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Integrating physical and data-driven system
frequency response modelling for wind-P V-
thermal power systems

Jianhua Zhang, Member, IEEE, Yongyue Wang, Guiping Zhou, Lei Wang, Bin Li and Kang Li, Senior
Member, IEEE

Abstract—This paper presents an integrated system frequency
response (SFR) modelling method for wind-PV-thermal power
systems (WPTPSs) by combining physical model-driven and data-
driven modelling method. The SFR physical model is built and
simplified by the balanced truncation (BT) method. Based on the
physical model, an improved radial basis function neural networks
(RBFNNs) is then employed to establish an off-line SFR model
using source data. Following the transfer learning method, the
transferred data from the source data set is determined by the
maximum mean discrepancy (MMD) criterion. The RBFNNs-
based SFR model is then fine-tuned using the transferred source
data and target data. Finally, the fine-tuned RBFNNs is applied to
investigate real-time SFR of WPTPSs. Simulation results testify
the effectiveness of the proposed SFR modelling strategy for an
illustrative WPTPS.

Index Terms—Data-driven modelling, neural networks,
physical model, primary frequency control, renewable energy,
system frequency response, transfer learning.

[. INTRODUCTION

HE imbalance between power generation and load causes

frequency deviation. With the energy transition towards
carbon neutrality, high-penetration renewable energy sources
will connect to power grid. This poses some new operation and
generation challenges. Apart from the reduced system inertia,
the stochastic fluctuations induced by photovoltaic (PV) power
plants and wind power plants lead to the randomness and
volatility of power generation. Hence, the characteristics and
operating state of the wind-PV-thermal power system (WPTPS)
change dynamically. In this context, it is crucial to investigate
system frequency response (SFR) [1, 2].

The SFR model of a WPTPS can facilitate a quick and
quantitative study of the frequency response characteristics
without simulating the complex WPTPS. The SFR model
reveals the dynamic relationship between the additional active
variation and the frequency deviation. Compared with the
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standard dynamical system identification, the SFR model can
be employed to evaluate the inertial and droop responses of a
TPWPS.

In order to study the dynamic characteristics of system
frequency under the disturbance of generation or load, some
approaches to SFR modelling have been presented in terms of
physical modelling, data-driven modelling, and integrating
physical and data-driven modelling.

Physical modelling method has been widely used to analyze
the system frequency dynamics [3-11]. Chan et al. built the
average system frequency model for the first time, the average
system frequency behavior of a multi-generator system was
modelled to investigate the effects of governor-turbine
dynamics on SFR following a major loss of generation, three
kinds of models were built in terms of delay model, canonical
model and integrating delay and canonical model [3]. Then
Anderson and Mirheydar further established a low-order SFR
model by neglecting nonlinearities and small time constants in
the equations of the generating units of the power system [4].
Afterward, the analytic SFR model presented in [4] was applied
to investigate the aggregated load-frequency behavior
following a contingency in isolated power systems [5].
Following the physical model in [4], the multi-machine SFR
model was aggregated into a single-machine model [6]. Apart
from these SFR physical models built for thermal power plants,
more recent studies were proposed to establish physical models
for wind power plants [7-12] and PV power plants [13],
respectively. An analytical model was proposed to investigate
inertia and droop responses for a wind farm connected to power
grid [7]. A low-order SFR model was established for power
systems with high penetration of wind power plants [8]. An
extended SFR model was built for high penetration of wind
power, in which the operating regions and wind speed
disturbance were taken into account [9]. An SFR model was
proposed to analyze the system frequency dynamics of large-
scale power systems with high penetration of wind energy [10].
An SFR modelling method was provided for a power system
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composed of a wind power plant with Type 3 wind turbines and
a thermal power plant with a synchronous generator. Based on
the mass-spring-damping concept, the uniform SFR model was
then obtained [11]. By adding new constraints, the SFR model
was employed to integrate wind power plants into power
systems within the framework of security-constrained unit
commitment[12]. A small-signal PV system model was
presented to design frequency support control systems [13]. In
practical WPTPSs, there are nonlinearities in wind/PV/thermal
power plants. Besides, there exist nonlinearities in power
electronic interfaces by which renewable energy power plants
are connected to power grid. In addition, renewable energy
power plants induce non-Gaussian disturbances. The above-
mentioned physical modelling methods are clear in logistics
and rigorous in derivation, but some necessary assumptions and
rational simplifications are needed. These SFR modelling
methods can’t deal with nonlinearities and stochastic
disturbances well. Obviously, the accuracy of the established
physical models limits their application in engineering practice.

Recently, several data-driven SFR modelling methods were
proposed to cope with nonlinearities and disturbances. A
transfer function identification method was presented to
investigate a load frequency regulation oriented thermal power
unit’s dynamic model, in which a two-stage procedure is used
to reduce both noise effects and the order of the transfer
function [14]. The power system frequency response can be
estimated from ambient synchrophasor measurements, the
analytical conditions were developed for establishing the
equivalence between the cross correlation of ambient generator
speed data and the SFR between any two locations [15].
Support vector regression was employed to estimate the
minimum frequency and dynamic SFR of a disturbed power
system [16]. Based on survival information potential (SIP)
criterion, an improved radial basis function neural network
(RBFNN) was presented to build the equivalent model of wind-
thermal integrated power systems [17]. Although nonlinearities
and uncertainties of the SFR might be revealed using the above
data-driven modelling methods, however, their accuracy
depends on the quantity and quality of the database. These data-
driven SFR modelling methods can obtain the SFR model in the
vicinity of certain scenarios based on the collected input-output
data. Nevertheless, the established data-driven models can’t
reveal the dynamics of the power system in other scenarios due
to lacking knowledge transferability.

When physical modelling and data-driven modelling
methods are used alone, the obtained SFR model performance
is not necessarily satisfactory. A complete and effective SFR
modelling method is expected by integrating the advantages of
physical model-driven methods in causality processing and
data-driven methods in high-efficiency correlation analysis.
Previous work hardly investigates integrated SFR modelling
methods by combining physical models with data-driven
models. More recently, an SFR modelling method was
proposed by integrating a physical model and a data-driven
model [18]. Based on statistical data, the uncertain variabilities
in power systems were modelled using Monte Carlo simulation.
The wuncertain variabilities induced by measurement,

communication, generation, and load were all regarded as

additive disturbances. Although stochastic disturbances are

considered in [18], the stochastic model added to the
conventional SFR physical model is linear.

Up till now, little research has focused on hybrid power
plants connected to power grid except that in Ref. [11-12].
Motivated by these investigations, this work deals with
integrated SFR modelling methods for WPTPSs. Considering
the drawbacks of previous methods, a novel SFR modelling
approach is proposed for WPTPSs by integrating its physical
model with a data-driven model. The proposed approach
exploits a reduced-order physical model to screen critical
features for a subsequent data-driven model. Inspired by neural
networks-based system identification and transfer learning (TL),
the data-driven SFR modelling method is presented by
combining an improved RBFNNs with TL. Neural networks-
based system identification methods have been used to model
complex processes or systems with nonlinearities and
uncertainties and demonstrated their versatility and
effectiveness [19-20]. In particular, the improved RBFNNs-
based system identification approaches were presented and
applied in [17, 21-25]. Along this line of consideration, an
improved radial basis function neural network (RBFNN) is
utilized to build a data-driven model in this work, which deals
with non-Gaussian disturbances from PV and wind power
plants. The knowledge transferability obtained by TL can be
found in [26-28]. Accordingly, TL is introduced to enhance the
learning performance of the RBFNNs. The SFR knowledge of
the WPTPS operating in other scenarios can be transferred
without much expensive data-collecting effort.

The major contributions of this paper lie in:

1) An integrated SFR modelling scheme is proposed for
WPTPSs by combining a physical model and a data-driven
model. Physical and data-driven SFR modelling is
implemented in sequence.

2) The balanced truncation (BT) method is employed to
reduce the order of the SFR physical model, which
decreases the input feature dimensions of the data-driven
model. Accordingly, the learning efficiency and flexibility
of the RBFNNs-based SFR modelling method can be
improved.

3) The improved RBFNNs deals with non-Gaussian
disturbances from PV and wind power plants when training
RBFNNs based on the SIP of frequency deviation.

4) A data-driven SFR modelling method is presented by
incorporating TL into the improved RBFNNs. The
maximum mean discrepancy (MMD) criterion is used to
improve the transferability of the RBFNNs-based pre-
trained SFR model.

The rest of the paper is organized as follows. Section II
proposes an integrated SFR modelling scheme for a WPTPS by
combing a physical model, an improved RBFNNs, and
transferred knowledge together. Section III presents the
integrated SFR modelling method. Section IV conducts the
simulation research on SFR modelling for an illustrative
WPTPS. Section V concludes this paper.
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II. INTEGRATED SFR MODELLING SCHEME FOR WPTPSs

This section introduces the integrated SFR modelling scheme
and the WPTPS shown in Fig. 1. Moreover, the four-stage
implementation of the integrated SFR modelling method is
shown in Fig. 2.

Figure 1 shows the integrated SFR modelling schematic
diagram for a WPTPS. The power system is composed of 1) the
wind power plant consists of p wind turbines based on doubly
fed induction generator (DFIG) and their primary frequency
regulation; 2) The PV power plant includes g photovoltaic
panels and their primary frequency regulation; 3) The thermal
power plant includes r synchronous generators and their
primary frequency regulation control and 4) Local load.

The dynamic behavior of WPTPSs is complicated in terms of
time-varying, nonlinearities, uncertainties, intermittence, and
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Fig. 1. Schematic diagram of building the model.
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Fig. 2. Integrated SFR modelling scheme.

so on. Therefore, an integrated SFR modelling scheme is
presented for WPTPSs in this section.
The goal is to establish an SFR model by integrating physical

and data-driven modelling approaches. The dynamic frequency
response characteristics of WPTPSs can then be accurately and
quickly analyzed under the time scale of primary frequency
regulation. The collected input data includes the input power,
the wind farm power, the photovoltaic power, the mechanical
power of the thermal power plant, and the load. The collected

output signal y is the system frequency deviation at the point
of common coupling (PCC) shown in Fig. 1. y, represents the

modelling output, and e =y —y,, is the modelling error.

As shown in Fig. 2, the integrated SFR modelling process is
composed of 4 stages: 1) Building the physical model at
beginning stage; 2) Improving RBFNNs at offline stage; 3)
Fine-tuning the RBFNNS at offline stage, and 4) Applying the
fine-tuned RBFNNSs to the WPTPS at online stage.

III. INTEGRATED SFR MODELLING METHOD

This section presents the four-stage hybrid SFR modelling
method in detail. Finally, the procedures to implement the
proposed integrated SFR modelling approach are summarized.

A. Physical Model

In order to sift critical features for the subsequent data-driven
model, the input/output orders of the SFR physical model need
to be reduced. Specifically, the input nodes of the RBFNN -
based data-driven SFR model can be determined according to
the reduced-order SFR physical model.

Although the reduced model of a WPTPS can be obtained
based on the high-order, high-fidelity SFR physical model,
slow system dynamics of the boiler and the fast generator
dynamics are usually ignored for power system frequency
analysis and control design. Hence, a reduced model of a
WPTPS can be developed using the simplified SFR model
shown in Fig. 3.

The simplified transfer functions of the thermal power plant,
the PV plant and the wind plant are formulated. The overall SFR
physical model is then established for the WPTPS. Afterward,
the order of the physical model is reduced by the balanced

AP, AP 1 y
2H.s+D

-
-

1+ Fpe TengS
Ry (1+ Tiys)

B (s)

P AF,(s) nys

- 3 2
A myS™ +ms” +m,s +m,

Py (5)

A
L/
A

AP, (s) K
(Tpyys + DTy 5 +1)

hpy ()
Fig. 3. Block diagram of a WPTPS using the simplified SFR model.
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truncation (BT) method. The simplified SFR physical model
can then be obtained at stage 1.

The block diagram of a WPTPS is shown in Fig. 3, where
h.(s), hy(s), and Ay, (s) are the transfer functions of a
thermal power unit, PV plant, and wind plant respectively.
AP.(s) , AP,,(s), and AB,.(s) stand for the output power
changes of the thermal power unit, PV plant, and wind power
plant for frequency regulation respectively. s and D are the

equivalent inertia constant (seconds) and the equivalent load
damping coefficient, respectively.
The overall generator-load dynamic relationship between the

incremental mismatch power AP /(s) and the frequency
deviation can be described by

ye) 1 0
AP (s) 2H s+D

where AP,(s) = AP, (s)+ APy (5) + APy, ()~ AP (s) . AP,(s)

is the overall generator-load disturbances.

Several low-order models for the representation of a thermal
power plant, PV plant, and wind plant have been proposed to
analyse power system frequency and design frequency
regulation systems [29-31].

Taking the mechanical power change as the output and the
system frequency deviation as the input, a simplified turbine

governor model of a single reheat thermal power unit can be
obtained [29].

AP (s) _ U+ Fypo TrS
() R+ T68)

where R is the adjustment coefficient of the steam turbine

hy(s) =

@)

governing system. Ty, stands for the parameter of the reheater

time constant. [}, represents the power proportion of high-

pressure turbine stage of the thermal power unit.

The change of wind speed will affect the operating state of
the DFIG wind turbine. In order to investigate the primary
frequency response of each wind turbine generator in a wind
plant, it can be assumed that the speed difference of each wind
turbine generator is small, as a result, the speed is
approximately equal to the average speed. In addition, the
system frequency deviation signal detected by each wind
turbine is nearly identical. Therefore, the parameter aggregation
method based on weighted dynamic equivalence can be utilized
to establish the transfer function of the wind plant. The
aggregated transfer function of the wind plant can be described
by [30]

AF,. (s) _ nySs
(s)
where the model parameters can be obtained in [30].

The aggregated transfer function of a PV plant can be

formulated by [31]

Py (8) = (3)

3 2
mys” +ms” +m,s +m,

AP, (s) _ K @)
() (T + DTy 58 +1)
where K is the droop gain of the PV plant. 7, represents the

hpy ()=

time when the frequency regulation command from the power
control system of the PV plant is sent to the inverter. 7,
stands for the execution time of the inverter.
The frequency deviation can be expressed by following SFR
physical model:
y(s) _ ass® +ass’ +a,st+as’ +a,s’ +as+a, )
APy (s) b,s" +bs® +bs’ +b,s* +b,s’ +b,s> +bs+b,
Based on the model (5), BT method proposed by Moore [32]
is used to build a reduced-order SFR model with sufficient

accuracy. The model can be reformulated by the following
state-space model

x=Ax+ Bu
y=Cx
where AcR”7, BeR"™ and C € R"™ are the system, input,

and output matrices with proper dimensions. The BT procedure
is centered around information obtained from the controllability

Gramian W, and observability Gramian W,. Two Gramians

(6)

can be solved by the following Lyapunov equations
AW +W_.A" + BB" =0
{ATWO +W,A+C"C=0

By finding a similarity transformation T , balanced

realization is obtained such that
T'"W.T=T"W,T"" =diag(o,,0,,...,0;) (®)

n

()

where 0, >0, 2---> 0, >0 are Hankel singular values of the

system. Hence, the system in the new realization can be given

by
AT T'B] [A B
G(s) ~ T AT T B _| 4 _
CcT D C D

We select the 7 states related to the 7 largest Hankel

A, A, B
A,, B,| 9)

A

¢, ¢, D

>

=

2

singular values, the 7" order reduced model G.(s) can then

be obtained as follows:

[AII BI:|
G.(s)~| . (10)
¢, D

Following the simplified SFR physical model (10), lower
input and output orders of the SFR model, m and n , are
known. Consequently, both input and hidden nodes of the
RBFNNs can be further decreased.

B. Data-driven model

In this section, the data-driven SFR model is implemented by
an improved RBFNNs. First, the improved RBFNNs is
employed to obtain the pretrained SFR model using source data
at stage 2. The fine-tuned SFR model is then obtained at stage
3 by combining the pretrained RBFNNs model and TL.

Following the developments of RBFNNs [17, 21-25], an
n—n, —1 RBFNNs is utilized to build the data-driven model for

the WPTPS. Denote x and y, (k) as the input and output of
RBFNNS, respectively. The input consists of the sequence of
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the disturbances and the measured frequency deviation.
x =[AP,, (k),.. AP, (k —m),AP,, (k),.. AP, (k —m),

AP, (K),...AP,, (k —i71), AP, (K),..AP,,, (k — i),

y(k),..y(k=m)]" eR™
where the number of the input nodes is n=4m+n+5. The
identified frequency deviation y, (k) can be described by

71y

Y (K) =Zw,(k—1)R,(X(k)) (11)

where ®; is the connection weight between hidden layer and

output layer. The output of the j* hidden node is

[xtk)=e,(k-D|

R, (xR = expl =0

(12)

where ¢; € R™ denotes the center vector of the j” hidden

neuron. "x(k) —c, (k- 1)" is the Euclidean distance between x

and ¢;. b; stands for the radius or width of the j” hidden

neuron.

Power grids are impacted by multiple kinds of disturbances
induced by varying demands, grid-connected renewable power,
and energy trading. The frequency time series of power grids in
North America, Japan, and Europe were investigated in [33], in
which the power grid frequency fluctuations are non-Gaussian.
With the advancement of information theoretic learning

techniques, some statistical indices have been used to
investigate system identification, filtering, and control
strategies of mnon-Gaussian systems, such as entropy,

correntropy, high order moments, SIP, and so on [34-38]. The
SIP of a random variable is defined in terms of the survival
function instead of the probability density function (PDF) [36].
The SIP criterion outperforms the widely used minimum error
entropy criterion when dealing with non-Gaussian disturbances
[37-38]. For example, it is easy to estimate and has no
translation invariance. Therefore, the SIP criterion is applied to
train RBFNNSs in this work.

At instant k , the identification error e(k) = y(k)—y, (k) is
collected using a sliding window whose width is L, the
identification error is reformulated in ascending order of
magnitude, 0<e(k), <e(k), <..<e(k), , and then the «

order SIP of the identification error can be calculated by

S, (e(k) = j[ 1(| e(k), >e)j

ZLE((:)), ,( Zl(‘ e(k) |> e)j

Jj=1

Z(L'L”IJ (leh), |~ e(h), 1)

where the order @ >0. () is an indicator function. 1(4) =1
when 4 istrue,and #(4)=0 when 4 isfalse. Let e(k), £0,

Eq. (13) can be reformulated as follows:

(13)

ﬁa(e<k>):[ [LLlj J|e<k>|+
(%ja—maJe<k>Ll|+[ j le(),| (149

where/l.:[L_j+1 —[L_j .
/ L L

In this paper, @ =2, the quadratic SIP of the squared
identification error is used to train the RBFNNs

E(k) =S8, (¢*(k)) = Z/ljez (k),

(15)

The training rules of the weights between the hidden neurons
and the output neuron, ¢, , are formulated by the gradient

descent method
w;(k)=w,(k-D)+Ao,(k)+a(o,(k-1)-0,(k-2)) (16)
OE(k) OE(k) de(k) oy, (k)

Aw, k)= dw,(k—1) " de(k) ay, (k) dm, (k1)

L (17)
=273 Ayelh), R (x(k)

where 7>0 is the pre-specified learning factor, @ <[0, 1)
stands for the momentum parameter.
The training of the width of the " hidden neuron, b/_ , can

be formulated to give

b, (k)=b,(k=)+Ab (k)+&(b,(k-1)-b,(k-2)) (18)
where it can be further seen that
8b, () = - OE() _ _, OE(k) R, (x(k))
ob, (k1) OR, (x(k)) 0b, (k-1
» (19)

”x(k) —c; (k=1

The training of the center vector of the ;” hidden neuron,

= ZU(Z A;e(k) ) )eo; (k=DR, (x(k))

¢, ,can be described by

¢, (k)=c,(k=1)+Ac,(k)+a(c,(k-1)-c,(k-2)) (20)

where it can be shown that
OE (k)

Ac.(k)=- =—
c,,( ) n@ci(k—l) n

OE(k) OR,(x(k))
OR,(x(k)) oc,(k-1)
x,(k)—c,(k=1)

b (k—1)

Hence, the pre-trained RBFNNs-based SFR model can be

obtained by training the data in source domain 2%

: @1
=203 2,e(), )0, (k= DR (x(k)

It is worth pointing out that the source data corresponding to
typical scenarios can usually be collected from simulation or
practical WPTPSs. In this work, the scenario of the WPTPS is
characterized by load, solar irradiance and wind speed. The
abundant source data, denoted by data in source domain D, , is

used to train the RBFNNS.
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When we investigate the WPTPS in the current scenario,
some data can also be acquired and denoted by data in the target
domain 2 . Although the data both in the source and target

domain can be utilized to obtain the online data-driven SFR
model, however, unnecessary data updating and retraining are
usually very time-consuming. Hence, TL is a very effective
method to solve this problem, and the transferred knowledge
will be determined based on the MMD criterion at stage 2.

The collected data in the target domain is usually limited.
Moreover, the distribution of target domain data may not be the
same as that of source domain data. Accordingly, MMD is
introduced to measure the distribution difference between
source and target data. The definition of MMD is as follows
[39]:

MMD,(5,3) = f,(x*)+ £,(x*,x") + fi(x")  (22)
where P and ¢ are the distributions of the source and the
target domains.

hx) == Zk(x, X)) (23)
fz(xs,xT): irk(x, » X ) (24)
f3(xT)— Zk(x, x7) (25)

where Ng and N, stand for the number of samplesin 7 and
2, respectively. x% ¢ R™™ and x” e R™"r are the samples

in source and target domain respectively.  is the kernel

function for mapping the values in a reproducing kernel Hilbert
space. By the following Gaussian kernel function (26), the
MMD leads to zero if the distributions are identical. The smaller
the MMD value, the smaller the distribution difference between
two domains, and vice versa. The source data with small MMD
will be transferred.

l;(xs,xT) = exp(—
where ¢ is the width of the Gaussian kernel function.

It should be noted that when the MMD is far greater than the
preseted threshold, an accurate SFR model cannot be obtained
using the TL technique, so it is necessary to collect appropriate
source data and correct the pretrained RBFNNs.

As shown in Fig. 4, the RBFNNS is fine-tuned at stage 3, in
which the hidden nodes of the pretrained RBFNNSs are frozen.
By experimentally adding appropriate hidden nodes to the
RBFNNES, the generalization ability of the RBFNNs is improved
using transferred source data and target data.

At instant k , the corresponding scenario can be determined
according to the current load, solar irradiance and wind speed
of the WPTPS. As a result, the SFR can be obtained using the
fine-tuned RBFNNs-based SFR model at stage 4.

The flow chart of the four-stage SFR modelling method is
shown in Fig. 5.

) 26)
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SFR model using abundant source data

!

Frozen the hidden nodes

I

Acquire input output data (target) at current instant

I

calculate MMD based on Egs. (28-29) and obtain the transferred data

v

Fine tune the improved RBFNNs by adding hidden nodes using Egs. (16-27) L

}

Obtain SFR after inputting target data to the fine tuned RBFNNs.

End

Fig. 5. Flow chart of the four-stage SFR modelling method
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IV. RESULTS AND DISCUSSIONS

The following simulations were conducted to test the
proposed SFR modelling algorithm. The experimental WSTPS
is shown in the upper half of Fig. 1, in which p =200 and

There are 200 x 1.5MW DFIG wind turbine

generators in the wind farm. Each wind turbine generator
adopts the same droop control method. The droop gain is set to
K, =-50MW/Hz. The model parameters of the DFIG wind

turbine generator are kept the same as that in [30]. There are
two 600MW reheat steam generator units in the thermal power
plant. Each reheat steam generator unit is equipped with a prime
mover speed control system and an excitation voltage regulator.
The adjustment coefficient of the steam turbine governing
system is set to R,; =—0.05Hz/MW . The model parameters of

qg=r=2.

the reheat steam generator unit are given in Table I; Besides,
the model parameters of the PV plant are shown in Table II. The
droop gain is set to K = -50MW/Hz for the PV plant. In this
simulation, the sampling period, the pre-specified learning
factor and the momentum parameter are set to 7, =0.1s ,

n=0.05 and a =0.05, respectively. The width of the sliding
window is set to L =100.

TABLEI
PARAMETERS OF THERMAL POWER UNIT
Parameter Values Parameter Values
Governor time 0185 H¥gh—pres'sure 033
constant turbine fraction
Steam chest time 025 Govemqr 0.05
constant speed regulation
Reheat time 11.27s Load damping 0.02
constant factor
TABLE IT
PARAMETERS OF PHOTOVOLTAIC POWER STATION
Parameter Values Parameter Values
DC voltage at
photovoltaic array 300V .DC Voltgge at 500V
. inverter side
side
DC capacitor at .
photovoltaic array le-4F ].)C capacitor at 6¢e-3F
. inverter side
side
Rated power 150MW Droop control 50

coefficient

First, the BT method was used to reduce the order of the SFR
physical model, and the input/output orders of the reduced
model were reduced to m=n =2 . Fig. 6 compares the bode
plots of the SFR physical model and the reduced model, it can
be observed from magnitude and phase that the reduced model
can approximate the original model (5).

With the aid of BT method, the node number in
the input layer of the RBFNNs decrease from 36 to 15. Besides,
the hidden nodes can be reduced by trial and error. Hence, the
computation burden and complexity of the RBFNNs can be
greatly reduced.

Bode Diagram

-20
-40 -
-60

Initial (7 states)
Reduced (2 states) | -|

-100 - B
-120

Magnitude (dB)
3

-140 : : -
225 ‘ : .

Phase (deg)

10° 100 10"
Frequency (rad/s)
Fig. 6. Bode diagram of original and reduced SFR physical model

Five performance evaluation metrics are employed to assess
the accuracy of the identified results in terms of mean square
error (MSE), root mean square error (RMSE), standard
deviation (SD), mean absolute error (MAE) and the coefficient
of determination R>. When MSE, RMSE, SD and MAE are
close to 0, and R* approaches 1, the frequency deviation can be
identified with proper accuracy.

(1) MSE is the expected value of the square of the difference
between the identified frequency deviation and the actual
frequency deviation.

1 n
MSE =—3 (3, =3’
i=1
(2) RMSE, the square root of MSE, evaluates the average
identification error, which is intuitive in order of magnitude.

1 n
RMSE = |3 (1, =7,
i=l

(3) SD reflects the dispersion degree of the identified data set.

_ iy, I
SD—JH;U% n;xu

(4) MAE can better reflect the actual situation of the
identified frequency deviation and provide a generic and
bounded performance measure for the identified results.

27)

(28)

29

Vi = Vi (30)

1 n
MAE=-%"
niz
(5) R? represents the quality of a fitting through the change
of data.

Z(ymi _yi)z
_ i=1
n 1 n
Z(ymt _72-)}”11')2
i=1 ni

In this work, four scenarios shown in Table III are studied.
Since the scenarios of the WPTPS are characterized by wind
speed, solar irradiance and the load, random variables f;, 5,, B3
and B, uniformly distribute on the intervals [—0.5,0.5],
[=50,50], [=75,75], and [-150, 150] respectively.

R* =1

G
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TABLE I
FOUR TYPICAL SCENARIOS IN THE TEST
Grqup . Solar Load
. of time Wind speed Lo .
Scenario series s irradiance disturbance
W/m? MW
data
1000 in
1 ) 10+ B, 1000 + B, 1000 + B,
S
50 in
D 12+ B, 1000 + B, 1000 + B,
2 T
Current 12 1000 1000+100
case
30 in
D 10 4+ B, 800 + 3, 1000 + B,
3 T
Current 10 800 1000-100
case
20 in
P 1248 600 + 3, 1000 + B,
4 T
Current 12 600 1000-50

case

Scenario 1: The WPTPS operated at the initial state featured
by the wind speed 10 m/s, solar irradiance 1000 W/m? and load
1000 MW. The uniformly distributed random disturbance was
imposed on the wind speed, solar irradiance, and load
respectively, whose perturbation ranges lie in [-0.5m/s, 0.5m/s],
[-50W/m?, 50W/m?] and [-150MW, 150MW] respectively. The
number of the hidden nodes is experimentally set to 10 for the
pretrained RBFNNSs and the initial weights of the RBFNNs are
random numbers within a range [-1, 1]. 1000 groups
input/output time series data of the WPTPS were collected and
denoted as the data in the source domain 2, . The collected

input/output data in 2 were input to the RBFNNs, the

pretrained SFR model can then be obtained. The average
performance evaluation metrics are listed in Table IV. It is clear

from Table IV that the pre-trained SFR model has high accuracy.

TABLE IV
AVERAGE PERFORMANCE EVALUATION METRICS OF PRETRAINED SFR
MODEL
MSE RMSE SD MAE R?
1.13¢-9 3.36e-5 3.36e-5 2.29¢-5 0.995

Scenario 2: The WPTPS operated in the vicinity of the
operating point characterized by the wind speed 12m/s, solar
irradiance 1000W/ m? and load 1000MW.

At the initial instant, the WPTPS run at the initial operating
point featured by the wind speed 12m/s, solar irradiance
1000W/m*> and load 1000MW. The  uniformly
distributed random disturbances were imposed on the wind
speed, solar irradiance, and load respectively, whose
perturbation ranges lie in [-0.5m/s, 0.5m/s], [-50W/m?, 50
W/m?], and [-150MW, 150MW] respectively. Fifty group
input/output time series data of the WPTPS were collected and

denoted as the data in the target domain Z% . The transferred

data can be obtained based on the MMD between Z; and 7, .

By adding hidden nodes to the frozen pretrained RBFNNSs, the
fine-tuned RBFNNs can be determined using the transferred
data and the target data. Three additive hidden nodes were

found by trial and error, and then the fine-tuned RBFNNs-based
SFR model was obtained. For the WPTPS currently operating
at the point (12m/s, 1000W/m?, 1000MW), a positive 100MW
load disturbance was imposed to the WPTPS disturbed by non-
Gaussian wind speed and solar irradiance, the input/output time
series data were input to the fine-tuned RBFNNs.

Frequecy deviation/HZ

Frequecy deviation/HZ

Fig. 7. Actual and identified frequency deviation via physical SFR model and
fine-tuned SFR model.

—-—-t=20s
—-=it=60s | |
——t=110s

Fig. 8. The PDFs of the identification error }, at typical instants.

50.05

Real frequency
Identified frequency by physical modelling
Identified frequency by integrated modelling |7

IS
©
©

Frequecy/HZ
&
&

IS
©
™

49.75

49.7 |

49.65 t ; -
0 20 40 60 80 100 120 140 160

Time/s
Fig. 9. Real and identified frequency by physical modelling and integrating
modelling.
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TABLEV
PERFORMANCE EVALUATION METRICS OF PHYSICAL MODELLING AND
INTEGRATED MODELLING
Modelling y 1op RMSE SD MAE R
method
Physical 95408 30404  285c4 2474 0715
modelling
Integrated ) 3409 483c-5  485¢5 3315 0.987
modelling

Figure 7 shows the actual frequency deviation y(k), the
identified frequency deviation V,(k) by physical modelling

method, and the identified frequency deviation y, (k) by the

integrated modelling method, respectively. The performance
evaluation metrics are listed in Table V. Both Fig. 7 and Table
V demonstrate that the proposed integrated modelling method
obtained a more accurate identified frequency deviation than
the physical modelling method. In addition, it is evident from
Fig. 8 that the PDFs of the identification error ¥, obtained by

the integrated modelling method are narrower and sharper.
Figure 9 compares the identified results using two SFR
modelling methods, the identified frequency obtained by
integrating physical model and data-driven model is closer to
the real frequency.

Scenario 3: The WPTPS operated in the vicinity of the
operating point featured by wind speed 10m/s, solar irradiance
800W/m? and load 1000MW.

At the initial instant, the WPTPS operated at the initial
operating point characterized by wind speed 10m/s, solar
irradiance 1000W/m?, and load 1000MW. The uniformly
distributed random disturbances were imposed on wind speed,
solar irradiance and load, respectively, whose perturbation
ranges lie in [-0.5m/s, 0.5m/s], [-50W/m?, 50 W/m?], and [-
150MW, 150MW] respectively. Three hidden nodes are
experimentally added to the frozen pretrained RBFNNs and the
fine-tuned RBFNNs-based SFR model is obtained. For the
WPTPS currently operating at the point (10 m/s, 800W/nd,
1000MW), a negative 100MW load disturbance was imposed
on the WPTPS with non-Gaussian disturbances from wind
speed and solar irradiance, the input/output time series data
were input to the fine-tuned RBFNNSs. Figure 10 demonstrates
the identified frequency deviations obtained by physical
modelling and integrated modelling method and the actual
frequency deviation, respectively. The performance evaluation
metrics are listed in Table VI.

It can be observed from both Fig. 10 and Table VI that the
proposed SFR modelling method can obtain more accurate
frequency deviation than physical modelling method. In
addition, it is clear from Fig. 11 that the PDFs of the

identification error y, obtained by the integrated modelling

method become narrower and sharper gradually. Figure 12
validates that the proposed SFR modelling method can achieve
better identification results.

Frequecy deviation/HZ

60 80 100 120
Time/s

Frequecy deviation/HZ

Time/s
Fig. 10. Actual and identified frequency deviation via physical SFR model and
fine-tuned SFR model.

—-—-t=20s
—-—-t=60s
—t=110s

ol
-1 -08 -06

Fig. 11. PDFs of the identification error }, at typical instants.
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) , 60 ép ‘160 , 120
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Time/s

Fig. 12. Real and identified frequency by physical and integrating modelling.
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TABLE VI
PERFORMANCE EVALUATION METRICS OF PHYSICAL MODELLING AND
INTEGRATED MODELLING

Modelling g RMSE SD MAE R
method
Physical ) 5007 3.19e4  3.0led  2.58e4  0.687
modelling
Integrated ¢ 100 9 784e5  7.84e-5  593e-5 0981

modelling
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Scenario 4: The WPTPS operated in the vicinity of the
operating point featured by wind speed 12 m/s, solar irradiance
600 W/m?, and load 1000 MW.

At the initial instant, the WPTPS operated at the operating
point featured by wind speed 12 m/s, solar irradiance 600 W/m?,
and load 1000 MW. The uniformly distributed random
disturbances were imposed on wind speed, solar irradiance, and
load, respectively, whose perturbation ranges are [-0.5m/s,
0.5m/s], [-50W/m% 50W/m?], and [-75MW, 75MW]
respectively. Four hidden nodes were found by trial and error
and added to the frozen pretrained RBFNNSs, consequently the
fine-tuned SFR model is generated. For the WPTPS operating
at the point (10m/s, 800W/m?, 1000MW), a -50MW load step
disturbance was imposed on the WPTPS with non-Gaussian
disturbances induced by renewable energy sources. The
input/output time series data were input to the fine-tuned
RBFNN:S.

)
5 ®)
—— yulh)

Frequecy deviation/HZ

.
0 20 40 60 80 100 120
Time/s

Frequecy deviation/HZ

. . . . . .
62 64 66 68 70 72 74 76 78
Time/s

Fig. 13. Actual and identified frequency deviation via physical SFR model and
fine-tuned SFR model.

—-—-t=20s
—-=t=60s | |
——t=110s

-1 -08 -06 -04 -02 0 02

Fig. 14. PDFs of the identification error 7, at typical instants

As shown in Fig. 13, the proposed SFR modelling method
obtained Dbetter identified frequency deviation, which
approaches the actual frequency deviation. The performance
evaluation metrics are summarized in Table VII. Looking at
both Fig. 13 and Table VII, it is apparent that the identified error
approximates to zero using the proposed SFR modelling
method. In addition, it can be seen from Fig. 14 that the PDFs

of the identification error y, become narrow and sharp over

time by using the proposed SFR modelling method. Fig. 15 also
shows that the proposed SFR modelling approach outperforms
the physical modelling method.

50.18

Real frequency
Identified frequency by physical modelling -
Identified frequency by i i

50.16

50.14

50.12

Frequecy/HZ
3 8
=3 =3 S
N ®© —_

0 20 20 6 80 00 120 40 160

Time/s
Fig. 15. Real frequency and identified frequency obtained by physical
modelling and integrating modelling.

TABLE VII
PERFORMANCE EVALUATION METRICS OF PHYSICAL MODELLING AND
INTEGRATED MODELLING

Modelling /g RMSE SD MAE R
method
Physical o 3708 305c4 2874  248c4 0713
modelling
Integrated ) 170 9 497e5  497e5  34les 0984
modelling

V. CONCLUSIONS

In this paper, an integrated SFR modelling method is
proposed for WPTPSs by combining physical modelling
method and data-driven modelling method. In order to verify
the proposed SFR modelling method, simulation tests are
carried out in a WPTPS with different load, wind speeds and
solar irradiances. The following conclusions can be drawn:

1) The BT method is applied to the equivalent low-order
physical model rather than the high-order, high-fidelity model.
The identification of the actual frequency deviation, as shown
in simulation results, are pretty good. This shows the promising
potential to apply the BT method to compute a lower-order
approximation of the SFR model. Based on the reduced-order
SFR physical model, the input nodes of the RBFNNs can be
determined and the hidden nodes can then be decreased;

2) The pretrained modelling method is presented via the
improved RBFNNs and TL. The SIP criterion is utilized to
build an RBFNNs-based SFR model, which can deal with non-
Gaussian disturbances in  WPTPSs; Subsequently, the
transferred source domain knowledge can be found based on
the MMD criterion, and the fine-tuned SFR model can be
obtained by increasing additive hidden nodes;

3) Transfer learning is employed to reduce the workload of
data collection. If the MMD is too big, the transferred
knowledge and the target data can’t generate a satisfactory fine-
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tuned SFR model. Accordingly, the pretrained SFR model
should be modified using appropriate source data;

4) The established SFR model has a high identification
accuracy and provides a way to analyze the SFR of WPTPSs
with load, wind speed, and solar irradiance disturbances. The
proposed modelling method can be extended to build the model
of other processes or systems;

It is worth mentioning that the proposed SFR modelling
method can build the SFR model for WPTPSs. Based on the
SFR model, an adaptive primary frequency regulation strategy
will be studied for WPTPSs in further research.
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