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Abstract—Development of an electricity market model is very
important step of forecasting power of generators and client
demand. This paper proposes a day-ahead state-space power
system model which is obtained by a set of partial differential
equations. After simplifications, the 4th order user-friendly state-
space power system model is obtained where the measurements
are obtained by a set of sensors. Secondly, we proposed an H-
infinity based power system states forecasting algorithm where
process and measurement noise covariances are not need to know.
In each iteration, the residual error between true and forecasted
states are minimised lead to an accurate forecasted system states.
Numerical simulation illustrates that the proposed scheme can
able to forecast the system states within 1-12 seconds.

Index Terms—Day-ahead electricity market, energy consump-
tion, H-infinity filter, price forecasting, power generation, power
market, state-space electric market.

I. INTRODUCTION

An electricity market is a real-time place of high revenue
to the investors where they are used different algorithms for
predicting the market conditions. To begin with, the extended
Kalman filter (EKF) for the Japan electricity market price
forecasting is proposed in [1]. In this approach, a time-
varying autoregressive model is adopted for price forecasting
[2]. Moreover, the derivative-free EKF scheme is used for
price forecasting of electricity market [3], [4], [5]. It uses the
Black-Scholes electricity market model for price forecasting.
However, the forecasting algorithm requires a transformation
of the initial price dynamics into a state-space model of
the linear canonical form. Generally speaking, the electricity
market assets value and volatility are not directly measurable
[6]. Therefore, by forecasting the electricity market value of
the utility company, it becomes possible to forecast the firm’s
distance to default [6]. Then the forecasted electricity market
value of the utility company is used to determine bankruptcy
risk and the probability of default [6].

Furthermore, the day-ahead electricity price forecasting
using the KF is presented in [7]. In this scheme, the state
transition matrix of the electricity market model is obtained
using the regression approach. Unfortunately, the training date
is based on the America PJM historical data which may be
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unreliable or inaccurate [8]. Additionally, the H-infinity and
KF algorithms are adopted for short-term electricity market
price forecasting where the system model is designed based
on regression analysis using the California independent system
operator (ISO) data [9], [10]. For short-term electricity price
forecasting, the unscented KF is used in [11], [12]. For applica-
tion point of view, the KF algorithm is used for cyber physical
systems [13], [14]. The reliable and secure communication
requirement of smart grid is presented in [15], [16].

In order to deal uncertainty, the Bayesian learning process
is used [17], where two-player stochastic games are utilised.
When the system parameters are frequently varies over time,
this method cannot perfectly predict the system states [18].
To address the uncertainties of electricity consumption and
renewable energy output power [19], a two-stage optimization
algorithm is proposed and verified. The occupational com-
plexity of this approach is very high, and the linearization
is very difficult. For prediction of wind speed and solar
power, long short-term memory network with peephole and
wavelet decomposition is presented in [20], [21]. It provides
an effective forecasting technique to predict the wind farm
considering wind speed and solar power as uncertainties. To
remove uncertainty in the electricity load data, an empirical
mode decomposition based extreme learning technique is
proposed and verified. It is very difficult to find suitable
active functions such as tanh, sigmoid, softmax, and scaled
exponential linear unit in this method [22]. For house hold
energy consumption, an intelligent data mining model is
proposed to identify energy consumption patterns [23]. The
uncertainty is not considered in this time-series data. For short
term load clustering, autoregressive integrated moving-average
model based support vector regression approach is proposed
and verified [24]. A hybrid machine learning technique based
on linear regression and random forest is developed in [25].

From the machine learning point of view, the multi-layer
back-propagation and neuro fuzzy schemes are adopted for
predicting electricity market clearing price [26], [27]. Com-
bining with the support vector machine and wavelet transform,
the designed scheme is used for predicting the electricity
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price. For day-ahead electricity price forecasting, a deep
leaning based forecasting algorithm is developed in [28]. The
method requires significate amount of training and testing
data. Moreover, the Kalman filter based load-forecasting al-
gorithm is presented in [29]. The algorithm is applied to
the virtual market where state-space model is assumed to be
identity matrix. The mixed-integer linear programming based
energy scheduling algorithm for microgrid is presented in
[30]. It requires linearization of nonlinear wind turbine model,
and the algorithm is high computational intensive. Likewise,
energy forecasting using the long short-term memory and
gated recurrent unit (deep neural network staffs) is proposed
in [31], [32]. Using spark cluster, the algorithm is tested,
and it shows that the gated recurrent unit provides better
load forecasting accuracy compared with the long short-
term memory. Finally, evolutionary ensemble long short-term
memory machine learning method is proposed for customer
peak electricity demand prediction [33], [34]. Basically, the
testing, training, and validation datasets are used in this work
based on empirical experimental results.

This paper proposes a 4th order power system state-space
model, and an optimal H-infinity algorithm is designed for
forecasting it system states. The key contributions of the article
are emphasized as follows:

o Proposed a day-ahead state-space power system model
which is obtained by a set of partial differential equa-
tions. After simplifications, the 4th order user-friendly
state-space power system model is obtained where the
measurements are obtained by a set of sensors.

o Proposed an H-infinity based power system states fore-
casting algorithm where process and measurement noise
covariances are not need to know. In each iteration,
the residual error between true and forecasted states are
minimised lead to an accurate forecasted system states.

o Numerical simulation is conducted considering proposed
model, and it shows that the proposed scheme can able
to forecast the system states within 1-12 seconds.

II. POWER SYSTEM STATE-SPACE REPRESENTATION

For power generation and load forecasting, it requires a suit-
able state-space framework. This model is obtained through a
set of differential equations, which involve power generation,
demand and price. It involves some controlling parameters.
According to Alvarado scheme, the differential equations of
electricity market are given by [35], [5], [15]:

Pg = (A —cgPy — hPe — by)/7g. ey
Py = (caPy+ba—\)/7a. )
P.=P, - P, (3)
A= P/ 4

Here, P, P4, and P, are the generated power, demand power,
and difference between power supply and demand, X is the
electricity price, 74, 74, T are the supply, demand, and price
controlling parameters, ¢, by, ¢4, and by are the time constants
related to power supply and consumption, and hP. is the
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additional cost paid by the supplier when there is excess supply
or demand [36], [37].
After simplifications, it can be written as follows:

x = A.x+ B.u. 4)

Here, x = [P;, P;, P., M’ is the power system
states, u = [by by 0 0] is the system input, the state
matrix A., and the system input matrix B. are given

—¢q/Tg 0 —h/ty  1/7
. o 0 Cd/Td 0 —1/7'(1 _
by: Ae = 1 ~1 0 0 |° B =
0 0 —1/mn 0

diag[—1/74, 1/74 0 0.
Using sampling interval p, (5) can be written as follows:

x(t+ 1) = Ax(t) + Bu(t) + n(t). ©6)

Here, A =1+ uA., B = uB., t is the discrete time, and n is
the process noise whose covariance is Q. The measurements
from the independent system operator are obtained as follows:

y(t + 1) = Cx(¢t) + w(t). (7

Here, H is the measurement matrix, and w is the measurement
noise with R is the covariance matrix.

III. H-INFINITY ALGORITHM FOR POWER SYSTEM STATES
FORECASTING

H-infinity is an iterative algorithm to forecast the power
system states without know the noise statistics. The following
are the steps for H-infinity forecasting process [38], [39]:

x(t + 1) = Ax(k) + Bu(t) + G(t)[y(t) — Cx(t)].  (8)

Here, §(t) and §(¢t + 1) are the prior and posterior state
frecasting, and the H-infinity filter gain G(t) is given by:

G(t) =P(t)[I — OM(t)P(t) + C'R™'(¢)CP(t)] 'C'R™'(t).
©))
Here, P(t) is the prior error covariance, 6 is the user defined
bound and M(t) = L(t)M(¢)L/(t), where L(t) as well as M(t)
are the user defined performance variables. The forecasted
error covariance matrix P(¢ + 1) is determined by:

P(t +1) = AP(t)[I — OM(t)P(t) + C'R™*(¢)CP(t)] A’
+Q(1). (10)

In each iteration, the following condition is hold:
Pl (t) — OM(t) + CR™*(t)C > 0.
Using the state-space model of power system, the performance

of the H-infinity forecasting algorithm is demonstrated in the
following section.
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Fig. 1: Step by step process of the proposed H-infinity based
power system states forecasting algorithm.
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Fig. 2: Actual power production and it forecasting one.

IV. NUMERICAL RESULTS: ACTUAL AND
FORECASTED SYSTEM STATES

The numerical simulation is conducted using state-space
model with and without cyber attacks. The Matlab is used for
simulation. Overall, it can be seen that the proposed algorithm
can forecast the power system states within 1-12 seconds.
The whole simulation process is described in Fig. 1. After
simplification the power system differential equations (1)-(4),
the state-space framework is obtained in (6), which is polluted
by uncertainty. The measurements in (7) are obtained by a set
of sensors, which are manipulated by uncertainty. Based on the
mean squared error principle, the H-infinity gain is computed
by (9). Basically, it can minimize the error dynamic leads
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Fig. 3: Actual power demand and it forecasting one.

TABLE I: Numerical simulation parameters.

Symbols  Values Symbols Values
Ty 0.3 cg 0.2
by 3 Tq 0.2
Cd -0.3 by 11
(oY 110 h 0.2
Q 0.01*I R 0.012*1
m 0.1 sec

to an accurate forecasted system states. Afterwards, the final
forecasted state is obtained through (8). Lastly, the estimated
error covariance is computed by (10). In each iteration, this
error dynamic is minimised leads to an accurate forecasted
system states.

For simulation, the numerical parameters are described in
Table I [35], [15]. In this table, the process and measurement
noises are follow Gaussian distributions with covariances are
1072I and 12 x 10~ 2I. The sampling time is y is 0.1 seconds.
The other power generation, consumption and price controlling
parameters are described in this Table.

Based on the noisy measurements, the numerical results
are graphically illustrated in Figs. 2-4. Basically, Fig. 2
demonstrates the power production versus it forecasted state.
Clearly, The proposed scheme can able to properly forecast
this state within 3 seconds. Because, the developed algorithm
can find suitable gain to minimise error dynamic. Furthermore,
Fig. 3 shows the actual power demand versus predicted one.
Obviously, it needs around 2 seconds to properly know the
power demand. Finally, the electricity price and its predicted
state is presented in Fig. 4. Most importantly, the proposed
algorithm provides consistency forecasting results over time.

V. CONCLUSION AND FUTURE WORK

Development of an electricity market model is very im-
portant step of forecasting power of generators and client
demand. This paper proposes an electricity market state-
space model where measurements are obtained by a set of

ICACT2020 February 16 ~ 19, 2020



International Conference on Advanced Communications Technology(ICACT)

sen

N

—=— Actual A\
*-- Forecasted

Energy price, ($)
w

N
T
I

0 % L L L L L
0 1 2 3 4 5 6

Time, sec

Fig. 4: Actual price and it forecasting one.

sors. These measurement units are corrupted by noises.

Then the power consumption, generation, and price forecasting
algorithm is proposed. The developed algorithm is predicted
and corrected the electricity market system states over time.
Numerical results show that the proposed method can properly
forecast electricity market states within 1-12 seconds. This
kind of system model and method can assist to develop the
electricity market simulator and help investor to participate
energy economy area. In future, we will develop distributed
electricity market state forecasting algorithm considering cyber
attacks and packet loess [40], [41], [42].
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