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Abstract: Demand response (DR) has a great potential for stabilizing the frequency of power systems.
However, the performance is limited by the accuracy of the frequency detection, which is affected by
measurement disturbances. To overcome this problem, this paper proposes a disturbance estimation-
based Kalman filtering method, which is utilized for the frequency control. By using the rate of
change of frequency (RoCoF), the Kalman filtering method can estimate the state of the ON/OFF
loads well. In this way, the influence of detection error can be reduced, and the DR performance can
be improved. Test results show that the proposed disturbance estimation-based Kalman filtering
method has a higher accuracy of frequency detection than existing methods (such as the low-pass
filter method) and therefore improves the frequency control performance of DR.
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1. Introduction

The penetration of renewable energy sources is increasing nowadays, and the stability
of the power system is therefore threatened [1,2]. One of the stability problems is the
frequency stability, which is affected by the imbalance of active power. With the help of
advanced measurement and communication technology, the demand-side appliances, e.g.,
air conditioners, water heaters, household refrigerators, etc., can be controlled to support
not only load profiling [3], but also frequency control [4].

DR approaches are widely reported in existing research works. In Reference [4], the
DR approach was considered to modify the conventional frequency response model. In
Reference [5], priority management of demand-side resources was utilized to minimize the
inequality between generation and demand. It is shown that DR can make a significant
and reliable contribution to the primary frequency response in a manner similar to the
generators [6]. Household refrigerators, air conditioners, and water heaters are familiar
demand-side resources. In Reference [7], household refrigerators were combined with the
flywheel energy storage system (FESS) to participate in frequency control with low con-
sumption. In Reference [8], the characteristic of the power consumption of air conditioners
was analyzed in the perspective of the DR. In Reference [9], the hybrid hierarchical control
framework was proposed for ON/OFF appliances. In Reference [10], a DR operation
framework was proposed for the local management of customers to participate in the
electricity market. In Reference [11], dynamic interactions between local energy systems in
terms of the electricity and gas networks were investigated, and a novel MT model was
proposed to capture the nonlinear interactions. In Reference [12], a demand-side response
method based on binomial distribution was proposed, and the individual differences in the
demand-side responses were solved to improve consumer satisfaction.

Considering the influence of measurement noise in DR, the Kalman filtering method
was adopted to improve the performance in the detection of the system frequency. Com-
pared with traditional low-pass filtering methods, the Kalman filtering method is good at
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dealing with process and measurement noise. The extended complex Kalman filter was
proposed to estimate the frequency of the power system [13,14]. The distributed Kalman
filtering scheme was proposed in the frequency estimation of the power system [15]. In
Reference [16], the Kalman filtering method was adopted to estimate the state of thermo-
statically controlled loads, including air conditioners and refrigerators. In Reference [17],
the Kalman filtering method was utilized in the frequency control based on the frequency
response model, where the accuracy of the frequency estimation is improved.
Notwithstanding the contributions of the existing work, the accurate measurement of
the system frequency is still challenging, which is reflected by the following two aspects:

e  Although the Kalman filtering method [10-14] is good at dealing with process noise
and measurement noise, it cannot cope with large disturbances, e.g., generation
unit outages.

e  The information of large disturbances cannot be taken as the input of the Kalman filter
as such information is accidental and is not directly available.

Estimating the disturbance mixed in the noise can improve the performance of Kalman
filtering-based frequency estimation and therefore contribute to the frequency control. In
this paper, DR using disturbance estimation-based Kalman filtering is proposed in the
frequency control. The contributions of this paper are as follows:

The frequency response model is used to develop the Kalman filter.
The disturbance estimation-based Kalman filtering approach is adopted in the fre-
quency detection. The disturbance is estimated through the RoCoF.

e  The hybrid hierarchical DR control strategy is adapted to the disturbance estimation-
based Kalman filtering.

The remainder of this paper is organized as follows. The frequency response model
and the hybrid hierarchical DR control strategy are introduced in Section 2. Section 3
presents the algorithm to estimate the system disturbance and applies the disturbance
estimation-based Kalman filtering to the frequency control. Section 4 demonstrates the test
results for the proposed method validation. Section 5 provides the conclusion of this paper.

2. Model Development
2.1. Frequency Response Model

The frequency response model of the power system with DR is shown in Figure 1. The
definitions of the parameters are as follows:

Pgp is the incremental power setpoint calculated by the secondary frequency control.

AY is the gate position deviation.

AP, and APy, are the thermal power deviation of the reheated turbines and the turbine
mechanical power deviation, respectively.

Ppr is the amount of change in the loads based on the frequency deviation.

AP4 is the power of disturbance (for a sudden increase in load AP4 > 0, for a sudden
increase in generation APy < 0).

K;j is the integral gain of the secondary frequency control.

R is the speed droop parameter.

Ty and T; are the speed governor time constant and the reheat time constant,
respectively.

Fyp is the fraction of total power generated by the high-pressure turbine.

Ty is the turbine time constant.

H and D are the inertia constant and the system load damping factor, respectively.

s is the Laplace operator.

Af is the frequency deviation.



Energies 2022, 15, 9377

3of 14

1 <
R DR |
resources |
+Ppr
‘C": 1 |AY |14F,Ts/AP| 1 | APn ": 1 Af
e S T 1+T,s 1+Ts| % 2Hs+D
Psp Apd
Ki L
S

Figure 1. Frequency response model with DR.

The model of the system can be expressed by the state-space equations as follows:

{ X = AX + BPpg + DAPy O
Y=CX+v
where v is the measurement noise. The matrixes X and Y are the state vector and mea-
surement vector, respectively. A, B, C, D are the coefficient matrixes, which are defined
as follows:

X=[Pp AY AP, APy Af]"

0 0 0 0 -K
rooono 00V T

A= | Be 1 _HFe _1 o _hp
T T Tg T ) TyR
A A A @)
L 0 0 0 o -~

B=[0 00 0 5]

C=[0000 1]

D=[0000 -]

The discrete form of the state-space equations can be derived as the following;:

{ X(k) = AxX(k — 1) + BxPpr (k — 1) + D APy (k — 1) .
Y(k) = CxX(k) + v (k)

where k represents the time step and Ak, Bk, Ck, Dk are the coefficient matrix of the
discretized state-space equations. Given the time step size Tstgp, the matrixes can be

calculated as follows:
Ax =I1+A- Tstep

Bx =B- Tstep
Ck=C @)
Dg =D- Tstep

2.2. Hybrid Hierarchical DR Control Strategy

The structure of hybrid hierarchical DR control is shown in Figure 2, which includes
the control center, individual controllers, and ON/OFF appliances. The appliances that
are mainly the ON/OFF switching loads include air conditioners, water heaters, and
refrigerators. The control commands are calculated in the control center and broadcast
to each individual controller. The individual controller measures the frequency of the
power system and calculates the specified command to control the ON/OFF status of
each appliance.
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Figure 2. The structure of the hybrid hierarchical DR control.

The appliances can be simplified into ON-appliance and OFF-appliance states accord-
ing to the switch status. The ON/OFF states of ON- and OFF-appliances should be changed
if the frequency deviation occurs. If there is a negative deviation in the system frequency,
the ON-appliances should be gradually switched OFF to help raise the system frequency.
On the contrary, if there is a positive deviation in the system frequency, the OFF-appliances
should be gradually switched ON to help decrease the system frequency. To ensure a
smooth adjustment, the power consumption of the ON- and OFF-appliances should be
adjusted according to the magnitude of the frequency deviation. The relationship can be
expressed as follows:

0 if 0 >Af > _Afdb
PpRoff = { —KpRoff (Af + Afab) if Afprmott < Af < —Afap @)
PbRmof if Af < Afprmoft
0 if 0 <Af < Afdb
PDRon = { KDRon(Af - Afdb) if Afdb < Af < Afprmon (6)
P DRmon if A f 2 A f prmon

where Ppgog is the power consumption of the ON-appliances that should be switched off,
PpRron is the power consumption of the OFF-appliances that should be switched on, Pprmoft
is the capacity (maximum available kW power) of the ON-appliances that can be switched
off, Pbrmon 1S the capacity of the OFF-appliances that can be switched on, A fy, is the dead
band of the frequency deviation, and A fyrmoff and A fprmon are the minimum frequency
deviation and maximum frequency deviation, respectively. The coefficients Kpgg and
KpRron are calculated as follows:

— b DRmoff
KDROff - (Af ab—A, prmoff ) (7)
K — b DRmon
DRon (Af prmon — Af db )

The responsive appliances in the demand side are ON/OFF loads, which can only be
discretely controlled. As shown in Figure 3, the total power consumption of responsive
appliances is calculated as follows:

Ppr = PpRroft — PpRron (8)
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In addition, the total power consumption is the accumulative sum of the power
consumption of each appliance, which can be expressed as the following;:

m
PpRroft = Y. PDRoffiSofti
znzzl (9)
by DRon — 'Zl P DRon,i Son,i
i=
where 17 is the total number of ON-appliances and 75 is the total number of OFF-appliances;
Soft.; and Sy, ; represent the ON/OFF status of ON- and OFF-appliances, respectively. The
ON/OFF status can be denoted as a zero—one value, where zero represents the original
state and one represents the changed state. For the ON-appliances, S, ; = 0 represents the
ON state and S ; = 1 represents the OFF state, whereas for the OFF-appliances, Sy, ; = 0
represents the OFF state and S, ; = 1 represents the ON state.

p :
. ERIL__f On-appliance,l  |[«——
PoRror,2 On-appliance,2 |«

+ o

+ PDRoffn1

Poron2 Off-appliance,2  |¢———

N Off-appliance,n  [¢—

Figure 3. The model of DR resources.

The appliances are sorted with priority. The appliance with the lowest priority re-
sponds first. The threshold of the i-th appliance is calculated as follows:

i
Y. PpRofk

Afinott (1) = =D fab — e

i
Z Py DRon,k

Afinon(1) = Afab + Sgp—

(10)

To avoid frequent switching, a delay is set for each appliance. The delay of the i-th
appliance is calculated as follows:

i
Y. PpRofik

N k=1

TOff(l> - TOffO + ; Kreoff (11)
. k); PDRon,k

Ton(i) = Tono + g

where Tyg9 and Tonp are the minimum delays of the firstly switched OFF/ON-responsive
appliances and Kieoff and Kreon are the recovery coefficients.

The control logic of the individual controller is shown in Figure 4. The operation
of the individual controller is separated into two branches depending on the value of
the frequency deviation. The switching signal to turn on the appliance is generated if
the detected frequency deviation is larger than the upper threshold A fy,o, (calculated
based on (10)). The switching signal to turn off the appliance is generated if the detected
frequency deviation is smaller than the lower threshold A fy,.¢ (calculated based on (10)).
The appliance is switched on/off to minimize the frequency deviation. Subsequently, the
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delay is initialized when the worst frequency deviation is detected. The delay Ton is set
when the maximum frequency deviation A fiax is detected. The delay Ty is set when the
minimal frequency deviation A fyi,, is detected. The appliances return to their initial status
when the delay expires and the frequency deviation is within the allowable range.

Switch off the
appliance

Switch on the
appliacne

Yes
Af > —Afg & No
Tt is expired 2 .
. No
Afin is detected? =
Delay Torr
Yes

Af < Afyp &
Ton is expired?

Figure 4. The control logic of the individual controller.

3. The Proposed Method

The system model and DR control strategy have been introduced in the previous
section. However, there will always be noise in the frequency detection process, which
causes frequency measurement errors and deteriorated frequency control performance.
This subsection presents a disturbance estimation-based Kalman filtering method to solve
the problem.

3.1. Framework of the Disturbance Estimation-Based Kalman Filtering

The framework of the disturbance estimation-based Kalman filtering is shown in
Figure 5.

Components of the measured Af

/

I

| - -

| Power disturbance Measurement noise
|

I

I

I

I

I

—_——— e — —

Measured Af

with noise

Disturbance estimation

Kalman filterin
model ) g  ——

iTEE] De-noised
Af

o (k):_z_b(w Noise caused by
T, power fluctuation /N Discrete state-

|

|

|

= _____/\/\[— space model |

e [
o

< |(—{ Frequency response modelj :

RoCoF |

The proposed disturbance estimation-based :

Kalman-filtering method I

N e e e e e e o — — — — — — — — — — — 7/

Figure 5. Framework of disturbance estimation-based Kalman filtering.
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It can be seen from Figure 5 that the measured frequency Af includes two components:
one is caused by the power disturbance (denoted by Af4), and the other is caused by the
measurement noise (denoted by Af,.i). By using the RoCoF derived from the frequency
response model, the frequency disturbance Afy caused by the power fluctuation can be
separated from the noise. The estimated power AP is taken as the input of the Kalman
filter, and the accuracy of the frequency detection can be improved. The de-noised frequency
Af is delivered to the DR controller to improve the frequency control performance.

3.2. Disturbance Estimation

In order to improve the accuracy of frequency detection and enable demand response
resources to more accurately participate in system frequency control, it is necessary to
estimate the system disturbance based on the RoCoF, which is derived from the system
frequency response (SFR) model by which the frequency response can be calculated in
closed form. The RoCoF derived from SER provides a simple but fairly accurate method
to estimate the system disturbance [18,19]. The simplified frequency response model is
shown in Figure 6.

|1+ FpT,s 1 Af

\ 4
)

\ 4

1+Ts ; 2Hs+D

| DR
resources

Figure 6. The simplified frequency response model.

By analyzing the block diagram of Figure 6, the frequency deviation Af can be ex-
pressed as follows:

Af = ( Rf? ) (Km(l + FpTrs) Psp — (1+Tes) AP, + (1+Trs)PDR> 12
~ \ DR+ K, 2420 fns + f2
where DRAK
n = JHRT,
_ (2HR+(DR+KFep) Tx (13)
é - ( 2(DR+Km) )f”

and Kp, is the generating gain.
In order to investigate the influence of APy on the system, it is assumed that Ps, = 0
and Ppr = 0, then the system is further simplified. Meanwhile, assuming that the system is

’
— DPest

subjected to a step disturbance denoted as AP4(s) =L (with Pest’ denoting the magnitude
of the disturbance); when substituting this expression into (12), Af can be calculated

as follows: ,
_ an (1 + TrS)Pest/
Af = (DR—i—Km) (s(52+2§fns+f§)> (14

Then, the time domain equation can be expressed as the following:

Af(t) = (&) (1 + ae~tfnt sin(fyt + qo)) (15)
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where
fr = fn\/ 1_52
12T fa+ TAfR
4= 1-2 (16)

_ T, _ 1-¢2
o= 91— g2 = tan () et (LF)

The derivative of frequency deviation can be derived by:

AAF(E)  afy X R X Post /¢4 .
cj;t(): JI;xRmet (e ‘5f“tsm(frt+§0)) (17)

At t =0, the maximum rate of frequency deviation Af can be obtained:

dAf(t)
dt

aanRxpest, . Pest,
= = 1
o DxRxKn 97 72H (18)

The initial slope of frequency deviation can be calculated as follows:

_ AAf(t)
T

_ Pestl
t=0 2H

(19)

Then, )
Pt =2H xm (20)

Consequently, the system disturbance estimation can be calculated using the observa-
tion vectors Y(k) and Y(k — 1).

Y(k) — Y(k — 1)

APest (k) = —2H x
Tstep

(21)

3.3. Disturbance Estimation-Based Kalman Filtering

The disturbance estimation-based Kalman filtering can be used to improve the mea-
surement accuracy when the discretized state-space equation of the system is known.

The proposed method can be divided into the time updating equation and measure-
ment updating equation. The time updating equation (i.e., the prediction stage) calculates
the prior estimation of the state variables and the prior estimation of the error covariance
at the current time according to the state estimation at the previous time; the state of the
current time is estimated according to the posterior estimation of the previous time, and
the prior estimation of the current time is obtained; the measurement updating equation
(i.e., the updating stage) is responsible for combining the prior estimation with the new
measurement variables to construct the improved posterior estimation. The time renewal
equation and measurement renewal equation are also referred to as the prediction equation
and correction equation. The algorithm of disturbance estimation-based Kalman filtering,
when applied to frequency detection, is a recursive prediction correction method, including
a total of five equations. The process is generally summarized as follows:

X1(k) =AxX(k — 1)+BgPpr(k — 1)+DgAPest(k — 1) (22)
Py (k) =AxP(k — 1)Ax" + Qg (23)
X X 1
H(k) =Py (k)C " (CKPl (k)cx" + RK) (24)
X(k) =X1(k)+H(k) (Y(k) — CxXq (k) (25)

P(k) = (I - H(k)Cx)P: (k) (26)



Energies 2022, 15, 9377

9of 14

where Ay, Bk, Ck, Dk, Y, and Ppg are defined in Section 2. X represents the posterior
state estimate, which represents the optimal estimate; X; is the a priori state estimate,
which is the result predicted according to the optimal estimation at the previous time;
P represents the posterior estimate covariance (The covariance of X); P is the a priori
estimated covariance (The covariance of X;); H is the Kalman gain; Qk is the covariance
matrix of the process noise; and Rk is the covariance matrix of the measurement noise.

4. Results and Discussion
4.1. Performance of Disturbance Estimation

In order to further verify the accuracy of the model for the estimation of the magnitude
of system disturbance, the corresponding relative errors were analyzed by considering the
estimation of system disturbance at different APy values, respectively.

As shown in Figure 7, when the system is subjected to different disturbances (APg), the
disturbances can be estimated by using the disturbance estimation model. The statistics are
summarized in Table 1. The minimal value of relative error is about 1.8%, and the maximal
value of relative error is about 13%. The values of relative error are within 15%. Therefore,
the influence of the disturbance can be decreased. The results can be more accurate with
the disturbance estimation model.

01
0.08-
0.06[

: . 2

-0.04r

APest (pu)

-0.06¢
-0.08¢
v

V

01 . . . . . . . . .
-0.1 -0.08 -0.06 -0.04 -0.02 0 0.02 0.04 0.06 0.08 0.1
APq (p.u.)

Figure 7. APq values estimated at different APy values.

Table 1. Disturbance estimation and relative error.

APg4 (p.u) APest max (p.u.) Relative Error (%)
—-0.1 —0.089 10.266
—0.08 —0.0728 9.0471
—0.06 —0.0551 8.1528
—0.04 —0.0388 2.8796
—0.02 —0.0206 3.0982
0.02 0.0226 13.0230
0.04 0.0415 3.8258
0.06 0.0589 1.7988
0.08 0.0765 4.4022

0.1 0.0932 6.7842

4.2. Performance of Disturbance Estimation-based Kalman Filtering

To verify the effectiveness of the proposed method of disturbance estimation-based
Kalman filtering validation in frequency estimation, the performance of the frequency
detection is examined without considering the role of DR in the frequency control. The
following frequency detection methods are compared:
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(1)  Without filter: the frequency is detected without filtering.
(2) Low-pass filter (LPF): the detected frequency is filtered by an LPF, which is a tradi-

tional method of frequency measurement de-noising [20,21].

(3) Kalman filtering without disturbance estimation: the detected frequency is filtered by

Kalman filtering, which follows the idea of [17].

(4) The proposed disturbance estimation-based Kalman filtering method.

The simulation assumes that the disturbances (APq; = 0.1 p.u., APg, = —0.04 p.u.,
APg3 = —0.12 p.u.) occur at 10 s, 30 s, and 60 s, respectively, considers a nominal frequency
of 50 Hz, and considers that Afy, is set to 0.05 Hz. The parameters for the frequency
response model are summarized in Table 2.

Table 2. Parameters for the frequency response model.

Parameter Value
R 0.05
Tg 02s
Ty 7s
H 5s
Tt 0.3s
Fyp 0.3
D 1
K; 1.9

In Figure 8, it can be seen that the method of disturbance estimation-based Kalman
filtering results in a more precisely estimated Af. The root-mean-square deviation (RMSD)
and the integral square error (ISE) between the actual frequency deviation Af and the
estimated frequency deviation Af by the four methods are shown in Figure 8c. The results
show that the RMSD and the ISE of disturbance estimation-based Kalman filtering is smaller
than the other methods, meaning that the proposed method in this paper can greatly reduce
the measurement error and make the detection result more accurate.

©)
02 Il RvsD |
018 B se
0.16 1
0 10 20 30 40 60 70 80 0.14 | 1
Time(s) w
(b) 1 o 012 ]
=
: s o1f ]
= 05 ; E .
G e s \ DIBUORVUURUIIY, \‘_Mvw__\__ 2 0.08 | 4
-05 A" N I S 0.06 | 1
0 1 20 30| 40 5 60| 70 80 004 | ]
yTime(s) .
. . 0.02 | ]

Without LPE fil Kalman filter without  Disturbance estimation-
filter Ter gisturbance estimation  based Kalman filter

— Actual Af Af estimated by LPF
— Af estimated by the Kalman filtering without disturbance estimation

Af estimated by the disturbance estimation based Kalman filtering

Figure 8. Af estimated by the four methods: (a) Af with measurement noise; (b) Af estimated by the
four methods; (c) RMSD and ISE of the four methods.

4.3. Performance of DR in Frequency Control

This subsection investigates the performance of DR in the frequency control. The
parameters for DR are summarized in Table 3. The comparison of frequency detection by
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different methods are shown in Figure 9. As shown in Figure 9b, the proposed method has
a good performance. The maximum value of frequency drop and the maximum value of
frequency rise is the smallest using the proposed method. Meanwhile, it is observed that
the demand-side appliances are dispatched to participate in the frequency control when
the system is subjected to the disturbances, that the potential of DR will decrease, and that
the curve of available up/down-regulated DR appliances will rapidly drop. The potential
of DR will rise as the frequency recovers, and the method proposed in this paper has a
great potential of available DR resources. The results also proves that this method has a
good performance in frequency control using DR.

(a)

APg(p.u.)

= O
\_,|
1

(b)

Actual Af (H2)

g

a 0.0
o5
£a 0
z2>

8 -0.0
<

—
o
~

é 0.2 T T T T

23017 ]

=9

§ 0 1 1 1 1 1 1 1

X 0 10 20 30 40 50 60 70 80
Time(s)

— Af estimated without filtering — Afestimated by LPF

— Af estimated by the Kalman filtering without disturbance estimation
— Af estimated by the disturbance estimation-based Kalman filtering

Figure 9. Comparison of frequency detection by different methods: (a) APg; (b) actual Af; (c) activated
DR appliances; (d) available DR appliances.
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P~
Q
=

Maximum frequency deviation (Hz)

-0.4

Table 3. Parameters for DR.

Parameters Value
Kreoff 0.0012 p.u./s
Kreoon 0.002 p.u./s

Totto 10s
Tono 10s
PDRmoff 0.1p.u.
PpRmon 0.1p.u.

The maximum frequency deviation and the maximum activated DR appliances under
different APy values are shown in Figure 10. It can be seen that the absolute value of
frequency deviation under different APy values is smallest by using the proposed method;
the DR appliances more precisely respond to the frequency deviation, and the frequency
control performance is improved.

(b) 0.06

I
;

o
w

o
o

o
-

o
T

01T

02T

037

o1
T

0.041

0.021

-0.021

Activated Ppr (p.u.)

-0.04T
b g

n n n s s L L L L 0.06 n n n n n s s s L
-0.1 -0.08 -0.06 -0.04 -002 0 0.02 0.04 006 0.08 0.1 -0.1 -0.08 -0.06 -0.04 -002 0 0.02 0.04 006 0.08 0.1

APg (p.u.) APg (p.u.)

—k— Af estimated without filtering —— Af estimated by the LPF

—— Af estimated by the disturbance estimation-based Kalman filtering

Af estimated by the Kalman filtering without disturbance estimation

Figure 10. Maximum frequency deviation and maximum activated DR under different AP4 values
(a) Maximum frequency deviation. (b) Maximum activated DR appliances.

4.4. Discussion
As demonstrated by the simulation results, the proposed disturbance estimation-based
Kalman filtering method can help improve the accuracy of the frequency detection and
therefore improve the frequency control performance. The results are from three aspects:
(1) Disturbance estimation: the disturbance estimation model can accurately estimate the
step disturbance with a low relative error.
(2) Frequency detection: the Kalman filtering with the above-mentioned disturbance
estimation model can more accurately measure the system frequency than traditional

methods.
(38) Frequency control: the DR control strategy with the above-mentioned frequency
detection method results in a better frequency control performance.

5. Conclusions
In this paper, DR using a disturbance estimation-based Kalman filtering method was
proposed for frequency control. The main work of this paper included the following:

(1) The disturbance estimation-based Kalman filtering method was developed to improve
the accuracy of frequency detection.
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(2) The proposed Kalman filtering method was applied to the DR to improve the fre-
quency control performance.

We conclude that the proposed method can more accurately detect the system fre-
quency and make the demand response more accurately participate in the frequency control.
Future work may be aimed at designing hardware controllers that can put into practice the
disturbance estimation Kalman filtering in frequency control applications with DR.
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