over the 
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maximum duty-ratio constraint, the output voltage is automatically limited; and when the 

reference voltage reduces, the ANN controller is able to return to its normal condition. 

 

Figure 4.11: Hardware results for ANN under a) inductor current constraint; b) duty-ratio 

constraint 

 

4.7 Conclusion 

This chapter presents an ANN-based optimal and predictive control based on ADP for 

dc/dc Buck converters. Compared to conventional control methods, the ANN controller shows 

better performance in various aspects. In addition, the ANN controller can handle the control of 

the dc/dc converter properly under both the maximum inductor current and duty ratio constraints, 

while a conventional controller needs to have an inner-current loop through a cascade control 

structure to handle the current limit control. Compared to the conventional control methods, the 

ANN controller responds faster and maintains a more stable output voltage. The hardware 

experiment confirmed that the ANN controller is able to track reference commands, maintain 

output voltage stability under variable load and input voltage conditions, and manage the control 

of the dc/dc converter correctly under the maximum duty-ratio and inductor current constraints. 

The study shows that it is feasible to implement the ANN-based control for practical dc/dc Buck 

converters. 
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The proposed ANN control method can be extended to other dc/dc converters, such as 

Boost and Buck-Boost converters. However, since the state-space models of the Boost and Buck-

Boost converters are different from that of the Buck converter, the training algorithms for each of 

the other dc/dc converters need to be redesigned and revalidated. We plan to extend the proposed 

ANN-ADP control method to other dc/dc converters through future research. 
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5. ARTIFICIAL NEURAL NETWORK CONTROL OF A STANDALONE DC MICROGRID 

 

5.1 Introduction 

The concept of microgrid (MG) is becoming more and more important and popular due to 

the development of DGs (Distributed Generation) [1]. It has the potential to integrate different 

DGs and ESSs (Energy Storage Systems) for many different applications [2].  

There are generally two types of microgrids: AC microgrids and DC microgrids [3]-[4]. 

AC microgrids have been studied and implemented by many researchers. Recently, DC 

microgrids also start to draw a wide attention for many reasons, such less energy conversion, 

lower losses, and their controllability [5]. In particular, some generations and loads are inherently 

DC, such as solar photovoltaic (PV), battery, electrical vehicle (EV), etc [6]-[9], where a DC 

microgrid would integrate them more naturally and improve system efficiency and reliability. 

There are two operation modes for a DC microgrid: grid-tied and islanded modes [10]. In 

the grid-tied mode, a DC microgrid is connected to the main AC grid through DC/AC inverters 

and the DC microgrid can absorb power or provide power to the main grid. At the same time, the 

voltage is maintained by the main grid. In the islanded mode, it is necessary to maintain the bus 

voltages and meanwhile provide the active powers of loads. One of the most popular control 

techniques for DC microgrid operation in islanded mode and grid connected mode is the droop 

control technique, which maintains MG voltage stability and uses the droop gains to share power 

among distributed generations (DGs) [10]-[12]. 
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Recently, an artificial neural network (ANN) control strategy has been developed for 

control of voltage source DC/AC converters in different applications [13], including control of 

inverters in AC microgrids. The ANN control has shown a very fast response time, strong 

stability, and reliability. It has a potential to improve frequency and voltage stability of an AC 

microgrid, enhance power quality, and assure fast response from one mode to another. However, 

no research has been done to develop ANN-based control for DC/DC converters and apply 

ANNs to control of DC microgrids. 

This research proposes a novel artificial neural network (ANN) based control method, 

integrated with droop control, for control of an islanded DC microgrid. The ANN controller is 

trained based on ADP (approximate dynamic programming) using LM (Levenberg-Marquardt) 

algorithm. A FATT (Forward Accumulation Through Time) algorithm is applied to calculated 

Jacobian matrix. The ANN performance is evaluated by using switching models of power DC 

converters. Performance of ANN in DC microgrid shows that the proposed controller has the 

ability to maintain voltage stability of standalone DC microgrid and manage the power sharing 

among the parallel-connected distributed generation units. For different transient scenarios, the 

ANN controller in DC microgrids also performs very well to tolerate load disturbances and track 

voltage references rapidly. 

This chapter presents a preliminary study on developing an ANN-based control for 

DC/DC converters and integrate it with droop mechanism for control of a standalone DC 

microgrid. In the following sections, the paper first presents a typical DC microgrid structure in 

Section 5.2. Section III presents an ANN-based control method as the primary control layer for 

microgrid DC/DC converters as well as how to train the ANN to realize optimal control via ADP 

(approximate dynamic programming). Section 5.4 presents how to integrate droop and ANN 
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control algorithm to handle the DC microgrid operation in different scenarios. Section 5.5 

presents simulation evaluation of the proposed approach for control of a DC microgrid in 

islanded mode. Finally, the results are concluded, and the future work is presented. 

 

5.2 Standalone DC microgrid 

5.2.1 Configuration of a standalone DC microgrid 

The configuration of a typical DC MG is shown by Figure 5.1. The DC microgrid is tied 

to the AC main grid through a bidirectional DC/AC converter and a switch. DG sources within 

the MG may include PV arrays, fuel cells, EVs, and battery storage, each of which is connected 

to a DC bus through a DC/DC converter. The PV array and fuel cell powers are always 

generating and unidirectional from the PV array or fuel cell to the DC bus while the EV and 

battery power can be generating or absorbing. Normally, the PV array operates in MPPT 

(maximum power point tracking) mode, and thus its power is not controllable. However, the 

power of EV and battery can be regulated to maintain voltage and power sharing of the DC 

microgrid, especially in standalone mode. Loads in the DC microgrid may include: 1) normal DC 

loads directly connected to DC bus; 2) sensitive DC loads, each of which is connected to the 

microgrid through a DC/DC converter; 3) AC loads connected to the DC grid through inverters. 

The DC microgrid operates in grid-tied mode when it’s connected to the main AC or DC grid, 

the DC microgrid operates in islanded mode when it’s disconnected to the main AC or DC grid, 

and it has to provide the stable voltage and manage the power sharing among the DGs, energy 

storage system, and loads. 



 

108 

 

 

 

Figure 5.1: configuration of a DC microgrid 

 

5.2.2 DC/DC converter model with loads 

According to Section 4.2.1 and Figure 5.1, the structure of a DC microgrid in the 

standalone condition is a DC source and load which are connected through a DC/DC converter. 

The structure is shown in Figure.2. The purpose of the controller of the DC/DC converter is to 

maintain voltage stability of the loads and provide proper power sharing DG units. To develop an 

ANN controller, the topology of the system shown by Figure 5.2 is needed. Using power 

converter average model, Kircoff’s current/voltage law, the voltage at point A and the inductor 

current of the DC/DC converter are 
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where RL and L are the internal resistance and inductance of the inductor, C is the capacitance of 

the smoothing capacitor, vA is output voltage of the switch of DC/DC converter, vC is the 

capacitor or the voltage at DC PCC (Point of common coupling), iL is the inductor current, and R 

represents load resistance. 
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Figure 5.2: A standalone DC/DC converter with loads 

 

5.3 ANN control of a standalone DC/DC converter 

In the standalone case, the purpose is maintain the DC/DC output voltage and, 

meanwhile, manage power sharing through integrating voltage control with droop control as 

shown in Section 4.4. 

5.3.1 DC/DC Converter State-Space Model  

The ANN controller is developed based on the state-space model of the DC/DC 

converter. The state-space model is derived from (5-1) (5-2). The model is shown below: 
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where the system states are iL and vc. The converter output voltages vA is controlled by the 

switches with signal voltage generated by the ANN controller [14]. 

The ANN controller is developed as a digital controller. Therefore, the digital model of 

the DC/DC converter is needed. Using a zero-order hold transformation, the discrete state-space 

model can be represented as: 

( )

( )

( )

( )
( )
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L s s L s A s

c s s c s
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v kT T v kT

 +     
= +     

+     
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                       ( 5-4 ) 

in which Ts is the system sampling time. Ts can be further eliminated, and the modified model is: 

( )
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( )
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,
1 0
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c c

i k i k v k

v k v k

 +     
= +     

+     
A B

                           ( 5-5 ) 

where k is an integer time step. 

 

5.3.2 ANN Controller Structure 

The proposed configuration of the ANN controller is shown in the lower part of  Figure 

5.3. There are four different layers in the ANN controller: an input layer, two hidden layers, and 

an output layer. There are two inputs in the configuration: the error term and the integral of the 

error term:  
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( ) ( ) ( ) ( )*

0
, ( ) ,

c c c

k

v c c v ve k v k v k s k e t dt= − =  
                       ( 5-6 ) 

where ( )*

cv k is the reference DC PCC voltage. As shown by (5-6), we can see that similar as the 

traditional PI controllers, the input signals for the ANN control are the same: one is the error 

terms, and another is integrals of error. Hence, the ANN controller has the simple structure as 

traditional PI but with better response. The proper gains are selected and divide the inputs, and 

then processed through a hyperbolic tangent function. Each node at the hidden layers uses a 

hyperbolic-tangent activation function. After the calculation, 
*

( )
A

v k  is generated from the output 

layer as the output of the controller. 
*

( )
A

v k  is the normalized signal. Therefore, for the switching 

power converter, the PWM gain is needed [14, 15], to have the DC/DC converter control signal, 

A
v , given by: 

( ) ( )( ), ( ), ,
c cA PWM v vv k k A e k s k w= 

                           ( 5-7 ) 

where w  is the ANN weight vector, and A is the function for overall network. 
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Figure 5.3: ANN control for a standalone DC/DC converter with loads 
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5.3.3 Training ANN Controller  

The ANN controller needs to be trained using approximate dynamic programming (ADP) 

to have the optimal performance [16]. The approximate dynamic programming cost-to-go 

function used for the DC microgrid application is: 

( ) ( ) ( )
2

*

1

N

c c c

k

C v v k v k
=

 = − 
                                            ( 5-8 ) 

The cost-to-go function (5-8) needs to be minimized by training the ANN to achieve the 

optimal control using ADP, the. In the closed-loop control environment, the ANN has the 

recurrent network nature as the output of the DC/DC converter serves as a feedback to the input 

of the network at the next time step. For training the recurrent network, we need to calculate 

according to the gradient of (5-8) the weight vector /C w   and the chain rule. When the inputs 

are obtained, the calculation begins at cost-to-go function (5-8) and the calculated by (5-4), (5-6) 

and (5-7), and then based on the chain-rule, the calculated results are sent back to the ANN input 

as the next step. The Levenberg-Marquardt (LM) algorithm is used to train the network, and then 

a Forward Accumulation Through Time (FATT) algorithm is employed to calculated Jacobian 

matrix. A more thorough explanation about training is available in [17]. After that, the 

adjustment of ANN weights w for a training epoch can be acquired, and the weights of the 

network are updated by 

updatew w w= + 
                                                      ( 5-9 ) 

When the process meets a criterion, it can be stopped. The network weights are adjusted 

repeatedly to minimize the function of ADP cost-to-go (5-8). After successful training, PCC 
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voltage is optimized by ANN based on ADP, and the ANN would be able to track the voltage 

reference.  

 

5.4 Integrating ANN with Droop Control 

5.4.1 Droop Control Method for DC DG Units  

In practical situation, a DC converter simplified concept is shown in Figure 5.1. The unit 

can be connected to a DC bus through a transmission line with resistance Rdc as shown by 

Figure.4. The power Pdc provided by the DG equals: 

dc dc dcP E I= 
                                                           ( 5-10 ) 

where Edc is the converter output voltage or voltage at the capacitor of the unit (DC/DC 

converter) and Idc is the transmission line current:  

( )dc dc dc dcI E V R= −                                                 ( 5-11 ) 

where Vdc is the DC bus voltage and Rdc is the line resistance. 

 

 

Figure 5.4: A DC DG unit model in DC microgrid 

 

From (5-10) and (5-11), it could be concluded that the power provided by a DG is 

dependent on the transmission line and voltage difference [10]. The equation to represent DC 

droop technique is expressed as: 
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*

dc dc d dcE E R P= −
                                             ( 5-12 ) 

where E*
dc is the reference DC converter output voltage, and Rd is called droop gain. Eq. (5-12) 

is depicted graphically in Figure 5.5. In general, as the power output of the DG increases, its 

output voltage drops [18].  

 

Figure 5.5: Illustration of DC droop technique. 

 

5.4.2 Power Sharing Control among Parallel DG Units 

If the two or more units, having same capacity, The power sharing between then should 

have the same amount [18]. However, with the different transmission line, the units with same 

capability still cannot share the equal power (Figure 5.6), the following according to the droop 

characteristics can be derived 

*

1 1 1 1

*

2 2 2 2

dc d dc line dc

load

dc d dc line dc

E R I R I
V

E R I R I

 − −
= 

− −
                                     ( 5-13 ) 

Then, it can be obtained 
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dc d d line

I R R R R R

I R R R

−
= +

+
                                   ( 5-14 ) 

which shows that the current sharing error between the two DC converters cannot be eliminated 

unless (14) is satisfied in designing the droop gain of each converters. This is the power sharing 

issue and needs to be considered in the integrated ANN and droop control design. 

1 2 1 2d d line lineR R R R=
                                          ( 5-15 ) 

. 

loadV
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1dcE
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+
-

+
-
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Figure 5.6: Two DG units connected to a common bus 

 

5.4.3 Integrating ANN with Droop Control 

The proposed controller structure with ANN controllers and droop is based on the DC 

microgrid system shown by Figure 5.1. Basically, for each DG unit, the droop controller handles 

the power sharing among multiple parallel DG units based on droop gains while the ANN 

controller maintains the voltage at each DC unit based the reference voltages signals generated 

by the droop controller (Figure 5.7). 
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Figure 5.7: Droop, virtual resistance and ANN control integration 

 

The design of the droop controller of each DG unit considered the power sharing 

requirement based on the capacity of each unit, and then the virtual resistance was included to 

assure that the condition of (5-15) is satisfied. The droop controller together with the virtual 

impedance generates a voltage reference which is sent to the ANN controller. 

An ANN controller can be operated in the DC microgrid system after being trained. The 

ANN training was based on the model and topology of the DC/DC converter shown by Figure 

5.2 instead of Figure 5.1. The ANN was trained over and over again and the different reference 

voltage trajectories are tracked to obtain the best tracking performance. It is possible to have 

different cost because the network weight is randomly picked at the beginning of the ANN 

training. The weights can be chosen when the lowest ADP costs are found. After the optimal 
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training is finished, the ANN controller is used to regulate the DC/DC converter output voltage 

based on the error signal between the measured and reference PCC voltage. However, since the 

ANNs were trained independently according to Figure 5.2, detailed validation of the controllers 

integration is important and needed. Simulation evaluation of the proposed strategy is discussed 

in Section 5.5. 

 

5.5 Simulation Evaluation  

The proposed ANN control of stand-alone DC microgrid is verified using Simulink. The 

model is shown in Figure 5.8. The nominal output voltage is 400V, and the nominal DC input 

voltage is 600V. In the simulation, two DC/DC converters are connected in parallel with a 

changing load through transmission lines with the equal resistance of 0.5Ω. Table 2 shows the 

parameters of the DC microgrid system. The virtual resistances for the two converters are 2Ω 

and 1.5Ω, which are determined by considering transmission line resistance and power sharing 

between the two converter units based on the power rating of the two units. Simulation results 

are shown in Figure 9. 

 

 

Table 2 Parameters of DC MG 

Parameters Value 

Inductance  L 600µH 

Capacitance  C 42µF 

Load resistance  R 12Ω 

Switching frequency f 50kHz 
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RD1 / RD2 2Ω/1.5Ω 

 

 

 

 

Figure 5.8: Stand-alone DC microgrid with ANN and droop control 
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Figure 5.9: (a) Output voltage and (b) output currents of the converters with conventional 

controller 

 

Figure 5.10: (a) Output voltage and (b) output currents of the converters with ANN controller 

 

Figure 5.9 and Figure 5.10 show the performance of stand-alone DC microgrid with 

ANN and droop control. Figure 5.9(a) shows the output voltage, and Figure 5.9(b) shows the 

output currents of the two DC/DC converters. It can be seen from the figure that the output 

voltage of the converters at the load is maintained around the desired value during the entire 

simulation, and the ANN controller has a better performance. Before t = 0.06 sec, the load 

current is properly shared by the two converters according to the virtual resistance ration ratio of 

R_D2:R_D1 defined in the droop controllers.  At t = 0.06 sec, the load at DC bus decreases, and 

it causes output currents of the two DC/DC converters to increase to meet the new power 

demand of the loads. The figure shows that the output currents of the converters change rapidly 

to reach the new demanded load current using the ANN control. Again, after t = 0.06 sec, the 

(a) 
(b) 

(a) 
(b) 



 

120 

 

 

load current is properly shared according to the ratio of their droop gains. There is a slight 

voltage drop after 0.06 sec due to the droop control and virtual resistances. At the same time, the 

output currents are affected a little by the transmission line. 

5.6 Conclusions 

The operation of a standalone DC microgrid has many challenges since the voltage 

stability and power sharing must be handled by the DC microgrid itself. This paper presents a 

preliminary study on developing an ANN-based control for DC/DC converters and integrating it 

with droop mechanism for control of a standalone DC microgrid. This paper describes how the 

ANN-based control is developed, and how it works with droop control to manage microgrid 

operation in standalone conditions.  

The system performance evaluation shows that the bus voltage can be regulated at the 

desired value and the output power of the converters can be regulated rapidly when there are 

reference or load changes. The paper shows that the proposed strategy can be implemented and 

well-performed in a DC microgrid. It has the ability to maintain voltage stability of standalone 

DC microgrid and manage the power sharing among the parallel-connected distributed 

generation units. For different transient scenarios, the ANN controller in DC microgrids also 

performs well to track voltage references rapidly and tolerate load disturbances. 
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6. CONCLUSIONS AND FUTURE WORKS 

6.1 Conclusions  

In this dissertation, the control and operation of EV machine drives and V2G applications 

are investigated. The artificial intelligence-based control algorithms especially the ANN control 

are designed and implemented for the high-efficiency motor control and machine modeling. The 

DC/DC converter and DC microgrid control using ADP, ANN and droop are presented. Multiple 

controllers sliding mode control, LUT-based control , and other AI-based control are analyzed 

and compared with proposed method in simulation and hardware experiments.  The major 

contributions of this research are as followings: 

• The efficient operation of an IPM motor is important and also challenging, particularly 

when considering nonlinear parameter variations of the motor. A novel machine-learning 

strategy based on a neural network (NN) is developed for the MTPA, flux-weakening, 

and MTPV control over the full speed range. The proposed method overcomes the 

disadvantages of the traditional methods, such as 1) requirement for a large memory size 

to store the lookup tables and 2) limited control accuracy due to the LUT size and 

interpolation. The study shows that compared to the traditional methods, the proposed 

NN-based method requires a very small memory size, is much more accurate to get the 

optimal operating points than the LUT approaches, is able to capture the nonlinear impact 

caused by the optimization solutions and variable motor parameters, and requires a lower 

computational cost. The hardware experiments further demonstrate the effectiveness of 

the NN method applicable to practical IPM motors. 
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• The accuracy of IPM magnetic modeling is important for the control of high-performance 

motor drives. The developed ANN-based modeling method overcomes the inaccuracy 

issues due to the high-speed operation, saturation, and other uncertainties. Compared with 

traditional methods, the proposed modeling method has a simple structure and can 

capture the unknown nonlinear areas of the model accurately without any computation 

and convergence issues. It also can capture the iron loss effects with speed variations and 

has a better performance in high-speed range.  

• Compared to conventional control methods for DC/DC converters, the ANN-based 

optimal and predictive controller shows better performance in various aspects. In 

addition, the ANN controller can handle the control of the dc/dc converter properly under 

both the maximum inductor current and duty ratio constraints, while a conventional 

controller needs to have an inner-current loop through a cascade control structure to 

handle the current limit control. Compared to the conventional control methods, the ANN 

controller responds faster and maintains a more stable output voltage. The hardware 

experiment confirmed that the ANN controller is able to track reference commands, 

maintain output voltage stability under variable load and input voltage conditions, and 

manage the control of the dc/dc converter correctly under the maximum duty-ratio and 

inductor current constraints. The study shows that it is feasible to implement the ANN-

based control for practical dc/dc Buck converters. 

• This research also presents a preliminary study on developing an ANN-based control for 

DC/DC converters and integrating it with droop mechanism for control of a standalone 

DC microgrid. The system performance evaluation shows that the bus voltage can be 

regulated at the desired value and the output power of the converters can be regulated 
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rapidly when there are reference or load changes. It also shows that the proposed strategy 

can be implemented and well-performed in a DC microgrid. The proposed method has 

the ability to maintain voltage stability of standalone DC microgrid and manage the 

power sharing among the parallel-connected distributed generation units. For different 

transient scenarios, the ANN controller in DC microgrids also performs well to track 

voltage references rapidly and tolerate load disturbances. 

 

6.2 Future work 

The NN-based controller for MTPA control and magnetic modeling can be extended to a 

cloud computing platform. For the routine offline training of the NN over the cloud computing 

platform, it will follow the same strategy except that data needs to be collected and transmitted to 

a remote cloud device for the NN training. Firstly, real-time motor operation data is collected 

smartly, meaning that only meaningful and valuable data is collected and stored, and data 

collected should cover the full operating range of the motor at the normal and critical conditions. 

When sufficient data is obtained, data is sent to a remote cloud computing device, where data is 

analyzed and, if needed, a cloud-based training of the NN will be conducted thoroughly. After 

the training, the new NN weights are transmitted back to the EV computer to replace the 

previous NN weights. Such an offline learning strategy, based upon a cloud computing platform, 

will guaranty the safe and reliable NN system development that cannot be achieved for an online 

NN learning system, which will assure the high-performance operation of individual EV motor 

over its lifetime. 

The proposed ANN control method can be extended to other dc/dc converters, such as 

Boost and Buck-Boost converters. However, since the state-space models of the Boost and Buck-
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Boost converters are different from that of the Buck converter, the training algorithms for each of 

the other dc/dc converters need to be redesigned and revalidated.  
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