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Abstract: To realize the high-performance control of a servo system, parameter accuracy is very
important for the design of the controller. Thus, the online parameter identification method has been
widely researched. However, the nonlinearity of the inverter will lead to an increase in resistance
identification error and the fluctuation of inductance identification results. Especially in the low-
speed region, the influence of the inverter is more obvious. In this paper, an offline neural network is
proposed considering the parasitic capacitance to identify the nonlinearity of the inverter. Based on
the Kirchhoff equation in the static state of the motor, the nonlinear voltage equation is established,
and the gradient direction of the weight coefficients has been re-derived. Using the gradient descent
method, the identification error can converge to zero. Moreover, the d-axis voltage equation is
established considering the nonlinearity of the inverter and an online adaptive observer was proposed.
Based on the Lyapunov equation, the adaptive laws are derived. Further, the decoupling of the
deadtime voltage and resistance voltage is realized by using the result of neural network identification.
With the proposed algorithm, nonlinear identification of the inverter characteristics is realized, and
the resistance and inductance identification accuracy in the low-speed region is improved. The
effectiveness of the proposed methods is verified through experimental results.

Keywords: deadtime compensation; parameter identification; inverter nonlinearity; neural network;
adaptive observer

1. Introduction
1.1. Motivation

To get high dynamic control performance, the current controller in a servo system
is highly dependent on the accuracy of the permanent magnet synchronous machine
parameters [1]. Thus, the online parameter identification algorithm is researched to get the
resistance and inductance in real-time. However, due to the lack of a voltage sensor, the
identification algorithm can only use the output signal of the current controller as the actual
voltage signal [2]. However, there is an inevitable error between the voltage reference and
the actual voltage signal caused by the deadtime effect. The deadtime effect is caused by
the deadtime inserted by the digital controller to prevent the switch on the same bridge arm
from being turned on at the same time, which will result in a short circuit fault. However,
this inserted constant time gap will lead to a voltage disturbance in the system and cause a
fifth and seventh harmonic phase currents [3]. These current harmonics will identify the
fluctuation inductance value. In addition, the deadtime effect will cause errors between the
given reference voltage and the actual output voltage, leading to the coupling between the
deadtime voltage and resistance voltage drop [4] and causing the identification error of the
resistance parameter.
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1.2. Problem Statement

Considering the parasitic capacitance, the relationship between the deadtime effect
voltage and load current is nonlinear. Therefore, it is hard to realize the identification of
deadtime characteristics without linear equivalence at different current amplitudes, and the
linear equivalence will cause large identification errors at low current conditions. Moreover,
because of the voltage coupling of the deadtime voltage and resistance voltage drop, the
resistance and deadtime characteristics cannot be identified online at the same time. Thus,
to achieve accurate online identification of the resistance and inductance parameters in the
low-speed region, it is particularly important to compensate for the deadtime effect.

1.3. Previous Solutions

The existing identification methods for the deadtime effect can be divided into online
compensation and offline compensation strategies. Offline compensation methods analyze
the characteristics of the deadtime voltage model and establish a mathematical model [5].
Then, the average voltage loss within a switching cycle is calculated and compensated
through feedforward. The method of online compensation is mainly to indirectly realize
the compensation of the deadtime effect by suppressing the current harmonics introduced
by the deadtime [6].

In [7], an offline deadtime compensation method is given, and it concludes that the
deadtime compensation voltage is related to the current polarity. To compensate the dead-
time effect, the polarity of the current is needed. Due to the limitation of sampling accuracy,
the current signal cannot be accurately sampled when the current crosses zero, resulting
in compensation errors and additional harmonics. To solve the zero-crossing problem,
Ref. [8] utilized the power factor angle to measure the direction of current indirectly and
reduce the zero-crossing current sampling error. In [9], the voltage vector of the space
vector pulse width modulation (SVPWM) was used to get the zero-crossing position of
the phase current. From [9], the three-phase current was divided into six regions, and the
compensation behavior was performed only for the phase whose current direction was
different from that of other phase currents. From [10], the current angle between iα and iβ

is used to judge the current direction. In addition, Ref. [11] analyzes the influence of the
current ripple on the deadtime effect and proposes a current reconstruction method to re-
duce the disturbance’s interference with model-based compensation. In [12], the deadtime
compensation voltage model under the dq-axis was deduced by the flux increment equation,
and the relationship between the deadtime voltage and phase current was established. In
addition, zero-crossing detection was not required, which made the established model
have a better compensation effect under light loads. In [13], the activation time of the
voltage vector is reallocated, and the time allocation algorithm is simplified by using the
zero vector. The authors of [14] deduce the voltage space vector by introducing maximum,
minimum and medium reference voltages and using medium voltage-current polarity to
identify the inverter deadtime. In [15], the switching delays are considered, and a novel
compensation model is proposed. However, the current polarity is needed for judging the
compensation condition, and the parasitic capacitance is not analyzed. From [16], the pulse-
based deadtime compensation is researched instead of using current polarity. However,
the compensation model is established based on the linear approximation, and the compen-
sation performance will deteriorate under low load conditions. From [7–16], the current
polarity problems are mainly researched. However, the influence of parasitic capacitance is
not considered, which will lead to a compensation error under light load conditions. To
simulate the nonlinear characteristics, Ref. [17] proposed a linear equivalent model. Setting
a current threshold, the compensation voltage is divided into the linear and saturated
regions. However, the value of the threshold will affect the compensation performance,
and no effective method is given to determine its value. In addition, Refs. [18,19] analyzes
the influence of parasitic capacitance on the deadtime effect and finds that the parasitic
capacitance has the compensation effect for the deadtime influence. In addition, as the
charging and discharging time of the capacitor is related to the load current, the impact of
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parasitic capacitance is more obvious when the load current is smaller. In [20], the value of
parasitic capacitance is changed by applying additional capacitance, and the compensation
effect of parasitic capacitance on the deadtime effect is researched. The deadtime effect
is directly compensated by setting an appropriate parasitic capacitance. However, this
method is cumbersome to operate, and it is difficult to measure the parasitic capacitance
and select the appropriate compensation capacitance in a non-laboratory environment.
Since it is difficult to obtain accurate parasitic capacitance parameters, the deadtime model
of light load for offline identification is hard to establish. The authors of [21] give an auto
measurement method to derive the nonlinear characteristics of the inverter output voltage
delay curve; the resistance value is needed to calculate the voltage error. However, the
resistance is changed along with the temperature, which will lead to identification error.

Because the deadtime effect will produce 5th, 7th, 13th, and 15th harmonics in the
phase current, the online compensation of the deadtime can be realized by designing
various feedback algorithms to suppress the harmonic current. The authors of [22] present
a deadtime online identification algorithm based on the harmonic separation method.
Using a low-pass filter to extract the harmonic signal of current. Then, the cascade PI
controller is used, which makes the filtered harmonic signal converge to zero. However,
the harmonic suppression performance of this method will decrease with the increase in
the current frequency, and the parameters of the low pass filter and PI controller need to
be selected according to the specific working conditions, which makes the universality of
the system reduced. Considering the parasitic capacitance, the relationship between the
deadtime effect and current is nonlinear. Therefore, in [23,24], the neural network is used to
identify the deadtime effect due to its excellent fitting characteristics of nonlinear functions,
and an appropriate adaptive law is designed. The authors of [25] researched the phase of
q-axis deadtime compensation voltage and compensation time. In [25], the disturbance
voltage of the q-axis is estimated through the disturbance observer, and the compensation
time is calculated online. The phase of the compensation voltage is determined adaptively
according to the compensation time. However, the effect of parasitic capacitance on
the q-axis deadtime voltage is not considered, which will lead to compensation errors
under low load conditions. Because the deadtime effect will produce six harmonics in
the rotating coordinate system, Ref. [26] use the voltage harmonic in the output of the
current PI controller to compensate for the deadtime effect, this method does not use an
extra hardware circuit and is easy to implement. However, considering the limitation of
bandwidth, the compensation effect will deteriorate in the high-speed region. Moreover, the
online deadtime compensation is based on the motor current loop equation, so the resistance
parameters need to be used for iterative calculation, which will cause the resistance and
deadtime effect to not be able to be identified at the same time. To improve the harmonic
suppression performance of the system at high frequencies, an adaptive notch filter is used
in [27] to suppress specific harmonics. However, the calculation process of the adaptive
notch filter will greatly increase the operation time of the system, and the system delay has
a great influence on the suppression performance of the notch filter. In [28], the influence
of different modulation methods on the deadtime effect is analyzed, and the nonlinear
characteristics are identified by comparing the continuous pulse width modulation (PWM)
and discontinuous PWM. However, in practical applications, to ensure the stability of the
working conditions, the modulation method cannot usually be changed, so this method is
not practical. In [29], a second current harmonic is injected into the DC bus to eliminate the
influence of deadtime, but the injected current harmonics will introduce additional torque
harmonics into the system.

1.4. Main Contributions

An equivalent nonlinear inverter model considering the parasitic capacitance is estab-
lished. The neural network model corresponding to the equivalent circuit is established to
accurately identify the deadtime effect under any load conditions without using the linear
equivalent method. In addition, the identification algorithm of resistance and inductance
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parameters is optimized, and the parameter identification can be realized at zero and a low
speed by using a 1% rated current injection. It greatly reduces the impact on the operation
state of the system. The high-performance control of the motor current without parameter
setting is realized through the proposed deadtime compensation method and parameter
identification algorithm.

1.5. Paper Structure

In this paper, the equivalent nonlinear model of the motor and inverter is first es-
tablished, then it is transformed into the neural network model. After that, the update
algorithm of the weight function is derived. A sinusoidal current with a specified frequency
is injected into the d-axis, and the data of phase A current and d-axis voltage are collected.
These data are input into the neural network to identify the deadtime model. In addition,
an online parameter identification strategy based on the adaptive algorithm is theoretically
derived.

The structure of this paper is organized as follows. In the Section 2, the effect of
parasitic capacitance on the deadtime model is analyzed. An offline neural network model
is established in the Section 3. In the Section 4, the online parameter identification algorithm
is deduced. In addition, the corresponding algorithm is verified experimentally in Section 5.
Finally, the discussion and conclusion are given in Sections 6 and 7.

2. The Nonlinearity of Deadtime Effect

Due to the deadtime effect of the inverter, there is an error between the given voltage
and the output voltage, and this voltage error will be coupled with the resistance voltage
drop, which will result in the identification error of the resistance. Moreover, the voltage
disturbance of the deadtime effect will also produce fifth and seventh harmonics in the
phase current, resulting in fluctuations in the identification of the inductance parameters.
However, considering the influence of parasitic capacitance, the deadtime effect will be
affected by the amplitude of the load current and show nonlinear characteristics. The
influence of parasitic capacitance on the deadtime effect is analyzed in Figures 1 and 2.
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Figure 1. The deadtime effect considering the parasitic capacitance under positive current. (a) The
equivalent circuit. (b) The gate signal. (c) The drain-to-source voltage.

Figure 1 gives the variation process of voltage between the drain and source electrodes
in a switching cycle under positive current. In this figure, udc is the bus voltage; s1 and s4
are the power switches and g1 are g2 are the corresponding gate signals; D1 and D4 are the
freewheeling diodes; C1 and C4 are the parasitic capacitances; iu is the load current; Vu is
the output voltage, VD is the voltage drop of D1 and D4, VDS is the voltage drop of the
switch; tdead stands for the setting dead time; tc is the setting control period. Figure 1a gives
the current trajectory at different switch states. Figure 1b gives the gate signal considering
the deadtime, and Figure 1c gives the corresponding output voltage. In this figure, the blue
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block stands for the voltage drop compared with the ideal voltage and the yellow parts
means the voltage is increasing.
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During t0–t2, according to the gate signal shown in Figure 1b, s1 is closed and s4
keeps conducting. The positive load current can only flow through D4. In this situation,
Vu = −VD. g2 is turned off at t1, and g1 will be turned on at t2 because of the inserting
deadtime. Thus, a voltage loss will be caused during t1–t2, which is shown in Figure 1c. At
t2, the gate signal g1 changes to a high level and s1 is turned on. At this time, the current
loop is changed to s1 and Vu = udc − VDS. At t3, g1 is closed. However, the current will not
immediately change to D4, but will first charge and discharge the parasitic capacitors C1
and C4. During this process, the output voltage Vu decreases according to the charging
and discharging characteristics of the capacitor. Therefore, the slow change of voltage
causes the rise of average voltage during one period, which is shown as the yellow part
in Figure 1c. When the capacitor charge and discharge are completed, the current path
changes to D4.

The deadtime effect considering the parasitic capacitance under negative current is
shown in Figure 2. The path analysis of current under different switching states is similar to
the positive load current. However, the diode voltage drop, switching conduction voltage
drop and the deadtime will increase the average voltage. The charging and discharging
process of the capacitor will cause a decrease in the average voltage.

Summarizing the deadtime effect model considering parasitic capacitance, the follow-
ing conclusions can be derived:

(1) In the case of positive current, the switch, diode voltage drop and deadtime cause
the average voltage to decrease, while the parasitic capacitance effect increases the average
voltage, so the parasitic capacitance has the compensation effect on the deadtime effect.

(2) In the case of negative current, the switch, diode voltage drop and deadtime
cause the average voltage to increase, while the parasitic capacitance effect decreases the
average voltage. Therefore, the parasitic capacitance also shows the opposite effect of the
deadtime effect.

(3) The charging and discharging time of parasitic capacitors are related to the load
current. The smaller the load current is, the more obvious the compensation effect of the
deadtime effect is.

Therefore, due to the influence of parasitic capacitance, the deadtime effect is not only
related to the polarity of the current but also related to the amplitude of the current, which
leads to the nonlinear characteristics of the deadtime effect. The deadtime characteristics
remain unchanged when the hardware setting is completed. Therefore, an offline neural
network is proposed to identify the nonlinear deadtime characteristics.
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3. Offline Deadtime Compensation
3.1. Equivalent Identification Model of Deadtime Effect

The identification of the deadtime effect can be built as follows:
In Figure 3, V∗an, V∗bn, V∗cn stands for the voltage reference of phases A, B and C; D(ias),

D(ibs) and D(ics) are the voltage errors caused by the deadtime effect; Rs and Ls are the
phases resistant and inductance; Va, Vb and Vc are the back electromotive force. To avoid
the influence of back EMF on system identification, the motor is kept stationary during
the test process, and phase A is coincident with the d-axis. Therefore, Figure 3a can be
equivalent to Figure 3b. In Figure 3b, since phase A of the motor stays coincident with
d-axis, the voltage of phase A is equal to ud. When the three-phase load is assumed to be
completely symmetrical, the voltage of phases B and C is equal to −0.5 times the voltage
of phase A. Therefore, it can be calculated that the line voltage of phases A and B is equal
to 1.5 times the d-axis voltage. According to the above calculation, the Kirchhoff voltage
equation in Figure 3b can be obtained as follows:

− 3
2

ud + D(ias) + Rsias − Rsibs −D(ibs) = 0 (1)
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According to the current relationship, ias = −0.5ibs can be obtained. Substitute it into
the above formula to obtain:

D(ias) + D(0.5ias) =
3
2
(u∗d − Rsias) (2)

Because D(ias) is nonlinear, D(ias) 6= D(0.5ias). Therefore, to identify the nonlinear
function D(ias), a three-layer fully connected back propagation neural network is used to
identify the function.

3.2. The Establishment of Neural Network

The neural network identification process is established according to Equation (2), and
the principle is shown in Figure 4. Figure 4b gives the identification calculation loop, which
is designed through Equation (2). In this figure, f (i) represents the deadtime model to be
identified, v1 is the output of input ias and v2 is the output of 0.5ias and d* represents the
ideal voltage, which is defined as d∗ = 1.5(u∗d − Rsias). The deadtime identification model
is established according to (2), which consists of two inputs, namely ias and 0.5ias. In this
paper, a three-layer neural network structure is shown in Figure 4c. It is used to identify the
deadtime function f (i), and the two inputs at the same time are substituted into the network
to calculate the error e. Then, the weight coefficient in the network is updated through the
error. The specific process is shown in Figure 4a, in which NB represents the set batch size,
and N represents the number of cycles. According to Figure 4a, the identification process
of the neural network is as follows:
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Figure 4. Offline neural network identification process.

First, the measured current and voltage parameters need to be normalized to (0,1)
to prevent saturation in the calculation of the network activation function; secondly, the
weight value of the established network is initialized. In this study, the weight is randomly
selected between 0 and 1 to prevent the network from falling into local optimization due to
the ill condition of the initial weight; finally, the current is input into the neural network for
forward calculation, and a set of output values can be obtained. After calculating the error,
the weight of the neural network is updated through reverse error transmission.

To deduce the forward calculation and weight update process, the calculation flow
chart of v1 is given in Figure 5. The calculation flow of v2 is similar to v1. In Figure 5,
taking the first hidden layer as an example, the weight coefficient wip jL means the weight
coefficient connected between the p-th neuron in layer I and the L-th neuron in layer J. yip

represents the input parameters of the p-th neuron in layer I, vjL stands for the input of
the activation function of the L-th neuron in layer J, ϕ() is the activation function and the
sigmoid function is used in this study, which is expressed as follows:

ϕ(x) =
2

1 + e−ax − 1 (3)

In this study, the back-propagation neural network is used, and its calculation process
can be divided into two parts, one is the forward calculation process and the other is the
weight reverse update process. These two processes are deduced as follows:
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3.2.1. Forward Calculation Process

As shown in Figure 5, to identify the deadtime effect, a three-layer neural network is
used to identify the nonlinear function f (i). Taking the output v1 as an example, it meets
the following equation in the forward calculation process:

v1 =
N4
∑

m=0
yom womy

f (i) = ϕ(v1)
(4)

In Equation (4), yom represents the m-th output of the output layer, womy1 represents the
weight coefficient from the m-th neuron of the output layer to the output and N4 represents
the number of network neurons of the output layer. The forward calculation process of
other layers is similar to Equation (4), and the output layer can be derived as:

v1 = f (i)
v2 = f (ias/2)
e(n) = d∗ − v1 − v2

(5)

The error corresponding to the n-th input can be obtained through Equation (5).
To prevent the gradient from entering the local optimum during updating, the weight
coefficient is updated by batch gradient descent in this study. Therefore, the system error is
defined as follows:

E(k) =
1
2

NB

∑
n=1

e2(n) (6)

In Equation (6), k stands for the iteration period.

3.2.2. Back Propagation Process

After calculating the error according to the forward process, the weight coefficient in
the forward path needs to be adjusted according to the error, and the updating process
of the weight coefficient is from back to front, so it is called the back propagation process.
Because the same neural network is used to identify the function, the weight coefficients of
the same layer are the same for two inputs, but output y is different. In addition, according
to Equation (6), the batch error is a convex function, so the weight coefficient can be updated
by the steepest gradient descent method:

WIi jk = WIi jk − µ
NB

∑
n=1

G(n)/NB (7)

In Equation (6), G(n) represents the gradient at time interval n. To obtain the gradient
of neurons at different layers, the process is divided into two cases:

1. For the output layer

From Figure 5, it can be obtained that:

v1 =
N4
∑

p=1
y1om womy

v2 =
N4
∑

p=1
y2om womy

(8)

Then the gradient G(n) of womy can be calculated as

G(n) = ∂E(n)
∂womy

=
NB
∑

i=1

∂E(n)
∂e(n) (

∂e(n)
∂D(ias)

∂D(ias)
∂v1

∂v1
∂womy

+ ∂e(n)
∂D(ias/2)

∂D(ias/2)
∂v2

∂v2
∂womy

)
(9)
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In Equation (9):
∂E(n)
∂e(n) = e(n) ∂e(n)

∂D(ias)
= −1

∂D(ias)
∂v1

= ∂ϕ(v1)
∂v1

∂v1
∂womy

= y1om

(10)

It also can be derived that:

∂e(n)
∂D(ias/2) = −1
∂D(ias/2)

∂v2
= ∂ϕ(v2)

∂v2

∂v2
∂womy

= y2om

(11)

Submitting Equations (11) and (10) into Equation (9), it can be inferred that:

G(n) =
NB
∑

i=1

∂E(n)
∂e(n) (

∂e(n)
∂D(ias)

∂D(ias)
∂v1

∂v1
∂womy

+ ∂e(n)
∂D(ias/2)

∂D(ias/2)
∂v2

∂v2
∂womy

)

=
NB
∑

i=1
e(n)(−ϕ′(y1)y1om − ϕ′(y2)y2om)

(12)

2. For the hidden layer

Taking the second hidden layer as an example, the gradient of wjLkp is calculated as
follows:

G(n) = ∂E(n)
∂wjLkp

=
NB
∑

i=1

∂E(n)
∂e(n) (

∂e(n)
∂D(ias)

∂D(ias)
∂v1

N4
∑

m=0
( ∂v1

∂y1om

∂y1om
∂v1om

N3
∑

p=0

∂v1om
∂y1kp

∂y1kp
∂v1kp

∂v1kp
∂wjLkp

))

+
NB
∑

i=1

∂E(n)
∂e(n) (

∂e(n)
∂D(ias/2)

∂D(ias/2)
∂v2

N4
∑

m=0
( ∂v2

∂y2om

∂y2om
∂v2om

N3
∑

p=0

∂v2om
∂y2kp

∂y2kp
∂v2kp

∂v2kp
∂wjLkp

))

(13)

In Equation (13):

∂E(n)
∂e(n) = e(n) ∂e(n)

∂D(ias)
= −1 ∂D(ias)

∂v1
= ϕ′(v1)

∂v1
∂y1om

= womy
∂y1om
∂v1om

= ϕ′(v1om)
∂v1om
∂y1kp

= wkpom

∂y1kp
∂v1kp

= ϕ′(v1kp)
∂v1kp

∂wjLkp
= y1jL

(14)

Similarly, for the output v2, it can be derived that:

∂e(n)
∂D(ias/2) = −1 ∂D(ias/2)

∂v2
= ϕ′(v2)

∂v2
∂y2om

= womy
∂y2om
∂v2om

= ϕ′(v2om)
∂v2om
∂y2kp

= wkpom

∂y2kp
∂v2kp

= ϕ′(v2kp)
∂v2kp

∂wjLkp
= y2jL

(15)

Submitting Equations (15) and (14) into Equation (13), the gradient G(n) of wjLkp can
be calculated as:

G(n) = ∂E(n)
∂wjLkp

=
NB
∑

i=1
e(n)(−ϕ′(v1)

N4
∑

m=0
(womy ϕ′(v1om)

N3
∑

p=0
(wkpom ϕ′(v1kp)y1jL)))

+
NB
∑

i=1
e(n)(−ϕ′(v2)

N4
∑

m=0
(womy ϕ′(v2om)

N3
∑

p=0
(wkpom ϕ′(v2kp)y2jL)))

(16)

3. Cut-off condition
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To prevent the over fitting phenomenon, the cut-off condition is designed as follows:

E(k) =
1
2

NB

∑
n=1

e2(n) ≤ αE(k + 1) α ∈ (0, 1] (17)

In Equation (17), α represents the sensitivity coefficient. The closer it is to 1, the stricter
the cut-off condition is, but it may lead to system overfitting. If α is close to 0, the cut-off
condition is more relaxed, however, it may cause the system to converge to the local optimal
value. Based on the above analysis, the method adopted in this study is α = 0.6.

4. Online Parameter Identification

Since the q-axis current will affect the electromagnetic torque, if the parameters are
identified through the q-axis current, the motor torque may be disturbed. Since the control
objects in this paper are surface-mounted permanent magnet synchronous motors; that
is, the inductance of the dq-axis is equal. Therefore, in this paper, the d-axis inductance is
identified by using the d-axis voltage equation. The equation is as follows:

.
id = λ1ud + ωeiq − idλ2 (18)

In Equation (18), λ1 = 1
Lm

, λ2 = Rs
Lm

. Lm is the d-axis inductance, and Rs is the resistance.
The online parameter observer can be built from Equation (18) as:

.
îd = λ̂1ud + ωeiq − îdλ̂2 (19)

In Equation (19), λ̂1 and λ̂2 are the estimation values of λ1 and λ2. Subtracting
Equation (19) from Equation (18) obtains:

.
ĩd = λ̃1ud − ĩdλ2 − îdλ̃2 (20)

In Equation (20), ĩd = id − îd, λ̃1 = λ1 − λ̂1, λ̃2 = λ2 − λ̂2. To design an appropriate
adaptive rate and ensure that the parameters can converge to the true value, the Lyapunov
function is designed as follows:

x(t) =
1
2

ĩd
2 +

1
2p1

λ̃1
2 +

1
2p2

λ̃2
2 (21)

In Equation (21), p1 and p2 are two positive real numbers. Thus, it can be derived that:

.
x(t) = ĩd

.
ĩd +

1
p1

λ̃1

.
λ̃1 +

1
p2

λ̃2

.
λ̃2 (22)

Since the resistance and inductance parameters can be considered as slowly changing
variables, the above formula can be simplified as:

.
x(t) = ĩd

.
ĩd −

1
p1

λ̃1

.
λ̂1 −

1
p2

λ̃2

.
λ̂2 (23)

Substituting Equation (20) into Equation (23), it can be derived that:

.
x(t) = ĩd(λ̃1ud − ĩdλ2 − îdλ̃2)−

1
p1

λ̃1

.
λ̂1 −

1
p2

λ̃2

.
λ̂2 (24)

The adaptive laws can be designed as follows:

.
λ̂1 = p1 ĩdud.
λ̂2 = −p2 ĩd îd

(25)
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Substituting Equation (25) into Equation (24), it can be derived that:

.
x(t) = ĩd(λ̃1ud − ĩdλ2 − îdλ̃2)− 1

p1
λ̃1 p1 ĩdud − 1

p2
λ̃2 p2 ĩd îd

= −ĩd ĩdλ2 ≤ 0
(26)

Therefore, the adaptive law designed as Equation (25) can ensure that the error of
Equation (20) converges to zero. In addition, to ensure λ1 and λ2 converge to the true value
requires the adaptive system Equation (19) to meet the sufficient excitation conditions, so
two different sinusoidal currents of 200 and 500 Hz with 1% rated amplitude are injected
into the d-axis current.

Combing with the offline deadtime compensation and online parameter identification
method, the control structure is shown as Figure 6.
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5. Results

To verify the validity of the algorithm, experimental verification of the proposed
algorithm is carried out in this section. The parameters of PMSM are given in Table 1, and
the experimental platform is shown in Figure 7. Figure 7a shows the inverter board, and
Figure 7b gives the motor test platform. The inverter block in the experiment is Infenion
Intelligence power module IM513-L6A

Table 1. Parameters of the PMSM motor.

Parameters Units Values

Rated voltage Udc V 220
Rated power P kW 0.4

Stator resistance Rs Ω 1.7
Rated speed n r/min 3000

Torque T N·m 1.27
inductance L mH 6

Flux linkage of PM ψf Wb 0.071
Rotational inertia J Kg·m2 0.000029
Sampling period Ts s 0.0001
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1. Identification of inverter nonlinearity

In this experiment, the test motor is controlled at 0 rpm, and the d-axis is kept coinci-
dent with phase A. The load current is controlled at different amplitudes, and the voltage
waveform is shown as follows:

Figure 8 shows the relationship between the drain and source voltage at different load
currents when the polarity of the current remains positive. It can be seen from Figure 8a that
the current has no influence on the voltage characteristics during the opening process of the
forward current. After the opening propagation, the current at different amplitudes reaches
the bus voltage at the same time. For the turn-off process, as shown in Figure 8b, VDS does
not immediately drop to zero but slowly decreases due to the charging and discharging
process of parasitic capacitance, and the decreased time is related to the phase current.
The smaller the phase current is, the longer the charge and discharge time will be, and the
voltage error will be generated during the turn-off process, which will lead to an increasing
in the average voltage. This voltage can compensate for the voltage disturbance caused by
the deadtime effect for the positive current. Figure 9 shows the process of turning on and
off when the current is negative.

In Figure 9, the load current is negative, and the switch opening process is not related
to the phase current amplitude, which is shown in Figure 9a. After the opening of the
switch propagation, the VDS at different current amplitudes changes to zero at the same
time. In the process of switching off, the current path will first pass through the parasitic
capacitance, and the charge and discharge times are related to the current amplitude. VDS
will not reach the stable value immediately, resulting in the average voltage drop, as shown
in Figure 9b. Therefore, for negative phase current, the effect of parasitic capacitance
increases the average voltage, and the lower the current amplitude is, the more obvious the
effect of parasitic capacitance is.

To identify the nonlinear deadtime characteristics, the phase of the d-axis coincides
with phase A, and a sinusoidal current was injected to phase A to make the current signal
fully changed in the nonlinear interval. The d-axis voltage and phase A current are collected
to identify the deadtime characteristics.
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The offline neural network identification results are presented in Figure 10. Figure 10a
shows the measured signal value. Since d-axis and phase A are kept coincident at this time,
the amplitude of phase A current is twice that of phases B and C’s current. By substituting ia
and ud into the established offline neural network, deadtime characteristics can be identified,
as shown in Figure 10b. The relationship between the current amplitude and deadtime
voltage is given in this figure. As the current amplitude rises, the deadtime voltage tends
to be constant, showing a saturation characteristic. When the current amplitude is small,
the deadtime voltage drop is approximately linear to the current. Figure 10b also verifies
the influence of parasitic capacitance on deadtime compensation; that is, the lower the
current amplitude is, the lower the deadtime disturbance voltage is. The convergence
process of the identification error is shown in Figure 10c. In Figure 10c, the iteration error
decreases with the increase in iteration times, and the iteration stops after the convergence
condition is reached, indicating that the designed cut-off condition, Equation (17), can
ensure that the error converges to a smaller value. Based on the relationship between error
voltage and current in Figure 10b, the compensation voltage and the measured voltage
error are calculated, which is shown in Figure 10d. In this figure, ue represents the deadtime
characteristics identified by offline neural network, and um represents the actually measured
deadtime characteristics. As can be seen from Figure 10d, the identification voltage can
follow the actual deadtime voltage in both the dynamic process and the steady process well,
and the overall error between the two is less than 0.1 V. Therefore, the proposed offline
neural network identification method can be used to compensate the deadtime effect at any
current amplitude.
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2. Identification of PMSM parameters

To verify the effectiveness of the parameter identification algorithm in the low-speed
region, the parameter identification algorithm was verified at different speeds. The accuracy
of the parameters was verified by the response of the current for the square wave reference
with the amplitude of 0.05 A at the q-axis. The tested motor is driven by a commercial servo
motor and controlled in constant speed mode.

In the identification process, the whole process is divided into three stages. The first
stage is the initial parameter stage, and both λ1 and λ2 are set to 1. In this stage, adaptive
parameter identification is not enabled. In Stage (2), parameter identification was enabled,
and sine waves of 200 and 500 Hz with an amplitude of 0.025 A were injected into the
d-axis; Stage (3) enables the proposed offline deadtime compensation algorithm.

In Figure 11, R represents the identification resistance in ohms, L represents the
identification inductance in millihenry, Rre is the real motor inductance in ohms and Lre
represents the real inductance in millihenry. In Figure 11a, the variation trend of the
parameters in the Stages (1), (2) and (3) at zero velocity is given. In Figure 11a1–a3, the
corresponding transient waveform at different stages is given. In Figure 11b, the tracking
of the q-axis current on the given square wave is given. (1), (2) and (3) in this figure
correspond to the three parameter change stages in Figure 11a. In addition, the transient
process of the q-axis current at each stage is displayed in Figure 11b1–b3. It can be seen from
stage (1) in Figure 11a,a1 that when parameter identification is not enabled, the resistance
and inductance values in the controller remain at 0, so the q-axis current in Stage (1) of
Figure 11b will not follow the reference square wave current. At Stage (2) of Figure 11a,
the online parameter identification strategy is enabled. Currently, the inductance rapidly
converges to the true value, but the resistance converges to the wrong parameter due
to the influence of the inverter deadtime. It can also be seen from Figure 11a2 that the
inductance parameter converges to the true value after a short step, but the resistance
parameter error increases gradually. At this time, the corresponding current response is
shown in Figure 11b2. Since the inductance parameter is larger than the true value at
the beginning, the q-axis current has a large overshoot during the step. However, as the
inductance is closer to the true value, the overshoot decreases. When the offline deadtime
compensation model is enabled in Stage (3) of Figure 11a, the inductance parameters remain
at the true value, while the resistance parameters gradually converge to the true value from
the previous error steady-state value. At this time, the current response of the q-axis is
shown in Figure 11b3. When the resistance value is too large, the feedback current iq is
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greater than the given value iqr, resulting in steady-state error. With the convergence of the
resistance values, the q-axis current can be tracked without overshoot and static error.
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Figure 11. The parameter identification results at 0 rpm.

Figure 12 shows the parameter identification results at the speed of 50 rpm, and the
whole identification process is divided into three stages. In Stage (1), the resistance and
inductance parameters are not accurate. Therefore, the q-axis current is not controlled
at this time which is shown in Stage (1) of Figure 12a,b1. After the online parameter
identification is adopted in Stage (2), the inductance converges to the true value after the
transient step, but the resistance parameter converges to the wrong value. Currently, the
q-axis current begins to track the current reference after the inductance converges. The
parameter convergence waveform is shown in Stage (2) of Figure 12a,a2. The current
tracking waveform is shown in Figure 12b2. In Stage (3), the offline deadtime compensation
is enabled, and the resistance parameters converge to the real value rapidly. Further, the
fluctuation of inductance parameters decreases and becomes more stable. The waveform
is shown in Stage (3) of Figure 12a. At this time, the steady-state fluctuation of the q-axis
current is smaller as the resistance converges and is shown in Figure 12b3.
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Figure 13 shows the motor parameter identification results at 100 rpm. After parameter
identification is enabled in Stage (2), the inductance parameters converge to the true value
while the resistance parameters converge to the wrong value, and the q-axis current can
track the reference value. After offline deadtime compensation is enabled in Stage (3), the
resistance converges to the true value. The detailed analysis is the same as that at zero
speed and 50 rpm.
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6. Discussion

To identify the parameters at the low-speed region, the influence of the deadtime effect
considering the parasitic capacitance is researched. Because of the nonlinear characteristics
of the deadtime effect, an offline neural network is proposed to identify the deadtime
voltage. Combined with the deadtime compensation method, an online parameter iden-
tification algorithm is proposed based on a model adaptive reference strategy. From the
experimental results, the effectiveness of the proposed method is verified.

7. Conclusions

Through experimental and theoretical verification, the identification results of the neu-
ral network can track the actual voltage error well, and according to the identified current
and voltage characteristics, the nonlinear characteristics of the system can be observed,
which verifies the theoretical correctness of this paper. Using the proposed deadtime
compensation method, decoupling of the deadtime voltage and resistance voltage drop
is achieved, realizing the online identification of resistance parameters and inductance
parameters in the low-speed region. Using the online identification algorithm, the dead-
beat dynamic performance of the current loop without the need for initial parameters is
realized. To sum up, through the deadtime compensation strategy and parameter online
identification strategy proposed in this paper, the high dynamic and high robust operation
of the current loop for the servo system in the low-speed region is realized.
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